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Abstract

The field of 3D computer vision has seen significant advancements, driven by the increasing
availability of high-quality 3D data from Light Detection and Ranging (LiDAR) sensors, Red-
Green-Blue with Depth (RGB-D) cameras, and other modality sensors. However, key challenges
persist in efficiently processing and understanding large-scale, dynamic, and complex 3D environ-
ments. Problems such as inefficient feature extraction, poor scalability in clustering and subclass
pattern discovery, computational overhead in large-scale scene processing, and the lack of model

interpretability hinder the effectiveness of existing methods.

To address these challenges, this thesis introduces a series of novel methods spanning clustering-
based learning, Dynamic Sparse Training (DST), large-kernel architectures, and interpretable model
design. First, we propose a Clustering-based 3D Point Cloud Representation Learning Method
(Cluster3D) that uncovers fine-grained patterns in 3D point clouds, enhancing representation
learning in supervised settings. Second, we develop an Effective and Efficient 3D Perception
Method with Large Sparse Kernels (LSK3DNet), a 3D backbone leveraging Spatial-wise Dynamic
Sparsity (SDS) and Channel-wise Weight Selection (CWS) to improve computational efficiency and
segmentation accuracy. Third, we introduce an Ad-Hoc Interpretable Classifier for 3D Point Clouds
(Interpretable3D). It is a prototype-based interpretable classifier that integrates interpretability
directly into its architecture, providing transparent decision-making processes. Lastly, we propose a
Novel 3D Scene Representation Learning Method (Shape2Scene), a scalable pretraining strategy
that bridges shape-level understanding with scene-level downstream tasks, demonstrating improved

transfer learning capabilities.


fengtuo2015@outlook.com

Vi Abstract

Experimental results across multiple benchmarks validate the effectiveness of the proposed methods.
Cluster3D achieves state-of-the-art performance in static and dynamic point cloud segmentation
tasks. LSK3DNet demonstrates significant gains in semantic segmentation and object detection
tasks while reducing computational costs. Interpretable3D not only maintains competitive accuracy
in shape classification and part segmentation but also provides transparent and interpretable predic-
tions. Shape2Scene outperforms existing pretraining strategies in both shape-level and scene-level

tasks, highlighting its scalability and adaptability.

In conclusion, the contributions of this thesis collectively advance the state of the art in 3D computer
vision by addressing critical problems in feature extraction, clustering, efficiency, and interpretability.
The proposed methodologies pave the way for more robust, efficient, and interpretable 3D vision
systems, enabling their application in real-world scenarios such as autonomous driving, robotics,

and augmented reality.
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Chapter 1

Introduction

1.1 Background

The rapid growth of 3D computer vision research has enabled a wide range of applications, from
autonomous driving to robotics and augmented reality. With the advent of LIDAR, RGB-D sensors,
and other 3D data acquisition methods, researchers now have access to massive, high-quality
3D datasets. However, the intrinsic properties of 3D data — such as sparsity, irregularity, and
high dimensionality — introduce challenges in processing, understanding, and utilizing the data

effectively.

2D computer vision methods often fail to generalize to 3D vision due to the fundamental differences
between 2D images and 3D point clouds or voxel grids. This discrepancy has driven the development
of novel algorithms and architectures designed specifically for 3D data, ranging from deep learning
methods for segmentation and detection to clustering and representation learning strategies. Despite
these advancements, numerous challenges remain, particularly in handling large-scale and dynamic

environments, ensuring model interpretability, and maintaining computational efficiency.

1.2 Research Challenges
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1.2.1 Challenges on Feature Extraction

Feature extraction forms the backbone of 3D vision tasks, yet it is fraught with challenges due to
the irregular structure and sparsity of 3D data. Point-based methods, such as PointNet [14] and
PointNet++ [15], directly operate on raw point clouds using permutation-invariant functions, but
they often struggle to capture fine-grained geometric details in large-scale scenes. On the other
hand, projection-based and voxel-based methods can leverage 2D or 3D convolutions to process
structured representations of point clouds but are prone to information loss and computational

inefficiencies.

The high dimensionality of 3D data further complicates feature extraction. Efficiently encoding
both local and global geometric information remains a critical bottleneck. While attention-based
and graph-based methods have shown promise in capturing contextual relationships, they come at

the cost of increased computational overhead, which hinders their applicability to real-time systems.

1.2.2 Challenges on Clustering and Subclass Pattern Discovery

Clustering and pattern discovery are vital for understanding the latent structures within 3D data.
However, the high dimensionality and sparsity of point clouds pose significant challenges for
clustering algorithms. Most existing approaches rely on manual labeling and predefined class

structures, which limits their ability to uncover fine-grained patterns or intra-class variations.

Our Cluster3D [16] aims to address this by leveraging clustering-based representation learning
to discover unknown subclasses and refine feature spaces. Nonetheless, achieving accurate and
efficient clustering in large-scale datasets remains an open problem, particularly when balancing

computational feasibility with the need for precise subclass delineation.

1.2.3 Challenges on Large-scale Scene Processing

Processing large-scale 3D scenes, such as urban environments or complex indoor layouts [1, 9, 10],
requires balancing computational efficiency and accuracy. Sparse convolutional networks [6, 17]

have shown promise in handling large-scale data by focusing computations on non-empty regions.
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However, these methods often rely on aggressive downsampling, which can degrade performance

in tasks requiring high-resolution outputs.

Furthermore, dynamic scenes introduce additional complexities. Incorporating temporal information
into segmentation and detection tasks demands models capable of fusing spatial and temporal
data effectively. While early fusion and late fusion strategies [18—27] have been proposed, both

approaches face limitations in scalability and generalization.

1.2.4 Challenges on Model Interpretability

The lack of interpretability in deep learning models is a pervasive issue across domains, and 3D
vision is no exception. Most 3D models operate as black boxes, making it difficult to understand
the rationale behind their predictions. Post-hoc interpretability methods, such as activation maxi-
mization [28] and saliency/attention maps [29-32], attempt to address this but often fail to provide

reliable or consistent explanations.

Interpretable3D [33] takes a more proactive approach by integrating interpretability into the model
design. This model relies on prototype-based mechanisms to align decisions with representative data
points, offering a more transparent decision-making process. However, developing interpretable

models that maintain competitive performance remains a significant challenge.

1.2.5 Summary

Addressing these challenges calls for a combination of innovative algorithms, efficient architectures,
and principled training strategies. In this thesis, we pursue four complementary directions: (i)
clustering-based representation learning (i.e., Cluster3D [16]) to discover intra-class structure;
(i1) large-kernel 3D backbones (i.e., LSK3DNet [34]) to scale feature extraction and processing
to large, dynamic scenes; (iii) built-in interpretability (i.e., Interpretable3D [33]) via prototype-
based decision mechanisms; and (iv) scalable pre-training (i.e., Shape2Scene [35]) to improve
transferability under data scarcity and heterogeneity. Together, these directions directly correspond
to the challenges outlined and provide a cohesive path toward robust, efficient, and interpretable 3D

vision.



4 Chapter 1. Introduction

1.3 Research Significance and Goals

The primary goal of this research is to advance the state of the art in 3D vision by addressing key
challenges in feature extraction, clustering, large-scale processing, and interpretability. To achieve

this, the thesis explores a range of methodologies, including:

* Clustering-based approaches for discovering fine-grained patterns in large-scale 3D datasets.

* Large-kernel and sparse convolutional methods to improve the efficiency and accuracy of 3D
backbones.

* Interpretable models that integrate transparency into their design without sacrificing performance.

* Scalable pre-training strategies that enable shape-to-scene transfer learning.

These efforts aim to enhance the efficiency, accuracy, and interpretability of 3D vision systems
while providing insights into the underlying structure of 3D data. The following contributions

summarize the specific methods developed in this thesis to achieve these goals.

1.4 Research Contributions

This thesis makes the following key contributions:

1. Cluster3D: A clustering-based representation learning framework that uncovers fine-grained
patterns in large-scale point clouds.

2. LSK3DNet: A novel 3D backbone that leverages spatial-wise dynamic sparsity and channel-wise
weight selection to improve performance in large-scale scenes.

3. Interpretable3D: A prototype-based interpretable model that enhances transparency and decision-
making in 3D classification tasks.

4. Shape2Scene: A multi-scale pre-training strategy that supports shape-level tasks and enables

better generalization to scene-level downstream tasks.

1.5 Thesis Organization

The thesis is organized as follows:
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» Chapter 2: A review of related work in 3D vision, including segmentation, clustering, representa-
tion learning, and interpretability.

* Chapter 3: An introduction to Cluster3D, detailing its clustering-based approach and applications
in static and dynamic environments.

* Chapter 4: The proposal of LSK3DNet, a 3D backbone utilizing large kernels and dynamic sparse
training.

* Chapter 5: A discussion on Interpretable3D, an interpretable classification framework for 3D
perception tasks.

* Chapter 6: A description of Shape2Scene, a shape-to-scene pre-training method for scalable 3D
understanding.

* Chapter 7: A summary of contributions and future directions.






Chapter 2

Literature Review

2.1 3D Backbones

3D Backbones. The design of backbones for 3D point cloud understanding has evolved along
two main paradigms: i) Point-based methods [33, 36-38] directly operate on raw point sets
in a permutation-invariant manner, as pioneered by PointNet/PointNet++ [14, 15]. Subsequent
efforts have explored local feature pooling [39-48], graph convolutions [45, 49-57], kernel-based
operations [58—65], and attention-based aggregation [7, 25, 66—68]. While these point-based models
preserve fine-grained geometric and semantic information, they often face scalability challenges in
large urban environments [69]. ii) Projection-based methods [70—73] map unstructured points to
regular 2D grids [70, 73-79] or 3D voxels [6, 17, 71, 80-86], allowing standard 2D/3D convolutions.
However, 2D projections risk discarding crucial geometric cues and demand costly back-projections,
while voxel-based approaches suffer from heavy computational/memory overhead and performance
degradation due to downsampling [87, 88]. Voxel-based backbones [6, 18, 81, 82, 89, 90] with
sparse convolution [18, 82] restrict computation to non-empty voxels, improving efficiency and
enabling high-performance 3D semantic segmentation [6, 89]. Recently, fusion-based methods [87,
91, 92] have integrated voxel- and point-based representations. The point-based high-resolution
branch mitigates the performance degradation, which is caused by aggressive downsampling [87, 88]

(i.e., regular sparse convolution) of the voxel branch.
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The 3D backbones diverge in network structure for shape-level and scene-level tasks. Networks for
shape classification commonly employ successive downsampling to acquire high-level semantic
features while maintaining a lower resolution. Conversely, for extracting deeper features with higher
resolution, well-known networks for scene-level tasks often incorporate architectures like U-Net or
hourglass-like networks [15, 18, 37-39, 70, 71, 81, 82, 89, 90]. For contrastive methods [93, 94]
and multi-modal methods [95, 96], backbones originally designed for shape classification tasks are
employed during pre-training. However, it has been demonstrated that the features extracted by these
low-resolution backbones are not suitable for tasks that require high resolution representations [97].
Directly utilizing high-resolution shallow features for region and point level tasks, however, does

not yield satisfactory results [97].

MH-P/V [35] in Shape2Scene present a multi-scale, high-resolution mechanism that preserves
high-resolution features along with high-level semantic information. This approach improves the
applicability of pre-trained high-level semantic features, making them more suitable for point-
level tasks. This also ensures the preservation and mutual refinement of features across a wide
range of scales, each offering distinct levels of abstraction for the point cloud. Retaining all these
scale-specific features enhances diversity, and their complementary nature enables effective mutual

refinement.

2.2 3D Perception

2.2.1 Static Point Cloud Segmentation

Generally speaking, current single-scan point cloud segmentation algorithms fall into two main
categories based on data representation: i) Projection-based methods initially convert unstructured
point sets into either a regular 2D grid [74, 75, 79] or a 3D voxel structure [6, 34, 82, 87, 92, 98],
enabling the use of standard 2D/3D convolution operations. Although effective, 2D projection-
based methods tend to disregard crucial geometric cues and require expensive back-projection
steps, while voxel-based methods often incur heavy computational and memory overhead. ii) Point-
based approaches, pioneered by PointNet++ [15], directly process point clouds through shared
MLPs coupled with symmetric aggregation functions. Subsequent research has further enhanced

this paradigm by exploring a variety of local aggregators, including 1) local feature pooling [38,
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43,44, 47], 2) graph convolution [52-54, 56, 57], 3) kernel-based convolution [59, 62—-65], and
4) attention-based aggregation [7, 25, 67, 99, 100]. Compared to projection-based techniques,
point-based methods excel at preserving point-wise semantics and capturing local geometric
structures. Regrettably, many of these point-based solutions rely on point sampling strategies
that are computationally expensive, memory-inefficient, and time-consuming [47], resulting in

suboptimal performance in large-scale, urban environments [69].

2.2.2 Dynamic Point Cloud Segmentation

4D semantic segmentation presents significant challenges due to the spatial irregularity and temporal
sequence of point cloud videos. Existing methods for segmenting dynamic point clouds can
generally be classified into two main groups based on their spatial-temporal information fusion
strategy: i) Early fusion based methods [18-21] directly handle point cloud sequences by adapting
standard convolution to the heterogeneous characteristics of point clouds in spatial and temporal
domains. ii) Late fusion based methods [22-27] typically extend existing single-scan point cloud
processing models designed for spatial information extraction. They focus on integrating temporal

information to enhance static features, thereby enhancing segmentation performance.

Despite their dazzling network designs, existing static and dynamic point cloud segmentation
models typically adhere to a scene-wise training protocol. This methodology treats each point data
as an independent training sample and accumulates all the point classification errors within each
scene for network parameter optimization. Consequently, these models ignore the intricate relations
between points across different scenes, and fail to regularize the feature embedding space from a
comprehensive view. In contrast, Cluster3D [16] leverages automatic class-wise data clustering to
capture the latent structure of the entire training dataset. This approach is based on the fundamental
insight that meaningful latent data structures, such as subclass semantics, fine-grained patterns, and
intra-class variation modes, are consistent and prevalent across scenes. As we will demonstrate,

representations learned in this manner are well-suited for detailed analysis of point clouds.
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2.2.3 Point Cloud Detection

Point cloud detection methods currently available can be categorized into two classes: i) Projection-
based methods involve the transformation of 3D data points into either 2D grid (image [101, 102],
spherical view [75, 103], cylindrical view [104, 105], and Bird’s-Eye View (BEV) [106]) or 3D
voxel [89, 107-110]. The method of 2D grid undergoes standard 2D processing and regression to
derive 3D bounding boxes. Yet, detecting occluded objects in 2D planes poses challenges, and the
2D grid representations struggle to accurately preserve object dimensions. Conversely, 3D voxels
resemble image pixels but in a 3D format, explicitly providing depth information. However, the
voxel representation’s reliance on 3D convolution escalates computational costs and demands a
trade-off between resolution and efficiency. ii) Point-based methods [36, 111-114] directly handle
point clouds, retaining vital spatial information. Nevertheless, these detectors are constrained by
memory usage and computational expenses. Similar to point cloud segmentation, current methods
primarily concentrate on network architecture and module design. They treat each annotated
instance (or bounding box) as an training sample. However, these methods also tend to disregard
intra-class variations for instances, stemming from factors like depth, occlusion, viewpoint, shape,
etc. Furthermore, they overlook the intricate relationships between instances across different scenes
and struggle to effectively regularize the instance embedding space from a holistic standpoint.
Similar to our findings in segmentation, we reassess the impact of intra-class variation at the
instance level in point cloud detection. Specifically, Cluster3D involves clustering and optimization

techniques to create a robust embedding space accommodating diverse instance variations.

2.3 Self-supervised Representation Learning and Clustering

2.3.1 Self-supervised Representation Learning

Self-Supervised Learning (SSL) paradigms have substantially advanced point cloud understanding
without costly annotations, as evidenced by extensive research [13, 110, 115-118]. A promi-
nent approach builds upon the instance discrimination task [119, 120], where methods employ
noise contrastive estimation [121] — a specialized form of contrastive learning [122, 123] — to

enhance 2D/3D representations through feature comparisons. Notable implementations include
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PointContrast [13], which leverages multi-viewpoint features, and DepthContrast [118] that uses
augmented depth maps for improved instance discrimination and global feature extraction. These
approaches have demonstrated effectiveness in dense representation learning [53, 124, 125] and
scene understanding. However, pure instance discrimination methods often lack semantic structure
despite their success. This limitation persists even as SSL frameworks expand to include diverse
strategies [16, 40, 126—132]. The continued focus on contrastive learning paradigms highlights both
their potential for annotation-free representation learning and the need to address their structural

limitations through complementary approaches.

Generative SSL frameworks based on masked point modeling have emerged as a key research direc-
tion, with notable methods including Point-BERT [133], Point-MAE [134], and Point-M2AE [135].
These approaches adopt encoder-decoder architectures inspired by BERT [136] and MAE [137],
employing masked region prediction to learn rich 3D representations. Three distinctive imple-
mentations demonstrate this paradigm: 1) Point-BERT combines BERT-style pre-training with
dVAE concepts [138] for masked region prediction; 2) Point-MAE and Point-M2AE leverage
MAE-inspired frameworks, with the latter implementing hierarchical transformers for multi-scale
pre-training; 3) PointGPT [139] addresses shape leakage through auto-regressive pre-training. Addi-
tional innovations include OcCo [117], which focuses on reconstructing occluded point clouds from
partial camera views. The collective success of these frameworks [140-147] underscores masked
modeling’s effectiveness in balancing structural awareness with state-of-the-art performance across

diverse 3D understanding tasks.

Pre-training data for generative methods typically involves 3D shape data. Conversely, previous
SSL methods for 3D scene understanding either utilize pre-training data derived from 3D scene
data [13, 148] or consider 3D scene data as an indispensable component of pre-training [118]. In the
realm of 3D scene understanding, our Shape2Scene fundamentally distinguishes itself from various
aforementioned methods. Compared to scene-level methods [13, 118, 148], our shape-level pre-
training approaches, i.e., Shape2Scene, achieve comparable or superior performance on downstream
scene tasks [35]. Despite attempts by 4DContrast [149] to generate pseudo-scenes by aggregating
objects with ScanNet (scene), our Shape-to-Scene Strategy (S2SS) fundamentally differs from it, as
we aggregate shapes independently of scene data. In summary, previous studies [13, 118, 148, 149]

inevitably relied on substantial amounts of scene data (ScanNet v2) for pre-training.
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2.3.2 Clustering-based Representation Learning

Another line of research moves beyond instance discrimination to discriminate between groups
of data samples with similar features rather than individual instances [120, 140-146], jointly
performing unsupervised representation learning and clustering. In this vein, Cluster3D [16]
leverages clustering to automatically discover unknown subclasses within coarse-grained class
labels, akin to self-supervised approaches that extract meaningful features from unlabeled data.
By probing the underlying structure of large-scale point sets, Cluster3D reveals fine-grained
patterns beneath manually-labeled, high-level semantic classes. Crucially, it reinforces the standard
supervised paradigm for point/instance recognition with a clustering-based representation learning
component, thereby regularizing the feature space to respect the inherent structure of the data. This
marks one of the first attempts to explore automatic fine-grained pattern mining within a fully
supervised setting for point cloud perception [16]. Moreover, by analyzing entire datasets instead
of isolated scenes, clustering-based methods provide a holistic view, refining representation spaces

for better segmentation.

2.4 Large-Kernel Models and Dynamic Sparse Training

24.1 Large-Kernel 2D/3D Models

In the 2010s, various large-kernel settings were investigated. LR-Net [150], Inceptions [151], and
GCNs [152] explored 2D large kernels of 7 x 7, 11 x 11, and 15 x 15 respectively. Due to the
widespread adoption [153, 154] of VGG [155], research into large kernels was largely overlooked
in favour of multiple smaller kernels (1 x 1 or 3 x 3) to obtain a larger receptive field [156-158]
during the past decade. Recently, certain studies have reintroduced large kernels in Convolutional
Neural Networks (CNNs). RepLKNet [159] examines the effects of large kernels in CNNs, and for
the first time it is able to increase kernel size to 31 x 31. It achieves comparable results to those of
Swin Transformer [160]. Following “use sparse groups, expand more”, SLaK [161] has achieved
an impressive kernel size of 51 x51. SLaK has to strike a trade-off between sparsity and model
width since increased model width leads to an increase in model size, a phenomenon that becomes

even more pronounced in 3D vision. However, CWS effectively decouples the two objectives of
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improved performance and reduced model size, enabling expanded width without increasing the
model size. Inspired by 2D large-kernel successes [159, 161], recent methods aim to overcome
these barriers in 3D, striking a balance between kernel size, efficiency, and representational capacity.
LargeKernel3D [3] has demonstrated that sizeable kernels can be successfully employed and bring
positive results for 3D networks. Spatial-wise Group Convolution [3] enables to achieve a kernel
size of 7x7x 7. However, it shares the weights within each spatial group during training, leading to
redundant model weights. Moreover, the performance of LargeKernel3D drops when scaling up the

kernel size over 7x 7 x 7.

2.4.2 Dynamic Sparse Training

Dynamic Sparse Training (DST) can train sparse neural networks from scratch, resulting in both a
speedy training and prediction procedure. During training, DST [162—170] alters the location of non-
zero weights with per pre-defined rules, thereby creating a sparse representation and cutting down
the number of calculations. This paradigm commences without prior knowledge and simultaneously
refines the non-zero locations and weights. The attractive aspect of DST is that it is sparse from the
beginning, resulting in lower FLOPs and memory consumption for training and inference compared
to a dense model. Generally, the pruning process [171] can be completed either by threshold-based
pruning [162, 163, 167, 172] or by magnitude-based pruning [164, 173]. In addition, new weights
are regrown with randomness growing [163, 167, 172], momentum growing [164], and gradient-
based growing [165, 166, 173, 174]. Applied to large-kernel 3D networks, DST explores a broader
parameter space without increasing model size, enabling expanded width and improved performance.

Such synergy between DST and large kernels helps scale 3D models effectively [168, 170, 175].

2.5 Interpretable 3D Methods

Post-hoc vs. Ad-hoc Interpretability. In 3D vision, existing research of post-hoc analysis
includes activation maximization [28] and saliency/attention maps [29-32]. However, post-hoc
explanations are problematic and misleading [176—178] for the following reasons: i) Post-hoc
analysis requires a separate modeling effort, which is not completely faithful to the original model,

with unknown nuances [179]. Such a nuance makes it hard to guarantee the correctness of their
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interpretations [180]. ii) Post-hoc explanations can vary depending on the chosen explanation
models [181]. This can lead to numerous conflicting yet seemingly convincing explanations for
the same classification decision [181], none of which may actually be the correct reason for the
classification [176, 182]. iii) Post-hoc explanations cannot provide a reasoning process for the
network’s decision-making [181, 183, 184]. For instance, saliency maps cannot explain how the
highlighted pixels are used [179]. iv) Post-hoc methods may produce explanations that are not
interpretable to humans, necessitating extra modeling to ensure understandability [181, 185]. In
a sense, post-hoc explainability methods are often regarded as an excuse to deploy black-box
models [186, 187], explaining and losing accuracy. Whereas an ad-hoc interpretable model does

not. Interpretability should promote accuracy and not the other way around.

Interpretable3D [33] exemplifies ad-hoc interpretable models that intrinsically integrate inter-
pretability into black-box architectures through prototype-based reasoning. Unlike opaque paramet-
ric classifiers, it defines prototypes as representative class centers [110, 188, 189] within the original
data space, establishing transparent anchors for decision-making that mirror human-interpretable
observations. This design enables three key advantages: (1) self-explanatory capabilities without
requiring post-hoc analysis, (2) instance-based reasoning that enhances trustworthiness by revealing
how representations influence predictions [176, 190], and (3) competitive accuracy comparable to
softmax-based DNN models. By maintaining semantic alignment between prototypes and raw data
features, the framework facilitates meaningful domain expert collaboration while addressing the

interpretability limitations of conventional black-box approaches.

