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Zusammenfassung

OBILE Roboter sind inzwischen Teil unseres Alltags. Autonome

Systeme wurden entwickelt, um Aufgaben zu automatisieren, die

fiir Menschen monoton, wiederholend oder gefdhrlich sind. Den-

noch beschranken sich derzeit autonome Systeme auf spezifische,
klar definierte Aufgaben in kontrollierten Umgebungen, wie das Reinigen von
Héusern oder die Verwaltung von Lagerbestinden. Die Nutzung von autono-
men Systemen in hochdynamischen und sich stindig d&ndernden Umgebungen,
wie im autonomen Fahren, ist noch immer eine grofie Herausforderung. Um in
diesen komplexen Umgebungen zu operieren, benotigen die Fahrzeuge robuste
Wahrnehmungssysteme, um verschiedene Akteure wie Fufigianger, Radfahrer und
Fahrzeuge zu erkennen und zu beriicksichtigen. Fehlentscheidungen konnen kata-
strophale Folgen haben.

Eine zentrale Einschrankung fiir die Automatisierung solcher Aufgaben liegt in
den Grenzen heutiger Wahrnehmungssysteme bei der Interpretation der Rohsen-
sordaten der Fahrzeuge. Meist werden neuronale Netze eingesetzt, um aus Sen-
sordaten, wie Punktwolken von 3D-LiDAR oder Bildern von Kameras, Informa-
tionen iiber die Fahrzeugumgebung zu gewinnen und Entscheidungen zu treffen.
Das Training solcher Netze erfordert grofle, vielfaltige Datensédtze. Im autono-
men Fahren betrifft dies unterschiedliche Objekte, den Einsatzort, Jahreszeiten,
Wetterbedingungen und Lichtverhéaltnisse. Die dafiir notwendigen Datenannota-
tionen sind zeitaufwendig und teuer, vor allem bei 3D-LiDAR-Annotationen. Der
manuelle Arbeitsaufwand lédsst sich wegen der Komplexitit und Datenmenge nur
schwer skalieren. Es ist notwendig, die Systeme zu verbessern und zugleich den

Bedarf an manuellen Annotationen zu senken.

Diese Arbeit unterteilt die Verbesserung von Wahrnehmungssystemen in drei
Hauptprobleme in Bezug auf die Skalierbarkeit der Annotation. Die erste Her-
ausforderung betrifft die Menge an annotierten Daten, sowohl in Quantitat als
auch in Vielfalt. Die zweite Herausforderung betrifft die Abdeckung der Klassen.
In unstrukturierten Umgebungen ist es unmoglich, alle potenziellen Objektklas-

sen zu definieren und zu annotieren. Das Verhalten des Systems gegeniiber un-
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gewOhnlichen Objekten wird im Test unvorhersehbar und kann gefahrlich sein.
Die dritte Herausforderung betrifft die Unterschiede zwischen Daten verschiede-
ner Sensoren. Daten verschiedener LiDARs haben oft unterschiedliche Strukturen
oder Auflésungen, was das Aussehen der Punktwolken stark verédndert. Annotier-
te Punktwolken werden so sensorspezifisch und sind nicht generalisierbar.

Zur ersten Herausforderung schlagen wir neue, selbstiiberwachte Trainingsmetho-
den vor. Wir optimieren ein Netz, das eine latente Repréasentation lernt, welche
grobe Objekte in der Szene ohne Annotationen unterscheidet. Die Methode erwei-
tern wir, indem wir Scan-Sequenzen nutzen und so eine Représentation ableiten,
die auch gegeniiber der Sensorperspektive invariant ist. Zudem setzen wir genera-
tive Modelle ein, um die Datenverteilung des annotierten Datensatzes zu lernen
und neue gelabelte Punktwolken zu erzeugen. So steigt die Menge an Labels oh-
ne manuelle Annotation. Beide Ansétze verbessern Wahrnehmungsaufgaben und
reduzieren den Bedarf an Annotationen.

Fir die zweite Herausforderung schlagen wir eine neue klassenunabhéngige In-
stanzsegmentierung vor. Wir bauen einen Graphen aus der LiDAR-Punktwolke
und gewichten die Kanten mit einem Netz, das mit unserer selbstiiberwachten
Strategie trainiert wurde, basierend auf punktweisen Ahnlichkeiten. Dann parti-
tionieren wir den Graphen und trennen einzelne Instanzen klassenunabhéngig. So

kann das System alle Objekte erkennen, auch jene, die in den annotierten Klassen
fehlen.

Fiir die dritte Herausforderung schlagen wir eine Methode vor, um aus einem ein-
zelnen LiDAR-Scan eine dichte und vollstdndige Punktwolke vorherzusagen. Wir
nutzen generative Modelle, um fehlende Regionen zu erzeugen und eine vollstéan-
dige Szenenrepriasentation zu gewinnen. Die dichte Punktwolke dient als Proxy,
aus dem sensorspezifische LIDAR-Scans erzeugt werden. Damit iiberbriicken wir

die Doménenliicke und ermoglichen Transfer zwischen Sensoren.

Diese Arbeit behandelt verschiedene Herausforderungen, um Wahrnehmungssys-
teme beziiglich der Skalierbarkeit von Annotationen zu verbessern. Wir schlagen
Methoden des Reprasentationslernens und der Generierung vor, um zuverléssige
Systeme zu entwickeln und den Bedarf an Annotationen zu senken. Die Metho-
den dieser Arbeit wurden in begutachteten Zeitschriften und Konferenzen verof-
fentlicht, und ihre Implementierungen sind Open Source verfiighar, um weitere
Forschung zu unterstiitzen.
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Abstract

OBILE robots have become part of our everyday lives nowadays.
Autonomous systems have been developed to automate tasks that
are monotonous, repetitive, or dangerous to humans. Still, such
automations are currently limited to specific and well-defined tasks
in controlled environments, such as cleaning our houses or managing inventory in
warehouses. The execution of tasks out of such controlled environments is limited
due to the complexity of dealing with highly dynamic and constantly changing
scenarios, as in the autonomous driving context. In such a scenario, the robot’s
perception system must be robust to deal with the different agents in the scene,
such as pedestrians, cyclists, and other vehicles, constantly interacting. At the

same time, wrong decisions can have catastrophic impacts.

A key limitation for automating tasks in contexts such as autonomous driving
comes from the limitations of current perception systems in interpreting the raw
sensor data onboard the vehicles. Commonly, neural networks are employed
to extract information from sensor data about the vehicle’s surroundings for
decision-making. The training of these neural networks requires the dataset to
be large in quantity and variability. In the autonomous driving context, this is
related to different objects that may appear, the location of deployment, seasons
of the year, weather, and light conditions. The requirement for data labeling
becomes more challenging when considering 3D LiDAR data instead of images,
given the sparsity of the point clouds, varying sensor resolutions, and the difficulty
for humans to label such data compared to images. However, data annotation is
not easily scalable due to its complexity and the amount of data required. There-
fore, a more reliable approach towards developing perception systems is to focus
on improving such systems while reducing the requirement for manual labeling.

This thesis divides the challenge of improving perception systems into three
main challenges related to the scalability of data annotation. The first challenge
is related to the amount of labeled data available to train perception models,
accounting for quantity and variability. The second challenge is related to the
coverage of classes defined in the annotated data. In unstructured environments,

it is impossible to define and label all potentially occurring classes of objects



that might appear. The behavior of the perception system towards those un-
usual objects becomes unpredictable at test time, potentially leading to danger-
ous situations. Finally, the third challenge relates to the domain gap between
data collected with different sensors. Different LiDARs often have different laser
beam patterns or sensor resolutions, leading to drastic changes in the appear-
ance of the collected scans. Such changes make the available labeled point clouds
sensor-dependent, limiting the use of annotated data between different LiDARs.
To address the first challenge, in this thesis we propose novel self-supervised
training methods. We optimize a network for learning a latent representation that
can distinguish between coarse segments of objects in the scene without labels. We
further extend this method by leveraging sequences of scans, deriving a represen-
tation also invariant to the sensor viewpoint. Additionally, we employ generative
models to learn the data distribution of the annotated dataset and generate novel
labeled point clouds, increasing the amount of labels without manual labeling.
Both self-supervised training and labeled data generation lead to improvement
on different perception tasks, reducing the requirement for annotated data.
Regarding the second challenge, we propose a new class-agnostic instance
segmentation method in this thesis. We build a graph from the LiDAR point
cloud and use a network trained with our self-supervised training strategy to
weight the edges based on the computed point-wise feature similarities. We then
partition this graph, separating individual instances in the point cloud in a class-
agnostic manner. This method enables the perception system to identify all
objects in the point cloud, including those not present in the annotated classes.
To address the third challenge, this thesis proposes a method to predict a
dense and complete point cloud from a single LIDAR scan. We leverage generative
models to generate the unseen regions in a sparse LIDAR measurement to achieve
a complete scene representation. The dense scene point cloud serves as a proxy
from which sensor-specific LIDAR scans can be sampled. This allows us to bridge
the domain gap between different LiDARs, enabling transfer across sensors.
This thesis tackles different challenges to improve perception systems regard-
ing data annotation scalability. We proposed different representation learning
and generative methods to advance the development of reliable perception sys-
tems while reducing the requirement for data annotation. The methods presented
in this thesis were published in peer-reviewed journals and conferences, and their

implementations are open-source to support further research in the field.
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Chapter 1
Introduction

OBOTS are nowadays increasingly present in our lives and autonomous
systems have been developed to take over dangerous, monotonous, or
time-consuming tasks. To achieve these tasks, the robot is equipped
with various sensors, such as cameras, radars, and 3D light detection
and ranging (LiDAR) sensors. With the measurements collected by those sensors,
the robot must perceive and understand its surroundings to plan how to interact
with it, and finally execute the planned actions. It establishes a continuous loop
between perceiving, planning, and acting. Ensuring robustness across all three
capabilities enables the robot to operate autonomously in the real world.
Despite the promise of automating complex tasks in our everyday lives, robotic
systems are currently limited to specific and often simple or well-defined tasks in
controlled environments, such as cleaning our homes or managing inventory in
warehouses. Those applications are achieved by restricting and simplifying the
interaction between the robot and its surroundings, requiring only a limited form
of autonomy. One of the core challenges in deploying mobile robots for more
complex applications, such as autonomous driving or disaster response, is the
limitation of state-of-the-art perception systems. The perception system must
be reliable and robust in complex and constantly changing real-world scenarios
to enable the deployment of robots out of controlled environments. Semantic
information about the robots’ surroundings is necessary in this case, for example,
identifying the types of objects present in the scene, or the drivable surfaces for
the robot to plan and act accordingly. Without enough semantic information,
the robot cannot safely interact with the objects in open scenarios, limiting the
automation of tasks in such unstructured environments.
One application that has been in the spotlight in recent years is autonomous
driving. In this context, different agents such as pedestrians, cyclists, cars, and
other vehicles are constantly interacting with each other. Furthermore, driving

happens in the real world and the environment can only be controlled partially.



Figure 1.1: Examples of challenging scenarios in the autonomous driving context, col-
lected at different seasons of the year, with objects “unusual” in this context. In the
image, we can see kids running, adapted bikes, and a tractor. Such variability of sce-
narios demand the perception system to deal with complex situations as well as with
“unusual” objects, potentially not labeled in the training dataset. Images from the
PANIC dataset [162].

The driver has to identify the various agents and their behavior to plan and act
accordingly to drive through the environment safely. In such a scenario, errors can
lead to accidents and potentially impose risks to human lives, given the velocity
of the vehicles. When considering non-autonomous vehicles, those accidents are
usually caused by human errors due to fatigue or distractions while driving.

Autonomous systems, distinct from humans, are not prone to fatigue or dis-
tractions. Thus, replacing the human driver with autonomous systems has been
the focus of recent research. Nowadays, several vehicle manufacturers employ
driver assistance systems to identify potentially hazardous situations, notifying
the driver or even taking actions to avoid potential accidents, such as braking
the vehicle or keeping a distance from other cars. In such cases, the robotics
applications are mainly assistive, without being completely autonomous due to
the limitations of current perception systems to cope with the complexity of the
scenario. Still, the development of completely autonomous vehicles often referred
to as Level 5 autonomy has been the focus of much research, since it has the
potential to increase safety, improve mobility and traffic flow in our cities, as well
as directly impact transportation and logistics by automating those sectors.

An autonomous vehicle must deal with the complex interactions of various
objects and agents that constantly occur in the environment. The formulation
of such complex and dynamic agents’ characteristics and interactions cannot be
easily done heuristically. Therefore, learning-based methods such as convolutional

neural networks are a popular approach to enable perception systems to perceive



1. INTRODUCTION

and interpret the vehicle’s surroundings via different semantic perception tasks.
Such neural networks have to be trained on data collected in the target domain
and annotated for the specific target task. After training, the network can be
used to perform the target perception task, predicting semantic information from
the data collected by the vehicle’s sensors.

However, those perception models are still not reliable enough due to the com-
plexity of providing sufficient labeled data to account for all possible situations
that can occur in this unstructured driving scenario. For a model to provide a
reliable prediction in such challenging situations, it’s training dataset must be
large in quantity and variability to account for the diversity of scenarios in the
real world. In autonomous driving, this diversity is related to many factors, such
as different seasons of the year, traffic scenarios, light conditions, and “unusual”
objects that can occur, which are not common in this context. Fig. 1.1 illustrates
some examples of challenging scenarios in urban environments. Such scenarios or
unexpected objects not present in the training data may occur, making it difficult
for the autonomous system to define a proper action towards them. Compared to
image data, this requirement for data annotation becomes even more challenging
when considering 3D LiDAR data due to the sparsity of the point clouds, changes
in objects’ representation with respect to the sensor viewpoint, and varying res-
olutions between different LiDAR sensors. This imposes a hard constraint on
standard supervised trained neural networks for 3D data, as the data annotation
scalability cannot keep up with the data demand for reliable perception systems.
Therefore, an alternative approach to the development of perception systems can
be to reduce the reliance on manual labeling, loosening the dependency of per-

ception systems on data annotation.

In this thesis, we divide the challenge of developing reliable 3D perception
systems into three central challenges related to the data annotation scalability.
These are the amount of labeled data available, the coverage of the classes de-
fined in the dataset, and the domain gap between data collected with different
LiDAR sensors. In the following chapters, we tackle all three challenges as de-
picted in Fig. 1.2, pushing the state of the art forward. In Chapter 3, we propose
a method to train a neural network to learn a descriptive latent representation
from unlabeled 3D LiDAR data that can be fine-tuned to different perception
tasks, improving the model performance without requiring more annotated data.
Chapter 4 extends this method by leveraging sequential LiDAR data, learning a
representation that is invariant to the LiDAR viewpoint, and reducing the percep-
tion model requirements for annotated data. In Chapter 5, we address the issue
regarding the number of labeled classes by proposing a class-agnostic instance
segmentation method, which can identify all objects in the scene independently

of their class. In Chapter 6, we deal with the LiDAR sensors domain gap by using
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Figure 1.2: Diagram with the challenges to improve the performance of perception
systems and with the thesis contributions for each of the three challenges. Chapters 3,
4, and 7 tackle the problem regarding the amount of labeled data available. Chapter 5
deals with the problem of labeling all possible classes of objects that can occur in the
real-world, which are potentially infinite. Chapters 6 and 7 deal with the challenge of
sensor-specific characteristics in the point clouds measured by different LiDARs.

generative models to generate a dense point cloud from a LiDAR scan, thereby
achieving a dense and sensor-independent scene representation, which can serve
as a proxy for sampling sensor-specific LIDAR point clouds. As the last techni-
cal contribution Chapter 7 presents our method for generating novel, dense, and
semantically annotated 3D scenes. This enables sampling sensor-specific anno-
tated LiDAR point clouds from the generated dense scenes, improving semantic
segmentation performance by training the model with both real and synthetic
annotated data. Finally, Chapter 8 summarizes our contributions and discusses
future work that can be built upon the methods proposed in this thesis.

1.1 Main Contributions

This thesis investigates the challenge of enhancing perception systems without
relying on extensive data annotation. We start by learning descriptive data repre-
sentations with neural networks without requiring labels, and then leverage those
representations to achieve a segmentation of objects without label supervision.
Finally, we utilize recent generative models to generate additional annotated data
based on existing datasets, improving perception systems without requiring fur-
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ther data annotation. This section summarizes the key contributions of this thesis

discussed in the individual chapters.

The first contribution aims at learning object-centric representations from
unlabeled point clouds. The data annotation scalability is a limiting factor to the
generalizability of perception systems’ performance. In Chapter 3, we employ
basic clustering and ground segmentation techniques to define coarse segments of
objects in a point cloud. Then, we train a neural network to learn a representation
that can discriminate between different objects in the scene. This pre-trained
network serves as a foundational general representation that we can fine-tune
to specific downstream tasks, improving the performance in those tasks without

requiring further data annotation.

Our second contribution leverages sequences of LiDAR scans to learn a repre-
sentation that is invariant to the object changes with respect to the sensor view-
point, discussed in Chapter 4. We extract temporal coarse segments of objects
by aggregating scans given their relative poses. Such segments are used to train
the neural network to extract similar features from the same object seen from
different viewpoints from the LiDAR via an implicit clustering scheme. This rep-
resentation leads to an even larger improvement on perception tasks, effectively
reducing the amount of labeled data required by the perception model. Our main
contribution is a temporally consistent representation learning approach and an
implicit clustering scheme, which decouples the development of perception sys-
tems from the scaling of data annotation.

Our third contribution described in Chapter 5 leverages the representation
learned by the model trained without labels to embed object-level information in
a point cloud, enabling unsupervised object segmentation. Due to the complexity
of real-world scenarios, labeling all possible objects in the world within a finite
number of classes is intractable. We use the network trained with our proposed
representation learning method to compute features for each point in the LIDAR
scan. Then, those features are used to build a graph representation of the point
cloud, instantiating the objects in the scene by partitioning this graph. Our
contribution relies on leveraging a representation learning method and a graph-
based approach to achieve class-agnostic instance segmentation in LiDAR scans.

Given the complexity of identifying all objects in the scene independently of
their classes, our fourth contribution is a benchmark for open-world LiDAR in-
stance segmentation. We extend the SemanticKITTI dataset [5, 54] by annotating
objects that were previously left unlabeled, providing a set of unknown instances.
This benchmark provides a set of objects usually not labeled in autonomous driv-
ing datasets, providing a test bed for open-world instance segmentation methods
to support further research in this field.

As the fifth contribution, we tackle the challenge of dealing with different
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LiDAR sensors and the differences between their collected point clouds in Chap-
ter 6. Besides the challenge of scaling data annotation, labeled data from one
LiDAR sensor may not be directly applicable to a different LiDAR sensor due to
sensor-specific characteristics. Chapter 6 discusses our method to achieve scene
completion from single LiDAR point clouds. We employ state-of-the-art diffu-
sion models to generate dense and complete point clouds conditioned on a LIDAR
scan. It allows for generating the regions not seen by the LiDAR measurements,
computing a dense and complete point cloud independent of the LiDAR sensor
used during data collection. This dense scene representation enables the sam-
pling of sensor-specific point clouds, bridging the gap between different LiDAR
sensors. Our main contribution is a point-wise diffusion formulation, allowing
the scalability of point diffusion models from object scale to scene scale.

The sizth and last contribution addresses both the scalability of data an-
notation and the differences between data collected with different LiDARs by
generating annotated, dense scenes that we can use to train perception models in
Chapter 7. Although self-supervised pre-training demonstrated to improve the
performance on perception tasks in Chapters 3 and 4, training a neural network
with more annotated data remains valuable. To tackle this, we use a variational
autoencoder to learn a latent representation from dense and semantically an-
notated scenes by aggregating consecutive scans of available annotated datasets.
Then, we employ a latent diffusion model to generate novel, dense, and annotated
samples from the target dataset, which we can use to train sensor-specific models
by sampling specific LIDAR configurations from the dense scenes. Our contribu-
tion is a method to generate close-to-real semantically annotated scenes, which
we can use to train perception models and improving their performance, scaling
the availability of annotated data without having to scale data annotation.

This thesis contributes to various areas of the robotics and computer vision
communities. From learning descriptive representations from unlabeled 3D data
and employing those representations to achieve specific perception tasks, to state-
of-the-art generative methods for 3D scene-scale data. Besides the key claims and
contributions in the individual chapters, the contributions in this thesis are not
limited to the specific experiments and applications presented in its chapters.
As discussed in Chapter 8, the contributions in this thesis can be explored and
extended to other applications and domains in future work, setting a foundation

for further research and advances in robotics and computer vision.