2.6 Towards Comprehensive and Interpretable 3D Understanding

Past research primarily focused on scene-wise supervised training, leaving inter-scene relation-
ships and latent data structures underexplored. By incorporating clustering-based strategies
(Cluster3D [16]), large-kernel 3D backbones [3], DST techniques, and ad-hoc interpretability
frameworks (Interpretable3D [33]), the community can achieve a more holistic, scalable, and
understandable 3D vision system. Additionally, emerging self-supervised and generative meth-
ods [133-135, 139] empower models with stronger representations transferable across tasks and
domains. By uniting these diverse research threads, we drive progress toward more robust, efficient,

and interpretable 3D understanding.
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2.7 Positioning This Thesis within the 3D Vision Landscape

TABLE 2.1: Design choices in related works vs this thesis.

Methods Training Objective & Pre-training | Efficiency Details | Interpretability Typical
Paradigm Loss Data Works
Point-based (e.g.,|| Scene-wise or CE Loss - - None (no built-in | [7, 15, 36-38]
PointNet++, PTV1) Shape-wise interpretability)
Voxel-based + Scene-wise CE Loss - Sparse Convolution None [6, 18, 87, 89]
SparseConv (e.g.,
SPVCNN,
MinkowskiNet)
Scene-level SSL Scene-wise Contrastive Loss Scene Level — None [13, 118, 148]
(e.g., PointContrast,
PointClustering)
LargeKernel3D Scene-wise CE Loss — Large kernel (e.g., None [3]
(e.g., Spatial-wise 7x7xT7) with
Group Conv) spatial-wise groups
This Thesis
Cluster3D (this || Dataset-level | CE Loss + PPC + - - - [16]
thesis) PCC + Lovdsz
Loss [191]
LSK3DNet (this Scene-wise CE Loss + - Large kernel with - [34]
thesis) Lovasz loss [191] SDS and CWS
Interpretable3D Shape-wise CE Loss - - Ad-hoc [33]
(this thesis) prototype-based
reasoning
(built-in)
Shape2Scene (this || Dataset-level CE Loss + PPC Shape — - - [35]
thesis) Pseudo-Scene

Compared to conventional scene-level training paradigms, this thesis advances four complementary

research directions: (i) dataset-level structural alignment through Cluster3D [16], (ii) scalable large-

kernel backbones with SDS and CWS (i.e., LSK3DNet [34]), (iii) native, ad-hoc interpretability

via prototype-based reasoning (i.e., Interpretable3D [33]), and (iv) scalable pre-training from

shapes to scenes (i.e., Shape2Scene [35]) capturing multi-scale and high-resolution representations.

Together, these components form a comprehensive and interpretable 3D understanding framework,

as elaborated in Chapters 3-6.
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Clustering based Point Cloud

Representation Learning for 3D Analysis

3.1 Introduction

During the last few years, point cloud segmentation has attracted increasing research effort, due to
its wide applications in autonomous driving, intelligent robotics, airborne laser scanning, and virtual
reality. In particular, the advances in deep learning significantly pushed forward the state-of-the-art
in this field. Applying standard neural networks which are specialized for grid-like data, such
as natural images, to point clouds is nontrivial, as point data are unorganized and irregular. To
adapt neural networks to the geometries of point data, considerable effort has been made and
representative achievements include: i) projection-/voxel-based networks [18, 70, 71,74, 75,78, 79,
82, 85, 192, 193] that project irregular point clouds to regular representations, so that mature 2D/3D
convolution can be applied for segmentation; and ii) point-based networks [6, 43, 44, 59, 194]
that ingest raw point clouds directly, by using permutation-invariant operator [14, 15, 47, 63, 67],
graph convolution [52], customized convolution [64, 195, 196], or self-attention (Transformer)

based architecture [7, 25, 68].

Nevertheless, the challenges in point cloud segmentation stem not only from the intrinsic non-
Euclidean nature of point data, but also from the large intra-class variations caused by depth,

occlusion, viewpoint, shape, efc. Despite various fancy point structure-aware network designs and
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their encouraging results, a fundamental issue was long ignored: how to learn a good point embed-

ding space that is discriminative for semantic categorization yet robust for point data variations?

Mitigating this issue demands a powerful learning regime that is aware of latent variation modes (or
representative fine-grained patterns) — comprehensively describing the potential structure of point
data. However, in practice, it is infeasible to precisely annotate, or even roughly identify, the
underlying data patterns in point clouds. This may be the reason behind the common choice that
point cloud segmentation is learned as point-wise classification; any fine-grained patterns that the
point data may possess are left to be ‘mysteriously’ learned through the supervision from high-level

semantic tags.

These novel insights motivate us to devise a clustering analysis based training scheme for point cloud
segmentation. It complements the standard supervised learning of point-wise classification with
unsupervised clustering and regularization of the feature space. Specifically, clustering is conducted
inside each labeled semantic class to automatically discover informative yet hidden subclass patterns
without explicit annotation. The discovered subclass patterns essentially capture the underlying
fine-grained distribution of the whole training dataset. They are then used to reshape the point
embedding space, achieved by explicitly inspiring inter-subclass/-cluster discriminativeness, and
reducing intra-subclass/-cluster variation. Such regularized representation space in turn facilitates

the discovery of typical within-class variation modes, and benefits point recognition eventually.

Our learning algorithm enjoys several appealing advantanges: First, it raises a dataset-level
context-aware training strategy. Unlike the current de-facto, scene-wise training paradigm, our
algorithm groups point features across training scenes, and conducts clustering based representation
learning. By probing the global data distribution, our algorithm encourages the highly flexible
feature space to be discretized into a few distinct subcluster centers, easing the difficulty of the
final semantic classification. Second, it is efficient for large-scale point cloud training. To avoid
time-consuming clustering of massive point data, we opt the Sinkhorn-Knopp algorithm [197, 198]
that solves cluster assignment using fast matrix-vector algebra [144]. Moreover, to follow closely
the drifting representation during network training, a momentum update strategy is adopted for
online approximation of the subcluster centers. Third, it is principled enough to be seamlessly
incorporated into the training process of any modern point cloud segmentation networks, without

bringing extra computation burden or model parameters during inference.
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For thorough evaluation, we approach our training algorithm on four remarkable point cloud segmen-
tation models, i.e., Cylinder3D [6] (voxel-based), KPConv [64] (point-based), Point Transformer
vl (PTV1) [7] (Transformer-based), SPVNAS [87] (neural architecture search (NAS) based), and
conduct experiments on 3D point cloud segmentation for urban scenes (i.e., SemanticKITTI [1]
single-scan) and indoor environments (i.e., S3DIS [2]) as well as 4D segmentation of point cloud
sequences (i.e., SemanticKITTI [1] multi-scan). Results show that our algorithm owns 2.2-2.6%,
1.9-2.2%, 1.8%, and 2.0% mloU gains over Cylinder3D, KPConv, PTV1, and SPVNAS, respec-
tively. Our algorithm even promotes Second [89] and PointPillar [102] by 2.7-3.4% and 2.0-2.2%

mAP on KITTI [8], verifying its high generality.

3.2 Methodology

3.2.1 Problem Statement and Algorithm Overview

In the context of fully supervised learning of point cloud segmentation, current common practice is to
learn a point recognition network from a training dataset {P*, £*},.. Here P¥ = {pk € R3+*} N |
is the k-th point cloud containing /N points with 3D position and other auxiliary information (e.g.,
color, intensity); £¥ = {I¥ € C}}_, contains semantic labels for the points in P¥, where C is
the label list, e.g., C = {car, road, - - - }. The segmentation network is achieved as ho ¢ : P +— L,
where ¢ : RVX(3+2) y RNXd i 3 feature extractor (] in Figure 3.1) that embeds points in P
into a d-dimensional feature space, and h : RN*? — RN*ICl i5 a segmentation head (()) usually
consisting of a small MLP, mapping point features into the discriminative semantic space for
point-wise, |C|-way classification. Thus the whole network is typically learned by minimizing the

point-wise cross-entropy loss':

eXp(yn,ln)

Jce(pn) =—1og P(ly|pn)=—log m,
cec n,c

3.1)

where ¥, = [yn.clc € RICl is the vector of categorical scores (logits) for point p,, i.e., Yy, =
h(py), and p,, € R? is the feature of p,, obtained from . For the feature extractor ¢, there
already have many candidates (e.g., voxel-/point-based 3D networks) elaborately designed to

capture the specific geometries of point data. However, point clouds yield rich and diverse patterns,

'In practice, some other losses (e.g., lovdsz loss [191]) can be used as complementary, but this does not affect our
conclusion.
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FIGURE 3.1: Overview of our clustering based supervised learning algorithm for point cloud segmentation
(Section 3.2).

e.g., fine-grained semantics, intra-class variations, efc. These patterns reflect underlying data
structures; they are informative yet challenging for semantic understanding, and even hard to be
identified. Thus it is usually the case that simply learning the segmentation network h o ¢ from the
supervision of easily-acquired high-level semantic tags (i.e., Equation 3.1), without considering the

underlying data structures.

We instead devise a clustering analysis based supervised learning framework (Figure 3.1). Our
algorithm not only learns point recognition with pre-given semantic tags, but more essentially, it
automatically discovers and encodes latent structures of point data into the feature space . Features
learned in such strategy are expected to be more discriminative for (fine-grained) semantics and

robust for intra-class variations, hence facilitating final dense recognition of point clouds.

At each training iteration, our algorithm has two phases. In phase 1, we perform online clustering
over a massive quantity of points inside of each labeled classes. The purpose is to search for
subclass patterns which are hard to be labeled yet significant across scenes. In phase 2, in addition
to optimizing the whole segmentation network A o ¢ with the point-wise classification loss Lcg as
usual, we leverage deterministic cluster assignments as an auxiliary constraint to shape the feature
space . The improved features, in turn, enable more reliable within-class clustering, and eventually
boost point recognition. Independent of a certain point segmentation network, our training scheme

is powerful and general.
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3.2.2 Online Clustering based Subclass Pattern Mining

Our algorithm is built upon an intuitive insight: capturing underlying data structures can facilitate
point representation learning and semantic recognition. Thus the first major question arises: how
to automatically and efficiently discover underlying data structures, which cannot be explicitly
labeled, from massive training points? This motivates us to conduct unsupervised clustering inside
each labeled class ¢ € C so as to automatically mine representative yet latent subclass patterns. To
scale our algorithm to millions of point data, we formulate such within-class clustering as optimal
transport, which can be efficiently solved using Sinkhorn Iteration [198]. In addition, to overcome
the computational expensive process of cluster center computation, which requires a full epoch over
the entire dataset after every update of the representation, we adopt a momentum update strategy

for proceeding online clustering simultaneously with network batch training.

For each class ¢ € C, we assume it contains M latent, fine-grained patterns. Hence there are
a total of M x |C| unobservable patterns are desired to be discovered from the training dataset
{P*, £F}r. To do so, we perform within-class clustering on the point embedding space ¢. As
a result, the training points belonging to class c, i.e., P¢ = {py|l,, = c}, are partitioned into M
subclasses, and the M patterns of class c can be intuitively represented as the corresponding cluster
centers. Let Q° = [q,- - ,q5,;] € R>M denote the M cluster centers of class ¢ (e.g., © ® in
Figure 3.1), and P¢ = [p§, - -+ , pSc] € RPN all the features? of points belonging to class ¢ (e.g.,
*.), where p¢ € P¢ and N¢ = |P€|. The cluster assignment can be represented as a binary matrix,
A¢ € {0, 1}M*N° where the (m, i)-th element of A€ indicates whether assigning the i-th point
of P¢ to the m-th cluster center, i.e., the m-th subclass, of c¢. The clustering inside class ¢ can be

achieved as the optimization of the assignment matrix A€, i.e., maximizing the similarity between

the point features and cluster centers:

in (A°T, —log §°
Jnin (A, —log S°)F,

A¢={Acc{0,1}MN"

ne (3.2)
ATy =1pe, A1 e = i

1}

where S¢ = softmax(Q° P¢) refers to the similarity matrix between cluster centers and points,
(-)  is the Frobenius dot-product, log is applied element-wise, and 1), denotes the vector of ones in
dimension M. For the solution space .A¢, the former constraint enforces that each point is assigned to

exactly one subclass, and the later imposes an equipartition constraint [120, 144] to inspire the N°¢

%Point feature has been projected to the unit sphere: p = p/||p||2; p is reused without causing ambiguity.
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points to be grouped into M subclasses of equal size. The equipartition constraint helps avoid
the degenerate solution where all the point samples are partitioned to a single cluster [142]. By
relaxing A€ to be an element of transportation polytope [198], i.e., A’“={ A‘e RTXN AT =
%1 Ne, A€l ye= ﬁl M} the label assignment task can be viewed as an instance of the optimal
transport problem, which can be efficiently solved by a fast version of the Sinkhorn-Knopp
algorithm [198]:

L

1
: [ - c
min (A°', —log S9 + )\KL(A [l p

-
Acc Ale ]-JW]- 0)7 (33)
where KL is the Kullback-Leibler divergence, and A is the strength of the regularization. The

solution of Prob. (3.3) over the set .A’® can be written as:
A% = diag(u)(S°) diag(v), (3.4)

where exponentiation is meant element-wise. u € R* and v € RN are two vectors of scaling coeffi-
cients, obtained using a small number of matrix-vector multiplications via iterative Sinkhorn-Knopp
algorithm [198]. Due to the drift of the point representation caused by iterative network training,
after each training batch of point clouds, re-computing the cluster assignment would cost a pass
over the full data. To circumvent such computationally expensive procedure of offline cluster
assignment, we restrict the transportation polytope to the minibatch, through approximating the
cluster centers Q¢ with momentum. Specifically, at each training iteration, each cluster center g.,
of class c is updated as:

@ G, + (1= )Pl 3.5)
where p €0, 1] is the momentum coefficient, and p¢, indicates mean feature vector of the points
that are assigned to cluster center g, in the current batch. The cluster centers are initialized
randomly and gradually updated every batch, following smoothly the changing of the representation
. These designs lead to scalable and online clustering, allowing to automatically mine latent
subclass patterns from massive point data. The clustering is very efficient on GPU; in practice,
assigning S0K points into 40 clusters takes only 60 ms. We visualize clustering results (M =2) of
five classes in Figure 3.2, where subclasses under the same class are associated with similar colors.
As seen, points with similar patterns are grouped together, thus the underlying data distribution of
each class can be comprehensively captured. In Figure 3.2a, we visualize some clustering results
of ‘building’, ‘vegetation’, ‘car’, ‘sidewalk’, and ‘road’ classes. For better visualization, different
clusters/patterns are shown in different colors and points of other classes are plotted in dark green.

Each subfigure only shows the clusters belonging to one single class. For example, for the ‘road’
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FIGURE 3.2: (a) Our clustering results for five classes, i.e., sidewalk, vegetation, road, car, and building.
(b-c) t-SNE visualization of point features {P<}. learned with Jcg (Equation 3.1) and 7 (Equation 3.8).
We set M =2 here.

subfigure, only clusters for ‘road’ class are colored by red; points of other classes are plotted in
dark green. In general, for car and building, the objects are roughly divided into upper and lower

parts. Meanwhile, road, sidewalk, and vegetation are split on the horizontal planes.

3.2.3 Clustering Analysis based Point Cloud Representation Learning

Through within-class clustering, we search for latent structures in point clouds, and detect lo-
cally discriminative patterns, i.e., the cluster centers {qf, }m . The next question is: how fo
leverage these fine-grained patterns to aid point cloud representation learning? To answer this,
we complement the supervised point-wise classification loss Jcg (Equation 3.1) with a clustering
analysis based contrastive learning strategy, which poses structured and direct supervision for
point representation. In particular, with the deterministic cluster assignments in Section 3.2.2, we
conduct contrastive representation learning over both point-point and point-center pairs. This allows
us to fully exploit relations between any two points and local data structures, and directly optimize

the point feature space .

Point-Point Contrastive Learning. Our point-point contrastive learning is achieved by comparing
pairs of points to push away point representations from different subclasses while pulling together

those from the same subclass. The corresponding training objective for each point p,, is defined as:

1 exp(Pn-p’/7)
PN b 7 3.6
ppC(Pn) 0,] ;: & exp(pn P/ T) 1> exp(pn-p/7) oo
pT€Op, P=END,

where 7 > 0 is a scalar temperature parameter, O, and N,,, denote collections of positive and

negative samples, respectively, for p,. Training points belonging to the same cluster of p,, are
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positive samples, while being assigned to other clusters are negative. Note that the positive (negative)
samples are not limited to a same training point cloud. To further boost our point-point contrastive
learning, we follow the common practice in unsupervised representation learning [115, 199, 200]
to build a memory bank per cluster, leading to M x |C| memory banks totally. The memory banks
gather point features of corresponding clusters from previous training batches, hence increasing
the quantity and diversity of positive and negative samples. These designs deliver a cross-scene
training scheme, rather than the current de facto scene-wise training paradigm that ignores the
rich correspondences among points across different scenes. Minimizing Equation 3.6 leads to a
well-structured embedding space ¢, where points with similar patterns are grouped close to each

other while points with dissimilar patterns are separated.

Point-Center Contrastive Learning. With a similar spirit of point-point contrastive learning,
i.e., inspiring intra-cluster compactness and inter-cluster separation, our point-center contrastive
learning strategy contrasts the similarities between points and cluster centers on the embedding

space :
exp(pn-q/7)
c,mexp(pn‘qfn/T) ’

where g™ refers to the cluster center of point p,. Equation 3.7 lets p,, find out the assigned

Jpcc(pn)=—log 5 (3.7)

cluster center g™ from all the centers {qS, }c.m, s0 as to decrease the distance between p,, and ¢,
while increasing the distance between p,, and other cluster centers. Since cluster centers are
representative of the dataset, Equation 3.7 provides a cheaper and more direct way to impose
dataset-level context, or underlying data structures, on feature space optimization, compared with
the point-point contrastive learning (Equation 3.6). In practice, we find combining the two cluster-
analysis based contrastive learning strategies yields the best performance (see detailed experiments
in Section 3.3.5). One may also view point-center contrastive learning from an information
bottleneck perspective [143, 201], wherein the deterministic clustering imposes a natural bottleneck
and discretizes the embedding space ¢ as a finite set of cluster centers, i.e., {q5, }c m. through

minimizing Equation 3.7, as opposed to learning ¢ as a continuous vector space.

Overall Training Objective. The standard cross-entropy loss Jcg in Equation 3.1 is essentially a
unary training objective that is only aware of point-wise semantic discrimination, without account-
ing for any underlying data structure and pairwise relations between training points. The clustering
analysis based contrastive losses, i.e., Jppc in Equation 3.6 and [Jpcc in Equation 3.7, are pairwise

training objectives that exploit locally representative patterns for structure-aware, distance based
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point representation learning. Thus we assemble these two complementary training targets as our

overall learning objective:

J = Jcg + a(Tepc + Jrcc), (3.8)

where Jcg denotes the cross-entropy objective defined in Equation 3.1, a € [0, 1] is a balancing
coefficient, and Jppc and Jpcc are the proposed clustering-based contrastive learning objectives.
Our training algorithm alternately performs within-class clustering over the point embedding
space ¢, and optimizes the whole segmentation network h o ¢ with the semantic labels {£*};, and
cluster assignments { A°}.. As such, meaningful clusters capture fine-grained data structures and
become informative supervisory signals for point representation learning; in turn, discriminative
representations help obtain meaningful clusters and eventually ease point recognition. In Figure 3.2
(b-¢), we provide visualization of point embeddings learned by Jcg and J (sub-class clusters
under the same class are associated with similar colors). As can be seen, incorporating training
targets based on clustering analysis yields a more structured point embedding space. The resulting
clusters capture meaningful patterns, with representations from different classes well separated and

subpatterns within the same class both closely grouped and clearly disentangled.

3.2.4 Algorithm Details

Online Clustering (Section 3.2.2). We group point samples of each class into M subclasses
for exploiting latent structures of the entire dataset. We empirically set M =40 and the momen-
tum coefficient in Equation 3.5 = 0.9999 (related experiments can be found in Section 3.3.5).

Following [144], we set A=25 in Equation 3.3.

Clustering Analysis based Training (Section 3.2.3). Our clustering analysis based training
strategy enforces the point feature space to better respect the discovered data structures. Following
the common practice in contrastive learning [116, 145], we set the scalar temperature 7 in Eqgs. (3.6-
3.7) as 0.1. For the cluster-wise memory bank, we sample 10 point features per-cluster from each
scene and store all the sampled features of all the training point clouds {P*};.. For the training loss
J (Equation 3.8), the coefficient is set as « =1 (we empirically find our algorithm is insensitive to

a when a €0, 1]).

Point Cloud Segmentation Network 5 o . Our algorithm is a general supervised learning scheme

for point cloud segmentation. In principle, it can be applied to any segmentation networks that
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can learn point-wise features. In our experiments, we approach our algorithm on four typical
segmentation networks, including voxel-based [6], point-based [64], Transformer-based [7], and

NAS-based [87].

Inference. Our training algorithm does not cause extra inference cost or network architectural
modification during model deployment. The M x |C| cluster centers and M x |C| memory banks are

directly discarded after network training.

3.3 Experiment

We first report our 3D segmentation results on static point clouds of urban scenes and indoor en-
vironments in Section 3.3.1 and Section 3.3.2, respectively. Then we assess our performance on
4D segmentation of outdoor point cloud sequences in Section 3.3.3. For thorough evaluation, in
Section 3.3.4, we extend our algorithm to 3D object detection setting and conduct experiments.
The hyperparameters mentioned in Section 3.2.4 are used for all the above experiments. Finally, in

Section 3.3.5, we provide ablative analyses on the core components of our training algorithm.

Base Segmentation Networks. For thorough examination, we apply our training algorithm to
Cylinder3D [6] (voxel-based), KPConv [64] (point-based), PTV1 [7] (Transformer-based), and
SPVNAS [87] (NAS-based), which are representative for current mainstream network architectures
in point cloud segmentation and with publicly accessible implementations. For fair comparison, we

adopt their default implementation settings, including hyper-parameters and augmentation recipes.

3.3.1 3D Segmentation on Static Urban Point Clouds

Dataset and Metric. SemanticKITTI [1] is a large-scale driving-scene dataset for point cloud seg-
mentation. It has 43,000 scans with point-wise annotation, collected from 22 sequences. According
to the official setting, we use sequences 00 to 10 for t rain (but 08 is left for val), and 11 to 21
for test. In single-scan challenge for static segmentation, 19 classes are used; Mean Intersection

over Union (mloU) and Intersection over Union (IoU) of each class are reported.

Quantitative Result. Table 3.1 reports comparison results on SemanticKITTI single-scan challenge

test. Moreover, complete quantitative results can be found in Appendix A. As seen, our algorithm
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TABLE 3.1: Quantitative 3D segmentation results on SemanticKITTI [1] single-scan challenge test
(Section 3.3.1). For clarity, IoUs on 6 of 19 classes are given (c1: sidewalk, co: parking, cs: building, c4:
truck, cs: bicycle, cg: motorcyclist).

\ Method [ mloU(%) [ c1(%) c2(%) c3(%) ca(%) c5(%) c6(%) |

PointASNL jcvrrao) [46] 46.8 74.3 24.3 83.1 39.0 0.0 0.0
PolarNet cvrroo [71] 54.3 74.4 61.7 90.0 22.9 40.3 5.6
RandLA-Net cveroo) [47] 55.9 74.0 61.8 89.7 439 29.8 9.4
SqueezeSegV3 rccvao [79] 55.9 74.8 63.4 89.0 29.6 38.7 20.1
SalsaNext jisveao [78] 59.5 75.8 63.7 90.2 38.9 48.3 194
FusionNet zccvao [86] 61.3 77.1 68.8 92.5 41.8 47.5 11.9
JS3C-Net aani1[202] 66.0 72.1 61.9 92.5 54.3 59.3 39.9
AF2S3Net cvrrai [98] 69.7 72.5 68.8 87.9 39.2 65.4 74.3
RPVNet icevai [91] 70.3 80.7 70.3 93.5 44.2 68.4 43.4
PVKD (cvrr [203] 71.4 71.5 70.9 92.4 53.5 67.9 50.5
KPConv icevio [64] 58.8 72.7 61.3 90.5 334 30.2 11.8
KPConv + Ours 61.0 122 75.0 63.4 91.4 49.0 45.0 36.4
SPVNAS 0.8Mm teccvao [87] 62.3 73.8 63.2 90.9 50.9 40.6 21.8
SPVNASpgm + Ours 64.3 120 73.9 64.0 91.4 48.0 48.9 23.2
Cylinder3D [CVPR21] [6] 67.8 75.5 65.1 91.0 50.8 67.6 36.0
Cylinder3D + Ours 70.4 126 77.2 66.1 92.3 51.9 68.4 54.6
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FIGURE 3.3: Error maps on SemanticKITTI [1] single-scan challenge val (top), and S3DIS [2] Area-5
(bottom). The differences are illustrated by arrows.

improves the performance of the base segmentation networks by solid margins. Concretely, it yields
2.2%, 2.6%, and 2.0% mloU gains over point-based KPConv [64], voxel-based Cylinder3D [6],
and SPVNAS [87], respectively. Our algorithm also obtains consistent performance improvements
across most classes. These results illusrate the wide potential benefit of our algorithm. Moreover,
“Cylinder3D + Ours” reaches comparable results with published competitors. This is particularly
impressive considering the fact that the improvement is solely achieved by our training scheme,

without any network architectural modification and inference speed delay.

Qualitative Result. As shown in the top row of Figure 3.3, our method can reduce errors over both
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TABLE 3.2: Quantitative 3D segmentation results on S3DIS [2] Area-5 (Section 3.3.2). For clarity, IoUs
on 5 of 13 classes are given (c1: wall, co: column, cs3: window, c4: door, c5: board).

\ Method | mloU(%) mAcc(%) | c1(%) co(%) c3(%) ca(%) c5(%) |

HPEIN (iccvio) [45] 61.9 68.3 81.4 23.3 65.3 40.0 65.6

PAT (cverio [67] 60.1 70.8 72.3 41.5 85.1 38.2 61.3

PointWeb (cverio [44] 60.3 66.6 79.4 21.1 59.7 34.8 64.9

MinkowskiNet (cvrrio; [18] 65.4 71.7 86.2 34.1 48.9 62.4 74.4
SCF-Net cveroi [48] 63.8 - - - - - -
BAAF-Netcvrro11[204] 65.4 73.1 - - - - -

CGA-Net cveron [205] 68.6 - 83.0 25.3 59.6 71.0 69.5
PTV1+CBL (cvrra2 [206] 71.6 77.9 - - - - -
Stratified Trans. (cver2 [207] 72.0 78.1 - - - - -
PTV2 neurs22 [208] 72.6 78.0 - - - - -

KPConv iccvio [64] 67.1 72.8 82.4 23.9 58.0 69.0 66.7

KPConv+ Ours 69.0 76.2 84.0 30.7 66.7 77.6 63.0

PTV1uceva [7] 70.4 76.5 86.3 38.0 63.4 74.3 76.0

PTV1+ Ours 72.2 79.6 88.1 49.3 65.3 79.4 81.0

TABLE 3.3: Quantitative 4D segmentation results on SemanticKITTI [1] multi-scan challenge test
(Section 3.3.3). IoUs on 6 of 25 classes are reported (cy: sidewalk, co: moving car, c3: moving truck, cy:
bicycle, c5: motorcyclist, cg: traffic-sign).

\ Method | mloU(%) | c1(%) co(%) c3(%) c4(%) c5(%) c6(%) |
TangentConv (cveris [73] 34.1 64.0 40.3 1.1 2.0 0.0 31.2
DarkNet53 iccvio [1] 41.6 75.3 61.5 14.1 30.4 0.0 312
TemporalLidarSeg sov20 [22] 47.0 75.8 68.2 2.1 47.7 0.0 60.4
SpSeqnet cvero [23] 43.1 73.9 532 412 24.0 0.0 48.7
KPConv iccvio) [64] 51.2 70.5 69.4 5.8 449 0.0 53.9
KPConv- Ours 53.2 752 75.2 4.1 67.2 9.9 64.6
Cylinder3D (cvero1 [6] 525 74.5 74.9 0.0 67.6 0.2 61.4
Cylinder3D-+ Ours 54.7 76.9 81.7 11.9 55.9 3.0 68.0

small nature objects (such as trunk) and widely distributed classes (like sidewalk). More qualitative

results can be found in Appendix A.

3.3.2 3D Segmentation on Static Indoor Point Clouds

Dataset and Metric. S3DIS [2] is a famous 3D indoor parsing dataset. It contains 273M points
collected from six areas and labeled with 13 classes. Following [64, 192], we use Area-5 as test scene

to better test the generalization ability. We report two metrics: mloU and Mean Accuracy (mAcc).

Quantitative Result. Table 3.2 summarizes the comparison results on S3DIS, showing our training
algorithm also works well on large-scale challenging indoor point clouds. In particular, our

algorithm brings impressive gains over KPConv, i.e., 67.1%—69.0% and 72.8%—76.2%, in terms
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of mloU and mAcc. Notably, with PTV1 as the backbone, our approach attains mloU/mAcc of
72.2%/79.6%, outperforming PTV1+4-CBL (71.6%/77.9%). Moreover, complete quantitative results

can be found in Appendix A.

Qualitative Result. As shown in the bottom row of Figure 3.3, our method significantly reduces
the errors of PTV1 [7] in an indoor environment of S3DIS [2] Area-5. More qualitative results can

be found in Appendix A.

3.3.3 4D Segmentation on Urban Point Sequences

Dataset and Metric. SemanticKITTI [1] multi-scan challenge is devoted to 4D point cloud
segmentation. It involves six more classes to distinguish between moving objects and stationary
ones for car, trunk, bicyclist, other-vehicle, person, and motor-cyclist categories. mloU is adopted

as the evaluation metric.

Quantitative Result. Table 3.3 reports our comparison results on SemanticKITTI [1] multi-scan
challenge test. More complete quantitative results can be found in Appendix A. Our algorithm,
again, leads to improvements over backbones, i.e., 2.0% and 2.2% mloU gain compared with
KPConv [64] and Cylinder3D [6], respectively. This confirms our algorithm is also applicable in
point cloud sequences. Our algorithm also obtains superior performance for vehicle categories with
moving patterns, such as moving car, moving truck, moving other-vehicle, etc. We attribute this
to our capacity of capturing complex patterns and variations, which improves the robustness in

dynamic scenes.

Qualitative Result. Qualitative results between Cylinder3D [6] and our method can be found in

Appendix A.

3.3.4 3D Detection on Static Urban Point Clouds

To fully reveal the power of our idea, we conduct additional experiments on 3D object detection,

although we put our main focus on the point cloud segmentation task.

Algorithmic Modification. To apply our algorithm to the 3D object detection task and minimize

the modification effort, we view the bounding box annotations as a form of coarse segmentation
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TABLE 3.4: Quantitative 3D detection results on KITTI [8] challenge val (Section 3.3.4).

Difficulty ‘ Method H mAP(%) ‘ Car(%) Pedestrian(%) Cyclist(%) ‘
Second sexsorsis) [89] 75.25 88.61 56.55 80.59
Easy Second + Ours 78.60 89.13 58.50 88.16
PointPillar cverio [209] 74.76 86.46 57.75 80.06
PointPillar + Ours 76.82 88.34 58.19 83.92
Second sensorsis) [89] 66.25 78.62 52.98 67.16
Second + Ours 69.67 82.97 55.64 70.39
Moderate R
PointPillar icveri9) [209] 64.08 77.28 52.29 62.68
PointPillar + Ours 66.07 78.43 53.31 66.47
Second sexsorsig) [89] 62.69 77.22 47.73 63.11
Hard Second + Ours 65.36 78.55 50.91 66.61
PointPillar jcverio) [209] 60.76 74.65 4791 59.71
PointPillar + Ours 62.96 77.14 49.15 62.61

labels. For each labeled bounding box with semantic class ¢ € C, we simply treat all the points
within the bounding box as data examples of class ¢, which are used in our clustering analysis based
representation learning (cf. Equation 3.6 and Equation 3.7). Note that there is no change to the base

3D detection network, including the detection head.

Dataset and Metric. KITTI [8] is a standard benchmark for 3D object detection. We split
3712 scans for train and 3769 scans for val, with 3D bounding box annotations of vehicles,
pedestrians and cyclists. Detection outcomes are evaluated under three regimes: easy, moderate,
hard, defined according to occlusion and truncation levels of objects. Average precisions are
reported with IoU thresholds of 0.7, 0.5, and 0.5, respectively for car, pedestrian, and cyclist classes.

We use Mean Average Precision (mAP) as our evaluation measure.

Base Detection Networks. We apply our algorithm to two famous 3D detectors, i.e., Second [89]

and PointPillar [102].

Quantitative Result. Table 3.4 reports the experimental results on KITTI val. We can observe that,
for both Second and PointPillar, our training algorithm brings notable performance gains, across

different classes and under different regimes. This proves the high versatility of our algorithm.

3.3.5 Diagnostic Experiment

To fully test the effectiveness of our core algorithm designs, we conduct a series of ablative studies

on S3DIS [2] Area-5 and SemanticKITTI [1] multi-scan challenge val. We adopt KPConv [64]
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TABLE 3.5: Study of clustering based training on S3DIS [2] Area-5 and SemanticKITTI [1] multi-scan
val set (Section 3.3.5).

\ [Fopc (Eq. (3.6)) e (Eq. (3.7))S3DIS miou%)S-KITTI miou )

Training Speed (sec/epoch)‘

Baseline (w/o clustering analysis) 67.1 533 281.46
Point-Point Contrast v 68.0 54.4 310.20

v 68.4 54.7 310.28

v 69.0 55.7 311.71

' TABLE 3.6: Gurve of Cross-Entropysl_oss TABLE 3.7: Parameter studies on S3DIS [2] Area-5 and
on SemanticKITTI [1] single-scan chal- SemanticKITTI [1] (S-KITTI) multi-scan val set (Sec-

lenge train (left) and val (right). tion 3.3.5). (mloU(%) is reported.)
4

g # Cluster |[S3DIS S-KITTI||Memory Capacity || S3DIS S-KITTI||Coefficient ||S3DIS S-KITTI

5 M=1 67.5 53.7 Mini-Batch 68.0 544 pn=0 67.7 53.6
M =10| 68.0 54.5 (w/o memory) : : n=20.9 68.0 54.0
M =20| 68.5 552 5 x #scene 68.6 55.0 || =0.99 68.5 54.7
M = 40| 69.0 55.7 10 x #scene 69.0 55.7 ||p=0.999 68.6 553
M =60| 68.9 552 15 x #scene 68.8 55.7 || =0.9999 | 69.0 55.7
M = 80| 68.7 55.5 20 x #scene 68.7 55.6 ||p=0.99999| 68.8 555

(a) Per-class cluster Num (b) Per-cluster memory (c) Momentum coefficient

as our base segmentation network. The results are reported without post-processing or test-time

augmentation.

Clustering Analysis based Network Training. We first test the efficacy of our core idea of
clustering analysis based point representation learning. As shown in Table 3.5, the baseline model,
trained in the standard strategy, gains 67.1% and 53.3% mloU, on S3DIS and SemanticKITTI,
respectively. Additionally considering point-point contrast Jppc (Equation 3.6) or point-center
contrast Jpcc (Equation 3.7) can lead to better performance. However, combining these two training
objectives yields the best results, i.e., 69.0% and 55.7%. These results verify that mining latent
data structures can benefit detailed analysis of point cloud. Table 3.5 also gives comparisons for
training speed. Our algorithm only brings negligible delay (~30 s for each epoch), confirming its

high efficiency.

Per-Class Cluster Number ). We next investigate the impact of the cluster number M of
each class. The results are summarized in Table 3.7a. M = 1 means that directly treating
each class as a single cluster. This baseline obtains 67.5% and 53.7% mloU, on S3DIS and
SemanticKITTI, respectively. After clustering based fine-grained pattern mining, we observe
consistent improvements, e.g., 67.5%—69.0% on S3DIS when M =40. This verifies that i) there
indeed exist some latent patterns in point clouds, and ii) these latent patterns are valuable for

point cloud parsing. When M > 40, further increasing M gives marginal performance gains even
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worse results. We speculate this is because the model is distracted by some trivial patterns due to

over-clustering.

Memory Bank. Then we study the influence of our memory bank in Table 3.7b. “Mini-Batch (w/o
memory)” means that only computing contrast within each mini-batch, without the memory; it
earns 68.0% and 54.4% mloU, on S3DIS and SemanticKITTI, respectively. We then provision this
baseline with class-wise memory bank with different capacities. When storing 10 point features per

scene for each cluster, the best performance is achieved, i.e., 69.0% and 55.7%.

Momentum Coefficient ;. Table 3.7c gives the performance with regard to the momentum
coefficient u (cf. Equation 3.5), which controls the evolution speed of cluster centers. The model
performs better with a relatively large coefficient (i.e., 1 = 0.9999), showing that slow update
is more favored. Moreover, at the extreme case of p = 0, the performance drops considerably,
evidencing that simply approximating the cluster centers with per-batch cluster means is not a

sound solution.

3.4 Summary

We devise a clustering based supervised training scheme for point cloud segmentation, which
discovers and respects latent data structures during point representation learning. Rather than
simply minimizing the point recognition error, we iteratively perform 1) unsupervised, within-class
clustering based subclass pattern mining, and 2) clustering assignment based point embedding
space optimization. Our algorithm is general and shows outstanding performance over various
tasks and datasets. It also brings some new challenges, including the extension in instance-aware

segmentation setting, and automatic estimation of the cluster number.
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LSK3DNet: Towards Effective and
Efficient 3D Perception with Large

Sparse Kernels

4.1 Introduction

Autonomous systems are equipped with 3D LiDAR sensors and data processing platforms. The
LiDAR sensor generates point clouds, which serve as the input for the processing platform. The
platform performs perception tasks such as semantic segmentation [16, 92, 210] and object de-
tection [108, 211, 212], providing a foundation for motion planning and decision-making [33] in
autonomous systems. On the one hand, the processing platform is required to handle large-scale,
sparse, and irregular point clouds. On the other hand, the platform’s computing resources are limited.
Therefore, it is crucial to develop effective and efficient LIDAR perception methods. Point-based
methods [7, 207, 210] rely on computationally expensive, memory inefficient, and time-consuming
point sampling strategy [213]. In contrast, sparse convolution [18, 82, 110, 127] has been widely
adopted for processing large-scale point clouds up to 160x160x 20 meters [6, 18, 82, 87, 108, 214].
Nevertheless, the application of such a technique in autonomous systems has also been hindered by
limited computational resources [87]. PV-KD [203] attempts to reduce the model size with knowl-

edge distillation, but its performance is bounded by its teacher model [6]. In opposition, large kernels

33
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FIGURE 4.1: Illustrations on Spatial-wise Group Convolution [3], SDS, and CWS. The spatial dimensions

K (i.e., K1, Ko, K3) and channel dimensions (D;,,/D ;) are shown. Spatial-wise Group Convolution

shares the weights within each spatial group during training, leading to redundant model weights. In

contrast, SDS removes non-salient weights and redundancies that are not sensitive to the input in each
group, while CWS eliminates redundant weights in a channel-wise manner (Section 4.1).

can enhance performance through the advantages of large receptive fields [3, 159, 161]. However,
naive 3D large kernels will significantly increase computational burdens. LargeKernel3D [3]
explores large 3D kernels with Spatial-wise Group Convolution to circumvent optimization and
efficiency problems caused by naive 3D large kernels. However, LargeKernel3D has a lot of
redundant model weights during training as it shares the weights in each spatial group. Moreover,

the performance of LargeKernel3D [3] drops when scaling up the kernel size over 7 x 7 x 7.

In this study, we propose a Large Sparse Kernel 3D Neural Network (LSK3DNet), which is an
efficient and effective 3D perception model. LSK3DNet incorporates two key components, namely
Spatial-wise Dynamic Sparsity (SDS) and Channel-wise Weight Selection (CWS). These compo-
nents enhance performance on perception tasks and overcome the challenges of high computational
costs. SDS enlarges 3D kernels and reduces model parameters by learning sparse 3D kernels
from scratch. CWS increases the model width and learns channel-wise importance during training,
resulting in accelerated inference by pruning redundant channels [215]. As shown in Figure 4.1,
SDS can prune 3D kernels to remove redundant weights, while CWS can eliminate redundant
channels in an online manner. Our SDS and CWS complement each other following a guideline
of “using spatial sparse groups, expanding width without more parameters”, in contrast to “using

sparse groups, expanding more” [161].

Specifically, SDS implements a remove-and-regrow process within each spatial group and preserves

the sparsity in each group during dynamic training. This stands in stark contrast to the 2D
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FIGURE 4.2: Comparisons of classical methods. Performance (mlIoU) vs. Inference Speed (Frames Per
Second (FPS)) on SemanticKITTI [1] single-scan challenge (Section 4.1).

approach [161], as it achieves dynamic sparsity in depth-wise groups. SDS allows to scale up the
receptive fields with large kernel sizes, easily reaching or surpassing 9 x 9 x 9, thereby achieving
higher performance. In addition, CWS selectively identifies salient channels during training. It
speeds up inference on the 3D vision tasks by pruning non-salient channel parameters. In this way,
LSK3DNet can benefit from expanded width to achieve enhanced performance, but maintain the
original model size during inference. Reducing the models’ complexity (e.g., model size) is a big
benefit and a straightforward way to make them deployable on resource-constrained devices [216].
We conduct experiments on three benchmark datasets and five tracks. Our method achieves better
performance compared to state-of-the-art methods [6, 91, 217] on SemanticKITTI [1] but with
faster inference speed (Figure 4.2). Moreover, LSK3DNet outperforms the prior 3D large kernel
method of LargeKernel3D [3] on ScanNet v2 [9] and KITTI [8].

In a nutshell, our contributions are as follows:

* We propose LSK3DNet to enhance performance in perception tasks and mitigate high computa-
tional costs, surpassing state-of-the-art models while reducing model size by 40% and computing

operations by 60%.

* We propose SDS to scale up 3D kernels. It learns large sparse kernels by dynamically pruning

and regrowing weights from scratch, thereby reducing model size and computational operations.
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FIGURE 4.3: Spatial-wise Dynamic Sparsity. The utilization of SDS enables us to create and train

sparse kernel 3D neural networks from the beginning. The sparse weights in each spatial group are firstly

initialized by Sparse Kernel Initialization (Equation 4.2), and then regularly altered by discarding the

least significant connections and introducing new ones (Equation 4.3). The sparse kernels are steadily

improved by this dynamic process, which leads to a more thorough collection of local features. Note that

different spatial sparse group has different sparse distribution. Here we take a sparsity of 22% for example
(Section 4.2.3 and Algorithm 4.1).

* We develop CWS to improve performance by expanding the width. CWS assesses the impor-
tance of channels during training and speeds up inference by pruning redundant channel-wise

parameters.

4.2 Methodology

In this section, we first formulate the problem in Section 4.2.1, then move on to a concise overview
of submanifold sparse convolution in Section 4.2.2. Afterwards, the details of Spatial-wise Dynamic
Sparsity (SDS) and Channel-wise Weight Selection (CWS) are described in Section 4.2.3 and 4.2.4.

Lastly, network architecture is outlined in Section 4.2.5.

4.2.1 Problem Formulation

Suppose that the input is a set of unordered point X = {xl cRPin:j=1,2,... ,N} for 3D
perception tasks, and D;, is the dimensionality of the input features. £ is a set of object/point labels,
which varies according to different datasets. For segmentation task, LSK3DNet assigns each point
x; with a predicted label y;, resulting in a point-wise prediction set Y= {y; : i =1,2,...,N}. In
voxel-based methods, point clouds are converted to voxel representations. We denote the input
sparse tensor with X" = [C, F]. Coordinate matrix C € Nf *3 includes 3-dimensional discrete

coordinates, and feature matrix F'€ RV*Pin hag D;,,-dimensional features.
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4.2.2 Review of Submanifold Sparse Convolution

Regular sparse convolution has widespread use in U-Net type 3D networks [18, 82]. However, it
significantly reduces the sparsity level of point data [88], obfuscates feature distinctions [88], and
leads to low-resolution and indistinguishable small objects [87]. In our LSK3DNet, we discard
regular sparse convolution and exclusively employ submanifold sparse convolution for feature

extraction.

In a 3-dimensional space C' € NJX X3 the D;,-dimensional input feature at ¢ € C' can be denoted
as 2" € RPin, and the 3D kernel is represented by W € RX *DowxDin _ We divide the kernel into
K3 spatial weights, each with a size of D, X Dy, and denote the divided weights as W;. The

submanifold sparse convolution is formulated as follows:

= > Wiall,, ceC, (4.1)
i€VD (c,0)
where x2%! represents the current voxel on which the submanifold sparse convolution is applied;

W, corresponds to xZCT}H, which represents the i-th adjacent input voxel ([Ce4, Fet4]); VP is a set
of offsets that define the shape of a kernel, and V" (¢, C) = {ilc + i€ C,i€ VP} is a set of offsets
from the current center c that exist in C' [18]. It should be noted that the input coordinates and
output coordinates are equivalent; in other words, they share the same C. Due to this restriction,
insufficient information flow exists while differentiating the distinct spatial characteristics [88].

Large receptive fields could be a potential solution to this problem.

4.2.3 Spatial-wise Dynamic Sparsity (SDS)

SDS incorporates two essential components: Sparse Kernel Initialization and Sparse Weight
Pruning and Growth. SDS is applied to the 3D large kernel layers, while other layers are kept dense.
When initialized with Sparse Kernel Initialization, all spatial groups of sparse tensors have the
same level of sparsity s, where sparsity refers to the fraction of zeros in sparse kernels. We adjust
the sparse position within spatial groups of 3D large kernel layers with an adaptation frequency
fa. During training, at regular intervals determined by f,, the adjustable weights in the kernels are
modified through a two-phase procedure, which includes sparse weight pruning and sparse weight
growth. We maintain a constant number of non-zero parameters (i.e., sparsity s) throughout the

training process.
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Sparse Kernel Initialization. Prior research [218] has explored the distribution of sparsity parame-
ters across multiple layers. The proportion and adjustment of sparse weights are regulated by the
layer-wise sparsity ratio, which determines how the weights are modified to seek more efficient
sparse structures during training. However, this method is not suitable for Spatial-wise Group
Convolution, since 3D large kernels are divided into multiple spatial groups. To ensure that each
group has non-zero weights, we execute Erd6s-Rényi (ER) based sparsity ratios [163, 166, 219]
in each spatial group. Dense weights Wy are firstly initialized in a standard way (i.e., kaiming
uniform initialization [220]). The binary Mask M is then applied to these dense weights; M is

generated using an ER-based method with a sparsity of s. The zero-weight number in M is scaled

DintDoutHK {HKIHKS
DinXDoutxK{XK§xKY "’

by 1— where K¢, K, and K denote the spatial group sizes. Therefore, the sparse

weights Wy are initialized as follows:
Ws —~Wp O M, “4.2)
where © represents the Hadamard product.

To design 3D networks with sparse groups, following the recipe of “using spatial sparse groups,
expanding width without more parameters”, we have chosen Spatial-wise Group Convolution rather
than Depth-wise Group Convolution. Our experiments have also shown that Depth-wise Group

Convolution is unsuitable for large 3D kernels. This aligns with the findings in LargeKernel3D [3].

Sparse Weight Pruning and Growth. Previous research [161] in 2D convolution has illustrated
that dynamic sparsity can effectively enlarge kernel sizes and enhance scalability. But Depth-wise
Group Convolution is unsuitable for large 3D kernels [3]. Therefore, we adapt sparse weights in
each spatial group dynamically to accommodate the data. Specifically, a certain rate of connections
(i.e., prune rate p) with the lowest magnitude are eliminated, and then we generate an equal number
of new random connections. The regrow weights are randomly placed at zero positions within each
spatial group. This is achieved by modifying the mask M (see Algorithm 4.1). The positions of the
eliminated connections and the newly generated connections are denoted as E and G, respectively.