1.2 Publications

Most parts of this thesis have been published in the following peer-reviewed con-

ference and journal articles:
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L. Nunes, R. Marcuzzi, X. Chen, J. Behley, and C. Stachniss. SegContrast:
3D Point Cloud Feature Representation Learning through Self-supervised
Segment Discrimination. I[EEE Robotics and Automation Letters (RA-L),
7(2):2116-2123, 2022. DOI: 10.1109/LRA.2022.3142440

e L. Nunes, X. Chen, R. Marcuzzi, A. Osep, L. Leal-Taixé, C. Stachniss,
and J. Behley. Unsupervised Class-Agnostic Instance Segmentation of 3D
LiDAR Data for Autonomous Vehicles. IEEE Robotics and Automation
Letters (RA-L), 7(4):8713-8720, 2022. DOI: 10.1109/LRA.2022.3187872

e L. Nunes, L. Wiesmann, R. Marcuzzi, X. Chen, J. Behley, and C. Stach-
niss. Temporal Consistent 3D LiDAR Representation Learning for Se-
mantic Perception in Autonomous Driving. In Proc. of the IEEE/CVF
Conf. on Computer Vision and Pattern Recognition (CVPR), 2023. DOL:
10.1109/CVPR52729.2023.00505

o L. Nunes, R. Marcuzzi, B. Mersch, J. Behley, and C. Stachniss. Scaling Dif-
fusion Models to Real-World 3D LiDAR Scene Completion. In Proc. of the
IEEE/CVF Conf. on Computer Vision and Pattern Recognition (CVPR),
2024. DOI: 10.1109/CVPR52733.2024.01399

e L. Nunes, R. Marcuzzi, J. Behley, and C. Stachniss. Towards Generat-
ing Realistic 3D Semantic Training Data for Autonomous Driving. arXiv
preprint, arXiv:2503.21449, 2025. DOI: 10.48550/arXiv.2503.21449 (resub-

mitted with minor revision)

1.3 Further Scientific Contributions

During my doctorate, I was also involved as a co-author in the following peer-

reviewed conference and journal publications which are not part of the thesis:

o R. Marcuzzi, L. Nunes, L. Wiesmann, I. Vizzo, J. Behley, and C. Stach-
niss. Contrastive Instance Association for 4D Panoptic Segmentation using
Sequences of 3D LiDAR Scans. IEEFE Robotics and Automation Letters
(RA-L), 7(2):1550-1557, 2022. DOI: 10.1109/LRA.2022.3140439

e X. Chen, B. Mersch, L. Nunes, R. Marcuzzi, 1. Vizzo, J. Behley, and
C. Stachniss. Automatic Labeling to Generate Training Data for Online
LiDAR-Based Moving Object Segmentation. IEEE Robotics and Automa-
tion Letters (RA-L), 7(3):6107-6114, 2022. DOI:10.1109/LRA.2022.3166544

e B. Mersch, X. Chen, I. Vizzo, L. Nunes, J. Behley, and C. Stachniss. Re-
ceding Moving Object Segmentation in 3D LiDAR Data Using Sparse 4D
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Convolutions. IEEE Robotics and Automation Letters (RA-L), 7(3):7503—
7510, 2022. DOI: 10.1109/LRA.2022.3183245

L. Wiesmann, L. Nunes, J. Behley, and C. Stachniss. KPPR: Exploiting
Momentum Contrast for Point Cloud-Based Place Recognition. IEEE Ro-
botics and Automation Letters (RA-L), 8(2):592-599, 2023. DOLI:
10.1109/LRA.2022.3228174

R. Marcuzzi, L. Nunes, L. Wiesmann, J. Behley, and C. Stachniss. Mask-
Based Panoptic LiDAR Segmentation for Autonomous Driving. I[FEFE
Robotics and Automation Letters (RA-L), 8(2):1141-1148, 2023. DOI:
10.1109/LRA.2023.3236568

H. Lim, L. Nunes, B. Mersch, X. Chen, J. Behley, H. Myung, and C. Stach-
niss. ERASOR2: Instance-Aware Robust 3D Mapping of the Static World
in Dynamic Scenes. In Proc. of Robotics: Science and Systems (RSS), 2023.
DOI: 10.15607/RSS.2023.X1X.067

I. Vizzo, B. Mersch, L. Nunes, L. Wiesmann, T. Guadagnino, and C. Stach-
niss. Toward Reproducible Version-Controlled Perception Platforms: Em-
bracing Simplicity in Autonomous Vehicle Dataset Acquisition. In Proc.
of the Intl. Conf. on Intelligent Transportation Systems Workshops, 2023.
DOI: 10.1109/1TSC57777.2023.10421988

R. Marcuzzi, L. Nunes, L. Wiesmann, E. Marks, J. Behley, and C. Stachniss.
Mask4D: End-to-End Mask-Based 4D Panoptic Segmentation for LiDAR
Sequences. IEEE Robotics and Automation Letters (RA-L), 8(11):7487—
7494, 2023. DOI: 10.1109/LRA.2023.3320020

M. Sodano, F. Magistri, L. Nunes, J. Behley, and C. Stachniss. Open-
World Semantic Segmentation Including Class Similarity. In Proc. of the
IEEE/CVF Conf. on Computer Vision and Pattern Recognition (CVPR),
2024. DOI: 10.1109/CVPR52733.2024.00307

L. Wiesmann, T. Léabe, L. Nunes, J. Behley, and C. Stachniss. Joint Intrinsic
and Extrinsic Calibration of Perception Systems Utilizing a Calibration
Environment. IEEE Robotics and Automation Letters (RA-L), 9(10):9103—-
9110, 2024. DOI: 10.1109/LRA.2024.3457385

R. Marcuzzi, L. Nunes, E. Marks, L. Wiesmann, T. Léabe, J. Behley, and
C. Stachniss. SfmOcc: Vision-Based 3D Semantic Occupancy Prediction
in Urban Environments. IEEE Robotics and Automation Letters (RA-L),
10(5):5074-5081, 2025. DOI: 10.1109/LRA.2025.3557227
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e Y. Chong, L. Nunes, F. Magistri, X. Zhong, J. Behley, and C. Stachniss.
Zero-Shot Semantic Segmentation for Robots in Agriculture. In Proc. of
the IEEE/RSJ Intl. Conf. on Intelligent Robots and Systems (IROS), 2025.
DOI: 10.1109/TROS60139.2025.11246227

o E. Marks, L. Nunes, F. Magistri, M. Sodano, R. Marcuzzi, L.. Zimmermann,
J. Behley, and C. Stachniss. Tree Skeletonization from 3D Point Clouds by
Denoising Diffusion. In Proc. of the IEEE/CVF Intl. Conf. on Computer
Vision (ICCV), 2025.

1.4 Open Source Contributions

To support further research and the reproducibility of results, I have released all

the main contributions made in this thesis as open-source software:

o SegContrast: Representation learning for 3D LiDAR data
https://github.com/PRBonn/segcontrast

o« TARL: Temporally consistent representation learning for 3D LiDAR data
https://github.com/PRBonn/TARL

« 3DUIS: Class-agnostic unsupervised 3D instance segmentation
https://github.com/PRBonn/3DUIS

o LiDiff: Point diffusion for 3D LiDAR scene completion
https://github.com/PRBonn/LiDiff

« 3DiSS: Diffusion model for generating 3D point cloud with semantic labels
https://github.com/PRBonn/3DiSS


https://github.com/PRBonn/segcontrast
https://github.com/PRBonn/TARL
https://github.com/PRBonn/3DUIS
https://github.com/PRBonn/LiDiff
https://github.com/PRBonn/3DiSS




Chapter 2
Basic Techniques

N the introduction, we discussed the importance of learning-based ap-

proaches for enabling robust perception systems to be deployed in the real

world. The following chapters discuss the proposed methods, which em-

ploy learning-based techniques to enhance the performance of perception
systems while reducing the requirement for labeled data, thereby overcoming the
challenge of data annotation scalability. The contributions of this thesis rely on
deep network architectures trained with 3D point cloud data, optimizing them
to learn useful representations that can be used by the perception system, ei-
ther for discriminative or generative tasks. In this chapter, we discuss the basic
techniques used throughout the subsequent chapters, which are essential for the
understanding of the contributions of this thesis.

Essentially, a deep convolutional neural network (CNN) architecture consists
of consecutive layers, with a set of parameters that can be optimized to achieve
a specific task. This optimization is usually done based on a training dataset
composed of paired input and target output. After several training iterations,
this deep network model can be used to perform the task for which it was trained.
Other samples not seen by the network during training are given as input, from
which the network will provide a prediction for the target task. Such network
models are employed to achieve various fine-grained perception tasks, such as
semantic segmentation [174] or object detection [66]. To achieve this, the network
parameters are optimized to map the input data to a feature space descriptive
enough to accomplish the target task. Therefore, a network is essentially a feature
extractor optimized for a specific perception task given the annotated data.

The amount of training data used during optimization is also related to the
quality of the features extracted. If trained with few samples, the network param-
eters lose the capability of defining a useful feature space, instead memorizing the
paired input and output to minimize the loss function used during optimization.

In contrast, if trained with a vast amount of data, the network parameters would
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define a more complex and descriptive model to compute the correct predictions
for the samples in this large dataset [209]. It establishes a relation between data
annotation scalability and the performance of perception systems.

The challenge of improving the performance of neural networks without scal-
ing data annotation can be addressed in two ways: either by training the network
without requiring annotated data, or by generating more annotated samples from
the target data distribution. The former has been studied by defining relatively
simple pretext tasks from which labels can be automatically generated, training
the network with those automatically generated labels. The latter has been more
recently studied first to learn the distribution of the target domain and then use
generative models to generate samples from the learned data distribution.

In this chapter, we discuss the foundations of deep convolutional architectures
for 3D data processing and the self-supervised learning strategies used throughout
this thesis. Sec. 2.1 defines CNNs and their convolutional operations, followed
by the definition of the sparse operations to process sparse 3D point cloud data.
Sec. 2.2 discusses recent contrastive strategies for self-supervised learning to train
a network without requiring labels. Finally, Sec. 2.3.1 discusses autoencoder
networks, which are used to map a training data distribution into a latent and
more compact representation, enabling the use of generative models to generate
novel samples from this latent representation, which can be decoded into new

samples from the training data distribution.

2.1 Sparse Convolutional Neural Networks

In computer vision, CNNs [86] are one of the standard architectures for machine
learning for image interpretation. Such networks are trained to extract features
from the input data for a specific perception task. In this part, we discuss how
the convolutional blocks inside the CNN architectures process the input data and
extract features from it. We first discuss the basics of the convolution operation
for 2D image data and explain how 2D convolutions can be extended to operate on
3D data. Finally, we discuss the sparsity of 3D point clouds and how this sparsity
is exploited to implement efficient sparse convolutions for 3D data processing.

2.1.1 2D Convolutional Neural Network

In image processing, convolutions refer to the operation of applying a filter to
an image. Those filters are manually designed as kernels and applied locally
around a pixel neighborhood. For example, to reduce noise from an intensity
image | € RVY | with (u,v) € Z? as the pixel location, a Gaussian blur kernel
with kernel size K is defined as a matrix W € RE¥XX_ The kernel W is applied

12
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Figure 2.1: Example of a 2D convolution over an input image /. The kernel W is
applied to all pixels }f‘v in the image /, computing the output feature image F.

over the input image pixels fé“v to reduce the noise in the image by averaging
the neighboring pixels of ffjv, given the filter kernel weights w; ;, computing the
output pixel value f'% € R as:

o= Y wfit (2.1)
(z‘,j)e\ﬂ(W)

where V? (W) denotes the set of offsets representing the neighborhood around
the pixel (u,v). For a kernel size K = 3, i.e., W € R3*3, the offsets would be:

V2 (W) = {(~1,-1),(~1,0),(-1,1),(0,~1),(0,0),(0,1),(1,—~1),(1,0),(1,1)}. (2.2)

The smoothed output image F € RY*V is then computed by applying the ker-
nel W to all pixels f,", using Eq. (2.1). In the image border pixels, i.e., u € {1,U}
and v € {1, V}, the image is typically padded with zeros to enable the computa-
tion of output features over the border pixels. Fig. 2.1 shows the computation of
the output feature image F given the kernel W.

This convolution operation can not only be applied to gray-scale but also to
RGB images, where each pixel is represented with three channels instead of a
single channel, as for the intensity images. In this case, in an image | € RV*V*3,
each pixel corresponds to a vector fﬁfv € R3. Therefore, the kernel would be

written as a tensor W € REXX>3 computing the output pixel value f;j‘;f € R as

a vector multiplication:

3,111; = Z 'szj Ln—z‘,v—j- (2.3)
(i.pev2 (W)
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In this example, the kernel applies a Gaussian blur filter over the input image.
However, the kernel W can be designed to extract specific features from the input
image /, which can be used for different applications, such as edge detection, image
blurring, or sharpening. We refer to the book by Forstner and Wrobel [52] for
more examples.

In CNNs, the hand-defined convolution kernel weights are replaced by learn-
able parameters. This allows for optimizing the convolution kernels to extract
features specific to the task for which the network is trained. The image convo-
lution formulation can be generalized to an input F™ with an arbitrary channel
size N ag F* € RUXVXN™ eading to a kernel W € REXEXN™  Begides, CNNs

often learn multiple kernels within a convolution to extract multi-dimensional

c ]RU><V><NO‘lt c RUXVxNi“

feature maps F°" from the convolution input F™
Given the convolution input dimension N and the output dimension N°%, the
learnable kernel is defined as W NN with K being the kernel size. In this

case, the kernel weights at a position (i, j) are a matrix W, ; € RN N which is
multiplied by the input feature vector f1, € RM" to compute the output feature

out
vector fout € RV as:

o= > Wi, (24)
(i.)eve (W)

Apart from learnable kernels, CNNs often apply downsampling or upsampling
in the convolutional layers, reducing or increasing the output feature F°"* dimen-
sion size. Downsampling the input dimension and maintaining the kernel dimen-
sion increases the area covered by the kernels in the original input, increasing the
kernel’s receptive field. Downsampling can be achieved by applying the kernel W
to the pixels with a stride. For example, with a stride of 2, the kernel would

€ RUXVXN" gtarting from f7), then to f7y, and so

be applied to the input F™
on, skipping one index in between, and computing the output F°** € Rz xgxN
that is half the size of the input. Upsampling is typically used to recover the
input’s original size after downsampling layers. The upsampling is achieved us-
ing transposed convolutions. In this case, each convolution input feature vec-
tor fir, € RN is multiplied by the individual kernel weights W, ; € RN"*N*"

computing an output feature vector }‘?l;t c RV
~out T pin
fz'7j = Wl',j-fu,’l/" (25)

The individual output features f?jt are then combined, resulting in an output

ut 2 out
) c RK XN

matrix F Z with the same size as the kernel W. The computed feature

. ~out . . . . .
matrices F,, are then aggregated, given the convolution stride size and summing

up the overlapping regions, defining the convolution output F°"*. For example,

14
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in a convolution with a stride of 2, the input of size F™ € RUVXV*N™ i upsampled

to an output feature F°U* € R2U*2VXN™ with double the size of the input F™.

Those convolution operations with learnable kernel parameters are combined
with non-linear activation functions and normalization layers to ensure a zero-
centered and normalized distribution over the computed features, defining con-
volutional blocks. Those convolutional blocks are consecutively stacked, defining
the network. The CNN can then be trained to achieve specific vision tasks, and
the convolutions kernel parameters are optimized to extract features specific to
the target task. Those convolutional neural networks have become a standard
technique for computer vision tasks, as features specific to the target task can be
learned from the training data without hand-defining them, enabling significant
progress in various perception tasks, such as image classification [38], semantic
segmentation [5, 35|, and object detection [54, 167].

2.1.2 3D Convolutional Neural Networks

The 2D convolutions detailed in Sec. 2.1.1 can be extended to process 3D data.
In this case, the convolution has three-dimensional kernels W € RE*xN*xN™
with K as the kernel size, with offsets V3(W). To employ the convolution op-
eration detailed in Sec. 2.1.1 over a 3D point cloud P = {p,,...,pp} with P
points p,, € R3 where p = (x,9, 2), we need to represent it as a regular 3D grid,
such that the 3D kernel can be applied to the point cloud, as in the 2D case. To
do so, we voxelize the point cloud P given the grid resolution As € R, defining

the corresponding discrete grid coordinates u € Z3:

(&) .

with |- as the flooring operation. With the voxelization, different points p, may
refer to the same discrete coordinate w. Therefore, each voxel in the grid stores
all the points p, falling into that grid cell, as well as features of the points in
the cell. Such features can include an intensity value, the occupancy of the grid
cell or even the original points p, coordinates. After voxelization, the 3D voxel
grid F™ € RUXV*ExN™ iq defined as a tensor, where N represents the dimension
of the features stored in the grid cells. With this regular 3D grid representation of
the point cloud P, we can apply the 3D kernel W over the 3D grid F™, computing

the corresponding output grid cells from FOUt € RUXVXRXN 4g

=) Wify s (2.7)
1ev3(W)

with w € Z3 as the 3D grid discrete coordinate and 4 € Z? as the offset vec-
tors from the set of kernel offsets V3(W). As in the 2D convolution, padding,
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Input feature grid F™ S wiri,
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Figure 2.2: Example of a 3D convolution over the input feature grid F*. Similar to the
2D convolution, the 3D kernel W is applied to all voxels in the input feature grid F»,
computing the output feature grid FOU.

downsampling and upsampling convolutions can also be applied. The learnable
convolutions are followed by a non-linear activation and a normalization layer to
build the convolutional blocks as in the 2D case. The 3D convolutional neural
networks can be defined by consecutively stacking the 3D convolutional blocks to
process 3D data. Fig. 2.2 shows an example of a 3 x 3 x 3 kernel applied to a 3D
grid, illustrating how the 3D convolution operates on the data. The kernels in
this case operate over the 3D points neighborhood, extracting information from

the voxel features.

2.1.3 Sparse 3D Convolutions

The 3D convolutions detailed in Sec. 2.1.2 enable the implementation of 3D CNNs
to extract features from 3D data. However, such a dense grid representation,
borrowed from image processing, is not scalable for scene-scale 3D data. Taking
as an example a 3D LiDAR point cloud with a radius of 50 m collected in an urban
environment, and voxelizing it with a voxel resolution of 0.1 m. After voxelizing
this point cloud, the resulting dense 3D grid would contain %3 = 1250000 voxels,
of which most are unoccupied. The 3D kernel would be applied to all voxels
in this grid, including both occupied and unoccupied voxels, resulting in several
unnecessary computations over the empty voxels. This inefficient computation
hinders the scalability of 3D convolutions to scene-scale 3D data.

Sparse tensors were proposed to enable efficient 3D convolution operations [34,
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N Sparse 3D convolution operations
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Figure 2.3: Example of a sparse 3D convolution over the sparse input feature grid F™™.
The 3D kernel W is applied to the occupied voxels in F™, applying the kernel operations
only over the neighboring voxels that are occupied to compute the sparse output feature
grid Fout,

57]. In this case, the dense 3D voxel grid representation is replaced by a sparse
representation, storing only the occupied voxels from the grid. A sparse tensor is
defined by the occupied voxels’ coordinates C € R”*3 and its features F € RP>*N™:

T N oA
C=|: =+ |, F=

-
IN YN 2N fN

£l
: (2.8)

The voxel grid G from a point cloud is represented as the tuple of sparse ten-
sors of occupied voxels coordinates and the corresponding features as G = (C, F).
Ignoring unoccupied voxels with a more efficient and scalable 3D data represen-
tation.

This sparse representation enables an efficient 3D data representation while
maintaining the neighboring information necessary for the convolution operation.
The 3D convolution can be applied to the sparse voxel grid G = (C™, F), as in
Sec. 2.1.2, given the kernel W e RE* XN >N™ " Aqin Eq. (2.7), the output sparse
features F°'* are computed over each cell coordinate C™. However, the kernel
computation is only done over the offset coordinates 4 present in C™ as:

. Z | W;fy_; forue C (2.9)
1:6])3(W),u—i6 c
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Figure 2.4: Diagram of the MinkUNet sparse 3D CNN architecture. The backbone
used a ResUNet architecture [65] implemented with sparse operations implemented by
the Minkowski Engine [34] library. The Mink ResBlock layers are downsampling layers
with C residual blocks and N output features. The Mink UpResBlock are upsampling

layers also with C residual blocks and N output features.

In this case, the convolution operation is only applied over occupied voxels,
efficiently scaling the processing of scene-scale 3D data as depicted in Fig. 2.3.
As with 3D dense convolutions, a 3D sparse CNN can be built using sparse
convolutions, with upsampling and downsampling operations followed by non-

linear activation and a normalization layers.

2.1.4 MinkUNet

3D sparse CNNs are used throughout the chapters of this thesis in the different
proposed methods. More specifically, we use the MinkowskiEngine for sparse
operations [34] and processing of 3D data. We use the MinkUNet architecture
proposed by Choy et al. [34] as basis. This architecture uses sparse operations to
implement concepts commonly employed in 2D CNNs, such as residual connec-
tions [65] and U-shaped networks with skip connections [149], which enable the
compression and decompression of the input data dimensions while maintaining
high-level information during the feature extraction. Fig. 2.4 depicts the network
architecture used as basis in this thesis’s chapters. The first input block maps the
input point cloud to a feature space, maintaining the input resolution. Then, the
features from the input block are processed by consecutive downsampling convo-
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lutional blocks, reducing the dimension of the intermediary feature maps while
increasing the receptive field of the network kernels. Finally, the features are
passed over consecutive upsampling convolutional blocks, until arriving back to
the same resolution as the input point cloud, computing the final output features
for each point in the input point cloud. In the later chapters, some variations
of this architecture may be adopted, depending on the target perception task,

maintaining the overall structure.

2.2 Self-Supervised Pre-Training with

Contrastive Learning

The standard practice for training a neural network is to initialize the convolu-
tion kernel weights randomly. Then, those random weights are adjusted during
training to perform the target perception task. Although effective, starting the
network with random weights requires many training iterations and a substantial
amount of labeled data for the network parameters to be properly optimized for
the target task.

Pre-training a network is a common alternative to random initialization of the
kernel parameters, which often leads to improvement in the network performance
using fewer iterations and less labeled data [21, 64]. During pre-training, the
network is trained with other available datasets. At this stage, the goal is to
train the network with as much data as possible, allowing the network parameters
to extract meaningful features from the data. Then, the pre-trained network
weights are fine-tuned for the target dataset by using them to initialize the kernel
parameters at the beginning of the training.

Network pre-training is often done in one of two ways: supervised or self-
supervised. The supervised pre-training trains the network with annotated data.
Such supervised pre-training is a valuable strategy when the data used for pre-
training has labels for the same perception task and the same domain as the target
dataset. However, suppose the pre-training and target datasets are labeled for
different tasks or come from different domains. In that case, the supervised pre-
trained network may not yield a significant improvement in the target dataset,
or even achieve worse performance than the random initialization strategy due
to the domain gap between the two datasets.

Self-supervised pre-training provides a more powerful strategy. For self-
supervised pre-training, the labels used to train the network are generated online
based on a pretext task, such as image colorization [79], motion prediction from
videos [41], or image reconstruction [63]. Those pretext tasks are more general

and not task-specific. Since the labels are generated online, such self-supervised

19



2.2. SELF-SUPERVISED PRE-TRAINING WITH CONTRASTIVE LEARNING

Contrastive Learning

fn©O ofn fi Ofi

Figure 2.5: Visual example of the contrastive learning discriminative task. Given two
images /,, and I, we apply two sets of random image transformations over each image,
generating the augmented pairs {/}, /% } and {/i,/2}. Then, we compute the corre-
sponding feature vectors {fL . f2} and {f}, f3} with a CNN, trained to discriminate
between features from the transformed versions from the image /,,, while pushing apart

features from the images /., with Eq. (2.11).

methods are more scalable than supervised methods, often learning stronger rep-
resentations during pre-training that lead to better performance after fine-tuning
the network.

One way of self-supervised pre-training is contrastive learning. The downside
of the self-supervised approaches listed before is that those methods target triv-
ial pretext tasks based on simple data transformations. Given the discriminative
aspect of perception tasks in general, contrastive learning [173] gained interest in
the computer vision community by defining a pretext task focused on differenti-
ating between similar and different samples. This pretext task also leverages data
transformations, but instead of learning to reverse them, it learns how to distin-
guish between transformed versions of the same data sample within the learned
feature space.

To formalize this task, we define a sample 1, from a dataset Z = {l,..., Iy}

€ RUXV*3 we sample several con-

containing M samples. For each image /,,
secutive random image transformations, defining two sets of image transforma-
tions, 7.} and 7.2. The transformations are applied to /,, to compute two distinct

versions of it, I = T(I,) and >, = T,2(l,,), generating a total of 2M sam-

ples T = {I}, 3, ..., 1}, [3;}. Then, an encoder network used to map the images
in Z into the corresponding set of feature vectors F = {fl, f1...., fir» Farts

with fP€12 ¢ RN where N°" is the network output feature vector dimen-
sion. The goal is to distinguish between the two samples /1 and /?, coming from

the same image [, from all the other 2M — 2 samples I,fi;{i ’2}, given the feature
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vectors computed by the model. This discriminative task is formulated based

on the cosine similarity. Given the augmented samples p € {1,2} from image 1,

and ¢ € {1,2} from image j in the batch, the similarity 6}’ is computed as:
P\T p4

T

where 7 is a normalization temperature parameter. With Eq. (2.10), we can
compute the InfoNCE loss [173] between a pair of transformed samples /|, and /2,
from an image /,, and all the other transformed images /; U3 from T with their

corresponding feature vectors as:

exp (5,1,1_;3)
exp (3122) + X 030 (8,70

From Eq. (2.11), the contrastive learning objective aims to increase the simi-

L = —log

(2.11)

larity between the positive pairs, /,1n and /fn, which come from the same image /,,,,
while decreasing the similarity with the non-related 2M — 2 transformed im-
ages /,fiinl’z}. Fig. 2.5 shows an example of this discrimination between images.
To achieve this discrimination between images, the network must optimize the
convolution kernels to extract features invariant to the various transformations
applied to the image, allowing it to correlate the transformed samples coming
from the same anchor image. It enables the network to learn strong data rep-
resentations without requiring data annotation, and thus becomes a useful self-
supervised pre-training strategy. This contrastive learning strategy was used as
the basis for the methods proposed in Chapters 3 and 4, reformulated to learn

strong object-centric features from 3D point cloud data.

2.3 Autoencoder Networks

Neural networks have been widely used in the computer vision community to
achieve specific perception tasks. Those deep networks are optimized to extract
features specific to the task for which they are trained. This learned feature
space is capable of embedding sufficient semantic information for the model to
achieve the target tasks. Given the ability of these models to optimize their
parameters to learn a descriptive feature space, these deep networks were used to
learn a compressed latent feature space that can embed all relevant information
from the input data. Autoencoders use encoder-decoder network architectures to
encode the training data into a compact feature space by leveraging an encoder
and a decoder network. The encoder and decoder are trained together such that
the encoder learns to encode the input data into a compact representation in
the form of a feature vector. This encoded feature vector then becomes a smaller
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representation of the input data, carrying all the relevant information to allow the
decoder to reconstruct the image. The decoder is trained to reverse this mapping
by learning how to decompose the encoded feature vector back to the original
data. Those autoencoder networks were then used for various applications, such
as data compression [32, 184], dimensionality reduction [36, 139].

2.3.1 Autoencoders

Autoencoders are often composed of two networks, an encoder ¢ and a decoder .
As an example, given the set of training images Z = {/,...,/)/} and a sample
image I,,,, the encoder ¢ learns a feature space to compress the image [, into a
latent feature vector z,, = ¢(1,,), where z,, € RY" with N* as the latent dimen-
sion. Then, the decoder 1 receives as input the encoded image z,, and learns to
reconstruct the image I, = 1(z,,). The goal is to reconstruct I/ from the la-
tent z,, as similar as possible to the original image such that I/ ~ ,,, optimizing
the encoder ¢ and the decoder ¢ with the mean squared error (MSE) loss:
1 o
L=+ > 1) (2.12)

=1

From this loss function, both the encoder ¢ and the decoder ¢ are optimized
together to reconstruct an image /,, from the latent vector z,,. Therefore, the
encoder ¢ learns to embed the relevant information from the image /,, into z,,

such that the decoder ¢ can reconstruct an image I, ~ I,,.

2.3.2 Variational Autoencoders

Despite being effective, the applications of autoencoder networks are limited. The
model is optimized to achieve a deterministic mapping between an image /,, and
its latent representation z,,. This leads to an unbounded latent space learned by
the encoder ¢, which maps the training samples to a specific feature vector in the
latent space. In this case, the reconstruction of an image /,, not present in the
training images may not be properly encoded by the encoder ¢ and, therefore,
poorly reconstructed by the decoder 1. To overcome that, the feature space
learned by the encoder ¢ can be regularized to represent the training samples as
a data distribution rather than a deterministic mapping.

Given the training data distribution p(/), a variational autoencoder (VAE) [82]
is trained to encode a sample /,,, ~ p(I) into a latent vector z,,. The difference
from the regular autoencoder is that, instead of optimizing for a one-to-one map-
ping between the image /,,, and the feature vector z,,, the VAE encodes the image

into a continuous data distribution. To do so, instead of directly computing the
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VAE Training Image Generation

€ ~N(0,I)

Figure 2.6: Given image /,,, the VAE is trained to encode the image into a latent
vector z,, given the predicted mean p,, and standard deviation o, given [, and
reconstruct the original image from the latent z,, as I,. New images can be generated
with the trained VAE by sampling random latent vectors 2z’ ~ N(0,I) and decoding

it to a new image /.

feature vector z,,, the encoder ¢ predicts the mean p, and the standard devia-
tion o, of the learned distribution g4(z|/) given the input image /,,. Then, the
feature vector z,, is sampled with respect to the predicted mean p, and standard
deviation o as:

Zm ~ N (pg,04) - (2.13)

In simpler terms, instead of encoding /,,, into a deterministic latent feature z,,,
the VAE encodes the image I, into a random latent z,, within the correspond-
ing predicted mean p, and standard deviation o4, enforcing the learned data
distribution g,(2|/) to be continuous.

Although continuous, the encoder learned distribution g4(z|/) can still be
unbounded. This can lead to the mapping of individual samples from the training
set to specific continuous regions in the latent space, arriving at the same problem
as the standard autoencoder. To enforce the encoder ¢ to learn a bounded and
descriptive data distribution, the VAE is optimized to define a distribution g4(z|/)
that matches a target prior distribution ¢(z). For that, the Kullback-Leibler
divergence, or short KL-Divergence, [125] is used to compute the distance between

both distributions, training the network to minimize this distance:

ﬁlatent = KL(C]¢ (Zm“m) H q (Z)), (214)

where the prior distribution ¢(z) is often defined as a zero-centered isotropic nor-
mal distribution N (0, I). By parameterizing z,, with respect to the mean M
and the standard deviation o4, and approximating the encoder learned data dis-
tribution to a normal distribution, the VAE learns to map the training data
distribution p(/) into a continuous and well-behaved distribution g,(z|/) ~ ¢(2),
which enforces a continuous mapping between the training and latent distribu-
tions.

This variational formulation of the encoder enables the use of VAEs also as

generative models [202]. Novel samples from the training data distribution p(/)
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can be generated with the VAE by sampling a random latent vector 2’ ~ N(0, I).
Then, the decoder v can be used to decode the randomly sampled latent 2’ to gen-
erate a novel sample I' = v(2’). Given that the feature vector 2’ was sampled from
the same distribution as the one the VAE encoder was optimized for, the decoded
image I" would approximate to the training data distribution ¢(z") = I' ~ p(/).
Fig. 2.6 exemplifies the VAE training and the image generation from a random
latent vector 2z’ ~ N (0, I). This VAE formulation is used in Chapter 7 together
with diffusion models to encode 3D annotated data into a latent representation,
generating new labeled 3D scenes by decoding the latent features sampled from
the learned latent distribution.
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Chapter 3

Representation Learning from
Unlabeled 3D Data

Key challenge in developing perception systems arises from the need
for large amounts of annotated data to account for all possible situ-
ations and objects that can appear in the real world. For larger 3D
point clouds, the scalability of data annotation is even more challeng-
ing due to the complexity of labeling these point clouds. At the same time, the
performance of such learning-based systems tightly relates to the amount and the
variability of available training samples. A common approach for overcoming this
is to pre-train the neural network before optimizing it for the target task. Several
works investigate various pre-training strategies, e.g., image reconstruction [63],
image colorization [79], and contrastive learning [21, 64], see also Chapter 2.2.
Contrastive learning pre-training approaches have gained increasing attention
in the computer vision field due to the strong representations learned with them.
The first approaches used an encoder network optimized with the InfoNCE [173]
loss to distinguish between positive samples, i.e., the two augmented samples from
the same anchor image, and negative samples, i.e., the augmented samples from
other images in the mini-batch [21]. The study in the field led to the develop-
ment of more advanced methods, using a siamese network scheme with an online
encoder that is optimized based on the loss gradients, and a momentum encoder
updated as an exponential moving average of the online model [64]. The mo-
mentum network is then used to create a bank of negative samples, implemented
as a first-in-first-out queue. At each training iteration, the feature vectors of
the samples in the batch are computed using the momentum encoder and added
to the feature bank, virtually increasing the mini-batch size and the number of
negatives used to compute the loss. Given the dependency on negative samples,
more recent approaches have proposed adding a few multilayer perceptron (MLP)

layers to the momentum network, introducing asymmetry between the two net-
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works, and eliminating the necessity for negative samples. Such methods were
extended to not only optimize for learning a feature vector per image but also
for learning a pixel-level representation [174], regarded as a pre-training strategy
for more fine-grained downstream tasks, e.g., semantic segmentation, panoptic
segmentation, and object detection.

Such contrastive learning strategies were also proposed as a pre-training strat-
egy for 3D neural networks. The direct application of image-based methods to
the 3D domain however is not straightforward. Especially for scene-scale data,
learning strong representations is more challenging due to the limited features
in the input 3D data compared to images. To encourage the network to learn
more geometrically related features, PointContrast [196] proposes augmenting
the point clouds with several similarity transformations and using the InfoNCE
loss computed over the point-wise features. The network is optimized to learn
strong local features that account for the point neighborhood, ignoring, however,
the scene context. DepthContrast [209] proposed a similar approach using a 3D
encoder CNN to compute a single feature vector to describe the entire 3D scene.
In this case, the network learns to extract a global descriptor for the scene, but,
opposite to PointContrast [196], it ignores the local information for the points.
ContrastiveSceneContext [71] extends PointContrast [196] by dividing the scene
into quadrants and predicting within each point the quadrant to which the point
belongs. This quadrant prediction embeds more global-level features but still

lacks object-level information.

In this chapter, we focus on using the contrastive learning strategy to train
a neural network to learn object-level information from a 3D point cloud. We
leverage an unsupervised ground segmentation method to identify object-related
points and cluster these into individual instances of objects in the scene. Given
the instances of objects in the 3D point clouds, we train an encoder-decoder neural
network to extract point-wise features. The model is optimized to discriminate
between the segments in the scene using the InfoNCE loss, training the network
to embed object-level information without requiring any labels. We evaluate
our approach by first pre-training a neural network with our proposed method
using the SemanticKITTI dataset [5, 54] point clouds without the labels, and
then fine-tuning this pre-trained model for different downstream tasks with the
labels, comparing it with prior 3D contrastive pre-training methods. Given the
object-level representation learned during pre-training, the network pre-trained
with our method achieves improved performance after fine-tuning to the target
perception task compared to prior works and to the network without pre-training.
The experiments demonstrate that the representation learned by the network with
our pre-training embeds relevant information that can be used during fine-tuning,

improving the performance in the downstream task with fewer labels.
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Trained using 0.1% labels
without SegContrast ™"

Trained using 0.1% labels
with SegContrast

Figure 3.1: Results trained with only 0.1% of the labels, trained from scratch (middle),
i.e., without any pre-training, and pre-training with our approach SegContrast (bot-
tom). With SegContrast pre-training, the semantic segmentation can better delineate
the structural information in the scene and better classify the more fine-grained objects,
like trees, traffic signs and poles, highlighted in the black arrows.

3.1 3D LiDAR Data Representation Learning

The main contribution of this chapter is a self-supervised representation learning
method for 3D LiDAR point clouds that is able to learn structural information.
Our method extracts segments from the LiDAR data and uses contrastive learn-
ing to discriminate between similar and dissimilar structures. The learned feature
representation is then used as a starting point for supervised fine-tuning, reducing
the number of labeled training data needed. Our results suggest that our method
can better learn the structural information (see Fig. 3.1) and a more descrip-
tive feature representation during the self-supervised pre-training, outperforming
previous point cloud-based contrastive methods in different evaluations. In sum-
mary, in this chapter we propose a 3D LiDAR representation learning method
that, compared to prior state-of-the-art approaches, (i) is more efficient when us-
ing fewer labels, (ii) can better describe fine-grained structures, and (iii) is more
transferable between different datasets.
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Unsupervised pre-training

F2

Segments pool Dropou + Global
max pooling

Segmentation head

Figure 3.2: (A) From a point cloud P, we extract class-agnostic segments S and then
we generate the augmented views P and P? by data augmentation. We compute the
point-wise features ! and F? and determine the augmented segments S and S? with
its point-wise features using the point indexes of S extracted from P. Then, we apply
dropout followed by global max pooling over each segment, and we project the segment
feature vectors using the projection head to get the final features sl and s2, from
the M segments and compute the contrastive loss. (B) After the pre-training, we fine-
tune the pre-trained backbone for the downstream task, i.e., semantic segmentation.

3.1.1 Owur Approach

Fig. 3.2 provides an overview of our approach. We rely on a class-agnostic point
cloud segmentation to segment the structures in the scene. Unlike most prior
work, our method uses a single backbone and does not require a point-wise map-
ping. We use the online and momentum encoders scheme and a feature bank [64]
during training to increase the number of negatives samples and contrast struc-
tures segmented over different scans. Then, point-wise features are computed
for the whole point cloud and the mapping of the segment is used to extract
the segment-wise points and features. We apply dropout [166] and global max
pooling for each segment and compute a feature vector using an MLP projection
head [21]. After that, we calculate the contrastive loss over the segments and
update the feature bank with these segments features. In the next sections, we
provide more details on the individual parts of our method. The unsupervised
segments’ extraction is discussed in Sec. 3.1.2, the data augmentation applied
to the segments is detailed in Sec. 3.1.3, Sec. 3.1.4 discusses the segment-wise

contrastive loss, and finally Sec. 3.1.5 details the whole pipeline of our method.
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3.1.2 Unsupervised Segment Extraction

Our method relies on segments of different structures in the point cloud. In
outdoor LiDAR data, the different objects in a scene are mainly connected by
the ground and usually better separated compared to indoor scenes. Given this
characteristic, it is comparably easy to extract segments without labels in two
steps by removing first the ground, then clustering the remaining points [7, 56, 67].

Given a point cloud P = {p,,...,pr} with points p, € R? we can fit the
ground plane and partition the point cloud P into ground G and non-ground
points P, such that P = PUG and PNG = 0, similarly to prior approaches [7, 67].
Then, using a clustering algorithm, we can divide P into M segments S,,, such
that P = U%zl S, and ﬂ%zl S, =0, i.e., the segments are mutually exclusive.
Each segment S, in this partition represents a different structure from the original
point cloud.

More specifically, we use RANSAC [50] to fit the ground plane and define
the ground G and non-ground points P. Given the fitted plane and a distance
threshold v, the inliers (ground) and outliers (non-ground) points are partitioned.
We use DBSCAN [46] to cluster the non-ground points P and determine the
segments S,,.

A common problem of such class-agnostic segmentation is the aspect of over-
and under-segmentation [7]. To overcome this and extract representative seg-
ments, we define a minimum number of points £ in a cluster to be considered a
segment. Moreover, since we will have a different number of segments for every
point cloud segmentation, we select the ( segments with the highest number of
points to avoid memory overflow during training. The remaining segments are
also added to the set of ground points G.

Despite its simplicity, this segmentation method can divide the scene into
distinct structures, as illustrated in the Fig. 3.3. To save computations while

training, we cache the segments after the first pass over the point clouds.

3.1.3 Segment Augmentation

With each point assigned to a segment, we apply data augmentations to generate
the segments augmented pairs S* and S%. We extract random views, P! and P?,
by cropping a random cuboid region from the anchor point cloud P [209]. Then,
we apply random augmentations individually over the point clouds P! and P?.
We use random rotation around the z axis, random scale, random flip, random
cuboid dropout [209], point jittering, and rotation perturbations around x, v,
and z axes to augment the views. Two independent sets of augmentations 7
and 72 are defined and applied respectively to each augmented view P! and P2.

By extracting a pair of views and applying those augmentations on the point
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Figure 3.3: From P, we extract the segments S and generate the augmented views P!
and P2. With the augmented views and the segments point indexes, we can extract
the set of augmented segments S' and S2. We highlight some of the structures for a
better visualization of the segments (solid colored squares).

clouds, we indirectly apply augmentations over the extracted segments, see Fig. 3.3
for an illustration. Since we maintain the point segment assignments via the
point indexes during the augmentation, we can easily extract the augmented

segments S! and S? from the augmented views and compute the contrastive loss.

3.1.4 Segment Contrastive Loss

The contrastive loss function is designed to discriminate between the positive and
negative pairs. Following He et al. [64], we use the InfoNCE loss [173], together
with the online and momentum encoders and the feature bank. In this case,
instead of computing the loss with the 2M augmented samples in a mini-batch
of M as described in Sec. 2.2, a feature bank K = {k;, ..., kx} is defined, to store
the last K > M samples during training. Given the pair of positive sample /71n
and I, the feature vector f, is computed from /. with the online encoder,
while the feature vector f2 is computed from /2, computed with the momentum
encoder. At each iteration, the samples computed with the momentum encoder
are stored in the feature bank K, implemented as a first-in-first-out queue. The

temperature-scaled cosine similarity between the feature vectors f? and fg is
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3. REPRESENTATION LEARNING FROM UNLABELED 3D DATA

calculated as described in Sec. 2.2:

]
oo FNEL .

T

—2

The similarity 5}n’m between the positive pairs f. and f2, is then used to

compute the contrastive loss against the K feature vectors stored in the feature
bank K as:

exp (05,17)

exp (84,32) + 3250 exp ((f5,) Thea/7)

In our case, we have two augmented views, P} and P?, from the anchor

L% = —log

(3.2)

point cloud P, from the B point clouds in the mini-batch. For simplicity, we
will omit the subscript b refering from now on to a sample point cloud P, as P.
We compute the point-wise features F! and F? from both augmented views P?
and P? and extract the augmented segments S' and S? from them. Then, we pass
the segments through the projection head to compute the segment-wise feature
vectors s} and s?, from the M segments in the point cloud P. Therefore, we
define our contrastive loss as a segment discrimination computing the similarity

in Eq. (3.1) between the segments feature vectors s} and s2

., computing the

contrastive loss as:
M
£1—)2 — Z £3n—>27 (33)
m=1

where, as in Eq. (3.2), 7 is a normalization temperature parameter and ky, are the
features from the feature bank K as before. Note that the number of segments M
may vary for different point clouds but is the same between the positive pairs S*
and S2.

At the end of each iteration, the feature bank is updated with the segment
features from the current batch, maintaining only the last K segments seen by
the network.

3.1.5 Pre-Training Strategy

Given one input point cloud P and its augmented pair P! and P?, we use the
backbone to compute the point-wise features F* and F2. We use the entire point
cloud during the backbone forward pass to learn the relationship between the seg-
ments and the scene. Then, we extract the augmented segments S! and S? from
the point cloud with its point-wise features. Next, we apply dropout and global
max-pooling over each segment to compute a feature vector. This feature vectors
are then passed through the projection head to get s} and s, and calculate the

contrastive loss.
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3.2 Experimental Evaluation

In this section, we present our experiments to show the capabilities of our method.
We compare our method to the state of the art and show that our approach is
more efficient when using fewer labels, can better describe fine-grained structures,
and is more transferable between different datasets.

3.2.1 Implementation Details and Experimental Setup

Our experimental setup follows the usual evaluations on contrastive learning
methods. First, we pre-train the backbone using our contrastive method. Then,
we fine-tune it on different setups for a more in-depth ablation.

Datasets. We used the SemanticKITTI [5, 54] and SemanticPOSS [135]
datasets for the self-supervised pre-training and fine-tuning, both collected in an
outdoor urban environment. During pre-training we use the scans without the
annotations, and later fine-tune the pre-trained models with the scans labels to
compare the performance of the different pre-training strategies.

Model architecture. We compare our approach to PointContrast [196]
and DepthContrast [209], using their official implementations for pre-training
and data pre-processing. We use MinkUNet [34] as the backbone for all the
pre-training strategies. The MinkUNet employs sparse convolutions for 3D pro-
cessing, enabling the processing of large point clouds. As the projection head,
we use two linear layers as proposed by Chen et al. [21], which is also used in
DepthContrast [209], and we set p = 0.4 for the dropout layer.

Pre-training. For pre-training, we use the stochastic gradient descent opti-
mizer with a momentum of 0.9 and set the learning rate to 0.12 and the weight
decay to 0.0004. We use a cosine annealing learning rate schedule [101] with
a minimum learning rate of 0.00012, following the pre-training scheme used
by Zhang et al. [209]. For the class-agnostic segmentation, see Sec. 3.1.2, we
set v = 0.25cm, £ = 20 and ¢ = 50, which are the RANSAC distance threshold,
the minimum number of points per segment and the maximum number of seg-
ments extracted per point cloud, respectively. For all the methods, we randomly
sample 20,000 points from the entire point cloud after data augmentation to limit
the number of points per sample, and we pre-train the backbone for 200 epochs.
Given the size of SemanticKITTI, we use K = 8,152 for the feature bank of the
DepthContrast [209] method. For our approach, we set it to K = 65,536, with
the temperature parameter 7 = 0.1. It is important to highlight that we have
a bigger feature bank since we save the M segments features extracted from the
point cloud instead of the complete point cloud. For our method and DepthCon-
trast [209], we use batch size 8, and for PointContrast [196], we use batch size 16
to maintain the batch size 4 per GPU as in the original paper. Given the Point-
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3. REPRESENTATION LEARNING FROM UNLABELED 3D DATA

Contrast [196] method characteristics, it is known that batch size change may
affect the approach performance. However, we used the same cluster with four
NVIDIA GTX1080TI 12 GB GPUs for all the methods to make the comparisons
as fair as possible.

Fine-tuning. For the semantic segmentation experiments, we use stochas-
tic gradient descent with momentum of 0.9, learning rate of 0.24, and weight
decay of 0.0004. We also use a cosine annealing scheduler with a minimum
learning rate equal to 0.00024, following the semantic segmentation setup used
by Tang et al. [168]. We set the batch size to 2 and randomly sample 80,000
points per point cloud during training. For the object detection experiment, we
use PointRCNN [160] as the base detector, and the same 5% label set used by
Zhang et al. [209] for a fair comparison. For all the experiments, we use one
NVIDIA RTX2080 Super 8 GB GPU. The experimental results are collected in
the validation sequences from both datasets, i.e., sequence 8 for SemanticKITTI
and sequences 4 and 5 for SemanticPOSS. In both datasets, the validation se-

quences were not used for pre-training or fine-tuning.