The formula for pruning and regrowth can be expressed as follows:
Ws +—Ws© (M —-E), Wos + W56 (M +G). 4.3)

By doing so, the sparsity of each spatial group is kept steady. Moreover, the weights can be

adjusted dynamically, allowing for improved local characteristics. Please refer to Figure 4.3 for
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details. Once training is complete, mask M in spatial groups is also recorded. Unlike previous
methods [161], we employ the Spatial-wise Group Convolution and partition dynamic sparse
processes into separate spatial groups. Pruning and growth are conducted independently within

each group without interfering with each other.

We can assume that weights are changing factors over time. Then, removing the least important
weights is akin to the selection phase in natural evolution. Alternatively, the random addition of
new weights is analogous to the alteration stage of evolutionary selection [163]. This phenomenon
is also analogous to a biological process in the brain during sleep, known as synaptic shrinking.
Researchers found that the weakest neural link in the brain weakens during slumber, while the vital
neural connections remain how they are before. This shows that one of the main roles of sleeping is

to reset the overall synaptic strength [221, 222].

4.2.4 Channel-wise Weight Selection (CWS)

Despite SLaK [161] employs DST to enlarge the 2D kernel size, it mitigates the performance
degradation caused by sparsity in the way of expanding model width. It strives to strike a balance
between sparsity and width. However, expanding width leads to the issue of increased computational
burden. Therefore, SLaK [161] faces the dilemma that larger sparsity and smaller model size cannot
be achieved simultaneously. Instead of naively increasing network width, we propose CWS to
decouple sparsity and width. It selectively chooses the most salient channels and obtains improved

performance while keeping the original model size during inference [215].

CWS operates in an online mode with a sorting frequency of fs. A single weight sorting cycle
involves multiple iterations of Sparse Weight Pruning and Growth, i.e., each cycle of weight sorting
is a multiple of the adaptation rate f,. The width factor w determines the extent to which the
number of channels is augmented, i.e., extending D-dimension to w X D-dimension. Once the
expanded model has been created, we consider the D-dimensional small model to be embedded
within the w x D-dimensional augmented model [215]. When the number of training iterations
reaches the sorting condition, the channels are sorted based on their L1 value (i.e., SortChannels),
prompting the model to focus on the most relevant channels. During validation, we select the most
important D-dimensional channels from w x D-dimensional channels [215] (i.e., SelectChannels).

The pseudo-code for the entire algorithm is provided in Algorithm 4.1. This operation effectively
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Algorithm 4.1 Pseudo-code of SDS and CWS

Require: set adaptation frequency f,, sparsity s; set sorting frequency fs and width factor w;
expand model width form D dimension to w x D dimension;
initialize dense model Wg’XD ; initialize sparse layers WSWD ;

Ensure: a network learned with 3D sparse convolution kernels.

for each training iteration ¢ do
WP« Normal Training (We™P);
if (1% f,) equals to O then
WP WP o (M - E); WP « WP o (M + G);
end if
if (1% f5) equals to O then
WP SortChannels(W™P);
end if
if validation then
WP «SortChannels(Wg™P); W «SelectChannels(Wg™P);
NormalValidation(W);
end if
end for
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FIGURE 4.4: LSK3DNet and LSK Block. (1) LSK3DNet: Point clouds are fed into voxelizer for voxel-

wise features. Then we extract features with LSK Block and Point Branch. The final prediction is a

point-wise output. Here MLPs is the standard Multi-Layer Perceptrons. (2) Large Sparse Kernel Block
(LSK Block) (Section 4.2.5).
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achieves higher performance while maintaining the parameters within the expected size. This is
especially important in deployments where memory usage and computational efficiency are critical

factors.

4.2.5 Network Architecture

Segmentation Baseline. U-Net type 3D networks (such as SparseConvNet [82] and MinkUNet [18])
employ aggressive downsampling (i.e., regular sparse convolution) to increase the receptive field
but at the cost of reduced resolution. However, with a low resolution, several points or tiny objects
could be combined into one single grid and become indistinguishable [87]. So SPVCNN [87] is
equipped with a high-resolution point-based branch. Subsequently, 2DPASS [92] further modifies
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multi-representation branches by omitting the regular sparse convolution. This is because it dilates
all sparse features and blurs valuable information, increasing the burden for following layers [88].
Only submanifold sparse convolution is employed for feature extraction in Modified SPVCNN [92].
By limiting the output feature positions to the input positions, submanifold sparse convolution
is able to circumvent the computation burden. We use Modified SPVCNN as a baseline for our
segmentation network. This 3D network is compact yet powerful and can generate high-resolution
representations from sparse point clouds in large-scale scenes. However, one challenge we face is
that the restricted area of submanifold sparse convolution limits the information flow and makes it
difficult to distinguish different spatial characteristics of the scene. To address this challenge, we
introduce LSK Block, which stands for Large Sparse Kernel Block. This block increases the kernel
sizes of submanifold sparse convolution and expands the receptive field to facilitate information
flow. LSK Block has a standard residual structure that adds the output of identity mapping to that
of two stacked large kernel convolutions (Figure 4.4 (2)). Our network does not need the parallel
convolutional branch with dilatation convolution [3]. The details of our segmentation network

architecture are listed below:

* Segmentation Network on SemanticKITTI [1]. LSK3DNet (see Figure 4.4 (1)) divides the
entire scene into voxels, each with a size of 5 cm. It has four scales of {2, 4, 8, 16}. The hiden size
D of the entire network is 64. We deploy LSK Blocks in SparseBasicBlock'. Following [6, 47, 92],
we employ the weighted cross-entropy loss to optimize point accuracy and utilize the lovasz-
softmax [191] loss to maximize the intersection-over-union.

* Segmentation Network on ScanNet v2 [9]. This segmentation network has the same architecture
as that on SemanticKITTI [1]. The entire scene is split with a voxel size of 2 cm, with scales of
{2, 4,8, 16, 16}. The hidden size D is 128. Following [99], we take the weighted cross-entropy

loss as the objective function.

Detection Network on KITTI. We take Voxel R-CNN [108] as a baseline. Specifically, we retain
the backbone of Voxel R-CNN and substitute plain sparse convolutional block with LSK Block in
the first three stages. Other settings remain the same as [3]. The input spatial shape is {1600, 1408,
41}, and the channels of stages are {16, 16, 32, 64, 64}.

"https://github.com/yanx27/2DPASS
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4.3 Experiment

4.3.1 Setups and Implementations

Dataset. To evaluate our method, we perform experiments on three benchmark datasets and five

tracks:

* SemanticKITTI [1] has 43,551 traffic point cloud scenes with fine annotations, split into
19,130/4,071/20,350 scenes for t rain/val/test. The dataset has 28 semantic classes, but
only 19 classes are used for single-scan track and 25 classes for multi-scan track.

* ScanNet v2 [9] contains 1,201/312/100 indoor scenes for train, val, and test splits,
respectively. There are 20 semantic categories for ScanNet20 track and 200 categories for
ScanNet200 track.

* KITTI [8] has 7,481/7,518 samples for train and test. We follow the frequently used
train/val split [223] to divide the training samples into train split (3,712 samples) and val

split (3,769 samples).

Training and Testing Details. We utilize AdamW optimizer with OneCycleLR scheduler starting
with a learning rate of Se-3. Data augmentation is also employed, such as random flipping, scaling,
rotation around the gravity axis, spatial translation. We apply instance CutMix [91] and Test Time
Augmentation (TTA) [92] to the SemanticKITTI test benchmark, and enhance the model with extra

training epochs.

Metrics. We employ mean class intersection over union (mloU) and overall accuracy (Acc) metrics
as the evaluation criterion for 3D semantic segmentation tasks, as outlined in [1]. What is more, we

calculate Average Precision (AP) by recalling 11 positions for 3D object detection.

4.3.2 3D Semantic Segmentation

Quantitative Results on SemanticKITTI. We test LSK3DNet on both single-scan and multi-
scan tracks [1]. Table 4.1 presents the quantitative results of SemanticKITTI single-scan track.
LSK3DNet outperforms 2DPASS [92] in terms of both mIoU and IoU scores for most categories.

Moreover, SDS reduces the model size of naive 3D kernels and CWS keeps the model size within the
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TABLE 4.1: Results of LSK3DNet on SemanticKITTTI [1] single-scan test (Section 4.3.2). Regarding
input data format, P denotes points, V represents voxelizations, R signifies range images, and 2DPASS
incorporates additional 2D data.
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TABLE 4.2: Results of LSK3DNet on SemanticKITTI [1] multi-scan test set. The arrow below classes
indicate moving classes (Section 4.3.2).
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Method § E 2 gT iET Fc')' g E g
LatticeNet [224] P 45.2 89.3 54.8 3.5 0.6 49.9 44.6 64.3
TLSeg [22] R 47.0 89.6 68.2 2.1 12.4 40.4 42.8 12.9
KPConv [64] P 51.2 89.3 69.4 5.8 4.7 67.5 67.4 472
Cylinder3D [6] % 52.5 91.0 74.9 0.0 0.1 65.7 68.3 11.9
(AF)2-S3Net [98] \% 56.9 88.1 65.3 5.6 3.9 67.6 66.4 59.6
2DPASS [92] PV 62.4 91.4 82.1 16.1 3.8 80.3 712 73.1
LSK3DNet PV 634 923 844 75 409 774 69.9 751

desired size. So, LSK3DNet has a faster running speed than most prior methods (89 milliseconds per

scene, see Figure 4.2.), but it’s performance significantly benefits from the large kernels. Table 4.2

shows the results of SemanticKITTI multi-scan track. The mloU and Acc are computed over

all 25 classes. Due to page limitations, we only report the per-class IoUs for moving categories.

Under this challenging setting, LSK3DNet surpasses 2DPASS [92] in both mIoU and Acc. Notably,

LSK3DNet achieves state-of-the-art performance on both single-scan and multi-scan tracks in

SemanticKITTI. Surpassing over the state of the art (SOTA) 2D-3D method 2DPASS is more

valuable, which utilizes both 2D and 3D data while our LSK3DNet takes as input only the 3D data.

Qualitative results can be found in Appendix B.
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TABLE 4.3: Results of LSK3DNet and other state-of-the-art methods on ScanNet v2 [9] (Section 4.3.2).

Method ‘g ScanNet20 ScanNet20 ScanNet200
k= Val Test Val
PointNet++ [15] P 53.5 55.7 -
3DMV [225] P - 48.4 -
PanopticFusion [226] P - 52.9 -
PointCNN [39] P - 45.8 -
PointConv [227] P 61.0 66.6 -
JointPointBased [228] P 69.2 63.4 -
PointASNL [229] P 63.5 66.6 -
SegGCN [230] P - 58.9 -
RandLA-Net [47] P - 64.5 -
KPConv [64] P 69.2 68.6 -
JSENet [231] P - 69.9 -
FusionNet [86] P - 68.8 -
Point Transformer [7] P 70.6 - -
Fast Point Transformer [100] P 72.1 - -
Stratified Transformer [207] P 74.3 73.7 -
Point Transformer v2 [99] P 75.4 75.2 31.9
SparseConvNet [82, 99] \' 69.3 72.5 28.8
MinkUNet [18] \% 72.2 73.6 -
LargeKernel3D [3] \% 73.5 73.9 -
LSK3DNet PV 75.7 75.5 33.1

TABLE 4.4: Semantic segmentation results on NuScenes validation set [10]. Regarding input data
format, P denotes points, V represents voxelizations, R signifies range images, 2D3DNet and 2DPASS
incorporate additional 2D data. mIoU (%) and IoUs (%) are reported.
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Quantitative Results on ScanNet V2. We compare LSK3DNet with previous state-of-the-art
methods on ScanNet v2 [9], a large-scale dataset for 3D indoor scene segmentation. ScanNet v2
has two tracks: ScanNet20 and ScanNet200, which use 20 and 200 semantic classes respectively.
Table 4.3 presents the quantitative results of our model and other methods on both tracks. LSK3DNet
achieves higher performance than previous methods in both tracks. Our performance is superior

to transformer-based methods [7, 99, 100, 207], including Point Transformer v2. Moreover,
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TABLE 4.5: Results of 3D object detection methods on the car class of KITTI val set [8] (Section 4.3.3).

B 3D AP (IoU=0.7)
RERe § Easy ‘ Moderate ‘ Hard
VoxelNet [234] \Y 81.97 65.46 62.85
PointPillars [102] R 86.62 76.06 68.91
SECOND [89] v 88.61 78.62 77.22
Point R-CNN [111] P 88.88 78.63 77.38
Part-A? [235] \% 89.47 79.47 78.54
PV-RCNN [211] PV 89.35 83.69 78.70
Focals Conv [88] A% 89.52 84.93 79.18
Voxel R-CNN [108] v 89.41 84.52 78.93
LargeKernel3D [3] \% 89.52 85.07 79.32
LSK3DNet \% 90.16 85.61 79.53

LSK3DNet has a clear advantage over LargeKernel3D [3], improving the mloU by 2.2% and 1.6%

on the ScanNet v2 val and test set, respectively.

Quantitative Results on NuScenes. In Table 4.4, we present the results of semantic segmentation
on the nuScenes validation set [10]. Our approach consistently surpasses others by a significant
margin, establishing itself as the SOTA performer on this benchmark. What’s particularly intriguing
is that our method relies solely on LiDAR data, yet it outperforms multi-modal techniques [92, 233],

which incorporate supplementary 2D information.

4.3.3 3D Object Detection

We have also evaluated the detection performance of LSK3DNet on the val split for car category, as
shown in Table 4.5. We report the average precision metric for a 3D bounding box with 11 recall
positions (Recall 11). Based on Voxel R-CNN [108], we showcase the effectiveness of the LSK
Block by comparing it with LargeKernel3D [3], a previous 3D large-kernel method. LSK3DNet
achieves better results in three difficulty levels, compared with [3, 108]. Qualitative results can be

found in Appendix B.

4.3.4 Ablation Studies

We first explore the effect of kernel size on performance, and then the overall architecture design.
Next, we explain the hyperparameter choices of SDS and CWS. All ablation experiments are

performed on the val set of SemancKITTI.
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TABLE 4.6: Segmentation performance of Modified SPVCNN with various large kernel settings.

“Dense” refers to directly enlarging the kernel size. “Ours” refers to training with SDS and CWS (Sec-

tion 4.3.4). The unit for “Param” is in million (M), “FLOPs” is in billion (G), and “Speed” is measured in
milliseconds per scene.

l Method H Kernel Size [ mloU l Param [ FLOPs [ Speed | ‘
3,3,3 65.2 1.9 78.4 36
Dense 5,5,5 65.6 8.4 127.8 57
(D = 64) 7,7,7 66.2 22.6 381.2 65
9,9,9 67.5 479 1916.3 93
11,11,11 66.6 87.4 3192.0 134
5,5,5 66.2 27.0 444.0 84
Dense 7,7,7 66.5 73.1 1551.2 123
(1.8x D) 9,9,9 67.2 154.7 3030.0 177
11,11,11 66.3 282.1 7139.2 250
55,5 66.8 5.1 2038 46
Ours 7,7,7 68.1 13.6 2494 63
(1.8x D) 9,9.9 70.2 28.8 763.6 89
11,11,11 70.1 525 1847.4 116

Kernel Size. We use Modified SPVCNN as the baseline and then explore 3D kernel sizes under two
settings: naive dense large kernel and our LSK3DNet. In the former setting, the dense 3D kernel is
straightforwardly expanded. In the latter one, LSK3DNet is trained simultaneously with SDS and

CWS, meaning that our LSK3DNet can learn a large sparse kernel model from the beginning.

The baseline does not use aggressive downsampling which is common in most U-type 3D net-
works [18, 82]. However, submanifold sparse convolution with small kernels may lose important
information flow, especially for the spatially disconnected features. We solve this problem by
enlarging the size of the 3D convolution kernel to obtain a large receptive field. This agrees with
the performance improvement in Table 4.6, when the kernel size increases. In contrast to this
observation, LargeKernel3D [3] shows the opposite trends; we empirically attribute this to the fact

that LargeKernel3D is based on U-type 3D networks (Section 4.2.5).

Compared to the “naive dense large kernel” of each kernel size, LSK3DNet exhibits superior
performance in its corresponding size. LSK3DNet not only leverages SDS to expand its receptive
field but also starts from scratch to learn 3D sparse kernels. Concurrently, CWS widens the network
during training while pruning redundant channels to accelerate inference. Furthermore, SDS and
CWS address the issues of overparameterization and overfitting that arise from simply increasing
the kernel’s size and expanding the model’s width. The best performance of LSK3DNet is achieved
at the 9 x 9 x 9 size, and the following experiments are conducted with 9 x 9 x 9 size. Moreover,

due to the extra dimension in 3D kernels compared to 2D kernels, naively enlarging the 3D kernel
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TABLE 4.7: Overall architecture design with 9 x9 x 9 size. Here, we report Param, FLOPs, and Speed
for the inference model (Section 4.3.4).

l Method H mloU l Param l FLOPs [ Speed | ‘
Dense (1.0x D) 67.5 47.9 1916.3 93
Dense (1.8x D) 67.2 154.7 3030.0 177
SDS (1.8xD) 69.3 93.0 2201.4 173
CWS (1.8xD) 69.1 479 1916.3 93
LSK3DNet (1.8xD) 70.2 28.8 763.6 89

TABLE 4.8: Training and inference speed analysis, speed is measured in milliseconds per scene. The
kernels have 9 x9x 9 size, “T” and “T” represent training and inference speed, respectively (Section 4.3.4).

Sparsity Dense (1.0x D) SDS (1.8x D) LSK3DNet (1.8x D)
s moU | T| | 1} moU | T| | I} moU | T| | 1}
0 675 451 93 - - - - - -
0.1 - - - 68.5 489 176 69.1 491 92
02 - - - 68.9 478 176 69.7 482 91
0.4 - - - 69.3 463 173 70.2 467 89
0.6 - - - 69.0 450 171 68.8 454 87
0.8 - - - 68.7 439 171 67.2 443 87

size will lead to a cubically-increasing overhead. Our LSK3DNet can effectively reduce 19.1M
parameters and approximately 60% of computing operations when compared to the naive large

kernel network. This aspect significantly enhances the value of SDS and CWS for 3D kernels.

Overall Architecture Design. In Table 4.7, Dense (1.8 x D) does not yield improvement due to
overparameterization and overfitting. Although SDS maintains a model width of 1.8 x D during
inference, it achieves improved performance due to sparse training and the large receptive field.
CWS effectively addresses overfitting by selecting salient channels, thereby enhancing performance.
By combining SDS and CWS, LSK3DNet can achieve the best performance while significantly

reducing the model size and computational cost.

Spatial-wise Dynamic Sparsity. To control the degree of sparse weight adaptation in LSK3DNet,
we have adjusted three hyperparameters: the adaptation frequency f,, sparsity rate s, and prune
rate p (Section 4.2.3). Adaptation frequency f, indicates how often we update the sparse weights
during training. Sparsity rate s specifies how sparse the 3D large kernels are. Prune rate p shows the
fraction of updated weights in one adaptation. We have conducted experiments with different values
of these hyperparameters and report the results in Table 4.8 and Table 4.9. Based on our empirical

findings, we have chosen f, =2000, s=0.4, and p=0.3 as the optimal settings for LSK3DNet.

Channel-wise Weight Selection. Another aspect of our method that we investigated is the CWS.

This technique involves two hyperparameters: the sorting frequency fs and the width factor w



48 Chapter 4. LSK3DNet

TABLE 4.9: Ablation studies of Spatial-wise Dynamic Sparsity on adaptation frequency f, and prune rate
p (Section 4.3.4).

‘ Adaptation f, H mloU ‘ ‘ Pruning p H mloU ‘
100 68.8 0.10 69.9
1000 69.6 0.20 70.1
2000 70.2 0.30 70.2
3000 70.0 0.50 70.0
4000 69.8 0.70 69.7

TABLE 4.10: Ablation studies of Channel-wise Weight Selection on sorting frequency fs and width factor
w (Section 4.3.4).

\ Sorting f, | mloU \ \ Width w | mloU \
1% fq 68.2 1.1x 68.4
2% f, 69.1 1.5x 69.6
4% f, 69.8 1.8x 70.2
6 x f, 70.2 2.1x 69.9
10 X f, 69.9 2.5% 70.1

(Section 4.2.4). The former determines how frequently we sort and select channels for large kernels
during training. It is expressed as a multiple of f,, the adaptation frequency, meaning that we
perform channel sorting after a certain number of weight adaptation cycles. When fs =6x f,,
the optimal performance is achieved. The latter controls the times of network width compared
to the target model. We find that increasing the width factor up to 1.8 improves the model’s
performance, but beyond that point, there is no significant gain. Therefore, we opt for a width of

1.8 to avoid more extra compute resources that a wider width would require during training.

Spatial Group Size. We report the results of the ablation study on the kernel size selection in
Table 4.11. kernel size means the absolute kernel size. group means the number of groups to split
kernels. We conduct the experiment on LSK3DNet on the SemanticKITTI dataset, with the same
training hyper-parameters in the main paper. For 3x3x 3 group and 9x9x9 kernel size, every group
has {3,3,3} divisions in each dimension. Moreover, 9 x 9 x 9 is split into 5 x5 x 5 with {2,2,1,2,2}
divisions. For 13x13x3 kernel size, 3x3x3 group has {4,5,4} divisions in 13-dimensional axis, and
similarly, {2,3,3,3,2} divisions for 5x 5 x 3 group, {2,2,2,1,2,2,2} divisions for 7x7x 3 group. We
finally chose the 9x9x9 kernel size and 3x3x3 group based on our empirical results. We speculate
that this is because each group has a 3 x 3 x 3 size, showing more parameter space to explore
than other group settings. Previous studies have shown that exploring a large parameter space is
important for dynamic sparse training [168, 170, 175]. In addition, the kernel size of 13 x 13 x 3

does not achieve better performance, being affected by overparameterization and overfitting issues.
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TABLE 4.11: Ablation studies on spatial group size.

kernel size H Spatial Group ‘ mloU (%)
3x3x3 70.2
999 5x5%5 69.1
3x3x3 69.9
13 x13x3 5xHx3 69.5
TxTx3 68.9

TABLE 4.12: Ablation studies on Depth-wise Group Convolution and Spatial-wise Group Convolution on
ScanNet v2 [9] and SemanticKITTI [1].

‘ Methods H Kernel ‘ mloU (%) ‘
ScanNet v2
MinkowskiNet-14 [3] TXTxT7 68.6
+ depth-wise conv TXTXT7 56.4
+ spatial-wise conv TXTXT—3x3%x3 69.7
+ spatial-wise conv 9X9Ix9 = TXTXT 69.6
MinkowskiNet-34 [3] TXTXT 68.6
+ depth-wise conv TXTXT7 68.7
+ spatial-wise conv TXTXT—3x3%x3 73.2
Modified SPVCNN 9%x9x9 72.4
+ depth-wise conv (SDS and CWS) 9x9x9 67.0
+ spatial-wise conv (SDS and CWS) 9x9x9 75.7
SemanticKITTI
Modified SPVCNN 9Ix9x9 67.5
+ depth-wise conv (SDS and CWS) 9x9x9 65.4
+ spatial-wise conv (SDS and CWS) 9Ix9x9 70.2

Convolutional Schemes. The results of MinkowskiNet-14 and MinkowskiNet-34 are directly taken
from LargeKernel3D [3]. MinkowskiNet-14 shows stagnation when attempting to expand the
convolution kernel to 9 x9x 9. As shown in Table 4.12, we use Modified SPVCNN as the baseline
and conduct experiments on ScanNet v2 [9] and SemanticKITTI [1]. Our findings indicate that
Spatial-wise Group Convolution is more suitable for 3D large kernel designs, aligning with the
results observed in LargeKernel3D [3]. Therefore, we carry out dynamic sparse training within the

spatial-wise groups.