3.2.2 Fine-Tuning for Semantic Segmentation

In this evaluation, we want to measure the semantic information learned by the
network during pre-training. We fine-tune the pre-trained network to semantic
segmentation on SemanticKITTI and SemanticPOSS after pre-training on Se-
manticKITTI without the labels.

3.2.2.1 Label Efficiency

The first experiment evaluates the robustness of the features learned from the
different representation learning methods by fine-tuning it to the semantic seg-
mentation task using the SemanticKITTI dataset. Since it is a larger dataset,
we can divide it into different label percentage regimes and increasingly compare
it to support our first claim. We define five different label percentage regimes,
i.e., using 0.1%, 1%, 10%, 50%, and 100% of the labeled training data, where we
select a fixed subset of scans from the dataset given the regime percentage. Ev-
ery subset is chosen from the entire dataset, such that all the classes are present.
When training with fewer labels, the total number of training iterations will de-
crease accordingly. Therefore, we increase the number of epochs as we reduce
the number of training scans to achieve convergence at every label regime (see
Tab. 3.1).

Fig. 3.4 gives a qualitative comparison between the different contrastive meth-
ods and the network without pre-training when training with 0.1% of the labels.

From the top views, we observe that the network trained from scratch could not
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3.2. EXPERIMENTAL EVALUATION

Table 3.1: Number of training epochs used for different label regimes on Se-
manticKITTIL.

Label regime 01% 1% 10% 50% 100%
Number of epochs 300 120 40 20 15

Ground truth PointContrast DepthContrast Without pre-training SegContrast (Ours)

i P
e

2 e e B
Sy i1

‘.

Figure 3.4: Qualitative results on three different validation scans (rows). We show

results of the networks fine-tuned with only 0.1% of the labels that are pre-trained
with different contrastive methods or trained from scratch (without pre-training). We
compare the results from PointContrast [196], DepthContrast [209] and our method,
SegContrast. With our pre-training, SegContrast, the fine-tuned network can better
distinguish the different structures, i.e., sidewalk and road, as shown by the highlighted
areas (solid red circles).

learn much structural information, leading to a noisy division between different
structures. This same noisy division is seen in the other contrastive methods. Our
approach better learns the structural information of the point clouds, which leads
to better boundaries between different structures. This improvement can also be
seen in more fine-grained classes, e.g., pole and traffic signs, shown in Fig. 3.1.

Tab. 3.2 shows the results on the different label regimes. All methods per-
form better than training from scratch, i.e., without pre-training, and the gap
between the results diminishes as the number of scans used for training increases.
Our method is better at lower label regimes. As the amount of labels increases,
DepthContrast [209] achieves a comparable performance. At the full label train-
ing, all the methods converge to a similar result as training from scratch. This
is expected since the data used for pre-training and fine-tuning are the same.
The evaluation shows that our approach performs better when using fewer labels
compared to the other contrastive learning methods, being able to better describe
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3. REPRESENTATION LEARNING FROM UNLABELED 3D DATA

Table 3.2: Fine-tuning at different label regimes on SemanticKITTT for semantic seg-

mentation using mean intersection-over-union (mloU).

mloU [%] 1
Method 0.1% 1% 10% 50% 100%
Scratch 2559 41.70 53.87 5834 59.63

PointContrast [196]  28.52 43.40 53.79 57.30 59.77
DepthContrast [209] 33.51 46.41 56.29 58.54 59.88

SegContrast (Ours) 34.78 47.41 55.21 5833 60.53

the different structures in the point cloud.

3.2.2.2 Linear Evaluation

A typical experiment used for image-based contrastive methods is the so-called
linear evaluation. This evaluation freezes the pre-trained backbone and trains
only a linear layer on top of it to compare how well the feature representation
can describe the different classes, even without fine-tuning the whole network.
This evaluation is done to analyze how well the pre-trained network can describe
the different objects in the scene by only fine-tuning a classifier on top of the pre-
trained network features. Our experiment follows the same setup, the pre-trained
backbone weights are frozen, and we train only a linear segmentation head. The
result of this experiment supports our claim that our method can learn a feature
representation that better describes fine-grained structures.

Tab. 3.3 displays the results of the linear evaluation over the different self-
supervised contrastive methods and over the randomly initialized network with-
out pre-training for a lower bound on the performance. DepthContrast [209]
shows the worst performance in this evaluation, which indicates that the method
cannot learn a feature representation as descriptive as the other methods. Point-
Contrast [196] shows a better performance, since the method uses a point-wise
contrastive loss. Furthermore, when looking at the underrepresented classes,
e.g., parking, trunk, fence, pole or traffic sign, our method outperforms the other
methods. PointContrast [196] achieves a higher mIoU by learning the more rep-
resented classes, e.g., road, building. In contrast, our method seems better suited

to represent the fine-grained classes.

3.2.2.3 Generalization

In the third experiment, we evaluate the generalization of our learned feature rep-
resentation. The results support our claim that our method is more transferable

35



3.2. EXPERIMENTAL EVALUATION

Table 3.3: Linear evaluation mIoU and per-class intersection-over-union (IoU) pre-trained and evaluated on SemanticKITTI.

IoU [%] 1
Method road sidewalk parking building car vegetation trunk terrain fence pole traffic-sign mloU
Without pre-training 30.61  2.72 0.0 5.56  0.02 42.39 0.0 0.05 024 0.0 0.0 4.29
PointContrast [196]  70.61 37.00 0.0 83.37 88.93 75.10 33.26 53.93 8.66 5.55 0.0 24.02
DepthContrast [209]  40.68  5.35 0.0 54.81 59.43  65.30  24.55 17.56 13.50 20.47 0.0 15.91
SegContrast (Ours) 59.02  30.83 0.5 7168 80.23 73.13 34.56 37.51 15.68 40.59 0.19 23.36
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Figure 3.5: Comparison between contrastive pre-trained networks fine-tuned to the
SemanticPOSS dataset with the network trained from scratch. At the beginning of
training, our method shows a comparable performance to supervised pre-training on
SemanticKITTI, evidencing that our learned feature representation is as robust as the

supervised pre-training.

between different datasets. We use SemanticKITTT for unsupervised pre-training
of the backbone with different contrastive methods or use the commonly used su-
pervised pre-training. Then, we fine-tune the differently pre-trained networks
on the SemanticPOSS dataset and compare their performance. SemanticPOSS
is smaller than SemanticKITTI, which gives a setup aligned to standard image-
based setting, where a larger dataset, e.g., ImageNet [38], is used for pre-training

and then fine-tuning is performed on smaller datasets.

Fig. 3.5 displays the network performance in different training epochs during
fine-tuning. Here, we see a comparable performance of the unsupervised and
supervised pre-training. As shown, after only one training epoch, our method
shows a considerably better performance than the other contrastive methods and
achieves the same performance as the supervised pre-training. Even though our
approach does not use any labels, our method learns a feature representation com-
parable with the supervised pre-training on SemanticKITTI. This result suggests
that our method can learn a more general feature representation than previous

methods and it seems to be more suitable for fine-tuning on a different dataset.

Tab. 3.4 displays the results of the different contrastive pre-training methods
and the supervised pre-training on SemanticKITTI. The pre-training methods im-
prove the network performance at the lower label regimes, but previous methods
cannot surpass the supervised pre-training. However, our method outperforms

both self-supervised and supervised pre-training at all label regimes. This exper-
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Table 3.4: Pre-training with SemanticKITTI and fine-tuning on SemanticPOSS with
different label regimes showing mloU.

mloU [%] 1
Method 0.1% 1% 10% 50% 100%

Without pre-training 33.09 43.14 5727 63.34 64.22
Supervised pre-training 42.88 54.40 60.22 64.26 64.54

PointContrast [196] 31.78 49.06 56.49 62.93 64.30
DepthContrast [209] ~ 41.94  52.66 59.27 64.00 64.65
SegContrast (Ours) 43.69 55.21 60.33 64.58 64.86

Table 3.5: Linear evaluation on SemanticPOSS with pre-training on SemanticKITTI
using mloU and accuracy.

Method mloU [%] T Accuracy [%] T
Without pre-training 6.32 42.46
PointContrast [196] 24.79 72.55
DepthContrast [209] 16.41 63.09
SegContrast (Ours) 31.51 73.51

iment indicates the robustness of the learned representation when fine-tuning to
a different LIDAR data, exceeding even the supervised pre-training.

In Tab. 3.5, we show the linear evaluation over the SemanticPOSS with the
network pre-trained on SemanticKITTI. DepthContrast [209] shows the lowest
performance in this evaluation, showing that the feature representation is less
descriptive when transferring to a different dataset compared to the other meth-
ods. Our method surpasses the other approaches, outperforming them by a large
margin. These results suggest that our approach can learn a point cloud repre-
sentation transferable across different datasets and LiDAR sensors.

Finally, we evaluate the self-supervised pre-training on SemanticKITTI and
SemanticPOSS, fine-tuning it on SemanticPOSS. In Tab. 3.6, we show both the
linear evaluation and the fine-tuning. As we can see, the performance of the pre-
training on SemanticKITTI is better on both experiments. We can see that we
obtain a performance gain using a large dataset for self-supervised pre-training.
This also highlights the generalization of the feature representation achieved by
our method. The pre-training on SemanticKITTI performed better than on Se-
manticPOSS, even though both datasets were collected with a different LiDAR

sensors and different sensor mounting positions.
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Table 3.6: Fine-tuning perfomance in mloU on SemanticPOSS with pre-training on
SemanticKITTI and SemanticPOSS using our method.

mloU [%] 1

Dataset Linear evaluation Fine-tune
Without pre-training 6.32 64.22
SemanticPOSS 29.68 64.31
SemanticKITTI 31.51 64.86

3.2.3 Fine-Tuning for Object Detection

For a more complete evaluation, in this experiment we also compare the methods
fine-tuning to object detection. Tab. 3.7 presents our results on the object de-
tection task on the KITTI dataset [54]. In this experiment, we use the same 5%
labels set used by Zhang et al. [209]. With 100% of labels, the comparison be-
tween the network without pre-training and the pre-trained models shows no
significant difference. Since we use KITTTI for pre-training and fine-tuning, this
is expected since no new data is seen during pre-training. With 5% of labels, it is
possible to show the gain of the pre-trained network. Except for the pedestrian
class, all the methods outperform the network without pre-training by a large
margin. In the car and cyclist classes, our method surpasses previous methods
in almost all the difficulties. These results indicate that our approach can learn
a robust feature representation, suitable for fine-tuning to different downstream

tasks and outperforming previous methods when using fewer labels.

3.3 Related Work

Pre-training a neural network is often a better alternative to random network
weights initialization. Different pre-training strategies have been studied in the
computer vision field as a way to train neural networks to learn strong represen-
tations in a self-supervised manner, reducing the need for labels. In this section,
we discuss related self-supervised representation learning studies in the image and
3D point cloud domains, aiming to achieve both global and local representations.

Self-supervised representation learning methods define a pretext task to
train a network without any labels. Prior works [13, 59, 60, 74, 109, 193] defined
reconstruction pretext tasks to learn useful representations, such as solving jigsaw
puzzles [59, 74, 109] or reconstructing masked data [13, 60, 193]. To learn more
descriptive representations, contrastive learning was defined as a discriminative
task optimized directly at the feature level [21, 22, 23, 58, 64, 173, 205]. Those
methods take advantage of data augmentation to generate two distinct versions
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Table 3.7: Fine-tuning with 5% and 100% of labels on KITTT for object detection showing mAP.

Car Pedestrian Cyclist

mAP [%] 1

100% labels
Method Easy Moderate Hard | Easy Moderate Hard ‘ Easy Moderate Hard
Without pre-training 91.46 81.77 79.92 | 68.29 63.76 58.07 | 90.65 73.35 70.05
PointContrast [196] 91.44 81.83 79.85 | 69.81 63.56 58.13 | 90.48 73.87 69.81
DepthContrast [209]  91.79 81.48 79.90 | 66.39 60.44 55.41 | 92.45 74.69 71.18
SegContrast (ours) 91.97 80.17 79.79 | 67.46 62.71 56.42 | 90.71 75.38 70.79

5% labels
Method Easy Moderate Hard | Easy Moderate Hard | Easy Moderate Hard
Without pre-training 79.33 63.83 58.92 | 69.34 61.72 54.49 | 84.48 61.82 57.80
PointContrast [196] 80.83 66.52 61.70 | 69.75 62.77  55.71 | 88.82 67.53 63.17
DepthContrast [209]  82.32 67.61 62.99 | 69.81 62.37 55.13 | 87.52 66.91 62.50
SegContrast (ours) 82.62 68.27  64.41 | 69.10 61.59 54.49 | 88.70 68.48 64.35
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of an anchor sample, creating a positive pair. Then, the network is trained to
learn a feature representation that maximizes the similarity between this positive
pair and minimizes the similarity with other so-called negative samples. The
representation learned without labels during the contrastive training can then be
fine-tuned to specific downstream tasks, often achieving better performance in
those tasks. With this contrastive pre-training strategy, recent works have been
able to improve the performance of various image-based classification methods
using fewer or even no labels [21, 22, 23, 58, 64, 173, 205] compared to a network
with randomly initialized weights trained with task-specific labels.

More recent contrastive learning works focus on fine-grained tasks, such as
semantic segmentation [174, 179] or object detection [66]. In this case, the dis-
criminative pretext task remains the same. However, the network is also opti-
mized for discriminating specific regions in the image. The image is divided into
segments using a class-agnostic segmentation approach, and the contrastive loss
is applied over the features extracted from the image segments [66, 174]. Other
methods proposed using augmented positive pairs to optimize the network at the
pixel level [179, 192]. Such works improve the network performance for more
fine-grained tasks using the contrastive loss for pre-training [66, 174, 192] or as

an auxiliary supervised loss [137, 179].

3D self-supervised representation learning has been studied, given the
compelling results of contrastive learning methods on 2D image data. Early
works focus on learning representations from single-object 3D point clouds [48,
87, 108, 155]. Such works directly apply the contrastive learning strategy from the
image domain to 3D point clouds of objects. Other works aim at more complex
scene-level 3D perception tasks [71, 196, 209]. These studies focus on learning
representations from 3D point clouds, targeting point-level perception tasks, such
as semantic segmentation [168, 218] and object detection [24, 142]. As a direct
application of the image domain contrastive strategy, Zhang et al. [209] propose a
global contrastive loss for 3D point cloud data. As in the image domain, a pair of
augmented views is generated for each point cloud, i.e., the positive pair. Then,
the other augmented scans are used as negative samples, and the contrastive
loss is computed over the extracted features from these scans. This scan-wise
discrimination trains the network to learn a global representation from the 3D
point cloud of the scene. Such a global descriptor ignores the local information
around the points in the scene. This lack of point-level representation impacts
the application of the pre-trained network to fine-grained 3D perception tasks.

Differently, Xie et al. [196] define the contrastive objective as a point-level
discrimination task. Given a sequence of LiDAR scans, the relative poses be-
tween scans are used to determine corresponding points between consecutive point

clouds. The contrastive loss is defined as a point-wise objective, with the corre-
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sponding points as positive pairs and the non-corresponding points as negatives.
In contrast to Zhang et al. [209], the network in this case is optimized with point-
wise features. Still, this point-wise contrastive loss ignores higher-level informa-
tion about the scene despite learning a point-level representation. Hou et al. [71]
add more context to the point-wise contrastive pre-training by dividing the scene
into different spatial partitions. Then, together with the contrastive loss, the
network is optimized to predict the corresponding partition for each point. In
this case, spatial information is embedded with the point-wise features together
with the local information learned via the contrastive objective.

Despite promising results, those works either focus on global context, i.e.,
scan-level features, or local context, i.e., point-level features. Given the complex-
ity of outdoor 3D point clouds, neither global nor local representations account
for the distinct objects and structures present in the scene. In this chapter, we
detail our proposed contrastive representation learning method for 3D LiDAR
data used in autonomous driving. We extract class-agnostic segments from the
point cloud and propose a contrastive loss to be applied over the extracted seg-
ments. Distinct from prior work, our representation learning method learns more
contextualized information by discriminating between segmented structures in

the point cloud, learning a more robust and descriptive embedding space.

3.4 Conclusion

In this chapter, we presented a novel representation learning approach for LIDAR
point clouds in outdoor environments. Our approach exploits the characteristics
of outdoor LiDAR data to extract class-agnostic segments and applies the con-
trastive loss over these segments. Our pre-training strategy enables the training
of a neural network to learn fine-grained object-level information without labels,
thereby decoupling the scaling of training data from the data annotation. We
evaluated our strategy on different datasets and provided comparisons with other
state-of-the-art feature representation learning approaches. The experiments sug-
gest that our approach can learn a more robust feature representation than pre-
vious works, outperforming them on different downstream tasks. Furthermore,
our self-supervised feature representation is more transferable when fine-tuning
on a different target dataset, outperforming even the supervised pre-training.
We assessed our method with different evaluations. First, our approach
demonstrated better performance than prior methods when fine-tuned to the
various perception tasks, particularly in the limited label regime. Additionally,
we evaluated the learned representation using the so-called linear evaluation,
which fine-tunes only a semantic segmentation MLP on top of the self-supervised

learned representations. In this evaluation, our approach demonstrated superior
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performance on underrepresented classes compared to prior global- and local-level
methods. Finally, we evaluated the transferability of the learned representations
by fine-tuning the pre-trained network on a different dataset than the one used
for pre-training, which was collected with the same LiDAR sensor. In that case,
our method achieved better performance, even when compared to supervised pre-
training, where the network is directly pre-trained for the same perception task.

In the next chapter, we discuss how to extend this segment discrimination
pretext task to also consider temporal information. The data augmentations
applied to the point clouds described in this section may not portray the view
changes of an object with respect to its position changes over time during the data
collection process. This gap between virtual and real data transformations can
hinder the representation learned by the network. By detecting corresponding
segments within a sequence of LiDAR point clouds, we enable the network to
learn stronger representations invariant to the objects’ transformations inherent
in the LiDAR sensor’s sparse data.
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Chapter 4

Temporal Representations from
Unlabeled 3D Data

EGMENT-LEVEL contrastive learning as the method discussed in the pre-

vious chapter enables the training of neural networks to learn object-level

representations that we can fine-tune to different perception tasks, re-

ducing the requirement for data annotation. Still, given the sparsity of
the LiDAR point clouds, the way an object is depicted in the point cloud can
change drastically depending on the position of the object with respect to the
sensor. This can impact the representation learned by the network, as no direct
information about those view changes is given to the model during training. The
data augmentation process used by the contrastive training tries to address this
by generating different versions of the same object via similarity transformations
applied to the point clouds. However, the augmentations applied during training
might be insufficient to replicate the changes that occur in the real world. When
considering individual LiDAR scans, such an object’s aspect change can hinder
the network training. However, we can train the network to learn stronger rep-
resentations that rely not only on virtual data augmentations but also on real
augmentations by matching those distinct views of an object inherent to sequences
of LiDAR scans.

Sequential data is leveraged in the image domain to learn more robust repre-
sentations by optimizing the network to extract features invariant to the object
changes within consecutive images. To achieve this, videos are used to train a
network to match representations within consecutive frames, rather than con-
sidering only individual images [8, 77, 134, 143|. Similar to the standard image
contrastive learning approach, those methods were trained to distinguish between
negative and positive pairs. However, positive pairs are sampled from consecu-
tive frames, trying to embed visual and geometric information from the changes

within the video frames. Some approaches have been proposed to extend the
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Figure 4.1: Our pre-training (TARL) can reduce the amount of necessary labels during
fine-tuning on SemanticKITTI [5, 54]. Our method requires only 10% of labels to sur-
pass the network trained from scratch with the full dataset for semantic segmentation.

For panoptic segmentation, our method requires only half of the labels.

frames’ discrimination to more complex pretext tasks. For example, classifying
whether two random clips from the same video overlap or not [77], separating
between stationary and non-stationary features [8], or defining positive and neg-
ative pairs regarding motion cues extracted from the video frames [40, 92]. Those
video-based contrastive learning methods often lead to stronger representations

learned by the network, as they embed both visual and temporal aspects.

As for images, the temporal correspondences of 3D LiDAR frames can be
exploited to learn representations invariant to view changes. While collecting
data, a vehicle equipped with a LiDAR sensor moves around the environment,
collecting consecutive 3D point clouds. If we consider global-context contrastive
learning methods [213], the information about the order in which the point clouds
were collected is sufficient to also embed temporal information into the network
training process, as in video contrastive learning methods. However, for the
segment-level contrastive learning described in the previous chapter, we also need
segment-wise correspondences between frames to define the positive and negative
segment pairs. Then, segment-wise discrimination can be employed to train the
network to learn representations that incorporate geometric information about
the objects in the scene and their view changes over time, achieving stronger
geometric representations invariant to changes in the objects’ characteristics.

In this chapter, we extend the segment-wise discrimination method described
in the previous chapter to the temporal domain. We exploit the sequence of point

clouds collected with the LIDAR sensor to aggregate consecutive scans based on
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their relative poses, inspired by video contrastive learning methods. Then, the
unsupervised segments extraction defined in the previous chapter is applied to
define segments of objects over time. Temporal views of the same object over the
individual scans are defined by maintaining the mapping between the points in
the aggregated point cloud and the individual LiDAR scans. The segment-wise
contrastive learning is then applied over the temporal views of segments in the
scene, learning temporally consistent representations that are invariant to the
object aspect changes inherent in LiDAR data. As in the previous chapter, we
evaluate our proposed temporal representation learning method by fine-tuning the
trained model to different downstream tasks. Our proposed method demonstrates
improved performance compared to the temporally agnostic method described in
the previous section and to other self-supervised representation learning methods,
requiring only a fraction of the labels as illustrated in Fig. 4.1.

4.1 Temporal Consistent 3D LiDAR

Representation Learning

The main contribution of this chapter is a temporally-consistent representation
learning method for 3D LiDAR data designed for autonomous driving data. We
exploit the vehicle motion to extract different views of the same objects across
time. Then, we train a network to maximize the similarity between point-wise
features from the same objects in the point clouds collected at different points
in time, embedding the objects’ dynamics. This temporally-consistent features
optimization leads to a stronger representation learned by the model, improving
performance on different perception tasks while requiring less annotated data.
In summary, the key contributions of this chapter are (i) a self-supervised pre-
training method for 3D LiDAR data able to learn temporally-consistent repre-
sentations, (ii) which achieves better performance than previous state-of-the-art
methods on different downstream tasks, (iii) requires only 10% of labels to surpass
the network trained from scratch for semantic segmentation using the complete
SemanticKITTI training set (Fig. 4.1), and (iv) provides representations more
suited for transfer learning than supervised pre-training, achieving better perfor-
mance when fine-tuning to a different dataset.