Effective Receptive Fields (ERFs) size. The concept of the receptive field is important for deep
CNNs work, as anywhere in an input scene outside the receptive field of a unit does not affect
the value of that unit. The small nucleus in the baseline has a smaller receptive field, and the
restricted areas of submanifold sparse convolutions limit the informationflow and make it difficult
to distinguish different spatial characteristics of the scene. To address this challenge, we increase
the kernel sizes of submanifold sparse convolutions and expand the receptive field to facilitate

information flow. To evaluate this hypothesis, we make a comparison between the ERF captured by
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Baseline LSK3DNet Kernel visualization

FIGURE 4.5: ERFs of Baseline and LSK3DNet. LSK3DNet has a larger ERF size. Additionally, we
provide visualization of learned sparse kernels, where all weight values have taken the absolute value and
normalization operations. The black areas indicate positions with weight values of zero.

Baseline and LSKNet. We visualize ERF on the SemanticKITTI validation set. Figure 4.5 illustrates
the comparison between the Baseline and LSK3DNet. The left one is the ERFs of Baseline, and
the right one is the ERF of our LSKNet. We follow the definition of ERF [236], and measure the
gradient of input point data to the central point of the features generated in the last layer. We take
the point closest to the origin as the central point. We normalize the gradient of each point to [0,1]
and the contribution of points is shown in BEV. Compared to the baseline, the high-contribution
points of LSK3DNet are distributed over a larger input range, indicating a larger ERF. Additionally,
to enhance comprehension of learned kernels, we offer kernel visualization in Figure 4.5, providing

insights into sparse training.

Training Stability. Compared with the baseline, LSK3DNet achieves performance improvements.
However, due to the adoption of a larger kernel design, dynamic sparse training, and the operation
of channel sorting in LSK3DNet, it converges ~5 epochs later than the baseline. Nevertheless, it

can still be ensured that convergence is achieved before the end of 64 epochs.

4.4 Summary

We propose Spatial-wise Dynamic Sparsity to scale up 3D kernels beyond 9x9x9, which prunes the
volumetric weight and reduces the parameter size of large kernel layers. Our LSK3DNet can benefit
from a large receptive field without increasing the computational cost compared to a naive 3D large
kernel. Channel-wise Weight Selection expands the model width during training, and then sorts and
selects important channels during validation to get a model of the expected size. In this way, we

achieve “using spatial sparse groups, expanding width without more parameters”. We evaluate
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our method on the SemanticKITTI and achieve state-of-the-art performance. Our LSK3DNet also

surpasses previous 3D large kernel methods on ScanNet v2 and KITTIL.






Chapter 5

Interpretable3D: An Ad-Hoc
Interpretable Classifier for 3D Point
Clouds

5.1 Introduction

Over the past decade, significant progress has been made in Deep Neural Networks (DNNs).
However, serious concerns have been raised over DNNs’ safety and trustworthiness [176, 179],
when applied to 3D real-world decision-critical scenarios, such as self-driving cars [127, 237, 238]
and medical diagnosis systems. Interpretability has emerged as a critical concern regarding the
trustworthiness of predictions generated by DNNs. However, understanding DNNs proves to be
particularly challenging due to their complex, non-linear, and high-dimensional nature. They lack
natural explanations that humans can easily comprehend. Similarly, the parametric softmax classifier
learns highly abstract parameters and lacks a direct and intuitive interpretation [181, 239, 240].
Incorrect data fed into black-box models may lead to harmful consequences. As a result, the

demand for interpretable 3D models has become increasingly urgent.

Extensive research has been conducted on the interpretability/explainability of 2D images [239, 241-
243], but there is a lack of interpretable 3D point cloud research. Not to mention the few existing
explanation studies on 3D models have been conducted with post-hoc explanations and only play
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FIGURE 5.1: (a) Softmax-based DNN models employ parametric classifiers. However, they lack a direct
and intuitive interpretation of the decision-making processes. (b) Interpretable3D selects the most similar
prototype (i.e., the one with the maximum cosine similarity) for new samples.

an auxiliary role in 3D systems. For instance, saliency/attention maps [31, 32] have been applied to
existing voxel-based 3D object detection networks. However, the post-hoc saliency maps cannot
explain the roles of highlighted parts in the decision-making process [179]. The various saliency
methods even produce conflicting saliency maps, making it difficult for researchers to determine
which one actually reflects attention [176]. Moreover, post-hoc explanations are derived from a sep-
arate modeling process with strong priors. These priors, however, are not part of training [181]. The
nuances (minor differences) between post-hoc modeling process and DNNs are also unknown [179].
So post-hoc analysis may result in problematic and misleading explanations [176, 178]. In con-
trast, ad-hoc interpretability methods can provide reliable explanations without any unknown

nuances [179].

In this work, we design an inherently interpretable classifier for 3D point clouds (i.e., Inter-
pretable3D). It is inherently an intuitive case- or instance-based classifier, as it reveals what the
representation means and how the embedding queries typical past observations from the prototype
sets. As shown in Figure 5.1, new observations are classified based on their proximity to a prototype
observation within the dataset. Therefore, Interpretable3D can explain its own reasoning process in
a human-understandable way. The learned models naturally come with explanations for each pre-
diction, and the explanations are loyal to what the network actually computes. Our Interpretable3D

provides a level of interpretability that is absent in existing post-hoc 3D explanation models.

In each iteration, training sample embeddings are clustered and averaged to estimate prototypes (i.e.,
Prototype Estimation). Compared to the softmax classifier, the mean of embeddings holds distinct
statistical significance, representing class sub-centers. Furthermore, the estimated prototypes are

then either penalized or rewarded based on their performance in the prediction (i.e., Prototype
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Optimization). By taking the within-class clustering as a dual optimal transport problem [16, 239],
Prototype Estimation can proficiently uncover diverse intra-class variations in an online mode.
Moreover, it can automatically extract discriminative prototypes to handle complex real-world
disparities. The following Prototype Optimization can enhance the representativeness of the
estimated prototypes by applying penalties or rewards. Furthermore, we enhance the interpretability

of prototypes by updating them with their most similar observations in the final few epochs.

We evaluate Interpretable3D with four point cloud models: DGCNN [244] (Graph-based), Point-
Net2 [245], PointMLP [37], and PointNeXt [38] (MLP-based). Our experiments are conducted
on three well-known public benchmarks (i.e., ModelNet40 [4] and ScanObjectNN [5] for shape
classification and ShapeNetPart [11] for part segmentation). Interpretable3D achieves comparable
or even better performance than softmax-based black-box models. Additionally, our approach
provides intrinsic interpretability to the classification and part segmentation results. This is a key
advantage of our approach, as it allows for better transparency and comprehensibility of the Al
decision-making process. This is our response to the current lack of ad-hoc interpretable research

within the field of 3D vision.

5.2 Methodology

We develop an interpretable nearest neighbor based prototype classifier, the overview of which is
illustrated in Figure 5.2. Suppose that the inputis X ={xj :k = 1,2,... K}, i.e., a set with K train-
ing samples {xk 1Tk GRNX?’}. Each sample consists of NV points. L={l, €)Y :k=12,... K}
is a set of object labels, where ) is the label set. The point-based methods ¢ o : X' +— L take X
as input. ¢: X+ F learns the underlying representations F = {f; : k =1,2,..., K}, and then
¢: F— L predicts the labels.

5.2.1 Preliminary: Softmax Classifier

Currently, the prevailing approach for ¢ is the parametric softmax classifier, it can be formulated as:

[ = argmaxleyzl7 6.1
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where [ denotes class prediction; 2!

is an unnormalized [ class output of the last fully-connected
(FC) layer, composing the logits vector z = [2!]; € RIYI. A softmax function is then applied to z.
While training, the learnable parameters in ¢ and ¢ are updated by minimizing the cross-entropy

loss:

K L\ T L
arg min Z —log P (('w ) (pi(mk) o ) , 5.2)
=1 > ey exp ((w')  wo(zr) +b')

where the parameters @ are in ¢, the weight matrix W = [w']; € R®| and bias vector b= [b']; €

w*,b*,0

RYI are learnable parameters. The softmax classifier ¢ has been trained purely to optimize the
accuracy. However, these learned highly abstract parameters are disconnected from the physical
characteristics of the problem being modeled [240] and lack a direct or intuitive interpretation [181,
239]. From a human perspective, they do not provide any clues about what drives the classifier to

reach its decisions.

5.2.2 Interpretable3D

Previous point cloud methods either utilize a non-transparent parametric softmax classifier or
attempt to understand the network in post-hoc paradigms. However, these paradigms can be
problematic and misleading. To offer a human-readable explanation for point clouds, we propose
Interpretable3D. In contrast to the softmax classifier, Interpretable3D is built upon the intuitive
concept of selecting the most similar prototype for new samples. Note that this contrast between
parametric and non-parametric classifiers is important. It enables researchers to comprehend that ¢

can be learned without relying on non-transparent weight vectors.

Here we utilize S within-class prototypes for ) to represent past observations, i.e., || x .S proto-
types M =[m!], . e R*™¥5 in total. This is due to the presence of intra-class differences; each class
cannot be accurately represented by just one prototype. In most cases, the number of prototypes
surpasses that of categories [246]. Therefore, the prediction [ is made by assigning the labels of the

most similar prototypes to the samples [239]:
[=1*, (I*,s*) = arg MaXjey se(1,.. ’S}<f, mls>, (5.3)

where (-, ) is cosine similarity. Our model is fully online and end-to-end trained. We use the
most standard and simple initialization strategy [247]: randomly selecting .S data samples per class

as the initial prototypes. During each training iteration, the prototypes are first updated and then
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FIGURE 5.2: The overview of our Interpretable3D. At each training iteration, Interpretable3D first
estimates the prototypes and then optimize them. Sample features are represented by points, and prototypes
are represented by squares. In Prototype Estimation, sample features are regarded as an optimal transport
problem (i.e., Equation 5.6). Intra-class clustering is then conducted to estimate the mean of embeddings
that are within the same subclass. In Prototype Optimization, prototypes that have a higher cosine similarity
to the correct prediction receive a reward (++), while those that are misclassified receive a punishment («).

optimized. Firstly, training samples within the same category are clustered and assigned sub-class
labels. The || x S prototypes are updated with the mean of embeddings from the same subclass
in a momentum manner. We then assign the labels of the most similar prototypes to the samples
(Equation 5.3), and [ is obtained. Next, Prototype Optimization involves penalizing or rewarding
m!, according to [ and [ (Equation 5.7 and Equation 5.8). Moreover, in the final few epochs, the
prototypes are updated with the features of the most representative training samples, rather than
the mean of embeddings. As a result, the prototypes are connected to typical examples and can be

seen as typical observations for classification. Finally, all the prototypes are stored as classification

evidence for inference.

Interpretable3D predicts by evaluating the similarity between samples and prototypes, offering a
clear depiction of the decision-making process. This aligns with the prototype theory in psychologi-
cal cognitive sciences [248, 249]. In prototype theory, an object can be classified based on a single

representative example or a set of items that are typical for the category [250].
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5.2.3 Prototype Estimation

We cluster intra-class representations in the latent space F to mine typical prototypes. Suppose
there are N samples for class [, underlying representation F** € R¥>*V "are mapped to prototypes
M ¢ RS, We denote A € {0,1}5*N " as the assignment matrix of F' among S subclasses.
The (s,n)-th element of A! indicates whether to assign the n-th feature of F' to the s-th sub-
cluster center. The optimization of A’ can be accomplished by taking the similarity between the
representations and cluster centers as a cost matrix, i.e., Q' = softmax(—M'" F') . Thus, the label
assignment task can be viewed as an instance of the optimal transport problem [144, 239]:
A" = argmin(Q', A,
A'20 (5.4)
st. A1y =r, AT1g = ¢,

where A% is the optimal transportation plan between the representations and cluster centers, which
can be also viewed as the transportation plan of the sample and prototype. (-)r is the Frobenius
dot-product. The vectors r and ¢ are marginal projections of A!. They define constraints for A’,

~ 1. The former equipartition constraint guarantees that, on average, each

lLe.,r = éls,c =
prototype is selected at least 1/S times. The latter unique assignment constraint ensures that every
point is exclusively assigned to one prototype. The entropic regularization [198] of problem 5.4 is
formulated as:
min (@', A')p — CH(A),
=0 (5.5)
st. Al =7, AT1g=¢,¢ >0,

where ( is the regularization parameter, and H (A!) is the entropic regularization. Problem 5.5 is
constrained by affine constraints, while the dual problem is unconstrained, making it simpler to
design algorithms and analyze complexity [251]. With the Lagrangian function, the dual form [251]

of problem 5.5 can be simplified as follows:

min {lgAl*lNz —(u,r)p — (v,¢)F}, (5.6)
w€ERS weRN!

where A" = diag (e*)e?'/7 diag (¢¥) . w and v are two vectors of scaling coefficients, resulting
from a small number of matrix multiplications. + trades off convergence speed with closeness
to the original transport problem. This task can be solved by Sinkhorn-Knopp algorithm [197]
and APDAGD [251]. During training, the latent representation space J undergoes changes. This

attribute means that the prototypes need be recalculated after each batch using the entire dataset.
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However, this process can be costly and time-consuming. To address this, we employ a momentum
update strategy [200]. It updates each prototype with the average of embeddings assigned to each
sub-cluster of the training samples. However, in the last few epochs, we substitute the average of

embeddings with the features of the closest training sample.

5.2.4 Prototype Optimization

Among prototype-based classification methods, a particularly attractive approach is Learning Vector
Quantization (LVQ) [246, 252, 253]. The LVQ family employs the Winner-Takes-All (WTA)
principle, where prototypes compete for updates according to labels and predictions [254, 255].
One fundamental design within LVQ family is the LVQ1 algorithm. This algorithm aims to rectify
the decision boundary by adjusting the prototypes. To avoid suboptimal local minima or so-called
“dead unit” in the WTA training process [247], we take the estimated prototypes M' in Prototype
Estimation as the initial set. Therefore, each class is also represented by .S prototypes. Similar
to LVQI1, we crisply assign each representation in F' = [f' € R?]; to the closest prototype M™,
the so-called winner. Only the winning prototypes M ™ are altered according to the competitive

learning update equation:

MY «— MY +77w(la[w) (Fl _ Mw)’

. +1 ifl =1, (5.7
Pl lw) = ,
—1 else
where 7 is the update rate, it controls the magnitude of updates; l,, denotes class prediction of the
winning prototypes. This update strategy implements a rewarding mechanism for the winner, which
is based on its ability to correctly classify the input, by migrating the winner towards F'. Conversely,
it applies a punishment to the winner when it fails to correctly label the input, i.e., moving the
winner away from F'. Upon repeated presentation of each training sample, the winner is moved in
the direction of the example feature if they share the same label and in the opposite direction if they

don’t. An enhanced LVQ algorithm, known as LVQ2.1 [252, 253], is often favored because it is

effective in Bayesian decision theory. Starting with properly estimated initial prototypes, we can
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update M™ as follows:
My <—MZ§”—7)(FZ—M;,”),

My« My +n (F' — M), (5.8)

<FZ7M;)U> <FlaM(;U>> 1—/L
(F', My)” (F', M) = 14y

where (-, ) is cosine similarity. M” and M’ are the nearest prototypes to F!; F'and M belong

if min (

to the same class, while M ;“” doesn’t. Moreover, p refers to relative window width, defined around
the midplane of the two nearest prototypes. Decision boundaries (i.e., the midplane) are directly
shifted toward the Bayes limits with attractive and repulsive forces from F'. Finally, prototypes

can represent their respective class by assuming class-typical positions in F.

5.2.5 Algorithm Details

Training Objective. In Interpretable3D, we utilize |)| xS prototypes [mls] Ls € RHYKS (e,

mean feature vectors of the training data) to involve in training objective:

K exp ( max 1), mb ) 1>
argminz_log P ( ({{wo(@) S>}s:1))

) (5.9
k=1 z%} exp (max ( {<‘Pe(xk)’mls>}f:1))

Comparing Equation 5.2 and Equation 5.9, [mls] are derived solely from data features, and
S

l’
the model can minimize training objective only by optimizing the vector ¢y (z) instead of the
parametric softmax classifier. Moreover, with such a nonparametric, distance-based scheme,

Interpretable3D builds a closer link to metric learning in the adaptive latent space.

Typical Past Observations. While updating with the average of embeddings, the working mecha-
nism remains intuitive — classify data to the class of closest sub-center, and the prototypes have a
clear statistical meaning — class sub-centers. In contrast, the class weights of softmax classifier are
learnable parameters that are difficult to understand. During the last 20 epochs, we find the typical
past observation that has maximum similarity for each estimated prototype, and the prototypes are
updated with the typical samples’ features instead of average embeddings. This implements the
classic prototype theory in cognition: human refer to past exemplar observations for classification
decision-making [248-250]. Once trained, these prototypes are stored (like the learnable weights of
the softmax classifier) as classification evidence. By showing these prototypical training samples,
human can understand how our model actually works — it performs a direct comparison between

test data and these prototypical samples for classification. Thus our model is ad-hoc interpretable.
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Online Clustering. Intra-class data samples are grouped into S subclasses for exploiting latent
structures of the entire dataset. We empirically set S =15. The momentum coefficient and p in

Equation 5.8 are set as 0.999 and 0.4, following [200, 252, 253].

Backbones ¢ o . We evaluate our algorithm on point-based and graph-based networks, including
DGCNN [244], PointNet++ [15, 245], PointMLP [37], PointNeXt [38]. The training and testing
configurations follow the default settings of the respective methods mentioned above. Our algorithm
implements an interpretable prototype-based learning scheme for 3D shape classification and part
segmentation. For the part segmentation task, we deploy Deep Hough Voting [234] to extract
instance-level features. Therefore, Interpretable3D can be applied to any object recognition and

part segmentation networks that can learn instance-wise features.

5.3 Experiment

In this section, we integrate point cloud networks with Interpretable3D to demonstrate its capabilities.
We begin by presenting the results of 3D shape classification on the ModelNet40 dataset [4].
Subsequently, we delve into the performance evaluation on the ScanObjectNN dataset [5]. Moving
forward, we evaluate our algorithm on a part segmentation benchmark, i.e., the ShapeNetPart
dataset [11]. Additionally, we utilize qualitative results to examine the decision-making process,
and then use MMD?2 and Maximum witness value to evaluate the prototypes and data distribution.

Finally, we provide the analysis of the core components.

Datasets and Metrics. We have utilized three well-known public benchmarks, namely Model-
Net40 [4] and ScanObjectNN [5] for shape classification, and ShapeNetPart [11] for part segmenta-
tion. These three datasets are widely adopted for these tasks. For shape classification, the model
takes 1,024 points as input, and for part segmentation, it takes 2,048 points as input. As for the
metrics, we followe the common settings of DGCNN [244], PointNet2 [245], PointMLP [37], and
PointNeXt [38]. We report the class-average accuracy (mAcc) and overall accuracy (OA) for shape
classification, along with the class mean intersection over union (mloU) and instance mloU for part

segmentation.

ModelNet40. The ModelNet40 [4] benchmark contains manmade meshed CAD models of 40

categories. The data is partitioned into 9,843 training samples and 2,468 testing samples. For each
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TABLE 5.1: Classification results on ModelNet40 [4] (Section 5.3.1).

Method | OA(%) mAcc(%)
PointNet [14] 89.2 86.0
PointNet++ [15] 90.7 -
PointNet2 [245] 92.2 -
PointNet2 + Ours 93.2 89.3
DGCNN [244] 929 90.2
DGCNN + Ours 93.5 90.3
PointMLP [37] 94.1 91.3
PointMLP + Ours 94.1 92.0
PointNeXt [38] 94.0 91.1
PointNeXt + Ours 94.3 91.8

model, 1,024 points are taken randomly from the mesh faces. These points are then rescaled to
fit onto a unit sphere. Similar to PointNet++ [15], the class-average accuracy (mAcc) and overall

accuracy (OA) are reported on the testing set.

ScanObjectNN. We further test Interpretable3D on the ScanObjectNN benchmark [5]. This dataset,
which is built upon SceneNN [256] and ScanNet [9], contains 15,000 objects from 15 different
classes, and presents significant challenges. Challenges faced by existing shape classification
methods stem from various factors such as occlusions, background noise, and diverse deformations.
We have evaluated Interpretable3D on the hardest variant of ScanObjectNN, namely, the PB T50
RS variant [37, 38]. The class-average accuracy (mAcc) and overall accuracy (OA) are reported on

the testing set.

ShapeNetPart. ShapeNetPart [11] benchmark has been developed for the 3D part segmentation
task. It consists of over 16,000 models from 16 shape categories. Each category contains 2 to 6
parts, resulting in a total of 50 part labels. The dataset is divided into two subsets: 14,006 models
for training and 2,874 for testing. Following the settings from [15], 2,048 points are randomly
selected as inputs. We report the class mean intersection over union (class mloU) and the instance

mean intersection over union (instance mloU) as evaluation metrics.

5.3.1 Shape Classification on ModelNet40

We compare the classification results of various classic works in Table 5.1. The results achieved

by Interpretable3D are just as good as those of competitors in terms of OA and mAcc. More
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TABLE 5.2: Classification results on ScanObjectNN [5] (Section 5.3.2).

Method | OA(%) mAcc(%)
PointNet [14] 68.2 63.4
PointNet++ [15] 77.9 75.4
DGCNN [244] 78.1 73.6
DGCNN + Ours 78.0 74.3
PointNet2 [245] 79.1 77.6
PointNet2 + Ours 79.3 78.4
PointMLP [37] 854 83.9
PointMLP + Ours 85.6 84.5
PointNeXt [38] 87.7 85.8
PointNeXt + Ours 88.0 86.5

TABLE 5.3: Segmentation results on ShapeNetPart [11] (Section 5.3.3).

Method H Class mloU Instance mIoU
PointNet [14] 80.4 83.7
PointNet++ [15] 81.9 85.1
DGCNN [244] 82.3 85.2
DGCNN + Ours 82.9 85.5
PointNet2 [245] 82.5 85.4
PointNet2 + Ours 82.9 85.7
PointMLP [37] 84.6 86.1
PointMLP + Ours 84.9 86.2
PointNeXt [38] 85.2 87.0
PointNeXt + Ours 85.6 87.2

specifically, PointNet2 + Ours achieves 1.0% higher OA than PointNet2. PointNeXt + Ours
and PointMLP + Ours demonstrate comparable performance to their counterparts on OA. These
results are promising as the ModelNet40 dataset is extensively studied and the results have been
long-standing at around 94%. Moreover, PointNet2 + Ours outperforms the advanced variant of
PointNet++ [15] (91.9% OA) that incorporates normal vectors and highly dense points (5k). This

verifies the effectiveness of PointNet2 + Ours.

5.3.2 Shape Classification on ScanObjectNN

Except for the OA metric of DGCNN + Ours, our approach, as detailed in Table 5.2, outperforms
point-based methods by a margin of 0.2%-0.3% and 0.6%-0.8% in terms of OA and mAcc,
respectively. Moreover, with Interpretable3D, all the methods narrow the gap between mAcc and
OA, indicating a more decent level of robustness than their counterparts. Actually, ScanObjectNN

is highly challenging due to occlusions, noise, efc. Through Prototype Estimation, Interpretable3D
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can automatically uncover real-world variations and extract distinctive prototypes. The consistent
improvements of PointNet2 + Ours, PointMLP + Ours, and PointNeXt + Ours strongly confirm

the effectiveness of Interpretable3D.

5.3.3 Part Segmentation on ShapeNetPart

We deploy Deep Hough Voting [234] to extract instance-level features. With Interpretable3D, each
instance is assigned a part label, and all points belonging to the same instance are assigned the same
category label. The outcomes are presented in Table 5.3. Our approach has achieved comparable

results among all the tested methods, demonstrating its suitability for the part segmentation task.

5.3.4 Interpretability

As mentioned above, we have demonstrated the effectiveness of Interpretable3D. Here, we showcase
its capabilities in transparency and interpretability. Following prior literature [181, 183] in other
domains, we examine ad-hoc interpretability by presenting prototypes and assessing the similarity

between prototypes and samples.