4.1.1 Owur Approach

In this chapter, we propose a new self-supervised representation learning method
able to learn temporally consistent representations for LIDAR data obtained in
the context of autonomous driving. Our approach requires only unlabeled point

clouds and their corresponding relative poses. Pose information is usually readily
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Figure 4.2: Overview of our approach. We aggregate n point clouds and extract seg-
ments S from it by removing the ground and clustering the remaining points. Then we
sample two point clouds P! and P?2, and apply random augmentations 7' and 72
to them. Next, we compute point-wise features for each scan and list its segments S
and S*2 with their corresponding point features. For S2 we compute the mean fea-
ture vector for each segment and compute the segments target embeddings %2 with
a projection head. For S we use a point-wise projector followed by a predictor to
identify for each segment point features sf}w the corresponding target embedding 52
by minimizing the loss £ 7?2,

available by means of GPS/IMU, odometry approaches [37, 178], or SLAM sys-
tems [6, 26], thus, this is not a limitation in practice. As in the previous chapter,
we use a siamese network scheme with an online and a momentum network, illus-
trated in Fig. 4.2. The pipeline consists of extracting objects as coarse segments
viewed at different times over an interval of scans. Then, point-wise features
are computed with the backbone and a transformer encoder projector. Finally,
we perform an implicit clustering to put points from different views of the same
object together. In the following subsections, we explain the individual steps of

our method.

4.1.2 Temporal Objects Views

Instead of only using data augmentation to generate artificial views of one object,
we exploit the vehicle motion to extract real-world object segments viewed from
different perspectives. Given the vehicle motion and the properties of LIDAR sen-
sors, one object can have different appearances depending on its position relative
to the sensor. Such changing appearance is usually a problem when fine-tuning
the model to data collected with different sensors [2, 75, 88, 203]. However, we
exploit these properties in our favor to extract natural augmented views of one
object. Previous works [29, 71, 76, 128, 196, 213] relied only on data augmentation
to generate pairs of one scan, such as rotation, translation and scaling. Instead,
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Figure 4.3: Temporal segments generation. We aggregate n point clouds from different
times and extract coarse segments from the aggregated point cloud in an unsupervised
manner. We keep the point indices mapping to extract views at different times from
one object as augmented pairs.

we extract object views collected from different perspectives by the LiDAR sensor
while the vehicle navigates through the environment. We then apply augmenta-
tions over the associated scans captured at a different time and train the network
to learn a common representation for the object different views.

We define a point cloud at time t as P* = {p!, ..., p%} with points p € R.
To extract coarse object segments in an individual scan, we first separate P? into
ground G' and non-ground points P! in an unsupervised manner using the method
proposed by Lim et al. [96], where P! = P'UG! and P' N G' = . Afterwards,
we cluster the non-ground points P into M segments St = {St, ..., S, } using
HDBSCAN [15], where Pt = JY_ St .

To map different segment views at different times, we define an interval of n
scans from which the views of the object will be extracted. Those scans are
transformed to a common global coordinate frame to be then aggregated. The
global scan poses can be easily acquired with GPS/IMU, SLAM systems |6,
26], or LiDAR odometry [37, 178]. The aggregated point cloud P is given
by P = {PiTL pi+t2 Pt} Similarly, we aggregate the individual ground seg-
mentation labels G = {G! G2 . G} and get the aggregated non-ground
points P = {P+1 P+2 P11 Agin the individual scan case, we cluster P to

get the M segments S = {Si, ..., Sy }. By keeping the point index mapping from
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Figure 4.4: Temporal batch example, for an interval of n = 6 point clouds P. We
divide a sequence of N scans into batches By where we sample ¢; from the beginning
and t9 from the end of the interval. Then, the next batch starts in the middle of the

previous interval.

the aggregated point cloud to the individual n scans, we identify the n segments
of the same object viewed at different times as S, = {SL, ..., St} We then
list the temporal views from each of the M segments in the aggregated point
clouds as Sy = {SiT, ..., S . S L S

To properly segment views of both static and moving objects, we assume a
LiDAR at the commonly used frequency of 10 Hz, where the scan overlap is usu-
ally enough to cluster together also moving objects, as depicted in Fig. 4.3. With
this procedure, our augmented pairs are views of the same object at different
times from static and moving objects. By maximizing the similarity between the
object views at different times, the network needs to learn a more general repre-
sentation consistent across time and embed the object dynamics. In Sec. 4.2.5, we
provide an experimental comparison between the pre-training using the temporal
object views as augmented pairs and with augmented pairs generated only with

data augmentation to validate the use of temporal views.

4.1.3 Temporal Batch

During pre-training, we need to sample a subset of n consecutive scans from
the training sequence to be aggregated and extract the temporal object views
as explained in Sec. 4.1.2. This sample will be used during pre-training to learn
a temporal consistent representation for the segmented objects. For a sequence
of N point clouds, we divide it into batches B with intervals of n scans. During
the pre-training forward pass, we sample two scans at different times, t; and .
Since the goal of this temporal sampling is to have different views of the same
object, we enforce this by sampling ¢; from the beginning and ¢, from the end
of this n scans interval such that ¢; < 2 and ¢y > 2%. In this case, the scans
between 7 <t < 2% would never be sampled. To also process those scans, the
next batch starts at this unseen interval. Therefore, for a batch sample B, the n

scans from the sequence of N point clouds are B, = {P*|by <t < b% + n}.
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In Fig. 4.4, we show how the batches would look like in an example with scans
interval n = 6. Even though we do not sample ¢ from Z <t < 2%, we still need
to aggregate and cluster these scans to correctly segment dynamic objects and
match their correspondences between the scans. With this sampling scheme, we
guarantee that the objects views will be distant in time and still all the data will

be seen during pre-training.

4.1.4 Implicit Clustering

With our coarse object segments S, we have the prior that points from the same
segment should be semantically similar. Given that we rely on a set of object
segments, one straightforward way to distinguish the learned embeddings is to
cluster together point features from the same object. Differently from the previous
chapter, we want to maximize the similarity of the point-wise feature vectors
rather than only maximizing the similarity between segment-wise feature vectors.
Recent methods propose an online clustering scheme to separate samples around
a fixed number of prototype learnable cluster centers [17]. In our case, we aim
at clustering point features from the same object close together but in a more
straightforward way with an implicit clustering.

Given the temporal sampled pair P! and P*? from a batch sample B,, we com-
pute point-wise features F' and F® with the online and momentum encoders
respectively. As the target embedding, we list from F*2 the set of M segments S*2.
We compute for each segment a mean representation from its point-wise features,
and project this embedding with a self-attention transformer encoder as a pro-
jection head to get the M target mean feature vectors 32 € RM*N°" where Nout
corresponds to the feature dimension.

The segments S are listed from the point-wise features F. For S, we do
not compute mean embeddings but keep the features at point level, using the
transformer encoder to compute point-wise intra-class correspondences. To deal
with the attention mechanism large memory requirement, we set a maximum
number of P points per segment, which are randomly sampled. After sampling P
points for each segment, we input the segments S point-wise features to the
transformer projection head, followed by another self-attention transformer en-
coder as a predictor. We then get for each segment the P point-wise feature

out
vectors sft € RM*PxN™

With the segment target mean representations 2 and the predicted point-
wise feature vectors s for each segment, we compute the loss to minimize the
differences between the point features and the corresponding segment mean repre-
sentation. For each point p from a segment m, we compute the temperature-scaled

. . . . . . . . out
cosine similarity 52:? between the normalized point-wise embedding sft » € RN
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Figure 4.5: Diagram of the implicit clustering scheme. We pool the segments S
and S’ from the backbone features. For t3, we compute a mean representation for each
segment and project it with the transformer projection head. For t;, we project the
point-wise features and then use the transformer predictor to predict the corresponding
mean representation from ts, clustering the point-wise features close to its mean target

representation.

. — out
and the mean representation 3;> € RY™ from a segment k as:

t1—ty (Stl )Tgff
m,p,k '

mp (4.1)

-
Next, we use the cross-entropy loss to maximize the similarity between each

point p from a segment m and the corresponding target segment mean represen-
tation as follows:

P
6t1—>t2
Lot = — 3 log ( DO ) )) . (4.2)

We compute this loss for all the M segments and sum it to get the loss for
predicting segments from ¢, with the points of the segments from t¢;:

M
L7 =" ght (4.3)

m=1
With this formulation, our task is to predict for each point in the segment
at time t; the corresponding segment at t5. Since the target for all the P point
embeddings sf}w from a segment m is the same mean segment representation 82,
the loss will push all the points from a segment to converge to a mean represen-
tation while separating from other segments, implicitly clustering together points

from the same object as shown in Fig. 4.5.
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Lastly, we repeat the forward pass swapping t; and ¢, to have a symmetric
representation, learning both the correspondences from t; — t, and from ¢, — t;
leading to:

Lrapy = L0702 4 L2770 (4.4)

In the next section we give an intuition behind our choice of projection head,
and how it can help the model to learn a more fine-grained representation.

4.1.5 Transformer Projection

Self-supervised representation learning methods [21, 27, 64] typically add a non-
linear projection head to the backbone to project the embeddings to the target
feature space. The idea is that the backbone should learn general features, and
this projection head will overfit to the pre-training pretext task and later be
discarded during fine-tuning. Our projection scheme follows more recent meth-
ods [23, 58], which show that an asymmetric network can improve the learned
representation. Besides, with the prior that points from one segment should be
similar, we want to focus on the point-wise relationships. Therefore, we replace
the non-linear projection head with a self-attention transformer encoder [175].

In our siamese network scheme, the online updated network computes point-
wise features. In this case, the queries, keys, and wvalues for our transformer
projector will be point-wise features. We aim to learn intra-class features with
the attention mechanism and identify correspondences between the points from
one segment. In contrast, the momentum updated network computes a mean
feature vector for each segment. In this case, the attention mechanism should
look for similarities and differences within the different objects segments in the
scene. By using the self-attention over points and segments we aim at learning,
at the same time, point-wise correspondences while also learning the differences
between segments.

With the transformer projector, the pre-training can guide the learned features
towards a more fine-grained representation, where intra-class point-wise features
are matched with the individual segment features. Sec. 4.2.5 provides ablations

comparing the transformer with the commonly used non-linear projection head.

4.1.6 Pre-Training Strategy

Sec. 4.1.2 to 4.1.5 explain the individual steps of our approach. This section
summarizes the entire pre-training, putting together the modules explained in
the previous subsections.

Our pipeline shown in Fig. 4.2 fetches a batch sample B, of n sequential scans
and applies a transformation to the scans P! with the corresponding poses to

have all points in a common coordinate frame. We use an unsupervised ground
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segmentation approach to remove the ground G. Next, we cluster the remaining
points P, defining coarse segments S of the objects in the scene. We sample two
random scans at different times P and P* from B, in which we apply random
augmentations 7% and 7. We compute point-wise features F* and F* from
the sampled point clouds with the backbone, and list the segments S and S*
with its corresponding point-wise features. We calculate a mean embedding S
for each segment m in P and compute the target representation 32 for each
segment with a transformer projection head. For the segments S, we project the
point-wise features with another transformer projector followed by a transformer
encoder as a predictor to get the point-wise features s'*. Lastly, we compute
the loss to predict the corresponding segment representation at ¢y for each point
in t;. We repeat the process changing ¢; and ¢, to symmetrically match points
from scan t5 to the corresponding segment at t;.

4.2 Experimental Evaluation

In this section, we compare our method proposed in this chapter with the state
of the art and the temporally-agnostic approach presented in Chapter 3. We
show that our method achieves better performance than previous methods, and
provides representations more suited for transfer learning than supervised pre-

training, achieving better performance when fine-tuning to a different dataset.

4.2.1 Implementation Details and Experimental Setup

Our experimental setup follows the evaluation from Chapter 3. We first train a
backbone network using the different pre-training strategies, and then fine-tune
it for different downstream tasks to compare the performance of the different
methods.

Datasets. We use the SemanticKITTT dataset [5, 54] for our pre-training, an
autonomous driving LiDAR data benchmark with point-wise annotations. Dur-
ing pre-training, we use only the raw point clouds from the training sequences and
the given poses to extract the temporal objects views. For fine-tuning, we use Se-
manticKITTI with the full scans annotations and the scribbles annotations [133].
Besides SemanticKITTI, we also use nuScenes [14, 51| for fine-tuning, to evaluate
our approach in different autonomous driving datasets collected with different
LiDARs and sensor setups, reporting the results on the validation sets.

Model architecture. For our evaluation, we use a MinkUNet [34] as the
backbone, which voxelizes the point clouds and uses sparse convolutions to ex-
tract point-wise features. The backbone receives the point cloud coordinates and

intensity as input, and the output dimension feature has dimension N°" = 96.
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We use a multi-head self-attention encoder for the projection head with one layer
and eight attention heads. For the predictor, we use the same multi-head self-
attention encoder architecture.

Pre-training. For pre-training, we use the AdamW optimizer [102] with a
learning rate of 2-10~% and decay of 1074, training for 200 epochs with batch size 8
using a single NVIDIA RTX A6000. We use n = 12 for the scans to be aggregated.
We provide experiments with different numbers of scans in Sec. 4.2.5 to support
this choice. The voxel resolution is set to 0.05m for the input point clouds,
from which we sample a maximum of 40,000 points per point cloud. During the
segment pooling, we limit it to a total of M = 50 segments with a maximum
of P = 300 points per segment to avoid memory overflow. We use 7 = 0.1 to
compute § in Eq. (4.1) and momentum of 0.999 to update the momentum network
according to the online network weights. For the baselines, we use their official
repositories with their default parameters, also training them for 200 epochs and
sampling 40,000 points per scan.

Fine-tuning. To evaluate our method and compare it with the baselines, we
fine-tune the models to three downstream tasks: semantic segmentation, panoptic
segmentation, and object detection. For semantic segmentation, we use the same
training pipeline used in the previous chapter with the AdamW optimizer [102]
and a learning rate of 0.001. For panoptic segmentation, we use the baseline
evaluated by Hong et al. [70], where a 3D backbone network is used together
with a semantic and an instance heads, followed by a clustering post-processing
to identify the instances. We use the pre-trained MinkUNet [34] model as the
3D backbone. We use a learning rate of 0.2 with batch size 8, training for 50
epochs. For object detection, we use the same toolbox and hyperparameters used
in DepthContrast [213] with the PartA2 detector [152]. For all the tasks, we
evaluate the method with the same model trained from scratch (without pre-
training) and with the model after pre-training with the different self-supervised
methods.

4.2.2 Fine-Tuning for Semantic Segmentation

In this evaluation, we want to measure the semantic information learned by the
network during pre-training. We fine-tune it to semantic segmentation on Se-
manticKITTI and nuScenes after pre-training on SemanticKITTI.

4.2.2.1 Label Efficiency

In this experiment, we use the SemanticKITTI subsets of scans used in previous
chapter, with 0.1%, 1%, 10%, 50%, and 100% of the labeled scans. We also
evaluate on the scribbles annotations [133], which labels just a subset of points
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Table 4.1: Results given as mloU of the models pre-trained on SemanticKITTI fine-
tuned to semantic segmentation on SemanticKITTI with different percentage of labels
and scribbles annotation.

mloU [%)] 4
Method Scribbles| 0.1% 1% 10%  50% 100%
Scratch 54.96 |29.35 42.77 53.96 58.27 59.03

PointContrast [196] 54.52 | 32.63 44.62 58.68 59.98 61.45
DepthContrast [213] 55.90 |31.66 48.05 57.11 60.99 61.14
SegContrast 596.70 | 32.75 44.83 56.31 60.45 61.02

TARL (Ours) 57.25 ‘38.59 51.42 60.34 61.42 61.47

for each scan in the SemanticKITTI training sequences. We report the mean
intersection-over-union (mloU) of the models on the validation set, while fine-
tuned on the aforementioned subset of labels from the training set.

Tab. 4.1 shows the results from our approach compared to the baselines. As
seen, overall the pre-training methods boost the performance compared to the
network without pre-training on both scribbles annotations and the subsets of
labeled scans. However, our approach surpasses previous state-of-the-art methods
in all the different subsets, with a bigger gap when fewer labeled scans are used
to fine-tune the model. We can also notice that, after pre-training with our
method, only 10% of labeled scans were necessary for the model to surpass the
performance of the network trained from scratch with 100% of the labeled scans,
as shown in Fig. 4.1. This result suggests that our method can effectively reduce
the amount of labeled data necessary for the semantic segmentation task by
around ten times.

4.2.2.2 Linear Evaluation

In this experiment, the pre-trained backbone is frozen, training only a linear head
on top of it to evaluate how descriptive the self-supervised learned representa-
tion is without fine-tuning it to the target task. We perform this evaluation on
SemanticKITTT and nuScenes datasets. In Tab. 4.2, the randomly initialized net-
work (frozen backbone) achieves low performance, suggesting that the features
extracted by the backbone play the main role in achieving semantic segmentation.
All the pre-training methods improve the performance compared to the network
without pre-training. However, our approach has a clear performance gap com-
pared to the baselines, especially when training to the same dataset used for pre-
training. These results suggest that the representation learned by our method can

embed more semantic information, even without using labels, achieving higher
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Table 4.2: Linear evaluation results given as mloU on SemanticKITTI and nuScenes
datasets for semantic segmentation.

mloU [%] 1
Method KITTI nuScenes
Frozen backbone 4.10 5.62
PointContrast [196] 25.53 19.70
DepthContrast [213] 13.87 9.65
SegContrast 27.42 23.75
TARL (Ours) 35.90 26.08

performance than previous state-of-the-art methods on both datasets.

4.2.2.3 Generalization

In this experiment, we evaluate the generalization of the learned features. We
use the network pre-trained on SemanticKITTI and fine-tune it on nuScenes.
We use nuScenes full training set and the mini training subset to fine-tune the
network, and evaluate on the full validation set. In this evaluation, we also
compare the results of the fully supervised semantic segmentation pre-training
on SemanticKITTI fine-tuned on nuScenes. As shown in Tab. 4.3, even though
all methods can improve the performance of the model trained on nuScenes,
our approach can surpass previous self-supervised methods by around 8% when
training with fewer labels. Besides, compared with supervised pre-training of the
network on SemanticKITTI, our approach achieves better performance on both
full and mini training sets. These results suggest that our method can replace
supervised pre-training for LiDAR data, since it achieved better performance
when fine-tuning to a different dataset, collected with a different sensor setup.

4.2.3 Fine-Tuning for Panoptic Segmentation

In this evaluation, we want to assess the use of the learned features also for
different downstream tasks. We fine-tune the pre-trained models for panoptic
segmentation to also evaluate the instance-level features of our learned represen-
tation.

4.2.3.1 Label Efficiency

Same as for semantic segmentation, we fine-tuned the model to SemanticKITTI

using the same percentage subsets, reporting the mloU and the panoptic quality
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Table 4.3: Results given as mloU of the self-supervised and supervised pre-trained
models on SemanticKITTI fine-tuned to semantic segmentation on nuScenes mini and
full training sets.

mloU [%] 1
Method Mini Full
Scratch 26.94 66.03
Supervised pre-training 38.39 67.35
PointContrast [196] 31.92 67.31
DepthContrast [213] 27.81 64.70
SegContrast 31.27 67.70
TARL (Ours) 39.36 68.26

(PQ) on the validation sets. Tab. 4.4 shows that our method is consistently
better than previous self-supervised pre-training approaches. As the number of
training samples increases, the differences diminish. However, our method has a
clear performance gap compared to the baselines when trained with fewer labels.
Similar to the semantic segmentation experiment, after pre-training with our
method, only half of labeled scans were necessary for the model to surpass the
performance of the network trained from scratch with 100% of the labeled scans,
as seen in Fig. 4.1. These results show that our method can derive a feature
representation suitable not only for semantic segmentation, but also for other

downstream tasks.

4.2.3.2 Generalization

To evaluate the generalization of our learned features on panoptic segmentation,
we use the network pre-trained on SemantiKITTT to fine-tune it on nuScenes full
and mini training sets, evaluating it on the full validation set. Tab. 4.5 shows that
the representation learned by our method is more suited to be transferred to a
different dataset. As in semantic segmentation, our method achieved better per-
formance than previous self-supervised approaches and supervised pre-training
on SemanticKITTI. These results agree with the semantic segmentation evalua-
tion, suggesting that our method is better suited for transfer learning than the
supervised pre-training.

With these experiments, we validate that our learned representations is able
to extract not only semantic knowledge from the data but also instance-level

information, surpassing previous methods in IoU and PQ metrics.
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Table 4.4: Results reporting PQ and mloU when fine-tuning the pre-trained models to panoptic segmentation with different percentage of

labels on SemanticKITTT.

0.1% 1% 10% 50% 100%
Method PQ [%] 1+ ToU [%] | PQ [%] + IoU [%] 1 | PQ[%] + IoU [%]+ | PQ[%] T IoU [%] 1 | PQ[%] 1 TIoU [%] t
Scratch 4.76 11.13 22.72 30.84 47.20 53.53 55.32 61.94 55.40 59.75
PointContrast [196] 5.86 11.51 27.37 32.49 47.57 54.63 54.21 59.48 55.85 61.49
DepthContrast [213] 7.65 13.56 27.31 32.30 46.85 51.27 54.55 59.60 56.15 60.81
SegContrast 7.58 14.46 26.14 32.85 47.02 53.47 55.38 60.04 56.73 61.96
TARL (Ours) 10.26 17.01 29.24 34.71 51.27 57.59 56.10 62.36 56.57 62.05
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Table 4.5: Results reporting PQ and mloU of the self-supervised and supervised pre-
trained models on SemanticKITTI fine-tuned to panoptic segmentation on nuScenes

mini and full training sets.

Mini Full
Method PQ [%] + ToU [%] 1 | PQ [%] 1 ToU [%] 1
Scratch 23.78 23.96 52.98 58.17
Supervised pre-training 24.77 23.60 53.19 58.05
PointContrast [196] 26.58 25.46 51.06 56.39
DepthContrast [213] 28.66 27.30 51.51 57.06
SegContrast 28.84 26.79 52.31 57.24
TARL (Ours) 32.22 30.73 ‘ 53.26 59.14

4.2.4 Fine-Tuning for Object Detection

As a third downstream task, we compare the methods fine-tuned for object de-
tection to evaluate how general is the representation learned by our method com-
pared with previous state-of-the-art methods. In this evaluation, we fine-tune
the model with the whole training set of the KITTI dataset [54] and report the
mean average precision (mAP) for car, pedestrian, and cyclist classes on the three
difficulty levels.

In Tab. 4.6, we compare the baselines’ performance with our approach. For the
car class, the pre-training methods achieve a marginal improvement compared to
the network trained from scratch. For pedestrian and cyclist, the improvements
brought by the pre-training are more substantial. On those classes, our method
achieves the best performance on moderate and hard difficulties, showing that our
approach can also boost the performance when fine-tuned on object detection.

Together with the evaluations of the other downstream tasks, these results
suggest that our method is able to learn a general representation. Our method
achieved better performance than previous approaches on all three downstream
tasks, showing that our approach learns a robust representation, not biased to a
specific task but with generalizable representations suited for different tasks and
datasets.

4.2.5 Ablation Studies

In this section, we present further ablation studies regarding the pre-training
and its different modules. In these experiments, we evaluate the network by

fine-tuning the pre-trained network on semantic segmentation. We compare the
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Table 4.6: Results reported as mAP when fine-tuning the pre-trained models to object detection on KITTI full training set for car, pedestrian

and cyclist classes on the easy, moderate and hard difficult levels.

Car Pedestrian Cyclist
mAP [%] 1
Method Easy Moderate Hard | Easy Moderate Hard ‘ Easy Moderate Hard
Scratch 91.75 82.13 80.16 | 67.65 63.13 57.73 | 91.74 74.94 70.34
PointContrast [196]  91.55 81.70 79.88 | 67.33 62.32 56.55 | 92.33 75.20 70.66
DepthContrast [213]  91.98 82.04 80.03 | 69.13 63.97 57.71 | 92.68 73.67 70.10
SegContrast 92.08 82.10 80.18 | 68.72 63.77 57.36 | 91.26 74.70 70.28
TARL (Ours) 92.09 82.15 80.10 | 68.50 64.00 58.74 | 92.61 75.44  70.97
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Table 4.7: Ablation study comparing the pre-training performance using only data
augmentation and our proposed temporal views extraction together with the data aug-
mentation showing mloU.

mloU [%] 1
0.1% 1% 10%  Linear eval
Data augmentation only 38.40  50.08 59.98 28.50

Temporal views + Data augmentation 38.59 51.42 60.34 35.90

Table 4.8: Ablation study comparing the pre-training performance using a non-linear
projection head and a transformer encoder as a projection head showing mloU.

mloU [%] T
0.1% 1% 10%  Linear eval

Non-linear projection head 38.19  50.22 56.54 32.27
Transformer projection head 38.59 51.42 60.34 35.90

results in the lowest label regimes, i.e., 0.1%, 1%, and 10%, since those are regimes
with more significant performance differences between the methods. Besides,
we compare the linear evaluation results to measure the amount of semantic

information embedded in the different ablations.

4.2.5.1 Temporal Views

In this experiment, we compare the performance of our method pre-trained with
temporal views of an object as natural augmented pairs instead of using only data
augmented to generate artificial augmented pairs from the same scan. Tab. 4.7
shows the results when generating augmented pairs using only artificial data aug-
mentation and when extracting temporal views of one object and then applying
data augmentation to generate the augmented pairs. As seen, using the temporal
views as natural augmentations of an object can boost the network performance
when fine-tuning with different amounts of labels. Also, the linear evaluation sug-
gests that by learning from different views of the same object, the representation

can extract more semantic knowledge during pre-training.

4.2.5.2 Transformer Projection Head

In this ablation study, we compare the pre-training performance using the com-
mon non-linear projection head with the transformer projection head. In this

experiment, we use a non-linear projection head composed of one linear layer, a
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Table 4.9: Ablation study comparing the pre-training performance using a different
number of n scans interval to extract temporal views of the objects showing mloU.

mloU [%] 1

Number of scans 0.1% 1% 10%  Linear eval
30 36.36 44.14 56.41 32.27
18 38.19 45.76 58.39 32.50
15 38.15 50.44 57.84 33.52
12 3859 5142 60.34 35.90
9 38.30 51.82 57.42 35.97
6 38.75 51.37 59.57 36.88

batch normalization and a ReLLU layer, and another linear layer. Tab. 4.8 shows
that the network could achieve better performance with the transformer projec-
tion head when fine-tuning with different label percentages. Also, similarly to the
results reported in Sec. 4.2.5.1, the linear evaluation suggests that the network
pre-trained using the transformer projection head could learn a representation
that embeds more semantic information, achieving better mIoU.

4.2.5.3 Different Number of Aggregated Scans

In this ablation study, we pre-train the network with different n values for the
number of scans in the interval to extract the object views. We report the results
in Tab. 4.9 to compare our chosen n = 12 with different sizes of the scans inter-
vals. From n = 6 to n = 12, the results have just marginal differences. However,
when fine-tuning with 10% of labels, we can see that the pre-training with n = 12
achieves the best performance, also performing considerably better than the net-
work trained from scratch with 100% of labels. Furthermore, when using big-
ger n the network performance decreases. Therefore, we decided to stick with
the n = 12.

4.3 Related Work

Image-based self-supervised representation learning methods learn strong repre-
sentations by optimizing a network to distinguish between augmented versions of
the same image. Such methods were extended to process video data, leveraging
consecutive frames of a video. In Chapter 3, we discussed our method for learn-
ing representations from a 3D point cloud with a segment-wise discrimination.
In this chapter, we extended this approach to also account for temporal data in
a sequence of 3D LiDAR scans, guiding the network to learn more meaningful
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representations. This section discusses video-based and further 3D representation

learning methods related to the approach presented in this chapter.

Video self-supervised representation learning has been studied given
the strong representations learned within image-based self-supervised methods [21,
22,23, 58, 64, 173, 205], leveraging video data, which learn temporally consistent
representations [8; 40, 77, 92, 134, 143, 172, 183]. Some works use the contrastive
learning formulation, typically used with single images, to process sequential im-
age data [8, 77, 134, 143|. In this case, positive and negative pairs are sampled
within frames close or far away in time. The processing of video data optimizes
the network to embed temporal information, learning scene changes within the
video, and deriving stronger representations from it. Some works train the net-
work in conjunction with more complex pretext tasks, such as discriminating
whether two random video clips overlap, as in the work by Jenni et al. [77], or
separating stationary and non-stationary features in the video, as in the approach
by Behrmann et al. [8]. Apart from contrastive-based methods, masked autoen-
coders are leveraged to learn representations from temporal data [172, 183]. Such
methods mask out patches of pixels in the videos, training the network to re-
construct the missing part, learning meaningful information from the data in
this process. Inspired by those video representation learning methods, we extend
the approach discussed in Chapter 3 to account for temporal data. Especially for
LiDAR data, consecutive scans collected in a dynamic environment lead to drastic
changes in the object appearance due to the sparsity and viewpoint changes within
the LiDAR trajectory. Therefore, optimizing the network to match representa-
tions between different views of the same object yields more descriptive features

compared to the temporal-agnostic method described in the previous chapter.

4D self-supervised representation learning followed video-based meth-
ods from the image domain to also train a network with unlabeled sequences
of point clouds [29, 49, 73, 182]. Earlier works focused on training the net-
work with sequences of 3D point clouds with recorded human actions [49, 182].
Given a sequence of 3D point clouds recording the movements of a person,
Wang et al. [182] optimize the network to predict the correct point cloud se-
quence. Differently, Fan et al. [49] train the model to maximize the similarity
of features over fixed regions within the point cloud throughout the sequence of
point clouds. Huang et al. [73] focus on object-level features by generating syn-
thetic sequences of 3D point clouds by applying several consecutive geometric
transformations to the objects’ point clouds, and training the network to maxi-
mize the feature similarities across all the synthetic point clouds in the sequence.
Similarly, Chen et al. [28] generates synthetic sequences of point clouds, but at
the scene level. Objects are synthetically placed in a large and dense scene point

cloud, and an artificial object trajectory is generated, moving the object through
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the scene. Then, the network is trained to compute similar point-wise features
for corresponding points across the consecutive scene point clouds and the syn-
thetic moving objects. Similarly, in this chapter, we exploit sequences of point
clouds to learn a spatio-temporal representation from unlabeled data. However,
our method leverages real-world LiDAR data and the dynamic objects within it,
learning a temporal representation from real data.

Transformer encoders were initially proposed in the natural language pro-
cessing community, achieving state-of-the-art performance in the field [175]. Such
architectures were then quickly adopted by the computer vision community [43,
61, 194, 200, 204]. Transformer encoders use the attention mechanism to learn the
relationship between features without requiring convolutions. With the attention
mechanism, transformer encoders can learn the global context from the image,
rather than just the local neighboring context, as in convolutional models [43].
With the growing interest in transformers, self-supervised representation learning
methods have been used to train transformer encoders, evaluating the capacity of
these models to learn meaningful representations. Multiple studies [18, 153, 191]
highlighted the capabilities of transformer encoders to learn strong representa-
tions in a self-supervised manner, showing that the attention mechanism can
learn class-wise correspondences even without fine-tuning with labeled data [18].
Given these properties, our approach employs a transformer encoder to extract
segment-wise features from the point cloud, learning a descriptive and discrimi-
native representation from spatio-temporal point cloud data.

Despite the performance improvement brought by 3D and more recently 4D
self-supervised representation learning methods, the performance of these ap-
proaches is still limited due to learning only over non-temporal data or relying
on synthetic 4D point clouds. Similar to previous works [28, 73], our approach
focuses on learning representations from moving objects in the 3D point clouds.
However, unlike prior methods, we extract natural augmented views of the ob-
jects in the scans collected at different points in time while the vehicle drives in
the environment, without relying on synthetic data. Then, the network is trained
to define a common representation for those temporal views of one object, learn-
ing its correspondences with a transformer encoder. Leveraging corresponding
segments of objects seen at different points in time enables our method to learn
a more robust semantic representation with temporally consistent features from

real-world dynamic objects, invariant to the sensor viewpoint changes.

4.4 Conclusion

In this chapter, we exploit the vehicle motion to extract different views of objects

across time and learn a temporally consistent representation. We use a trans-
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former encoder as a projection head, implicitly clustering features of points from
the same object together while discriminating between different objects’ features.
Our approach enables the training of neural networks to learn a representation
invariant to the sensor viewpoint, deriving a descriptive feature space embed-
ding object-level information without requiring annotated data. Our experiments
demonstrate that our method outperforms previous state-of-the-art approaches
on various downstream tasks. Besides, our approach reduces the amount of nec-
essary labeled data to only 10% when fine-tuning for semantic segmentation on
SemanticKITTI. These results show that our proposed approach learns a general
LiDAR point cloud representation, embedding semantic information by match-
ing objects representations viewed at different times. In addition, our method
achieves better performance than supervised pre-training when fine-tuning to a
dataset collected with different LiDAR sensors, suggesting that our approach
could replace supervised pre-training in the LIDAR data domain.

As in Chapter 3, we evaluated our approach by fine-tuning the pre-trained
model to different perception tasks and different datasets. Our method outper-
forms previous methods on all three evaluated downstream tasks, i.e., semantic
segmentation, panoptic segmentation, and object detection. Additionally, our
temporal representation learning method achieves the best performance when
fine-tuned on a dataset collected with a different LiDAR sensor, even when com-
pared to the supervised pre-training. The experimental evaluation highlights the
advantage of the method proposed in this chapter compared to prior works. Our
method demonstrates to be an effective pre-training strategy, even able to replace
supervised pre-training, learning descriptive data representations without labels.

The segment-level representations learned by the methods described in this
and previous chapter reduces the amount of annotated data needed to train per-
ception models. Still, another challenge lies in identifying objects not labeled in
the training set. Supervised perception tasks usually define a closed set of classes
to classify objects present in the 3D point cloud, following a closed-world assump-
tion. However, determining all possible classes that may appear in the real world
is an intractable task. Therefore, in the next chapter, we investigate how we can
use the segment-level representations learned by the network in a self-supervised
manner to identify all objects in a 3D point cloud in a class-agnostic way. By
using the pre-trained network to extract point descriptors, we propose a graph-
based method to separate object points from background points, identifying all
object instances in the scene independent of their classes.
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Chapter 5

Unsupervised Instance
Segmentation in 3D Point Clouds

PART from the amount of labeled data, a second challenge in scal-

ing data annotation regards the typically predefined and fixed set of

labeled classes. During dataset annotation for different segmenta-

tion tasks, such as instance, semantic, and panoptic segmentation, a
closed set of classes is defined for the data to be categorized into. In the case of
instance segmentation, the task is to identify each object in the scene and assign
a semantic class to it. Defining a fixed closed set of classes is the common practice
for the data annotation and standardizes the labels in the dataset. It also simpli-
fies the task for the perception system, which can then assign the most likely class
to an instance within the closed set of classes. This closed-world formulation of
the classification task, however, may not be sufficient to ensure safe interactions
between the autonomous vehicle and its surroundings in outdoor, unstructured
environments.

In the real world, it is impossible to predefine a closed set of classes to classify
all possible objects that may appear in the scene during operation. The set of
classes that can occur may be unlimited, which inevitably leads to some classes
not being defined in the closed set of labels. This limitation comes from the
so-called closed-world assumption commonly done during data annotation, i.e.,
the fact that all classes have been defined beforehand and have been seen during
training. This closed-world assumption, which does not hold in the real world,
leads to unknown objects being seen by the perception system at test time, which
have not been seen during training time. Fig. 5.1 depicts one such open-world
scenario example, where pedestrians and cars are known classes labeled in the
SemanticKITTT dataset, but the baby stroller is not labeled, therefore, it is con-
sidered an unknown class. In such cases, the behavior of the perception system

for those unknown classes may not be predictable, leading to possibly unsafe in-
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Figure 5.1: We show the extended instance annotations of the SemanticKITTI
dataset [4, 54], where segments with green outline correspond to known classes, i.e.,
person A and car C, and red outlines correspond to things that are not part of the
training data. While A and C are known classes, B corresponds to a baby stroller —
an unknown class, which obviously should be detected even though not labeled in the

training set.

teractions between the autonomous vehicle and its surroundings. A more general
formulation is to define this task considering an open-world scenario. In this case,
we divide the classification task into two categories, known and unknown objects.
The known objects are those from a closed set of classes defined during data an-
notation. The unknown objects are those that do not fall into any of the labeled
classes. This formulation enables the identification of objects in the scene even if

their class is not known, providing valuable information for safe decision-making.

This open-world formulation has been studied in prior works [7, 11, 25, 44,
72, 188]. Earlier approaches employ non-learning-based methods, first perform-
ing geometric ground segmentation, followed by dividing the remaining points
into individual instances by assessing the estimated points’ normals [11, 124] or
by clustering the non-ground points [25, 180], achieving instance segmentation
in a class-agnostic manner. More recently, learning-based approaches define the
identification of unknown objects as a foreground and background separation
task [72, 188]. Those methods divide the objects in the scene into “stuff” and
“things” classes. In the literature [84], “stuff” classes are defined as uncountable
classes, e.g., road, sidewalk, etc. On the contrary, “things” classes are defined as
countable objects with clearly defined boundaries. Given this distinction, a se-
mantic segmentation network trained on known classes is used to filter out points
from the known “stuff” classes. Then, a geometric clustering method is applied
to the remaining points belonging to the “things” classes, e.g., car, pedestrian,
cyclist, and the unknown objects in the scene, separating them into individual
instances, achieving open-world instance segmentation. While non-learning meth-

ods rely purely on geometric cues without any semantic information to separate
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the instances of objects in the scene, learning-based approaches strongly depend
on the semantic segmentation prediction. This dependency may lead to the in-
correct classification of unknown objects since they were not seen during training
time. To address this issue, a self-supervised trained network can be employed to
extract features from the scene, leveraging geometric cues from the point cloud
and object-level information computed by the network to segment both known
and unknown objects in the scene independently of their classes.

In Chapters 3 and 4, we propose two novel methods to learn meaningful rep-
resentations from unlabeled data, improving performance on perception tasks by
fine-tuning the learned representation to target downstream tasks, alleviating the
requirement for large amounts of annotated data. In this fifth chapter, we focus
on tackling the challenge of labeling all possible objects that may appear in a
real-world unstructured environment. We aim to merge geometric approaches
with object-level information extracted from a self-supervised pre-trained net-
work to identify all objects in the scene in a class-agnostic manner. Given a
3D LiDAR scan, we use a network pre-trained with our method described in
Chapter 3 to compute features for each point in the point cloud. Then, we iden-
tify ground points using an unsupervised ground segmentation approach [95] and
cluster the non-ground points to define initial instance proposals, similar to prior
geometric-based methods. With the point-wise features, we build a graph around
each instance proposal, weighting the edges according to the similarities between
the point-wise features. Finally, we separate the foreground instance from the
background points by finding the min-cut in the graph, leveraging both geomet-
ric and object-level information from the point-wise features computed by the
self-supervised pre-trained network. Besides, we propose an open-world instance
segmentation benchmark to compare our method with prior works and support
further research in the open-world domain. In our experiments, we compare our
method with non-learning and learning based methods, showing that our method
can segment instances without any labels, achieving competitive performance

when compared to both supervised and unsupervised methods.

5.1 Unsupervised Class-Agnostic 3D Instance

Segmentation

The main contribution of this chapter is a new unsupervised class-agnostic in-
stance segmentation method. We approach the open-world instance segmentation
task as a class-agnostic problem, defining the task as the identification of all ob-
jects in the scene, both known and unknown, independent of their classes. To

achieve this, we use a network trained with our proposed self-supervised represen-
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Figure 5.2: Given a point cloud P and set of instance proposals Z, we iterate over
each proposal S, defining a region of interest S, around the proposal. We extract
point-wise features F,, for this proposal region using a network ¢ pre-trained with the
method proposed in Chapter 3. Then, we build a graph weighting the neighborhood
edges with the features’ similarity, and the foreground and background edges given the
sampled seeds. Finally, we apply a min-cut over the graph to segment the instance
from the background.

tation learning method to extract point-wise features for the point cloud and build
a graph that maps the similarities between neighboring points. Then, we find
the min-cut in this graph separating foreground objects from background points,
achieving instance segmentation without requiring any labels. Also, to evaluate
the class-agnostic instance segmentation for known and unknown classes, we pro-
pose a dataset that is an extension to the SemanticKITTI benchmark [4, 54].
We provide instance labels for unknown objects together with the instance labels
already present in the original dataset. In summary, in this chapter we propose a
class-agnostic instance segmentation method that (i) can segment instances with-
out labels and without semantic background removal and (ii) achieves competitive
performance compared to supervised methods.

5.1.1 Owur Approach

An overview of our approach is shown in Fig. 5.2. Our method exploits Graph-
Cut [12] and self-supervised learned features to segment instances from the point
cloud. We represent the point cloud as a graph, and use the self-supervised net-
work to compute the points’ saliency map [161, 206] to sample foreground and
background seeds and perform the instance segmentation. As a LiDAR point
cloud may contain many instances, it can be hard to define foreground and back-
ground. Therefore, we divide ground and non-ground points and cluster the
non-ground points to define the initial instances’ proposal. Then, we iterate over

each proposal and select a cubic region of interest around it with the same size
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..“

Figure 5.3: Instance proposals from ground removal and clustering with HDB-
SCAN [15]. Different instance proposals are shown with randomly assigned colors.
Red circles highlights proposals that are either assigning different objects to the same
segment, or proposals which do not cover the entire object. Best viewed in color.

as the proposal plus a pre-defined margin. For a region of interest around the
instance proposal, we define the points from the current instance as foreground
and all the other points (from the ground or other instances) as background.
Then, we create a graph from this region of interest and divide the graph into
foreground and background.

5.1.2 Instance Proposals

To segment the instances, our method relies on initial guesses, so-called propos-
als, which are refined to a more accurate segmentation. To define the instance
proposals, we follow the same process used in previous chapters. Given a point
cloud P = {py,...,pgr} with p, € R? we use a ground segmentation method [95]
to partition the scene into ground G and non-ground points P. Then, we cluster
the non-ground points P with HDBSCAN clustering [15] to divide the scan into M
segments which will be the instance proposals Z = {S;,...,Sy} where S, C P
and S,, NS, =0, m # k .

As displayed in Fig. 5.3, these segments are a starting point but not perfect,
often showing under- or over-segmentation. These segments are just the initial
guess for our method. Our approach refines these proposals by mapping them in
a graph of feature similarities for points inside the proposal. Then, we separate
the object from the background achieving a refined instance segmentation.
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5.1.3 Self-Supervised Features

Our approach takes advantage of self-supervised representation learning to ex-
tract point-wise features. We use the MinkUNet [34] as a feature extractor pre-
trained with SegContrast, the approach we introduced in Chapter 3. SegCon-
trast relies on segments extracted in an unsupervised manner by removing the
ground and clustering the remaining points. Then, the contrastive loss is applied

segment-wise, learning a feature space via segments discrimination.

For each instance proposal S,, € Z, we define a region of interest S,, C P and
use the SegContrast pre-trained model ¢ to extract point-wise features Frn. We
use those features to later compute the point similarity instead of using the di-
rectly measured information, such as coordinates or intensity. Since SegContrast
trains the network in an unsupervised manner to produce embeddings able to
discriminate segments, such a model is likely to produce relevant features for our
instance segmentation task. Therefore, we have descriptive features to identify

the differences between the instance segment and the background.

5.1.4 Instance Cues

With the LiDAR scan and its computed point-wise features, we aim to achieve
instance segmentation by separating foreground and background points within
the region of interest around an instance proposal. To achieve this separation
with GraphCut, we need to identify the points most likely to belong to the fore-
ground instance. Recently, self-supervised trained transformer networks have
demonstrated a good indication of objects’ boundaries drawn from their atten-
tion layers, even without labels [18]. Similar visualizations can be drawn from
CNNs using saliency maps [161, 206]. Saliency maps are a visual representation
of the regions in the input data that have the most influence on the computation
of the network output features. Those maps are computed as the gradients over
one value from the network output features with respect to the input data. Sim-
ilar to transformers, we observed that the CNNs trained with SegContrast can
also arrive at a similar “instance attention” in the saliency maps. These saliency
values can be interpreted as which points are more likely to be foreground or
background in the graph, which we exploit to sample the respective seeds for the
GraphCut.

Given a model pre-trained with SegContrast ¢, a point cloud P, and an
instance proposal S,,, C P, we partition a region of interest S,. C P from the
point cloud around the proposal S,, where S,, C S Then, we extract point-
wise features F,, = {f' = é(pi) | pi, € Sn} for all the points inside the
region of interest Sy, and calculate the mean value £, of all the feature vectors
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Figure 5.4: Saliency map over the proposal points features, comparing the semantic

segmentation supervised network and the network self-supervised trained with SegCon-
trast. Best viewed in color.

F=A{f =o~) | p, € S} from the P points inside the instance proposal S,,:

IR

Nout i
P where Tm:M, (5.1)

i -
with N°" as the dimension of feature vector computed by the pre-trained model ¢.
We compute the gradients with respect to f,, calculated in Eq. (5.1) to get
the saliency map around the input proposal region S, In Fig. 5.4, we compare
the saliency maps generated from the network trained in an unsupervised manner
with SegContrast, and trained with labels for semantic segmentation, as used for
background removal by Hu et al. [72]. From this comparison, we notice that
the saliency from SegContrast highlights the instance points, while the network
trained supervised for semantic segmentation highlights many regions around the
scan, e.g., road and sidewalk. Such analysis suggests that together with the
network point-wise features, we can use the saliency values to select the seeds to
perform GraphCut, since it indicates the points most related to the instance.