Interpretability for Predictions and Prototypes. Following prior literature [181, 183] in 2D
domains, we examine ad-hoc interpretability by showing prototypes, and giving the similarity
between prototypes and samples. However, none of the above methods gives quantitative metrics
for evaluating model interpretability. We have exhaustively investigated past research on the
prototype learning, and found that MMD-metric [257, 258] is highly suitable for evaluating the
distribution of prototypes and data samples. [257] proposes a novel method called MMD-critic,
which is based on the maximum mean discrepancy (MMD) criterion that measures the distance
between two probability distributions. MMD-critic efficiently learns two types of features from
highly complex and high-dimensional data: prototypes and criticisms. Prototypes are representative
data points that capture the main characteristics and patterns of the data distribution, while criticisms
are data points that highlight the differences and discrepancies between the data distribution and
the prototypes. These features are designed to aid human interpretability and understanding of
complex data. MMD-critic can select prototypes and criticisms that are useful for human analysis

and reasoning tasks, such as classification. Therefore, MMD-critic is a reliable and effective method
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FIGURE 5.3: Prototypes on ModelNet40 [4] and ScanObjectNN [5] (Section 5.3.4). The right part shows
the prototypes for ‘bottle’ and ‘stool’ on ModelNet40, and the left part displays the prototypes for ‘chair’
and ‘display’ on ScanObjectNN.

TABLE 5.4: Quantitative results on data distribution (Section 5.3.4).

Model | OA(%)1 mAcc(%)1 MMD2,, Witness,nazd \
ProtoPNet 92.83 89.70 0.243 0.577
PointNeXtpg 94.21 91.27 0.101 0.328
PointNeXtpo 94.29 91.77 0.085 0.225

for evaluating prototype and data distributions. Thus, we adopt MMD-metric, including MMD?2
metric and the witness function to quantitatively measure prototype distribution and test sample

distribution.

To make it easier to understand, we visualize some prototypical observations of Interpretable3D
trained on the ModelNet40 dataset [4] and ScanObjectNN [5]. In Figure 5.3, the right part shows
the prototypes for ‘bottle’ and ‘stool’, and the left part displays the prototypes for ‘chair’ and
‘display’. In addition, Interpretable3D allows users to see how the model comes to its predictions
by visualizing the prototypes based on the similarity scores between test sample representatives
and prototypes. In Figure 5.4, we can understand how Interpretable3D makes decisions on the
ModelNet40 dataset and ScanObjectNN. Taking the results on ModelNet40 for example, a bookshelf
(test sample in the first row) is correctly classified, it also looks close to the prototype of ‘bookshelf’
(Prototype 1). However, in the failure case, Interpretable3D has difficulty in accurately determining
whether the observation represents a ‘flower pot’ or a ‘bottle’. It eventually makes the wrong
decision. Even though users are unsure how Interpretable3D maps point clouds to features, the
decision-making mode [176] is straightforward for users. Because it provides explanations for its

decisions, humans can trust it and make decisions in high-stakes situations.

Understanding Prototypes and Data Distribution. Next, we use the MMD2 metric and the

maximum witness value [257, 258] to quantitatively measure prototype distribution and test sample
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Test Sample Prototype 1 Prototype 2

FIGURE 5.4: The decision-making process of Interpretable3D. The right part presents the results of
Interpretable3D on ModelNet40, while the left part displays the results on ScanObjectNN. Here, we
interpret predictions with normalized similarity and visualized prototypes, including success and failure
cases. For each part, the first two rows show the success cases that are correctly classified, while the last row
shows the failure case. Test sample is in the left column, with the four prototypes sorted by similarity scores
in the right columns. Test samples are categorized based on prototypes that have maximum similarity.

distribution. We use the cosine similarity as a kernel function to approximate the densities of
prototypes and test samples. This is different from the implementation in [257]. Based on the
kernel function, Maximum Mean Discrepancy (MMD) is a measure of the difference between two
probability distributions. When the MMD?2 value is close to zero, the prototype distribution is
well-suited for the dataset. This is because the prototypes are evenly distributed among the test
samples within the latent space. Additionally, the witness function quantitatively represents the
relationship between each test sample and all the prototypes. We treat the test sample with the
maximum witness value (i.e., Witness,,qz) as a criticism. Specifically, criticisms are data points

where the distribution of prototypes and data diverges.

On the top of PointNeXt, we adapt ProtoPNet [183] to 3D vision for comparison. Following [183],
ProtoPNet employs three combined models and relies on voting for results (6000 prototypes in
total). Moreover, two Interpretable3D models, PointNeXtpg and PointNeXtpo (600 prototypes),
are trained on ModelNet40. PointNeXtpg is trained with Prototype Estimation, and PointNeXtpo
is trained with Prototype Estimation and Optimization. As shown in Table 5.4, PointNeXtpo
exhibits better performance in both MMD2 and OA compared to PointNeXtpg and ProtoPNet.
PointNeXtpo and PointNeXtpg surpass ProtoPNet with significantly fewer prototypes. This shows

that our method learns more representative prototypes; we don’t need to assemble multiple models
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TABLE 5.5: Study of Prototype Estimation/Optimization process on ScanObjectNN [5] (Section 5.3.5).
PE1, PE2, PO1, PO2 refer to Sinkhorn-Knopp algorithm, APDAGD, Equation 5.7, Equation 5.8, respec-
tively. We report the speed by throughput (instances per second).

‘ [ PE1 | PE2 | POl | PO2 [ PointMLPoA®%) : PointNeXtoa%) | Train Speed t @ Testspeed | |

Random Init 68.0£1.5 70.4+£1.2 422.8 1441.0
PE1 v 80.3+0.5 84.2+0.4 97.6
PE2 v 81.2+0.3 84.8+0.4 228.3
PE1 + POl v v 83.6+0.2 85.5£0.2 92.8 1441.0
PE1 + PO2 v v 84.1+0.1 86.41+0.3 91.3 ’
PE2 + PO1 v v 85.2+0.2 87.0£0.1 223.8
PE2 + PO2 v v 85.6+£0.1 88.0+0.2 219.5

to enlarge the representative capability. Comparing PointNeXtpo and PointNeXtpg, the better
performance of PointNeXtpg can be attributed to the fact that the LVQ-type algorithm optimizes the
distribution of prototypes, aligning them more closely with the original distribution of the training
data. In other words, it is also understandable for humans that Prototype Optimization gives a
“penalty” or “reward” signal to prototypes based on object labels, making the prototypes closer to
the density distribution of the training data. A test sample can be identified as a criticism if it has
the largest witness value, indicating that it deviates the most from the prototype distribution. The
smaller Witness,,,q, value of PointNeXtpo reflects that all test samples fit the prototype distribution
better. The performance of PointNeXtpg and PointNeXtpo is also reported based on typical samples
rather than average embeddings on ModelNet40. What’s even more remarkable is that PointNeXtpo
outperforms the softmax-based black-box PointNeXt (94.0% OA and 91.1% mAcc) while enhancing

interpretability.

5.3.5 Ablation and Analysis

To further analyze the core components in Interpretable3D, we conduct ablation studies on the
ScanObjectNN [5] test set. We set two baselines: PointMLP and PointNeXt. In Table 5.5, the
mean results from three random runs are reported. All the results are obtained without voting
strategies. The OA metric for the baselines (random initialization for prototypes) are 68.0% and
70.4%, respectively. Performance improvement is observed when both Prototype Estimation and
Optimization are employed. However, the best results come from combining both processes,
yielding 85.6% and 88.0%. This indicates that Prototype Estimation and Optimization have the

potential to achieve superior performance by modifying the prototype feature space and preserving
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TABLE 5.6: Ablation studies of PointMLP + Ours/PointNeXt + Ours on ScanObjectNN [5] test set.

s [ PoimMLP |  PointNeXt | | n | PointMLP  :  PointNeXt
1 80.6£04 | 835405 0 812403 |  84.8+04
5 835402 ¢ 85.0+0.1 le~* 839403 |  86.5+0.2
10 847403 | 86.9+02 le™S 84.8+0.1 |  87.0+03
15 85.6+0.1 |  88.0+0.2 le~® 85.6+0.1 | 88.0:+0.2
20 850402 | 872403 le™” 852402 | 87.5%0.1

the most prototypical examples. Furthermore, the reported training and testing speeds confirm the

high efficiency of our approach.

Per-Class Cluster Number S. The number of prototypes S for each class is shown in Table 5.6,
along with its corresponding impact. Typically, there are more prototypes than categories, aligning
with the findings of [246]. When each class has only one prototype (S = 1), we obtain 80.6%
and 83.5% OA for PointMLP + Ours and PointNeXt + Ours, respectively. However, due to
variations within each class, accurately representing each category with a single prototype becomes
challenging. Therefore, we enhance the performance by employing more prototypes. When S =15,
PointMLP + Ours shows a 5.0% OA improvement, specifically from 80.6% to 85.6%. This
demonstrates the effectiveness of considering intra-class variations. Beyond S = 15, there are
diminishing returns, and eventually, the results worsen. This suggests that over-clustering may

cause the model to disregard significant patterns.

Update Rate 1. We next proceed to analyze the impact of the update rate 7 in Table 5.6. When 7 is
set to 0, Prototype Optimization is not performed. The PointMLP + Ours model attains 81.2%
OA, while PointNeXt + Ours achieves 84.8% OA. Subsequently, we optimize the prototypes with
different 7 values. The best performance is observed when 1 = 1e~ 9, yielding 85.6% and 88.0%

OA, respectively.

5.4 Summary

We develop an ad-hoc interpretable classifier, i.e., Interpretable3D, specifically designed for point
cloud classification and part segmentation tasks. By performing Prototype Estimation and Op-
timization, Interpretable3D benefits from a reshaped prototype feature space and the preserved
typical prototypes. The revealed decision-making mode enables users to understand how the system

works and how decisions are made. Prototype Optimization further enhances the interpretability
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by illustrating how prototypes can be modified in a manner easily comprehensible for humans.
Our algorithm consistently produces promising results across three datasets. In the future, we will

explore the application of this ad-hoc style Interpretable3D to other 3D tasks.






Chapter 6

Shape2Scene: 3D Scene Representation
Learning Through Pre-training on

Shape Data

6.1 Introduction

Self-supervised learning (SSL), a technique for deriving representations from unannotated data,
has showcased remarkable achievements across a spectrum of domains, including natural language
processing [136, 259-262], computer vision [137, 200], and multi-modal learning [263-265]. The
efficacy of these techniques often hinges on extensive training with sizable datasets. However,
in comparison to images and text, the data desert issue [266] in 3D data has constrained the
development of 3D SSL. Amassing extensive scene-level 3D data on a large scale demands
dedicated 3D scanning equipment and platforms [2, 8, 9], resulting in financially burdensome and
time-intensive data acquisition. Fortunately, shape-level datasets [4, 5] that encompass geometric
information of individual objects are more readily accessible. Furthermore, due to the availability
of open-source resources [267-271] and the advancement of Image-to-3D technology [272, 273],
obtaining such 3D data has become easier. The number of 3D shapes available online is increasingly
approaching that of 2D images in the large-scale 2D dataset. This shows potential for forthcoming

large-scale shape-level datasets.

71



72 Chapter 6. Shape2Scene

S3DIS i
:} ﬁm Segmentation
° ScanNetv2 o (+4.4%) mloU
1 P ; P ]
o Ay Z oo B MH-V ) P, Scgmentarion
= o5fe Gl S | | %) mIoU
X7 ° ScanNetv2 —) 0 i "B Detection
i (+4.1%) mAP
(a) Shape-to-Scene Process and Pre-Training on Shape Data (b) Scene-Level Downstream Tasks for Fine-Tuning

FIGURE 6.1: Illustration for transferring from shape data to scene-level downstream tasks, i.e.,

Shape2Scene. The Shape-to-Scene strategy aggregates 4 (=M) shapes to one pseudo scene. Each

shape is resampled and rescaled to fit onto a unit sphere. Blue scores show maximum improvements
relative to training-from-scratch models. (S-KITTT stands for SemanticKITTI.)

However, existing shape-level 3D SSL methods [133-135, 139, 274] demonstrate limited potential
for 3D scene understanding [13] due to significant disparities in point quantities between shape and
scene data. These methods prioritize the pre-training of an encoder structure to preserve global
semantic representations but overlook finer high-resolution features. The decoder structure is
discarded for downstream tasks. In contrast, 3D SSL methods for 3D scene understanding [13, 118]
utilize an encoder-decoder structure for high-resolution capacity. Nonetheless, these methods
heavily rely on pre-training with large-scale scene-level 3D datasets, scene of which is composed
of hundreds of thousands of points. Considering that 3D shape data is more readily available, the
pretext task based on the shape data becomes more meaningful. The challenge lies in adapting the

pre-trained model in the aforementioned setting to scene-level downstream tasks.

To tackle these challenges, we have introduced a novel 3D scene representation learning method
called Shape2Scene (S2S). This method bridges the gap between shape-level and scene-level
datasets from three aspects: architecture, data, and loss. For 3D scene understanding, including
semantic segmentation and object detection [127, 223, 237, 275], high resolution capacity is
an important influencing factor. However, existing methods either neglect the learning of high-
resolution features or overlook the features of multi-scale structures. To tackle this, multi-scale and
high-resolution architecture is proposed. It is principled enough to be incorporated into both point-
based and voxel-based backbones, namely, MH-P and MH-V. Specifically, they map multi-scale
deep semantic information to high-resolution representations, ensuring the model’s transferability
and generalizability for 3D scene understanding. MH-P/V incorporates a series of Multi-scale
High-resolution (MH) Modules. By stacking them, MH-P/V generates high-resolution semantic
representations across multiple scales, providing an advantage for high-resolution downstream

tasks. In terms of data, we adopt a straightforward approach called the Shape-to-Scene strategy
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(S2SS), which involves combining points from various shapes to generate a pseudo scene with
multiple objects. This strategy reduces disparities in point quantities, simulating the placement
of multiple instances within a scene, and alleviates the gap between shape and scene. Regarding
the loss function, we introduce a point-point contrastive loss (PPC) for pre-training, ensuring that
MH-P/V model learns to capture intricate details and features within the scene (see Figure 6.1).
The inherent point pairs are naturally obtained in S2SS, making them suitable for PPC without the

need for time-consuming point-level prepairing [13, 276].

To the best of our knowledge, S2S represents a novel method for learning 3D scene representations.
Initially pre-trained on 3D shape data, it is highly adaptable to a range of downstream tasks,
including large-scale 3D scene understanding. MH-P/V is a high-resolution architecture specifically
designed for this method, offering three key advantages. Firstly, it provides a direct pathway to high-
resolution deep semantic information across diverse scales. This fundamental characteristic makes
it well-suited for various 3D downstream tasks. Secondly, it seamlessly integrates features from
different scales into the point head, maintaining abstraction at varying levels and ensuring consistent
semantic retention throughout the network. Features from diverse scales collaborate to collectively
enhance the model’s performance. Thirdly, it is versatile, as its architecture accommodates both

point-based and voxel-based backbones across various 3D downstream tasks.

For a comprehensive evaluation, we examined the transferability of MH-P/V across multiple 3D
tasks, yielding more promising results compared to previous 3D SSL methods. MH-P achieves
an accuracy of 94.6% on ModelNet40 [4] and 93.8% on ScanObjectNN [5]. Additionally, for
part segmentation, MH-P achieves an instance mloU of 87.6% on ShapeNetPart [11]. In terms
of indoor semantic segmentation, MH-V achieves a mloU of 74.1% on S3DIS [2] and 75.8%
on ScanNet v2 [9]. For outdoor semantic segmentation, MH-V achieves a mloU of 71.5% on
SemanticKITTI [1] and 84.2% on Synthia4D [12]. Furthermore, MH-V demonstrates a 43.9%
mAP@0.5 in 3D object detection.

6.2 Methodology

This section introduces the novel 3D scene representation learning method, S2S, learning repre-

sentations of large-scale 3D scenes from 3D shape data. In Section 6.2.1 and Section 6.2.2, we
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FIGURE 6.2: Overview of our shape2scene. (a) The overview of the MH-P backbone during pre-training,

with contrastive loss (Equation 6.1). (b) The Multi-scale High-resolution (MH) Module of MH-P (see

Section 6.2.1 for details.) (c) The overview of the MH-V backbone during pre-training, with contrastive

loss (Equation 6.1). (d) The Multi-scale High-resolution (MH) Module of MH-V (see Section 6.2.2 for
details).

commence with the introduction of MH-P/V and MH module. MH-P/V is a versatile point cloud
pre-training backbone, providing a flexible foundation for SSL of 3D point clouds. It is applicable
to a range of 3D downstream tasks, spanning from shape-level tasks to scene-level tasks, especially
for tasks that focus on learning high-resolution features. Subsequently, we delve into the specifics

of S2SS in Section 6.2.3, along with a detailed description of PPC in Section 6.2.4.

Suppose that the input is Z={P*}¥ i.e., a set with K training samples. Here P*={pF c R3+}V
is the k-th sample containing N points with 3D position and other auxiliary information (e.g.,

color). We represent the MH-P/V backbone and point head as ¢ and 6, respectively.
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6.2.1 Point-based MH Backbone

Figure 6.2 (a) provides an overview of MH-P designed for the shape-level tasks. MH-P comprises

MH modules. High-resolution features are learned by point head 6.

MH Module of MH-P. As shown in Figure 6.2 (b), each MH module is divided into three parts:
subsampling, local aggregation, and high-resolution mapping. In each MH module, we adopt a set
abstraction (SA) block [15] for subsampling. One SA block comprises several key components: a
subsampling layer that reduces the resolution of incoming points, a grouping layer responsible for
identifying neighbors for each point, a series of shared multi-layer perceptrons (MLPs) designed
for feature extraction, and a max pooling layer that combines features from neighboring points.
Local aggregation consists of a grouping layer, MLPs, and a max pooling layer. High-resolution
mapping employs nearest neighbor interpolation to assign low-resolution high-dimensional features

to the nearest high-resolution points.

MH-P. Assuming one MH module with the scale of .S, both spatial geometry and semantic
information are learned through subsampling and local aggregation. We denote the learned deep
semantic representation as the semantic feature =4 for S. After undergoing high-resolution mapping,
x4 is ultimately transformed into a high-resolution format, yielding a high-resolution semantic
representation x”. Tt will be used as the input for the next scale. As the scale increases, it
progressively gathers more sophisticated semantic information from lower-resolution data. Stacked
modules generate point-level semantic representations at multiple scales, which are advantageous

for high-resolution tasks. The overall network structure is shown in Figure 6.2 (a).

For shape-level high-resolution tasks, e.g., part segmentation, {z"} are integrated as the input of
0. This ensures the consistent retention of semantics throughout the network, and the collective
synergy of features from various scales enhances the model’s performance. MH-P establishes a
direct pathway to high-resolution features that capture rich semantic information across multiple
scales. By translating multi-scale deep semantic information into high-resolution/point-level
representations, MH-P ensures that features originally trained on 3D shape data can seamlessly
adapt to a variety of 3D downstream tasks, especially for tasks that necessitate high-resolution
representations. This pivotal characteristic of MH-P makes it exceptionally well-suited for high-

resolution representations in part segmentation.
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The shape classification task does not emphasize high-resolution representations but instead extracts
global features. To adapt to this requirement, we only need to make minor modifications to MH-P.
In each MH module, = passes through one more max-pooling layer, obtaining =¥, which represents
the global feature of scale S. Subsequently, we seamlessly integrate 7 from different scales into
the input of one shape head, preserving abstractions at various levels. The surprising thing is that,
during the transition from high-resolution representations to global features, MH-P still achieves
better performance on downstream tasks (see Section 6.3.2). We attribute this to the network’s
capacity to acquire essential abstractions at various scales. This guarantees the preservation of vital
information and its effective utilization across different scales, thereby maintaining performance

even with the shifts towards global features.

6.2.2 Voxel-based MH Backbone

There are significant differences in dataset statistics between shape-level and scene-level data, with
~1k input points for ModelNet40 [4], ~40k input points for ScanNet v2 [9], and ~956K input
points for S3DIS [2]. Following the methods for processing large-scale point clouds [6, 18], we
design a voxel-based MH backbone with MH modules. Figure 6.2 (¢) provides an overview of
MH-V, and Figure 6.2 (d) shows the MH module for MH-V. Different from hourglass-like networks,
MH-V follows a similar concept to MH-P and learns high-resolution features at the scene level

across multiple scales. For simplicity, we retain the symbols used in Section 6.2.1.

MH Module of MH-V. As depicted in Figure 6.2 (d), this MH module possesses a structure similar
to that of the MH module of MH-P (in Section 6.2.1), including featuring subsampling, local
aggregator, and upsampling functionalities. Specifically, the voxelizer first defines indices and
inverse indices between points and voxels at different scales, as well as indices and inverse indices
between voxels at different scales. These indices will be applied for subsampling, i.e., point features
with the same voxel index will be averaged and then treated as features of the corresponding voxel.
The inverse indices will be used for upsampling or high-resolution mapping, i.e., voxel features
will be assigned to corresponding points according to the inverse indices. The local aggregator
employs stacked submanifold convolutions to extract local features, combines them with features

from skip connections, and then processes them through a series of MLPs to derive a deep semantic
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FIGURE 6.3: Illustration for transferring from shape data to scene-level downstream tasks, i.e.,
Shape2Scene (Section 6.2.2). (a) shows the pre-training of MH-V backbone for semantic segmentation
task; (b) shows the downstream semantic segmentation tasks; (c) shows the pre-training of MH-V backbone
for object detection task; and (d) shows the downstream object detection tasks. (Best viewed with zoom-in.)

representation xs. While upsampling, z is ultimately transformed into a high-resolution/point-level

h

representation z' .

MH-V. In MH-V, x, of the MH module for S is taken as input of the MH module for the next scale.
Similar to MH-P, we employ high-resolution mappings within each MH module, and all {2/} are
integrated as the input of 6. Our MH-V not only effectively manages the substantial volume of data
at the scene level but also benefits from direct access to high-resolution data and integrated features

from various scales.

Our MH-V differs fundamentally in structure from other hourglass-like voxel-based 3D networks
(e.g., SparseConvNet [82] and MinkUNet [18]). MH-V serves as a backbone network aimed at
pursuing multi-scale high-resolution features. The significance of high-resolution 3D network
has been validated in [87, 277], thus affirming the effectiveness of our MH-V. However, unlike
previous methods, we achieve downsampling and upsampling entirely through indices and inverse
indices, eliminating the need for regular sparse convolution or trilinear interpolation of nearest
neighbor voxels. Our approach is more streamlined, efficient, and not affected by the issue of

blurring valuable information caused by regular sparse convolution [34, 88].
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MH-V for 3D Semantic Segmentation. Figure 6.3 (a) visually demonstrates the pre-training
process of MH-V backbone for the semantic segmentation task. It is constructed atop four MH
modules (as referenced in Figure 6.2 (d)). These modules are configured to operate at scales of 2, 4,
8, and 16, respectively. Specifically, within the MH module designated for scale .9, its input derives
from the output xy of the former MH module (with a scale of S”). Additionally, ' transitions into
the input for the subsequent MH module. Similar to MH-P backbone, high-resolution mapping
is implemented within each MH module, seamlessly integrating all 2" as the input for the point
head. This innovative architecture empowers MH-V with direct access to high-resolution data and
integrated features spanning various scales. Subsequent to the pre-training phase, we apply MH-V

backbone to the downstream semantic segmentation task, as illustrated in Figure 6.3 (b).

MH-V for 3D Object Detection Figure 6.3 (c-d) show the MH-V backbone for pre-training and
the downstream object detection task, respectively. The backbone is built on the top of four MH
modules (see Figure 6.2 (d)). The modules are operated at scales of 2, 4, 8, and 16, respectively. The
MH module used here shares the same structure as the one employed in the semantic segmentation
task. The difference lies in that the integration of x4, x’g, and x’f6 is taken as the input of point head.
The high-resolution features, at a scale of 4, are mapped from features on scales of 8 and 16. This
is because the 3D object detection task focuses on region-level features. Moreover, 4,096 points at
a scale of 4 are randomly selected and then applied to generate point pairs for Equation 6.1. After
the pre-training phase, we apply MH-V as the backbone and use the vote & proposal module [234]

to detect objects, as illustrated in Figure 6.3 (d).