5.1.5 Seeds Sampling

To select the foreground and background seeds, we use the instance proposals S,
and their saliency values. The instance proposals correspond to different objects,
which means that their shape and size are variable. Sampling a fixed number of
seed points may not work well for all the proposals. Thus, we sample a number
of seeds according to the proposal size to perform the GraphCut. Given the
proposal &, and the cube region of interest around it S’m, we count the number
of proposal points n; and the number of non-proposal points n;. Then, we select
TF = :—; points as foreground seeds and 7, = % points as background seeds,
where vy and 7y, are pre-defined parameters.

Fig. 5.5 displays the seed selection process. As described in Sec. 5.1.4, we
compute the saliency map around the proposal region of interest to evidence the
points most related to the instance. We select the 7; points with the highest
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Figure 5.5: From the proposal points (in blue) we compute the saliency and sample
foreground (in green) and background seeds (in red).

saliency as foreground, and the 7, points with the lowest saliency as background.
We also sample the k nearest neighbors for each foreground seed to reinforce
the foreground likelihood in the seeds’ neighborhood. Lastly, to avoid possible
outliers from the saliency map, we remove any foreground seeds from outside the
proposal §,,, and any background seeds from inside it. By doing so, we can avoid

a wrong seed being improperly assigned and harming the GraphCut performance.

5.1.6 GraphCut

To segment the instances from the point cloud, we use GraphCut [12], a classical
method used previously for image segmentation, and apply it for point clouds.
The method consists of a graph representation, mapping the relationship between
each node and its neighbors and two terminal nodes, foreground and background.
Then, a min-cut over the graph is applied, cutting the edges with the weakest
relationship. We use the SegContrast point-wise features to compute the neigh-
boring points similarity and define the non-terminal edges. And we calculate the
saliency maps to sample the seeds and determine the edges between the points
and the terminal nodes.

In our formulation, the graph contains a set of nodes Z2 = {z1,...,2n2},
with |Z| = N+2 where each node is a point in the proposal region Sm, correspond-
ing to N points and 2 virtual terminal nodes, the foreground and background.

5.1.6.1 Terminal Edges

Every point has an edge with both virtual terminal nodes, and we weight these
edges based on the probability of a node belonging to these nodes. Each edge
probability is initialized with a small € close to zero. Then, the edge probability
between a selected seed and the corresponding terminal node is updated to 1.0.
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Finally, the edge between a node ¢ and a terminal node t is weighted as:

w;p = —Alog(pis), (5.2)

where ) is a pre-defined parameter and p;; is the defined probability for the node ¢
to belong to the terminal node t.

5.1.6.2 Non-Terminal Edges

For non-terminal nodes, edges are defined between each point and its k£ nearest
neighbors, according to the coordinates of the points. To weight the edges, we use
our point-wise features and calculate the dissimilarity between one point feature
and its neighbors. Since we rely on the min-cut of the graph to segment the
object instances, the dissimilarity between the points should be as significant as
possible. Thus, we use the L1 norm as a dissimilarity function between the point
features f! and f7 from a region of interest S, as:

iy = £ = £l 539

Then, the edge weight between two points will be their affinity computed
given the dissimilarity d; ;,

1
wm‘ = wexp (_%di,j>7 (54)

where o scale the affinity computation with respect to the dissimilarity, and w
weights the affinity value. With the graph built as described, and edges computed
between each point and the terminal nodes, we then perform the min-cut on
the graph, separating the instance from the background. We do this process
iteratively over each proposal to achieve the instance segmentation for the whole

point cloud, separating each object in the point cloud.

5.1.7 Class-Agnostic Instance Segmentation Pipeline

The pipeline for our class-agnostic instance segmentation method is presented
in Fig. 5.2. Given a LiDAR scan P, we define a set of instance proposals 7.
For each proposal S,, € Z, we define a region of interest S,, around it, comput-
ing its point-wise features F,, with a network ¢ pre-trained with our proposed
self-supervised representation learning method. Then, we build a graph from
the instance proposal region of interest Sm, weighting the edges based on the
neighboring points’ features similarities. We sample foreground and background
seeds from the nodes in the graph, defining the terminal connections. Finally,
we partition this graph with GraphCut, separating the foreground instances from

the background points.
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In the next section, we provide details on our proposed open-world instance
segmentation benchmark and the metrics used to assess the performance of our
approach and previous state-of-the-art methods. We formally define the open-
world instance segmentation problem, and present the proposed evaluation met-
rics as well as the description of our open-world instance segmentation dataset.

5.2 Open-World LiDAR Instance Segmentation

Benchmark

This section outlines our open-world benchmark, which extends the test set and
validation set of SemanticKITTI [4] with unknown class instance labels.

5.2.1 Problem Setting

Existing instance segmentation models assume all object classes present during
inference to be manually labeled and present at training time. We refer to these
object classes as known classes. In this chapter, we also want to focus on instance
segmentation for those objects that may only appear during the inference, which
we denote as unknown classes.

More formally, the set of all possible object classes X is potentially unlim-
ited, and many instances occur rarely. In practice, we cannot record, label, and
evaluate performance on all possible object classes, as these appear in the long
tail of the object class distribution. It is thus practically only feasible to label a
fixed subset of these classes.

To this end, we perform the following division. We use the labels provided
from SemanticKITTT for the set of known classes (i.e., K = {kq,..., kxy} C X) for
the whole dataset consisting of train, validation, and test set. This set contains
the frequently occurring object classes, such as car, person, truck, and similar.
We label an additional, disjoint set of object instances only in the validation
and test set, i.e., unknown object instances Y C X with U N K = 0. As we
tackle instance segmentation, we label only “thing” classes, which can be clearly
instantiated. Thus, our test set provides a proxy for evaluating performance
for unknown objects that only appear rarely. We note that examples of these
instances may occur in the training and validation set, but are not labeled as
instances.

5.2.2 Benchmark Evaluation Metrics

For open-world instance segmentation, we evaluate how well we can decompose

a LiDAR point cloud into a unique set of object instances. To quantify the per-
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formance, one possibility would be to adopt the recall-based variant of panoptic
quality, unknown quality [188], that replaces the recognition quality term (F1-
score) with a recall-based measure. However, this metric treats the “stuff” regions
of the point cloud as a single instance, which is not desirable [141]. For exam-
ple, the vegetation class could be decomposed into several instances (tree trunks,
small bushes) — these are not labeled by human annotators but can be considered
valid instances, depending on the task, e.g., for segment-based LiDAR odometry
or SLAM [45].

We instead adopt the recently introduced LiDAR Segmentation and Tracking
Quality (LSTQ) metric [1]. It consists of two terms, a classification term S, and
a segmentation term Sy.,.. However, since we propose a class-agnostic task, we
remove the S, term, relying only on the Sy, term to evaluate how good are
the instance segments.

The association term Syg,. measures how well we assign points to their in-

stances independent of the semantics:

1 1
Sussoc = E — E TPA(s,t)IoU(s,t), (5.5)
|T| teT |t| seS
sNt#£0

where the IoU term for each ground truth object ¢ € T and a prediction s € S
pair is computed based on sets of true positive associations (TPA), false negative
associations (FNA), and false positive associations (FPA). These sets are evalu-
ated in a class-agnostic manner, but differ from the work of Aygiin et al. [1], as the
sets are calculated per-scan instead of the whole sequence. Intuitively, the TPA
set quantifies how many points were correctly assigned to their corresponding
instance, and TPA and FPA sets signal two different types of point-to-instance
association errors. More precisely, the TPA set contains all mutually overlap-
ping points. The FPA set denotes all points in s that do not overlap with t,
and finally, FNA contains all points from ¢ that are not contained in s (see also
Aygiin et al. [1]).

The association term is class-agnostic and only informs us how well we as-
sign points to labeled object instances. This allows us to evaluate instance seg-
mentation independent of semantics, making this metric uniquely suitable for

open-world LiDAR instance segmentation evaluation.

5.2.3 Open-World SemanticKITTI Dataset and

Benchmark

A natural basis for a dataset suitable for benchmarking segmenting objects that
appear in the long tail of the object class distribution would be a dataset that
provides instance labels for the most common objects, such as traffic partici-
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Table 5.1: Instance and bounding box counts per class for Open-World SemanticKITTI
test set. Known instance class annotations are also annotated in the train set, and
unknown are only available on the test set and validation set.

Object class Number of instances Number of bounding boxes

car 5,034 318,718
bicycle 549 50,440
person 373 25,287
other-vehicle 138 8,655
motorcycle 82 8,167
bicyclist 80 4,296
truck 50 2,596
motorcyclist 9 490
unknown 3,587 292,871

pants, and semantic labels for stuff classes. SemanticKITTI [5, 54] or nuScenes-
lidarseg [14] provide such labels, opposed to recent object detection datasets which
provide only 3D bounding boxes [14, 19, 167]. We opt for the SemanticKITTI
dataset [5, 54] that extends the KITTI odometry benchmark [54] with dense
point-wise semantic and instance labels for each LiDAR scan. It contains 23,000
labeled scans in train and 20,000 labeled scans in test set, providing semantic and
object instance labels for 6,315, in total 418,649 bounding boxes, object instances
belonging to several known object classes.

We built the open-world SemanticKITTI benchmark, which is suitable for
assessing the performance in the open-world setting. For this thesis, we extend
the hidden test set of SemanticKITTI with 3,587 instances, in total 292,871 ad-
ditional object instance labels for object classes that do not necessarily belong to
a semantic class from the original object classes — unknown objects. See Tab. 5.1
for statistics on the distribution of classes. We additionally also label instances
of unknown classes in the validation set, but provide only a server-side evaluation
to keep the instances unknown at training time.

5.3 Experimental Evaluation

The main focus of this chapter is a novel class-agnostic instance segmentation
approach. Unlike previous methods, our work does not need instance or seman-
tic labels to remove the background. We present our experiments to show the
capabilities of our method to segment instances without semantic background
removal, which achieves competitive performance compared to state-of-the-art

supervised methods.
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Table 5.2: Evaluation results with S,ss0. metric on open-world instance segmentation
benchmark test set for known, unknown and all the instances. Ours' is our method
with ground removed using the proposals ground segmentation.

Sassoc T

Method Supervised known unknown all

Euclidean 0.651 0.426 0.611
Quick shift 0.212 0.406 0.246
HDBSCAN 0.660 0.601 0.650
Range image 0.270 0.427 0.297
4D-PLS v 0.795 0.004 0.657
Hu et al. v 0.697 0.587 0.678
Ours' 0.677  0.605  0.664
Ours 0.720 0.599 0.699

5.3.1 Implementation Details and Experimental Setup

In our evaluation, we compare our novel class-agnostic instance segmentation
method with previous unsupervised and supervised methods. All the methods
are evaluated on the hidden test set from our proposed open-world instance seg-
mentation benchmark to assess the capabilities of the different approaches on

identifying both known and unknown objects in the scene.

Hyperparameters. In all our experiments, we use the same parameters,
defined empirically. For the instance proposal, we use a pre-defined margin of 1
meter around the proposal size to define the region of interest. For the seed
sampling, we use vy = 2, and 7, = 2. For GraphCut, we use ¢ = 1.0, w = 10.0
and A = 0.1, and we select the £ = 8 nearest neighbors to define the non-terminal
edges, and build the graph. As the self-supervised pre-trained model, we use the
same pre-training described in Chapter 3, trained for 200 epochs.

Baselines. We compare our approach in two setups: using only the segmen-
tation from GraphCut, named as Ours, and with a post-processing step, where
we filter points from the ground segmentation used to generate the proposals,
named as Ours'. We compare our results with different unsupervised clustering
methods and supervised learning-based methods. For the clustering methods,
we use the same instance proposals process used for our approach, i.e., remove
the ground, then cluster the remaining points. We evaluate HDBSCAN [15] and
Euclidean clustering [151]. Also, we compare with a technique that operates on
the birds-eye-view representation of the point cloud, clustering with quick shift
algorithm [123], and a fast range image-based proposal generation method [11].

Additionally, we evaluate two supervised learning-based approaches. The method
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Table 5.3: Evaluation results with S,ss0. 0n open-world instance segmentation bench-

mark test set for each known class.

S(ZSSOC /]\
o %
S $ S
Q 6% &L & 6&’
3 S < & R S
s s 5§ FoF 8 S
Method Sup. & < N & S N N Ny
HDBSCAN 0.695 0.178 0.497 0.690 0.695 0.674 0.772 0.757

4D-PLS v’ 0.876 0.183 0.436 0.553 0.495 0.504 0.687 0.649
Hu et al. v 0.755 0.200 0.539 0.512 0.509 0.503 0.693 0.793
Ours' 0.714 0.193 0.508 0.693 0.698 0.678 0.769 0.747
Ours 0.762 0.203 0.552 0.722 0.737 0.684 0.788 0.773

Proposal [ Ours

k}@ aEx
IRl

Figure 5.6: Without using any background removal our method can define the bound-

aries between the objects and the ground. On the lower part we compare our final result
with the proposal generated with HDBSCAN. Our method can refine the proposals and
correctly segment points previously ignored (highlighted in the red circles).

proposed by Hu et al. [72] remove the background with a semantic segmentation
network, and cluster the remaining points given a learned objectness value. And
a fully data-driven method 4D-PLS [1] for closed-world instance segmentation.

5.3.2 Association Quality

This experiment evaluates the association between the predicted and ground truth
instances on the test set. The results show that our method achieves state-of-
the-art performance, even though not using labels.

Tab. 5.2 shows the evaluation of the different methods with the Sys,. met-
ric, for the known and unknown instances, and the class-agnostic case, i.e., both
known and unknown. Comparing the different clustering methods, HDBSCAN
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Figure 5.7: Qualitative results of our class-agnostic instance segmentation method in

different scenarios.

presents the best performance, which supports our choice of using it for the in-
stance proposal. The 4D-PLS method achieves the best performance for the
known instances, while our method has the best performance for the unsuper-
vised methods. Our approach improves by a large margin the HDBSCAN in-
stance proposal and even surpasses the method proposed by Hu et al. [72]. For
the unknown instances, the performance of supervised methods degrades. Our
method achieves the best performance for unknown when removing the ground
points. When looking at the class-agnostic case, our method with ground removal
is better than unsupervised and supervised methods.

Tab. 5.3 shows the S, for each known class. The performance of the su-
pervised methods presents the best performance on the most represented class,
i.e., car. For other classes, their performance degrades since those classes have
fewer samples in the training set. Our method surpasses HDBSCAN instance
proposals and the supervised methods on most classes. By using unsupervised
learned features, our approach is less overfitted to frequently occurring classes,
being more suited to class-agnostic instance segmentation. Fig. 5.6 shows our re-
sults on one scan and compares our segmentation with the HDBSCAN instance
proposals. Fig. 5.7 depicts further results of our method in different scenarios.

5.3.3 Instance Segmentation Quality

This experiment evaluates the instance segmentation quality using intersection-
over-union (IoU) and recall between predicted instances and the ground truth.
We compute the IoU and recall filtered by different IoU thresholds and calculate
the average of the different thresholds to evaluate the overall performance of the
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Table 5.4: Evaluation results with IoU and Recall with different IoU thresholds and the performance averaged over all thresholds {0.5, 0.6,
0.7, 0.8, 0.9} on test set.

ToUgg [%] T Recallgo [%] T ToUrg [%] T Recallm [%] T TIoUsg [%] T Recall5o [%] T

82

Method Sup. known unknown known unknown [known unknown known unknown | known unknown known unknown | IoU [%] 1 Recall [%] 1
Euclidean 0.484 0.263 0.503 0.276 | 0.637 0.393 0.688 0434 |0.681 0.429 0.761 0.493 0.569 0.618
Quick shift 0.064 0.221 0.067 0.232 |0.119 0.347 0.136 0.385 | 0.184 0.396 0.247 0.468 0.158 0.185
HDBSCAN 0.424 0.388 0.444 0.402 | 0.645 0.565 0.713 0.617 | 0.710 0.605 0.819 0.683 0.594 0.657
Range image 0.100 0.213 0.106 0.225 | 0.223 0.408 0.257 0.462 | 0.278 0.455 0.349 0.541 0.236 0.274
4D-PLS v’ 0.667 0.003 0.683 0.003 [0.753 0.003 0.788 0.004 |0.792 0.004 0.854 0.004 0.613 0.644
Hu et al. v 0.510 0.410 0.528 0.424 | 0.670 0.562 0.724 0.608 |0.721 0.596 0.806 0.664 0.624 0.676
Ours' 0.459 0.402 0480 0415 |0.663 0.569 0.728 0.619 | 0.721 0.608 0.823 0.683 0.612 0.672
Ours 0.461 0.381 0481 0.393 |0.686 0.546 0.755 0.595 | 0.745 0.591 0.850 0.668 0.624 0.686
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Table 5.5: Comparison between the instance proposals of our method and our results
without and with ground removal post-processing step. Evaluation on open-world
instance segmentation benchmark test set.

Sassoc T IoU [%] T
Method known unknown known unknown
HDBSCAN 0.660 0.601 0.607 0.531
Ours' 0.677 0.605 0.628 0.538
Ours 0.720 0.599 0.646 0.517

iWrong non-ground label |

- v £,
Foreground seeds T "'j Instance segmentation®s

Figure 5.8: Sometimes ground is wrongly assigned to an instance proposal (blue), we
sample those ground points as foreground (green), affecting our final instance segmen-
tation (orange).

methods. Tab. 5.4 shows the results for loU and recall for different thresholds.
With a high threshold, i.e., IoUgy, the supervised methods perform better than
the others. Since it is a panoptic segmentation method, 4D-PLS achieves the
best performance for the known instances over all the thresholds. However, it
fails in segmenting unknown instances. With a lower threshold, our method
performance gets closer to the supervised methods and surpasses them in the
unknown instances. On the overall evaluation, our method achieves an IoU on
par with supervised methods and best performance in terms of recall.

5.3.4 Ablation Studies

We additionally compare our method with and without the ground removal post-
processing to discuss the limitations. As seen in the previous section, with-
out ground removal post-processing our method achieves the best overall perfor-
mance, especially for known instances. However, it performs better on unknown
instances with the ground removal.

Tab. 5.5 compares both setups with the HDBSCAN proposals. Even though
removing the ground points leads to better instance segmentation for unknown

instances, it has a higher impact for known instances, decreasing the performance
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by a large margin. In Fig. 5.8, we illustrate one example to explain such behav-
ior. Since the ground segmentation is done by an unsupervised method, it may
have points wrongly assigned as ground and non-ground. Therefore, our method
can improve the segmentation by correctly assigning instance points previously
erroneously considered ground. However, some proposals may have ground con-
sidered as instance points due to the imperfect ground segmentation. In this
case, our method may sample ground points as foreground seeds, leading to seg-
menting a wider ground region as part of the instance. By removing the ground
with the post-processing, we filter the ground region sampled as foreground, but
also filter the points correctly assigned as instances points that were previously
wrongly labeled as ground. Therefore, the main limitation of our method relies

on the initial proposals used for sampling the foreground and background seeds.

5.4 Related Work

Open-world perception has gained considerable relevance recently. Detecting ob-
jects independently of their classes enables more robust perception systems and
alleviates the need for data annotation. Prior works on 3D point cloud data have
leveraged the task as a class-agnostic segmentation employing clustering meth-
ods. More recent learning based methods leveraged this task by first identifying
the known classes in the scan and then clustering the unknown classes. In this
chapter, we propose a method that uses a self-supervised trained network to ex-
tract point-wise features, followed by a graph-based clustering over both 3D point
coordinates and the point-wise features computed by the network. In this section,
we discuss prior clustering and learning-based open-world perception approaches
related to the method presented in this chapter.

Closed-world perception assumes that the complete information about the
classes in the task is given at training time. It means that all objects that ap-
pear at inference time were annotated and seen during training. In this setting,
different tasks can be defined to extract semantic knowledge in the context of
autonomous driving, such as semantic segmentation [168, 218] or panoptic seg-
mentation [115, 122, 217]. Given the defined task and the defined closed set
of classes, data can be annotated for the target task, training a neural network
with this labeled data. Large labeled datasets [4, 14, 47, 51, 54, 167] helped to
push the state-of-the-art for learning-based approaches forward, achieving solid
results. Such learning-based methods perform well for frequently occurring ob-
jects with many training examples, such as cars and pedestrians. Often, however,
they struggle with underrepresented classes for which few training examples exist,
e.g., motorcyclists or bicyclists, and with the generalization to unknown objects.

The comparably poor results in such underrepresented classes highlighted the
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problem of data annotation scalability, especially for classes not present in the

training set, i.e., unknown to the network.

Open-world perception focuses on identifying both known classes, i.e.,
classes seen at training time, and unknown classes, i.e., not seen at training
time. In contrast to learning-based supervised methods operating on LiDAR
data, bottom-up clustering methods rely on decomposing point clouds based on
proximity cues. This is particularly relevant in automotive scenarios, where in-
telligent vehicles must react to all objects, including those that cannot be rec-
ognized semantically. Therefore, such methods can decompose the point cloud
and define instance segments in a class-agnostic way. Several approaches exploit
different representations, such as 2D grids [7, 169], voxel grids [44], or range im-
ages [11, 124], to determine neighboring points and efficiently cluster points using
these implicit neighborhoods. Besides that, several methods operate directly on
the point cloud. A simple yet effective approach is to use Euclidean cluster-
ing [151]. Chen et al. [25] apply ground removal for moving instance clustering.
Alternatively, Wang et al. [180] propose first computing a minimum spanning tree
of the point cloud and learning to remove links in the graph such that the recall on
the labeled classes is maximized. Still, these methods generally only consider the
spatial neighborhoods of points, without any semantic cues, resulting in under-

or over-segmentation.