6.2.3 Shape-to-Scene Strategy

Previous work [13] has demonstrated the significance of point-level representations for 3D scene
understanding. Directly training on a single shape and acquiring a global representation might be
inadequate for scene-level tasks. To mitigate this concern, it could be advantageous to directly
pre-train the network on complex scenes containing multiple objects to more accurately align with
the target distributions [13]. Therefore, a series of SSL methods for 3D scene understanding have
depended on scene data [13, 118, 148, 149]. However, collecting 3D scene data is financially

burdensome and time-intensive. With the development of open-source platforms and Image-to-3D
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technology, 3D shape data has become more readily accessible. Here, we revisit the challenge of

extending 3D SSL from 3D shape data to 3D scene data.

We propose S2SS to aggregate multiple objects (shapes) to generate pseudo scene-level training
data. This strategy is entirely different from previous methods [13, 118, 148, 149] in terms of
how the pre-training data is created. Moreover, it brings the additional benefit that it even allows
the natural derivation of positive and negative pairs by leveraging known shape correspondences,
without the need for any extra computation. As shown in Figure 6.1 (a), given M shapes, we
undergo random presampling with 2,048 points for each shape. Each shape is then normalized by
rescaling it to fit onto a unit sphere. Through translation, we position various shapes within a shared
world coordinate. The Euclidean distance between the barycenters of any two shapes is ensured

to be greater than 2, preventing any overlap among shapes. The final output yields pseudo scene

M x2048
n=1

data containing M shapes: Ps={p,} . Next, we use two rigid transformations, denoted
as {7(-), 7*(-)}, randomly sampled from the transformation set 7. The transformations in 7
are applied to the pseudo scene data, and 7 encompasses rotation, translation, and scaling, efc.
We produce two views X'=T(P;) and X2=T*(Ps), which are aligned within the same world

coordinates.

6.2.4 Point-Point Contrastive Loss

The fundamental principle of contrastive learning hinges on the concept of invariance learning [200,
278, 279]. This entails that the abstraction of semantics generally remains either invariant or
equivariant [280] in the face of various transformed perspectives, such as augmentations [116].
Previous work [13, 281] has demonstrated the significance of point-level representations over
global representations. Similarly, our designed MH-P/V aims to acquire point-level/high-resolution
features. Therefore, on top of the PointInfoNCE loss [13], we introduce PPC. However, PPC shares
a close relationship with S2SS, where the inherent point pairs are naturally obtained without relying
on the time-consuming point-level pairing method, FCGF [13, 276]. During pre-training, we utilize

0 to acquire high-resolution 3D representations. Given input data p, the model £ is optimized by:

LN e P E(T () E(T (p)) /7)
e <z>;o1 *Y oD (E(T () E(T (pu))/7)’

6.1)
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where £ =0 o 1 represents the whole model, £ (T(p*)) denotes the representation learned by &; 7
is a temperature hyperparameter; and O, ={(n,n) | p, € Ps} U{ (i,7) | pF € Pkﬂpﬁ? € P*} denotes
the collection of all positive matches derived from two different views. This approach focuses
solely on points that have at least one corresponding match and regards additional non-matched
points as negative matches. In a matched pair (u, v) € Oy, the point feature £(7 (py)) operates as
the query, and £(7 (p,)) functions as the positive key. We employ the point feature £ (7*(pw)),
where 3(-, w) € O, and w #v, as the pool of negative keys. Following [13], we choose a subset of
4,096 matched pairs from O, for scene-level downstream tasks. However, we empirically select a
subset of 2,048 matched pairs from O,, for shape-level downstream tasks. Additionally, we present

a PyTorch-style pseudo-code for PPC in Algorithm 6.1.

Algorithm 6.1 Pseudo-code of Point-Point Contrastive Loss.

Require: 7, Z5: features for matched points between view 1 and view 2: (M x 2048, C);
t: temperature; Ng: subsampling size for point features.
Ensure: loss: Point-Point Contrastive Loss
mark = torch.arange(M ).repeat_interleave(2048) > mark each point
mark = mark.view(-1,1)
pairs = torch.eq(mark,mark.T)

pos_pair = torch.where(pairs==True) > get positive pairs
pos_pair_num = pos_pair[0].shape[0] > get subsampling indexes
inds = random.sample(range(pos_pair_num), Ny)

Z1 = Zi[pos_pair[0][inds],:] > get subsample point features
Zoy = Zs[pos_pair[1][inds],:]

sim = torch.mm(~Z7,25.T) > Ng X Ng

labels = torch.arange(/Ny)
loss = CrossEntropyLoss(sim/t,labels)

The way we obtain O, fundamentally differs from previous methods [13, 118]. On the one hand,
rigid transformations maintain the point cloud’s order, ensuring a one-to-one correspondence (i.e.,
{(n,n) | pn €Ps}) between X! and X2. On the other hand, points originating from the same shape
are regarded as positive pairs (i.e., { (i, j) | pF € P*N pf €P*}) across the two views. In this way,
we create the scene-level point pair data that is original from single objects. These designs fully

exploit the correspondences between points and the relationships within points in the shape.
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6.3 Experiment

In Section 6.3.1, we introduce the self-supervised pre-training settings for MH-P/V. Subsequently,
we present the supervised fine-tuning performance on shape-level and scene-level downstream
tasks in Section 6.3.2 and Section 6.3.3, respectively. Furthermore, we conduct ablation studies in

Section 6.3.4 to validate the effectiveness of each part of our method.

6.3.1 Pre-Training Settings

MH-P and Data Settings. We conduct pre-training of MH-PS on ShapeNet dataset [282] and MH-
PH on both the labeled hybrid dataset (LHD) and the unlabeled hybrid dataset (UHD) [139]. MH-PS
is a backbone network composed of four MH modules. ShapeNet comprises ~52K synthetic 3D
shapes in 55 categories. MH-PS is trained without any post-pre-training, aligning with previous SSL
methods [133-135, 274] to enable direct comparison with them. Moreover, MH-PH is pre-trained
on LHD and UHD. MH-PH also consists of four MH modules. However, to explore a high capacity
model, we scale it by increasing the network width and the number of local aggregation within
the MH modules. The UHD, used for self-supervised pre-training, aggregates point clouds from
various sources such as ShapeNet [282], S3DIS [2] for indoor scenes, and Semantic3D [283] for
outdoor scenes, efc. In total, UHD comprises around 300K point clouds. Conversely, LHD, utilized
for post-pre-training, aligns the label semantics from diverse datasets, including ShapeNet [282],

S3DIS [2], and other sources, encompassing 87 categories and roughly 200K point clouds in total.

MH-V and Data Settings. We employ a similar setup as described above. The difference lies
in combining M shapes to form a scene for pre-training. We denote the MH-V pre-trained on
ShapeNet as MH-VS, and the MH-V pre-trained on UHD and LHD as MH-VH. We also scale
MH-VH by increasing the network width and the number of local aggregators within the MH

modules.

Pre-Training Setups. We extract the input shapes by sampling 2,048 points from each raw point
cloud, and compose M shapes to form a scene. See Section 6.2.3 and Section 6.3.4. The MH-P
model undergoes pre-training for 600 epochs with a batch size of 10. We utilize the AdamW

optimizer [284] with an initial learning rate of 0.001, and a weight decay of 0.05. Additionally, we
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TABLE 6.1: Classification results on ScanOb-
jectNN [5] and ModelNet40 [4] (Section 6.3.2). We
report the overall accuracy.

TABLE 6.2: Segmentation results on the ShapeNet-
Part [11] dataset (Section 6.3.2). We report the Class
mloU and Instance mloU.

ScanObjectNN ShapeNetPart
Methods OBJBG‘OBJ,ONLY‘PB,TSORSMOdelNeMO Methods Backbon | cis. mioU(%) | Inst. mioU(%)
Supervised Learning Only Supervised Learning Only
DGCNN [244] 82.8 86.2 78.1 929 PointNet++ [15] || PointNet++ 81.9 85.1
PointNet++ [15] - ) 77.9 90.5 DGCNN [244]| DGCNN 82.3 85.2
PointMLP [37] _ _ 85.4 945 Pre-training on ScanNet
PointNeXt [38]] - - 87.7 94.0 DGCNN 1171} DGCNN - 850
Pre-trainine on ShapeNet PointNet++ [148] || PointNet++ - 85.9
g p o i
Point-BERT [133]] 87.4 | 88.1 83.1 232 PointViT [148] Pz“t’;;fl‘:;:;;n Shameiet 86.7
MaskPoint [274]) 89.3 | 88.1 84.3 938 Point-BERT [133] || Transformer|  84.1 85.6
P?lnt_MAE [134]] 90.0 88.3 852 3.8 Point-MAE [134] || Transformer - 86.1
Point-M2AE [135]) 91.2 88.8 86.4 94.0 Point-M2AE [135] || Transformer 84.9 86.5
PointGPTS [139]) 916 | 90.0 86.9 94.0 PointGPT-S [139] | Transformer| ~ 84.1 86.2
MH-PS (Ours) 92.4 90.8 87.8 94.1 MH-PS (Ours) S2S 85.3 87.1
Pre-training on UHD and LHD Pre-training on UHD and LHD
PointGPT-B [139])| 95.8 95.2 91.9 94.4 PointGPT-B [139] || Transformer 84.5 86.5
PointGPT-L [139]| 97.2 96.6 93.4 94.7 PointGPT-L [139] || Transformer 84.8 86.6
MH-PH (Ours)| 97.4 96.8 93.8 94.6 MH-PH (Ours) S2S 85.5 87.6

employ cosine learning rate decay [285] based on our empirical findings. The MH-V model under-
goes pre-training for 800 epochs on two V100 GPUs with a batch size of 10. Other configurations
align with those used for MH-P.

6.3.2 Shape Level Downstream Tasks

We perform supervised fine-tuning of MH-PS and MH-PH on three classical downstream tasks.

Each shape-level downstream task has thousands of input points.

Shape Classification on ScanObjectNN. ScanObjectNN stands out as one of the most formidable
3D datasets, encompassing 15K objects extracted from real-world indoor scans [5]. Within the
dataset, there are three commonly utilized data splits, namely OBJ_ONLY (object only), OBJ_BG
(with background), and the PB_T50_RS (with background and manual perturbations). Following [5,
133-135, 139, 274], we conduct experiments on the three splits mentioned above and reported
overall accuracy (OA) on the respective test sets. As evidenced in Table 6.1, our approach, MH-
PS, outperforms PointGPT-S on all three data splits’ test sets. Our performance improvements
can be attributed to the effective utilization of the multi-scale mechanism. It contributes to the

preservation of global features and results in enhanced performance at the shape level tasks,
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TABLE 6.3: Segmentation results on S3DIS TABLE 6.4: Segmentation results on Se-
Area5 [2] and ScanNet v2 validation set [9] (Sec- manticKITTI val set [1] and Synthia4D test set [12]

tion 6.3.3). We report mloU (%). (Section 6.3.3). We report mloU (%) here.
‘ Methods H Backbone ‘S3DIS AreaS‘ScanNet v2‘ ‘ Methods‘ Backbone ‘SemantioKITTI ‘ Synthia4D‘
Supervised Learning Only Supervised Learning Only
PointNet++ [15] || PointNet++ 55.3 57.9 PointNet++ [15] | PointNet++ - 79.4
MinkNet [18] || SR-UNet 68.2 70.3 MinkNet [18, 87] | SR-UNet 61.1 79.8
MH-V (Ours) MH-V 70.3 71.4 SPVNAS [87] | SPVCNN 64.7 -
Pre-training on ScanNet MH-V (Ours) MH-V 67.1 81.4
PointContrast [13]| SR-UNet 70.9 74.1 Pre-training on ScanNet
DepthContrast [118] || SR-UNet 71.5 71.2 PointContrast [13] | SR-UNet - 83.1
OcCo [117]|| DGCNN 58.0 - DepthContrast [118] | SR-UNet - 81.3
PointClustering [148] || PointNet++ 61.2 62.6 Pre-training on ShapeNet
PointClustering [148] || Transformer 65.6 65.8 PointDif [287]| SR-UNet 71.3 -
PointClustering [148] || SR-UNet 73.2 75.5 MH-VS (Ours) | MH-V 70.8 82.4
Pre-training on ShapeNet / UHD and LHD Pre-training on UHD and LHD
MH-VS (Ours) MH-V 72.7 74.4 MH-VH (Ours) ‘ MH-V 71.5 84.2
MH-VH (Ours) MH-V 74.1 75.8

yielding an improvement of approximately 0.8% to 0.9%. Furthermore, MH-PH showcases better

performance compared to PointGPT-L.

Shape Classification on ModelNet40. ModelNet40 is a classical dataset for synthetic 3D object
recognition [4]. It contains ~12K meshed 3D CAD objects of 40 classes. For fair comparisons,
the standard voting method [286] is used during testing. The experimental results are presented in
Table 6.1, MH-P achieves comparable performance to PointGPT in two pre-training data settings.
ModelNet40 has been thoroughly explored (saturated around 94%), and this performance is already
convincing enough. Moreover, MH-PS surpasses other MAE-style and BERT-style pre-training

frameworks.

Part Segmentation. We evaluate MH-P on ShapeNetPart [11] for part segmentation task (a high-
resolution task), which predicts per-point part labels for a known object. The ShapeNetPart
dataset consists of 17K objects across 16 categories. The point clouds are sampled into 2,048
points. Table 6.2 provides the instance mean Intersection over Union (Inst. mIoU) and class mean
Intersection over Union (Cls. mloU) results. Despite the strong Transformer architectures (MAE-
style and BERT-style backbones), our MH-PS even surpasses the performance of PointGPT-B
and PointGPT-L, which are pre-trained on UHD and LHD. This underscores the effectiveness of
our method, as MH-P captures high-resolution semantic features from deep semantic information
across multiple scales. Additionally, our MH-PH achieves state-of-the-art performance on both Cls.

mloU and Inst. mIoU metrics.
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6.3.3 Scene Level Downstream Tasks

We perform fine-tuning for MH-VS and MH-VH on five scene-level downstream tasks. Each

scene-level downstream task has hundreds of thousands of input points.

Semantic Segmentation on Indoor Scene. We proceed with the evaluation of MH-V in the indoor
semantic segmentation task, involving the classification of points within 3D scenes into distinct
categories. This research involves pre-training on pseudo scenes and finetuning on the Stanford
Large-Scale 3D Indoor Spaces (S3DIS) dataset [2] and ScanNet v2 validation set [9], respectively.
They are based on the standard settings [13, 18, 148]. S3DIS encompasses 3D scans of six expansive
indoor areas. Following the prior method [18], Area 5 is designated as the test set. There are
approximately 204 samples in the training set. Each training sample contains an average of ~956K
points. ScanNet v2 comprises richly annotated 3D indoor scenes, encompassing 1.5K scenes
from hundreds of distinct rooms. There are 1,201 scenes for training. The mean Intersection over
Union (mloU) of various approaches is summarized in Table 6.3. Even with S2SS, transferring
features from the pseudo scene to S3DIS and ScanNet v2 presents a considerable challenge. While
UHD includes specific objects outlined in S3DIS, discrepancies arise in terms of occlusion, object
scale, and scene magnitude. However, when compared to pre-training methods on ScanNet, such
as OcCo [117] (with DGCNN as the backbone), and PointClustering [148] (with PointNet++,
PointViT, and SR-UNet as backbones), MH-V shows significant improvement. It also outperforms
pre-training methods [13, 118] that use SR-UNet as the backbone. These results conclusively affirm
that MH-V derives substantial advantages from the acquisition of high-resolution features across
various scales. The high-resolution representation effectively harnesses the semantics within point

cloud data, thereby bolstering the network’s proficiency in semantic segmentation.

Semantic Segmentation on Outdoor Scene. We also conduct experiments on SemanticKITTI [1]
and Synthia4D dataset [12] for the outdoor semantic segmentation task. SemanticKITTI is a large-
scale driving-scene dataset, containing 43K scans with point-wise annotation. We use sequences
00 to 10 for training, and 08 is left for validation. Synthia4D is a large synthetic dataset depicting
driving scenarios. We adhere to the train/validation/test split as defined by [18]. Our implementation
does not involve temporal learning. mIoU of different methods is summarized in Table 6.4. Fine-
tuning on them poses similar challenges as previously mentioned. However, we significantly

mitigate the differences between shape data and scene data by employing synthesized pseudo
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TABLE 6.5: 3D object detection on ScanNet v2 [9] (Section 6.3.3). We report mAP (%). SR-UNet stands
for Sparse Residual U-Net [13].

\ Methods || Backbone [ mAP@0.25 [ mAP@0.5 | | Methods || Backbone | mAP@0.25 | mAP@0.5 |
Supervised Learning Only Pre-training on ScanNet

VoteNet [234] PointNet++ 58.6 335 PointContrast [13] SR-UNet 59.2 38.0

3DETR [289] || Transformer 62.1 379 STRL [288] || PointNet++ 59.5 38.4

MH-V (Ours) MH-V 62.9 39.8 Point-BERT [133] || Transformer 61.0 38.3

Pre-training on ShapeNet DepthContrast [118] || PointNet++ 64.0 429

TAP [290] Transformer 63.0 41.4 MaskPoint [274] || Transformer 64.2 42.1
PointDif [287] Transformer - 43.7 Pre-training on UHD and LHD

MH-VS (Ours) MH-V 63.4 42.1 MH-VH Ours) [ MH-V | 648 | 439

scenes. In comparison to the methods pre-trained on the ScanNet and ShapeNet datasets, our
approach has also achieved encouraging results. This indicates that the representations learned in
pseudo scenes still enhance the generalization for segmentation in both real-world and synthetic

outdoor scenes.

3D Object Detection on ScanNet v2. To further evaluate MH-V on 3D object detection, we
utilize MH-V as the backbone on the ScanNet v2 dataset [9]. Our methodology adheres to the
training/validation split and 18 classes outlined in VoteNet [234]. We also follow VoteNet [234]
and switch the original backbone network with MH-V without other modifications to the detection
module. As reported in Table 6.5, MH-VH outperforms MH-V by 4.1% mAP@0.5. Previous
methods [13, 118, 133, 274, 288] conduct pre-training on large-scale scene datasets like ScanNet.
In contrast, we conduct pre-training on pseudo scenes originally from individual objects. The
experiments also show the effectiveness of MH-V over SR-UNet, as MH-V learns multi-scale point
cloud encoding by mapping scale features to high-resolution features. This demonstrates that the
representations learned from multiple objects can be successfully transferred to large-scale datasets

and enhance the performance of scene-level tasks.

6.3.4 Ablation Study

Comparsion to Training-from-scratch Baseline. We first compare the training-from-scratch
baseline and the fine-tuned network on ScanObjectNN (PB_T50_RS), ShapeNetPart, and S3DIS
Area$, respectively. Specifically, MH-PS and MH-VS are pre-trained on ShapeNet and fine-tuned
on the target dataset. The upper part of Table 6.6 details the model configurations. Model A, B, D,
and E are employed as training-from-scratch baselines. The backbone of Model A is PointNet++

with an encoder on ScanObjectNN, while it uses PointNet++ with both encoder and decoder on
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TABLE 6.7: Ablations for network design (Sec-
tion 6.3.4). We report Overall Accuracy (%) on
TABLE 6.6: Ablations for different designs (Sec-  ScanObjectNN (PB_T50_RS), Instance mloU (%)

tion 6.3.4). We report Overall Accuracy (%) on  op ShapeNetPart, and mIoU (%) on S3DIS Area5.
ScanObjectNN (PB_T50_RS), Instance mloU (%)

on ShapeNetPart, and mIoU (%) on S3DIS Area5. | Models [| Backbone | Si | S [ S3 | Si |

Model G MH-P VIV | VIV
- Model H MH-P VIV | VIV | VIV
‘ Models H Pre-training ‘ Backbone ‘ Data Type ‘ Model I MILP I I I I
Model A Scratch PointNet++ Shape Model J MH-P v/ v/ IV VIV
Model B Scratch MH-P Shape Model K MH-P v/ v/ v/ VIV
Model C v MH-P Shape Model L MH-V VIV | VIV
oo - Model M MH-V VIV | VIV | VIV
Model D S}.‘l‘(ltt.‘l] SR-UNet Scene Model N MH-V VI I JIv v
Model E Scratch MH-V Scene Model O MH-V v/ v/ IV IV
Model F v MH-V Scene Model P MH-V v/ v/ v/ VIV
Models || ScanObjectNN | ShapeNetPart | S3DIS Area5 Models || ScanObjectNN | ShapeNetPart | S3DIS Area5
Model A 77.9 85.1 - Model G 823 85.4 -
Model H 85.6 86.3
Model B 85.9 86.0 Model I 878 871
Model C 87.8 87.1 - Model J 87.4 86.8
Model D 68.2 Model K 87.1 86.6 -
Model E 70.3 Model L - - 623
Model M - - 68.4
Model F 72.7 MSaSN - . 727
Model O - - 72.0
Model P 71.6

ShapeNetPart. Model C, F leverages pseudo scenes synthesized through S2SS for pre-training
data, with PPC as the loss function. In the lower part of Table 6.6, we present the performance
on shape-level tasks (ScanObjectNN, ShapeNetPart) and scene-level tasks (S3DIS Area5). On
ScanObjectNN, Model B aggregates deep semantic features at multiple scales, outperforming
Model A. This proves that MH-P is a strong backbone. For high-resolution tasks, we benefit
from the design of multi-scale feature aggregation with high-resolution mapping. Both Model
B and E exhibit better performance than Model A and D. Compared to training-from-scratch
baselines, Model C achieves improvements of 1.9% and 1.1% on ScanObjectNN and ShapeNetPart,
respectively. Model F demonstrated a 2.4% improvement on S3DIS compared to Model E. This
highlights the efficacy of our proposed pre-training strategy, i.e., S2SS and PPC, for high-resolution

tasks.

Network Design. Then we present the performance of models that have different network designs.
We have investigated four scales, denoted as S1 =2, So =4, S3=8, and S =16. The upper part
of Table 6.7 details the configurations of scales. Specifically, whether to use a certain scale and
whether to integrate its feature into the final output. Model G-K are pre-trained on ShapeNet[282]
with PPC. Model L-P synthesize pseudo scene with S2SS on ShapeNet[282] under the supervision
of PPC. In the lower part of Table 6.7, we report the performance. MH-P and MH-V achieve

optimal performance when using four scales. Comparing Model G-K and Model L-P, we find that
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TABLE 6.9: Ablation study for M (Section 6.3.4).

TABLE 6.8: Ablation Stl.ldy on pre-training data for We report OA (%) on ScanObjectNN, Inst. mloU
the scene-level task (Section 6.3.4). We report mloU (%) on ShapeNetPart, and mloU (%) on S3DIS.
(%). ’

‘ M H ScanObjectNN ‘ ShapeNetPart ‘ S3DIS Area$ ‘

‘ Models HBackbone‘Data Type‘ Source ‘S3DIS AreaS‘

1 86.8 86.2 70.5
Model Q| MH-V Shape |ShapeNet[282] 70.5 2 87.4 86.7 71.1
Model R|| MH-V Scene |ShapeNet[282] 72.7 4 87.8 87.1 71.9
Model S| MH-V Scene | ScanNet[13] 73.5 6 87.7 86.9 72.7
Model T|| MH-V | Scene | UHD[139] 74.1 8 87.7 86.7 72.5
10 87.6 87.0 72.6

integrating high-resolution features from multiple scales into the final output results in improved

performance. This aligns with the key advantages discussed in Section 6.1.

Pre-Training Data for Scene-Level Task. Furthermore, we have conducted research on pre-
training data for the scene-level task (S3DIS Area5). Model Q, R, S, and T have all used MH-V
as the backbone and have been pre-trained on ShapeNet (shape data), pseudo scenes made of
ShapeNet (scene data), ScanNet from PointContrast[13] (scene data), and pseudo scenes made
of UHD (scene data), respectively. Model Q shows only marginal improvement compared to
Model E. Pre-training on shape-level data exhibit minimal potential in downstream scene-level
tasks. However, Model R demonstrates significantly enhanced performance compared to Model
Q, indicating the effectiveness of S2SS. Additionally, Model T even outperforms Model S (pre-
training on ScanNet) with larger shape-level datasets (i.e., UHD and LHD[139]). Considering the
time-consuming preprocessing required for generating matched pairs in PointContrast[13], our
approach can be integrated into the training process to obtain matched pairs in running time, which

is highly valuable.

Number of Shapes /. Finally, we conduct ablation experiments to explore M in S2SS on three
downstream tasks. The pre-training settings, including pre-training data, S2SS, MH-P/V, loss
function, efc., remain consistent with Model I and N. In downstream shape-level tasks, the pre-
trained model demonstrates its peak performance at M =4. In contrast, for scene-level segmentation,
the optimal performance of the pre-trained model is observed at M/ =6. When it comes to larger
values of M, neither Model I nor N show improved performance. Intuitively, we attribute this to
the number of matched pairs utilized for the contrastive loss. However, indiscriminately increasing
the number of matched pairs entails in increased resource and time consumption [13], hence we

empirically set M =4 for Model I and M =6 for Model N.
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6.4 Summary

In summary, our research introduces S2S, a novel 3D scene representation learning method. By
leveraging readily available 3D shape datasets and introducing innovative architectural designs, data
strategies, and loss functions, S2S overcomes the data desert issue and bridges the gap between
shape-level and scene-level datasets. This approach demonstrates remarkable adaptability and
transferability across both shape-level and scene-level datasets, as evidenced by the impressive per-
formance achieved on eight well-established benchmarks. S2S represents a significant step forward
in addressing the challenges faced by current 3D SSL for scene understanding. However, despite its
notable achievements, challenges still lie ahead, particularly in extending the application of S2S to
broader 3D contexts, such as open-world scene understanding. Expanding S2S’s capabilities to
encompass these more complex scenarios will require further research and innovation. We intend

to delve into these challenges in our future research.
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Conclusions and Future Work

7.1 Conclusions

This thesis has addressed critical challenges in 3D computer vision, including feature extraction,
clustering, scalability, and interpretability, by introducing novel methods and architectures. Key
contributions include Cluster3D, a clustering-based representation learning framework for fine-
grained pattern discovery in large-scale 3D datasets; LSK3DNet, a 3D backbone network leveraging
spatial-wise dynamic sparsity and channel-wise weight selection for efficient and accurate 3D vision
tasks; Interpretable3D, a prototype-based interpretable model that bridges the gap between black-
box models and transparent decision-making; and Shape2Scene, a scalable pretraining strategy
that enables effective shape-to-scene transfer learning. These contributions were validated through
extensive experiments on multiple benchmarks, demonstrating significant improvements in point
cloud segmentation, object detection, and interpretability. We summarize our main contributions

below:

In Chapter 3, we devise a clustering based supervised training scheme for point cloud segmentation,
which discovers and respects latent data structures during point representation learning. Rather than
simply minimizing the point recognition error, we iteratively perform 1) unsupervised, within-class
clustering based subclass pattern mining, and 2) clustering assignment based point embedding
space optimization. Our algorithm is general and shows outstanding performance over various tasks

and datasets.

89
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In Chapter 4, we propose Spatial-wise Dynamic Sparsity to scale up 3D kernels beyond 9 x 9 x 9,
which prunes the volumetric weight and reduces the parameter size of large kernel layers. Our
LSK3DNet can benefit from a large receptive field without increasing the computational cost
compared to a naive 3D large kernel. Channel-wise Weight Selection expands the model width
during training, and then sorts and selects important channels during validation to get a model of
the expected size. In this way, we achieve “using spatial sparse groups, expanding width without
more parameters”. We evaluate our method on the SemanticKITTI and achieve state-of-the-art
performance. Our LSK3DNet also surpasses previous 3D large kernel methods on ScanNet v2 and

KITTI.

In Chapter 5, we develop an ad-hoc interpretable classifier, i.e., Interpretable3D, specifically
designed for point cloud classification and part segmentation tasks. By performing Prototype
Estimation and Optimization, Interpretable3D benefits from a reshaped prototype feature space and
the preserved typical prototypes. The revealed decision-making mode enables users to understand
how the system works and how decisions are made. Prototype Optimization further enhances the
interpretability by illustrating how prototypes can be modified in a manner easily comprehensible

for humans. Our algorithm consistently produces promising results across three datasets.

In Chapter 6, our research introduces S2S, a novel 3D scene representation learning method. By
leveraging readily available 3D shape datasets and introducing innovative architectural designs, data
strategies, and loss functions, S2S overcomes the data desert issue and bridges the gap between
shape-level and scene-level datasets. This approach demonstrates remarkable adaptability and
transferability across both shape-level and scene-level datasets, as evidenced by the impressive
performance achieved on eight well-established benchmarks. S2S represents a significant step

forward in addressing the challenges faced by current 3D SSL for scene understanding.

Collectively, these methodologies provide solutions to long-standing challenges, advancing the

field of 3D computer vision and laying the groundwork for future research.

7.2 Future Work

Despite the progress achieved in this thesis, several avenues remain for future exploration.
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* Efficiency Optimization: Develop lightweight variants of LSK3DNet using neural architecture
search or quantization for edge-device deployment.

* Generalizable Interpretability: Extend Interpretable3D to instance-aware segmentation, tracking,
and detection tasks, and automate prototype discovery to reduce manual intervention.

* Dynamic and Multi-modal Fusion: Integrate temporal modeling into LSK3DNet for 4D point
cloud processing and explore fusion with LiDAR and RGB data.

* Unified Framework: By integrating Cluster3D’s subclass mining, LSK3DNet’s large-kernel
backbone, Interpretable3D’s prototype-level explanations, and Shape2Scene’s shape-to-scene
pre-training into a single framework, we can form a cohesive, end-to-end pipeline for 3D vision.

» Real-World Impact: Together, these techniques will yield a robust 3D-vision system that is ready

for deployment in embodied Al, autonomous-driving, and augmented-reality applications.

These future directions aim to build upon the contributions of this thesis, driving further advance-

ments in 3D vision research and practical applications.






Appendix A

Appendix of Cluster3D

A.1 Quantitative Results of Cluster3D

Complete Quantitative Result on SemanticKITTI Single-Scan Challenge test. Table A.1
and Table A.2 report the complete results on SemanticKITTI [1] single-scan challenge test. Our
method reaches 70.4% mloU, which yields 2.6% mloU gains over Cylinder3D [6]. Moreover, it
also outperforms many famous segmentation models, such as AF2S3Net [98] and RPVNet [91].
One more thing to point out, spvnas! did not provide the source code of 3D-NAS pipeline and the
control file for SPVNAS |, sp. But the control file and pretrained models for SPVNAS o.M are
shared?. And the difference between SPVNAS 2 sp and SPVNAS o.sm is that SPVNAS 0.8m is
trained except sequence 08. As for our implementation, SPVNAS g gm and SPVNAS g gm + Ours

are trained on sequences 00-10 and evaluated on 11-21.

Complete Quantitative Result on S3DIS Area-5. Table A.3 and Table A.4 present the complete
per-class IoU on S3DIS [2] Area-5. Both CBL [206] and our method use contrastive loss on the
premise of fully supervised learning. But [206] only samples negative points locally around the
boundaries, while we contrast global subclass centers against the points sampled from the ENTIRE

training dataset. Our idea is much more powerful and insightful. The fair comparison based

"https://github.com/mit-han-1lab/spvnas/
2SPVNAS has cancelled the download link for the Control file and SPVNAS sy model. Instead, we will release the
two previously downloaded files.
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on PTV1 [7] shows that our approach attains mloU/mAcc/OA of 72.2%/79.6%, outperforming
PTV1+CBL (71.6%/77.9%).

Complete Quantitative Result on SemanticKITTI multi-scan challenge test. Table A.5 and
Table A.6 report the complete results on SemanticKITTI [1] multi-scan challenge test. With
Cylinder3D, our algorithm also attains consistent performance improvements of 2.2% mloU, just
like that in single-scan test. Moreover, Cylinder3D-+ Ours surpasses Cylinder3D in 17 classes

out of 25 classes.

A.2 Qualitative Results of Cluster3D

Qualitative Results of Cluster3D for Segmetation. We show more qualitative results on Se-
manticKITTI [1] single-scan challenge val (Figure A.1), S3DIS [2] Area-5 (Figure A.2) and
SemanticKITTI [1] multi-scan challenge val (Figure A.3). As observed, our approach generally
gives more accurate predictions compared with vanilla PTV1[7] and Cylinder3D[6]. In Figure A.2,
vanilla PTV1 fails to recognize region boundaries and tends to misclassify board-like objects, while
our method can significantly reduce these errors. Figure A.3 depicts qualitative comparisons of
Cylinder3D and Cylinder3D + Ours over lidar sequences on SemanticKITTI multi-scan challenge
val. Note that, the predicted labels of five consecutive frames are displayed in one frame. It can
be observed that Cylinder3D + Ours has smaller errors over the semantic boundaries as well as

classes belonging to ground and nature.
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TABLE A.1: Quantitative results on SemanticKITTI [1] single-scan challenge test (§A.1) -
Part I. mIoU (%) and IoUs (%) are reported.

=] ]

5 ) e

= 2 o0 2 )

g g L E K> g =

3 &§ 4 & § . 7 2 2 &

Method mloU 2 = g 3 2 S = 3 g 3

TangentConv (cveris [73 40.9 83.9 63.9 334 15.4 83.4 90.8 15.2 2.7 16.5 12.1
SqueezeSegV2 icrais [74 39.7 88.6 676 458 17.7 73.7 81.8 13.4 185 17.9 14.0

DarkNet53 jiccvion[1 49.9 91.8 74.6 64.8 279 84.1 86.4 25.5 24.5 32.7 22.6

Rangenet++ izos10 [75 522 91.8 752 65.0 27.8 87.4 91.4 25.7 25.7 34.4 23.0
3D-MiniNet jikos20 [291 55.8 91.6 74.5 64.2 25.4 89.4 90.5 28.5 423 42.1 29.4
PointASNL cveroo [46 46.8 87.4 74.3 24.3 1.8 83.1 87.9 39.0 0.0 25.1 29.2

54.3 90.8 74.4 61.7 21.7 90.0 93.8 22.9 40.3 30.1 28.5
559 90.5 74.0 61.8 24.5 89.7 94.2 439 29.8 322 39.1

PolarNet cveroo [71
RandLA-Net cveroo [47

SqueezeSegV3 rcevao [79 559 91.7 74.8 63.4 26.4 89.0 92.5 29.6 38.7 36.5 33.0
SalsaNext sveo [78 59.5 91.7 75.8 63.7 29.1 90.2 91.9 389 483 38.6 31.9
FusionNet zccvao [86 61.3 91.8 77.1 68.8 30.8 92.5 95.3 41.8 475 377 34.5
JS3C-Net aaan1[202 66.0 88.9 72.1 61.9 31.9 92.5 95.8 54.3 59.3 52.9 46.0
AF2S3Net cvrr21[98 69.7 91.3 72.5 68.8 53.5 87.9 94.5 39.2 65.4 86.8 41.1
RPVNet icevai [91 70.3 93.4 80.7 70.3 333 93.5 97.6 442 68.4 68.7 61.1

PVKD cvera2 [203 71.4 91.8 71.5 70.9 41.0 92.4 97.0 53.5 67.9 69.3 60.2

1
]
]
1
]
1
]
1
1
1
1
]
1
1
1
]

KPConv jiccvio [64 58.8 88.8 72.7 61.3 31.6 90.5 96.0 33.4 30.2 42.5 443
KPConv + Ours 61.0 89.9 75.0 63.4 343 91.4 88.8 49.0 45.0 46.6 455

SPVNAS 9.gm tcevaol [87] 62.3 89.6 73.8 63.2 29.1 90.9 96.7 50.9 40.6 42.1 51.3
SPVNAS | gm + Ours 64.3 89.6 73.9 64.0 28.8 91.4 96.7 48.0 489 50.5 51.0
Cylinder3D jcveroi [6] 67.8 91.4 75.5 65.1 323 91.0 97.1 50.8 67.6 64.0 58.6
Cylinder3D + Ours 70.4 91.7 772 66.1 34.1 92.3 97.0 51.9 68.4 65.8 58.8

TABLE A.2: Quantitative results on SemanticKITTI [1] single-scan challenge test (§A.1) -
Part II. mIoU (%) and IoUs (%) are reported.

% =< ‘§ § T; % 3 1) ‘4:6

Method | mou | & B 5 & £ E 5 3 E
TangentConv cveris [73] 40.9 79.5 49.3 58.1 23.0 28.4 8.1 49.0 35.8 28.5
SqueezeSegV2 iicrai [74] 39.7 71.8 35.8 60.2 20.1 25.1 3.9 41.1 20.2 26.3
DarkNet53 jicevio [1] 49.9 78.3 50.1 64.0 36.2 33.6 4.7 55.0 38.9 522
Rangenet++ irosio) [75] 522 80.5 55.1 64.6 38.3 38.8 4.8 58.6 47.9 55.9
3D-MiniNet iiros20 [291] 55.8 82.8 60.8 66.7 47.8 44.1 14.5 60.8 48.0 56.6
PointASNL cveroo [46] 46.8 84.1 52.2 70.6 34.2 57.6 0.0 439 57.8 36.9
PolarNet cveroo [71] 54.3 84.0 65.5 67.8 432 40.2 5.6 61.3 51.8 57.5
RandLA-Net cvrroo [47] 55.9 83.8 63.6 68.6 48.4 47.4 9.4 60.4 51.0 50.7
SqueezeSegV3 rcevao [79] 55.9 82.0 58.7 65.4 45.6 46.2 20.1 59.4 49.6 58.9
SalsaNext isveao [ 78] 59.5 81.8 63.6 66.5 60.2 59.0 19.4 64.2 54.3 62.1
FusionNet jzccvao [86] 61.3 84.5 69.8 68.5 59.5 56.8 119 69.4 60.4 66.5
JS3C-Net arani[202] 66.0 84.5 69.8 67.9 69.5 65.4 39.9 70.8 60.7 68.7
AF2S3Net cverai [98] 69.7 70.2 68.5 53.7 80.7 80.4 74.3 63.2 61.5 71.0
RPVNeticovar [91] 70.3 86.5 75.1 71.7 75.9 74.4 43.4 72.1 64.8 61.4
PVKD (cver2 [203] 714 86.5 73.8 71.9 75.1 73.5 50.5 69.4 64.9 61.4
KPConv iccvio) [64] 58.8 84.8 69.2 69.1 61.5 61.6 11.8 64.2 56.4 47.4
KPConv + Ours 61.0 72.0 56.5 68.8 594 60.1 36.4 66.1 49.5 60.4
SPVNAS ¢ gm ircevao [87] 62.3 85.5 70.3 69.8 60.4 62.8 21.8 65.3 57.6 62.0
SPVNAS pgm + Ours 64.3 85.3 72.1 69.1 67.1 70.5 23.2 67.0 60.7 64.5
Cylinder3D (cvero1 [6] 67.8 85.4 71.8 68.5 73.9 67.9 36.0 66.5 62.6 65.6
Cylinder3D + Ours 70.4 86.7 73.5 71.7 69.6 70.1 54.6 70.8 65.1 71.6
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TABLE A.3: Quantitative results on S3DIS [2] Area-5 (§A.1) - Part I. mIoU (%) and IoUs (%)
are reported.
= E3
R R R
Method mloU mAcc OA 5 = E3 2 8 z 3
PointNet (cveri7 [14] 41.1 49.0 - 88.8 97.3 69.8 0.1 3.9 46.3 10.8
SegCloud rovin[192] 489 57.4 - 90.1 96.1 69.9 0.0 18.4 384 23.1
TangentConv (cveris [73] 526 62.2 - 90.5 97.7 74.0 0.0 20.7 39.0 31.3
PointCNN jveuies s [39] 573 63.9 85.9 923 98.2 79.4 0.0 17.6 22.8 62.1
SPGraph (cver s [52] 58.0 66.5 86.4 89.4 96.9 78.1 0.0 42.8 48.9 61.6
PCCN (cveris [195] 583 - 67.0 923 96.2 75.9 0.3 6.0 69.5 63.5
HPEIN jiccvio) [45] 61.9 68.3 87.2 91.5 98.2 81.4 0.0 233 65.3 40.0
PAT (cvrei0 [67] 60.1 70.8 - 93.0 98.5 723 1.0 415 85.1 382
PointWeb cver o [44] 60.3 66.6 87.0 92.0 98.5 79.4 0.0 21.1 59.7 34.8
MinkowskiNet (cveris [18] 65.4 71.7 - 91.8 98.7 86.2 0.0 34.1 489 62.4
SCF-Net cveron [48] 63.8 - - - - - - - - -
BAAF-Net cvrri [204] 65.4 73.1 88.9 - - - - - - -
CGA-Net cvrei [205] 68.6 - - 9.5 98.3 83.0 0.0 253 59.6 71.0
Stratified Trans. (cvec [207] 72.0 78.1 915 - - - - - - -
PTV2 neurvsz2 [208] 72.6 78.0 91.6 - - - - - - -
KPConv ccvio [64] 67.1 72.8 - 92.8 97.3 82.4 0.0 23.9 58.0 69.0
KPConv-+ Ours 69.0 76.2 90.5 95.7 98.3 84.0 0.0 30.7 66.7 776
PTV1 icevai [7] 70.4 76.5 90.8 94.0 98.5 86.3 0.0 38.0 63.4 743
PTV1+CBL ccver2 [206] 71.6 77.9 91.2 - - - - - - -
PTV1+ Ours 722 79.6 91.2 942 98.4 88.1 0.0 493 65.3 79.4

TABLE A.4: Quantitative results on S3DIS [2] Area-5 (§A.1) - Part II. mIoU (%) and IoUs (%)
are reported.

2
2 g < 2 = E
Method mloU mAcc OA g % § § ,§ %
PointNet cveri7 [14] 41.1 49.0 - 52.6 58.9 40.3 5.9 26.4 333
SegCloud i:pvi71[192] 48.9 57.4 - 70.4 75.9 40.9 58.4 13.0 41.6
TangentConv (cveris [73] 52.6 62.2 - 77.5 69.4 57.3 38.5 48.8 39.8
PointCNN jnewiesis) [39] 57.3 63.9 85.9 74.4 80.6 31.7 66.7 62.1 56.7
SPGraph cveris [52] 58.0 66.5 86.4 84.7 75.4 69.8 52.6 2.1 52.2
PCCN cvrris [195] 58.3 - 67.0 66.9 65.6 473 68.9 59.1 46.2
HPEIN jiccvio) [45] 61.9 68.3 87.2 75.5 87.7 58.5 67.8 65.6 49.4
PAT (cverio) [67] 60.1 70.8 - 57.7 83.6 48.1 67.0 61.3 33.6
PointWeb cverio [44] 60.3 66.6 87.0 76.3 88.3 46.9 69.3 64.9 52.5
MinkowskiNet icverio [18] 65.4 71.7 - 81.6 89.8 47.2 74.9 74.4 58.6
SCF-Net cvero1 [48] 63.8 - - - - - - - -
BAAF-Net cveroi [204] 65.4 73.1 88.9 - - - - - -
CGA-Net cvrro11[205] 68.6 - - 82.6 922 77.7 76.4 69.5 61.5
Stratified Trans. cver22 [207] 72.0 78.1 91.5 - - - - - -
PTV2 ineues22 [208] 72.6 78.0 91.6 - - - - - -
KPConv iiccvio [64] 67.1 72.8 - 81.5 91.0 75.4 75.3 66.7 58.9
KPConv+ Ours 69.0 76.2 90.8 79.9 91.0 70.3 76.7 63.0 63.6
PTV1 covan[7] 70.4 76.5 90.8 89.1 82.4 74.3 80.2 76.0 59.3
PTV1+CBL (cver22 [206] 71.6 77.9 91.2 - - - - - -
PTV1+ Ours 72.2 79.6 91.2 89.4 82.2 74.8 77.6 81.0 58.7
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TABLE A.5: Quantitative results on SemanticKITTI [1] multi-scan challenge test (§A.1) - Part
I. mIoU (%) and IoUs (%) are reported.

=
Q

2

3

-

E - e s 3 &

i 3 § B 'S = IS

5 » & 7 2 » & 0z 2 0=

T 5 % &2 2 . % % 3 % £ & %

Method | mloU S = g 8 2 3 g E = 3 = 3 g

TangentConv cveris [73] || 34.1 | 839 640 383 153 858 849 403 21.1 1.1 20 182 185 64
DarkNet53rcevin[1] | 41.6 | 91.6 753 649 275 852 841 615 200 141 304 329 207 152
TemporalLidarSeg v [22] | 47.0 | 91.8 758 59.6 232 898 921 682 392 2.1 477 409 350 124

SpSeqnet cverao [23] 431 | 90.1 739 576 27.1 912 885 532 292 412 240 262 227 262

KPConv iccvio [64] 512 | 8.5 705 584 267 90.8 937 694 425 58 449 472 386 47
KPConv+ Ours 532 1904 752 621 251 91.8 958 752 438 41 672 63.1 442 07

Cylinder3D (cvero1 [6] 525 1907 745 650 323 926 946 749 413 00 67.6 638 388 0.1
Cylinder3D+- Ours 547 | 914 769 661 278 914 953 817 427 119 559 529 387 112

TABLE A.6: Quantitative results on SemanticKITTI [1] multi-scan challenge test (§A.1) - Part
II. mIoU (%) and IoUs (%) are reported.

2
Z Z
g & _ B = &
2 o0 @ o0 o0 P
&0 g I Z 2 5} 2 2 | 3 =
Method || mloU > =] 8 o g B8 g g & & 5
TangentConv (cvrris [73] 34.1 79.5 432 56.7 1.6 1.9 0.0 30.1 422 49.1 364 312
DarkNet53 jicovio [1] 41.6 784 507 64.8 7.5 0.2 0.0 289 37.8 565 38.1 53.3

TemporalLidarSeg sov20 [22] 47.0 823 625 647 144 404 00 428
SpSeqnet cveroo [23] 43.1 84.0 66.0 65.7 6.3 362 0.0 23

129 638 526 604
0.1 66.8 508 487

KPConv iccvio) [64] 51.2 846 703 660 216 675 00 674
KPConv+ Ours 532 84 711 693 107 721 00 685 9.9 675 626 64.6

472 645 570 539

olve ol o o o .
Sil =|2 S S I motoreyclist

Cylinder3D (cver1 [6] 52.5 858 720 689 125 657 1.7 683 11.9 660 63.1 614
Cylinder3D+ Ours 54.7 86.5 727 716 155 618 00 682 3.0 460 66.1 640 68.0
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Input PTV1 [7] Ours Ground Truth

FIGURE A.2: Error maps of PTV1 [7] and Ours on S3DIS [2] Area-5 (§A.2). The differences are as
illustrated by arrows.
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Appendix B

Appendix of LSK3DNet

B.1 Qualitative Results of LSK3DNet

Qualitative Detection Results of LSK3DNet for KITTI. We compare the visualization results
between LSK3DNet and Voxel R-CNN for the car category on the KITTI val split [8], as illustrated
in Fig. B.1. The blue-bordered boxes depict ground truth bounding boxes, while the green-
bordered boxes represent predicted bounding boxes. In comparison to Voxel R-CNN, LSK3DNet

demonstrates more accurate prediction results.

Qualitative Results of LSK3DNet for SemanticKITTI. We provide visual examples of our
algorithm on two challenges for 3D semantic segmentation: SemanticKITTI [1] single-scan val
challenge and SemanticKITTI [1] multi-scan test challenge. The corresponding figures are
Fig. B.2 and Fig. B.3, respectively. Moreover, we display the predicted labels of three successive
frames in one single frame in Fig. B.3. It can be seen that our LSK3DNet produces more accurate
and consistent predictions than the baseline (Modified SPVCNN [92]). By a larger kernel size,
our LSK3DNet expands the receptive field of submanifold convolution and enhances the flow of
discrete spatial information. This results in better capturing the object boundaries and distinguishing
between different semantic classes. As shown, our LSK3DNet can segment the ground classes and

natural objects more effectively.
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Voxel R-CNN LSKNet

FIGURE B.1: Qualitative detection results of LSKNet and Voxel R-CNN on the KITTI val split (§B).
Results in the red box are false positives.
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