In contrast, Hu et al. [72] propose an algorithm that finds a segmentation
from a hierarchy of multiple segmentations, given a learned objectness regression
function that provides an open-world scan interpretation. Such an algorithm can
be used in conjunction with the aforementioned clustering methods to achieve
class-agnostic instance segmentation. Differently, Wong et al. [188] propose an
open-world LiDAR panoptic segmentation method, which learns to assign points
to “thing” and “stuft” classes and clusters the remaining unknown points using
HDBSCAN [15] to obtain segmentation hypotheses for unknown objects. This
method is evaluated on the TOR4D [201] dataset, and its subset contains only
rare objects, Rare4D. Unfortunately, neither the dataset nor the proposed model
is publicly available. Even though learning some level of semantic information,
those methods still rely on closed-world labels, optimizing the network to learn
class-specific features. Similarly, our approach discussed in this chapter also uses
both spatial and object-level information. Still, it mainly relies on self-supervised
learned features to compute the points’ similarities, without optimizing the net-
work for a specific set of classes. By leveraging a graph representation with its
edges weighted based on the point-wise features computed by the self-supervised
trained network, we achieve better performance compared to prior work in class-
agnostic instance segmentation. Additionally, we provide a benchmark for open-
world LiDAR instance segmentation, supporting further research in this field.
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This chapter proposes a new method based on self-supervised learned features
and a graph optimization process to achieve class-agnostic instance segmentation.
Unlike previous works, our approach does not rely on labeled data for training
or background removal based on semantic segmentation predictions. Therefore,
it is more suitable for class-agnostic instance segmentation, as it is not biased
by the annotated classes and relies only on features learned in an unsupervised
manner, enabling the identification of all the objects in the scene, regardless of

their presence in the labeled classes.

5.5 Conclusion

In this chapter, we presented a novel approach for unsupervised class-agnostic in-
stance segmentation. Our method employs clustering to define instance proposals
and a graph optimization algorithm to refine these proposals into more accurate
instance segmentation. We represent the point cloud as a graph and exploits
self-supervised representation learning to extract point-wise features, mapping
the similarities between neighboring points within the graph. It allows us to sep-
arate the foreground instance from the background points without labels. The
experiments suggest that our method is more suitable for class-agnostic instance
segmentation, achieving competitive performance compared to state-of-the-art
supervised methods, and even surpassing them for unknown classes.

We evaluated our approach using our proposed benchmark to assess the pre-
dicted instances in comparison to previous methods. Following panoptic seg-
mentation metrics, we evaluate the methods with the association quality and
intersection-over-union metrics. In our experiments, we demonstrate that our
method improves the instance proposals by incorporating object-level informa-
tion from the self-supervised trained network, yielding better performance than
the clustering method used to define the instance proposals. Additionally, our
method demonstrated performance comparable to that of supervised methods,
for both unknown and known classes, despite not requiring labels. Alongside our
method, we also propose a benchmark for class-agnostic instance segmentation
to support further research in the field.

Until now, we have primarily discussed discriminative methods for either
training a network to learn representations from unlabeled data or leveraging
those learned representations to achieve more concrete perception tasks, such
as instance segmentation. Still, another limitation of 3D LiDARs compared to
other sensors, such as cameras, is the sparsity of the data and the variability of
resolutions between different LiDAR sensors. Different LiDARs may have differ-
ent numbers of laser beams, influencing the density of the collected point cloud.

Therefore, in addition to the scarcity of annotated data, data annotation is also
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sensor-dependent, making it challenging to use annotated data collected with
different LiDARs. In the next chapter, we will discuss how to tackle this using
generative methods and transition from sparse, sensor-dependent point clouds to
dense 3D scene representations. We then present our approach for generating a
dense, complete point cloud from a single sparse LiDAR scan, enabling trans-
lation between data from different LiDAR resolutions by sampling point clouds

from specific sensor configurations from the dense scene representation.
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Chapter 6
Generative 3D Scene Completion

N top of the amount of annotated data available and the number of

classes labeled, a further challenge regarding the scalability of labeled

dataset from 3D LiDAR sensors stems from the differences in the

point clouds collected by different LiDAR sensors. Different LiDAR
sensors will measure and represent the same 3D environment as different point
clouds, even within the same manufacturer. Those changes can be due to the laser
beam patterns or sensor resolution, varying the number of beams used to measure
the environment. Such changes drastically impact the geometric representation
generated by the sensor, meaning that a network trained with data collected
from one LiDAR sensor may not achieve reasonable performance when evaluated
on data from a different sensor. Therefore, together with the scarcity of 3D
annotated LiDAR data, the available datasets are also sensor-specific, adding
another challenge that hinders the development of 3D LiDAR perception systems
related to the domain gap between different LiDAR, sensors.

To overcome this domain gap, several studies have investigated methods for
transferring annotated data between different LiDAR sensors [2, 81, 88, 159, 203].
Classical approaches use pose information from a sequence of scans from a source
LiDAR dataset, aggregating the point clouds and labels [2, 88]. Then, a point
cloud resembling the data collected by the target LiDAR sensor is sampled from
the densely aggregated point cloud with labels by casting rays that simulate the
target LiDAR sensor. Finally, the network is trained with those sampled point
clouds. Differently, Yi et al. [203] proposes training a network to achieve both
tasks, predicting a dense, complete scene from a single LiDAR scan, followed by
a second network to predict semantics from this completed scene. In this case,
the semantic segmentation network is domain-independent, since the scene com-
pletion network guarantees that the input point cloud will be dense, independent
of the LiDAR sensor used. Both domain adaptation strategies rely on a complete
representation of the scene, achieving that either by aggregating scans or through
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scene completion, bridging the gap between different LIDAR sensors by sampling
sensor-specific point clouds.

The scene completion task has been studied for many applications, such as
perception [197], localization [176], and navigation [140]. In general, scene com-
pletion aims at computing a complete representation from a partial observation
of the scene. In this case, the partial observation comes from a 3D LiDAR point
cloud, which is sparse and with many occlusions due to the objects in the scene.
Achieving a dense and sensor-independent point cloud is a valuable representation
for dealing with the domain gap inherent in LiDAR sensors. As discussed before,
such representation enables either predicting semantic information directly from
the dense point cloud [203] or by allowing the sampling of arbitrary LiDAR, sensor
point clouds [2, 88].

In this chapter, we propose a method to generate a dense and complete 3D
scene from a single sparse LiDAR point cloud. We focus solely on the scene
completion task for now, disregarding the semantic information, which will be
addressed in the next chapter. Prior scene completion methods focused on pre-
dicting depth maps from RGB images, training a network with paired LiDAR
scans and RGB images [53, 110, 111, 199], or approximating the dense scene
from a LiDAR scan using an signed distance field (SDF) representation. We re-
frame the scene completion task as a generative task. Given recent advances in
denoising diffusion probabilistic models (DDPMs), instead of predicting the miss-
ing parts of the scene, we propose using a DDPM to generate the missing parts
from a LiDAR scan. We reformulate the denoising process from DDPMs as a local
point denoising, enabling the scalability of point diffusion models for scene-scale
point cloud data. Additionally, we propose a regularization term to stabilize the
point diffusion model training, achieving more detailed scene reconstruction. We
compare our method with prior scene completion approaches and demonstrate
that our method achieves better scene reconstruction with more fine-grained de-
tails. Our results show the advantages of using generative models to generate the
missing parts from the sparse LiDAR scans, enabling the generation of a dense,
sensor-independent 3D point cloud representation.

6.1 Scaling Diffusion Models to 3D LiDAR

Scene Completion

The main contribution of this chapter is a diffusion scheme for 3D data operating
at the point level and at the scene scale, which we use to achieve scene completion.
We reformulate the (de)noising scheme used in DDPMs by adding noise locally to
each point without scaling the input data to the noise range, allowing the model
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Figure 6.1: Starting from a single input scan P, we add Gaussian noise to each point,
defining the noisy input 7. Then, we use our trained noise predictor ey to denoise PT
iteratively until arriving at P, yielding a completed representation of the 3D scene.

to learn detailed structural information of the scene. Furthermore, we propose a
regularization to stabilize the DDPMs training, approximating the predicted noise
distribution closer to the real data. In summary, the contributions in this chapter
are (i) a novel scene-scale diffusion scheme for 3D sensor data that operates at
the point level, (ii) a regularization that approximates the predicted noise to the
expected noise distribution, a method (iii) able to generate more fine-grained
details compared to previous methods, (iv) achieving competitive performance in
scene completion compared to previous diffusion and non-diffusion methods.

6.1.1 Owur Approach

We propose using denoising diffusion probabilistic models to achieve scene com-
pletion from a single 3D LiDAR scan as input. First, we reformulate the diffusion
process of DDPMs [106, 107, 214] to work at the scene scale. Instead of normal-
izing the input point cloud, we add and predict the noise locally for each point.
During the denoising process, we condition the noise prediction with the input
scan such that the final scene retains the structural information from the input
scan while inferring the missing parts. In this formulation, the initial point cloud
is a noisy version of the input scan and the networks task is to denoise it to get the
complete scene as depicted in Fig. 6.1. Next, we provide the needed background
on diffusion models and describe the individual components of our approach.

6.1.2 Denoising Diffusion Probabilistic Models

Denoising diffusion probabilistic models [39, 68, 127] formulate the data genera-
tion as an iterative denoising process. Commonly, the model starts from Gaus-
sian noise [39, 68, 127] and iteratively removes noise from the input until it
converges to the target output, e.g., images [39, 68, 127, 138, 144, 148, 215, 216]
or shapes [106, 107, 156, 157, 198, 208, 214]. This is achieved by defining a
forward diffusion process where noise is iteratively added 7' times to the target

data. Then, the model is trained to predict the noise added at each step ¢t. By
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predicting the noise at each step t and removing it, the denoised sample should
be closer to the target training data.

The diffusion process as formulated by Ho et al. [68] can be generally
written as follows. Given a sample x° ~ ¢(x) from a target data distribution,
the diffusion process adds noise to x° over T steps, resulting in x', ..., =7,
where ¢(x”) ~ N(0,I), where N(0,I) is a normal distribution with mean 0
and the identity matrix I as diagonal covariance. This diffusion process is pa-
rameterized by a sequence of defined noise factors fi,..., 8y, where iteratively
at each step t, Gaussian noise is sampled and added to x'~! given ;. This
can be simplified to sample x! from x", without computing the intermediary
steps ', ..., 2!, To do so, Ho et al. [68] define a; = 1 — 3 and @; = [[._, s,
and x' can be sampled as:

' = va,z’ + 1 — e, (6.1)

where € ~ N(0,I). Note that when 7 is large enough ¢(x”) ~ N(0, I), since ar
gets closer to zero.

The denoising process aims to undo the 7" noising steps by predicting the
noise € added at each step ¢ [68]. Given an initial ', we want to reverse the
diffusion process and get to x°. The reverse diffusion step can be written as:

il =gt — \}%ee(azt,t) + 11__04;1&/\/(0,1) , (6.2)
where €p(x’, t) is the noise predicted from ' at step t.

This generation can also be guided given a condition e. This conditional
generation can either stem from a pre-trained encoder [39] or from classifier-free
guidance [69], where the encoder is trained together with the noise predictor. In
our case, we use the classifier-free guidance since it does not require a pre-trained
encoder. With the classifier-free guidance, the model is trained to learn the con-
ditional and unconditional noise distribution. In this case, at each training step
the model has a probability p of predicting the unconditional noise distribution,
where the conditioning is set to a null token, i.e., ¢ = ().

The training process optimizes the denoising model to predict the noise €
added at step t to a given input. Given an input ° and a condition ¢, a random
step t € [0,7] is sampled, and @' is sampled from Eq. (6.1) with a Gaussian
noise €. Then, from !, ¢ and ¢, the model computes the noise prediction, super-
vising it with an £, loss:

L’(wt,é, t) = He — ee(a:t,é, t) H2, (6.3)

with € having a probability p of being the null token @) or the condition ¢ otherwise,
i.e., switching between unconditioned and conditioned generation.
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6. GENERATIVE 3D SCENE COMPLETION

The inference starts from an initial 7 ~ N(0,I) and iteratively denoise
it to get x°. For the classifier-free guidance [69], we predict the conditional and

unconditional noise distribution and compute the final predicted noise as:
eg(azt,c, t) = ee(mt,Q),t) + s[eg(wt,c, t) — ee(azt,@,t)] ) (6.4)

where s € R is a parameter that weights the conditioning to ¢, and €p(x’, 0, ) is
the unconditional noise prediction.
With Eq. (6.4) we can compute the noise at any step ¢, from which we can

T-1 0

use Eq. (6.2) to compute =71, ... x° where x° is a newly generated sample

conditioned on e.

6.1.3 Diffusion Scene Completion

In this work, we use the generative aspect of DDPMs to complete a scene mea-
sured in a single scan by a LiDAR sensor. Similarly to shape completion [106,
107, 214], the input is a partial point cloud P = {p1, ..., pg} where p, € R? and
the output should be the complete point cloud P’ = {pf,...,pr} where p. € R3.
In our case, the partial point cloud is a single LiDAR scan from which we want
to achieve scene completion. Given a sequence of consecutive LiDAR scans and
their poses, we can build a map and sample the complete scene ground truth G
for an individual scan P, where our scene completion P’ should be as close as
possible to G.

Given the pair of input scan P and ground truth G, we can train the DDPM
to achieve scene completion. As detailed in Sec. 6.1.2, we can compute a noisy

point cloud G* at step ¢ from the complete scene G in a point-wise fashion:

Pl = Vap, + V1 — e, Yp, € G, (6.5)

with G = {p!,...,pL}.

In our case, we want to retrieve the complete scene G from G7. However, G
retains little information from G due to the T diffusion steps. Therefore, we
condition the generation with the scan P such that its structure guides the point
cloud generation. From Eq. (6.4), the point-wise classifier-free noise prediction

at step t can be rewritten as:
Ele(gta Pa t) = 69(gt7 @7 t) +S(6€(gt7 IP7 t) - Ea(gt7 @, t)) : (66)

For training, at each iteration we select a random step ¢ € [0,7] and com-
pute G' from G given Gaussian noise € ~ N (0,I). Then, we use the model to
predict the noise from G' conditioned to the LiDAR scan P or a null token ()
given a probability p as in Eq. (6.3), supervising with the loss:

2

Laa(G',¢,t) = ||e — €9(G", ¢, 1) |

, (6.7)
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Figure 6.2: Comparison between Gaussian noise with standard deviation o and mean p

over non-normalized and normalized input point cloud and our proposed local point-
wise noise formulation.

where as in Eq. (6.3), with & having a probability p of being the null token () or the
LiDAR point cloud P otherwise. Our experimental setup follows the evaluation
of prior scene-scale generative methods. We generate samples from the different
methods and assess the quality of the generated scenes by comparing it with
real data. Additionally, we compare the use of scenes generated by ours and
prior state-of-the-art methods as annotated data to train a semantic segmentation
network. During inference, as detailed in Sec. 6.1.2, we can generate a scene
conditioned to a LiDAR scan P, by denoising from G7 to G° which is the predicted
complete scene P’.

6.1.4 Local Point Denoising

The formulation detailed in Sec. 6.1.3 is usually used for shape completion [107,
214]. Even though achieving promising results for shape completion, this formu-
lation may not directly work at the scene scale. For single object shapes, the data
is either normalized or is within a small range close to a Gaussian distribution
with mean p = 0 and standard deviation X = I. For scene scale, the LiDAR
data has a much larger scale, and the data range differs depending on the point
cloud axis. Therefore, the input data distribution is far from a Gaussian distri-
bution N(0, I), and if we normalize the data, we lose many details in the scene
due to compressing it into a much smaller range as illustrated in Fig. 6.2.

To overcome this problem, we reformulate the diffusion process as a point-wise
local problem. Instead of sampling &' as a mixed distribution between € ~ N (0, I)
and x as in Eq. (6.1), we formulate the diffusion process as a noise offset added
locally to each point p, € G. In this case, from Eq. (6.1), we set ° = 0 and
add z! to p,:

p. =p, +(Va0 + V1 —ae) = p, + V1 - qe. (6.8)

With this formulation, the noise € is a random offset scaled with respect to the
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Figure 6.3: Mean and standard deviation of the predicted noise €y without the noise
regularization. In this experiment we use DPMSolver [103] to reduce the denoising
steps from 1,000 to 10.

step t added to each point p, in G. The model needs to predict the noise at each
step t, slowly moving the noisy points towards the target scene G conditioned to
the LiDAR scan P, still operating in the original scale.

During inference, due to this local diffusion formulation, G cannot be ap-
proximated by a Gaussian distribution. Instead, we can generate G? from the
LiDAR point cloud P. Besides, to achieve a denser scene from a LiDAR scan, we
need more points than the input scan. Therefore, given a single LiDAR scan P
with H points, we increase its size to arrive at the same number of points as
the target dense scene G with R points. We achieve this by concatenating the
points in P by @ times to obtain P* = {p],...,pyy}, where R = QH. Then,
we sample a Gaussian noise for each point p; € P* and compute the initial noisy
point cloud PT from P* with Eq. (6.8). Finally, we calculate the 7' denoising
steps by predicting the noise at step ¢ from Eq. (6.4), and then denoising it using
Eq. (6.2) to obtain the complete scan P’ = P°.

Note that, as long as PT is “noisy enough” to resemble G as seen during
training, the generation process is the same independent of using P* or the ground
truth G to sample the initial 7

6.1.5 Noise Prediction Regularization

DDPMs use a leveraged formulation to train the model to predict only the noise
added to the data. This formulation has only to optimize an L, loss between
the added noise and the model prediction. However, this formulation optimizes
the model to precisely predict the noise added to each point, ignoring the overall
distribution of the noise sampled.

Given that the added noise € ~ N(0, I), it is reasonable to expect that the
prediction €4(G*, P,t) ~ N(0,I). However, the model predicts a peaky distri-
bution far from the expected, as shown in Fig. 6.3. The predicted noise starts

95



6.1. ScALING DIFFUSION MODELS TO 3D LIDAR SCENE COMPLETION

with a mean far from zero and with a large standard deviation. As the denoising
starts the mean gets closer to zero but the standard deviation is still far from one.
Therefore, we propose a regularization to approximate €,(G*, P, t) to N(0, I). We
compute the mean €, and the standard deviation €y over €4(G*, P, t) and calculate
the regularization losses:

Lonean = €°  and  Lgq =(é9 — 1), (6.9)

then our final loss becomes:
L= £diff +A (Emean + £std) 5 (61O>

where \ is a weighting factor.
With this regularization, we aim at smoothing the peaky distribution from
the predicted noise, and approximating it to the expected target distribution,

ie., €(G", P, t) ~ N(0,I).

6.1.6 Refinement Network

Despite the impressive results of DDPMs, the denoising process still demands time
since it has to predict all the T" steps. Recent efforts [80, 103, 104, 118, 154, 164]
focus on increasing the inference speed. However, by reducing the inference
time, the generation quality may also decrease. Besides, processing 3D scene-
scale data demands many computational resources. This limitation hinders the
number of points we can generate to represent the complete scene. Therefore,
we follow the refinement upsampling scheme proposed by Lyu et al. [107]. We
train an additional model to refine the scene generated by the diffusion pro-
cess while upsampling it by predicting » offsets o, € R3 for each point in the
completed scene P’. Then, we add the offsets to the completed scene points
as {p. +0q,...,p. + 0.}, Vp. € P refining the diffusion completion while up-
sampling it.

6.1.7 Noise Predictor Architecture

We parameterize the denoising process using a MinkUNet [34] as the noise pre-
dictor which uses sparse convolutions to process 3D data. To encode information
from the conditioning scan P, we use the encoder part from MinkUNet [34] with
the same architecture as the noise predictor. The encoder downsamples P to a
smaller version C = {c € RN | 1 < I/ < H'}, where H' < H and N€ is the en-
coder output embedding size. To encode the denoising step ¢, similar to previous
work [214], we use a sinusoidal positional encoding to compute the temporal em-

bedding 7 € RN, Then, before each layer [ in the denoising model, we compute
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Figure 6.4: Diagram of the conditioning in each layer [.

the closest point between the layer input points F; = { fi, € R |1 < h; < H}
and the conditioning embeddings C to get a per-point guidance, passing it over
an MLP to get C; = {cy € RN | 1 < b} < H]}. Then, we compute 7, € RV from
the temporal embedding 7 through another MLP, and concatenate 7; to each
point in C; obtaining W, = {wy, € R>M' | 1 < h) < H}}. Finally, we use one more
MLP layer to project W, to the layer feature dimension N' and get W,. Then,
we compute F] = W] © F; as an element-wise multiplication, which is then feed
as the input to layer [, as depicted in Fig. 6.4. As the refinement network, we
use the same MinkUNet [34] architecture used for the noise predictor without the
conditioning encoder. Fig. 6.5 depicts the diagrams for the noise predictor and

condition encoder models.

6.2 Experimental Evaluation

In this section, we compare our novel scene completion method with prior dif-
fusion and non-diffusion based approaches. We demonstrate in our experiments
that our local point-diffusion method enables more detailed generation compared
to standard point-diffusion methods. Also, we show in our evaluation that our
method can generate more fine-grained details compared to previous approaches,
achieving competitive performance even when evaluating on data collected from
a LiDAR sensor different from the one used for training.

6.2.1 Implementation Details and Experimental Setup

Our experimental setup follows scene completion evaluation methods. We com-
pute the scene completion results for the different methods and evaluate how
close these results are to the target complete scene. Our evaluation assesses this
scene reconstruction in two ways, by comparing how close the predicted com-
pleted point clouds are from the ground truth, and comparing the occupancy
between the completed scene and the ground truth data.
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Figure 6.5: Noise predictor and condition encoder models architecture. The condition
encoder receives the scan P and computes the conditioning point cloud C. From ¢,
we compute the positional embedding 7 with a dimension N' = 96. At each layer I,
we give C and 7 to the conditioning block together with the layer input features F; to
get F/, which is then feed as input to the layer [.
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Datasets. For training our DDPM, we used the SemanticKITTI dataset [5,
54], an autonomous driving benchmark with point-wise annotations over se-
quences of LiDAR scans collected in an urban environment. To generate the
ground truth complete scans, we used the dataset poses to aggregate the scans
in the sequence and remove moving objects with the semantic labels, building
a map for each sequence. For evaluation, we used the validation set from Se-
manticKITTI, i.e., sequence 08. Additionally, we used sequence 00 from the
KITTI-360 dataset [94] and collected our own data with an Ouster LIDAR OS-1
with 128 beams to further compare the approaches.

For SemanticKITTT and KITTI-360, we used the ground truth poses to build
the map, and for our data, we used KISS-ICP [178] to get the scan poses for
our sequence. To remove the moving objects from the map in KITTI-360 and
our data, we used an off-the-shelf moving object segmentation [121]. To compute
the evaluation metrics, for each scan in the sequences, we remove the moving
objects using the semantic labels using only the static points as input to the
scene completion methods. Then, we evaluate the completed scene by comparing
it with the corresponding region in the ground truth map.

Training. We train our model for 20 epochs, using only the training set from
SemanticKITTI. As optimizer, we used Adam [83] with a learning rate of 107
decreased by half every 5 epochs, and decay of 10~#, with batch size equal to 2.
For the diffusion parameters, we used 3y = 3.5-107° and S = 0.007, with the
number of diffusion steps 7' = 1,000, linearly interpolating between [, and SBr to
define 3y, ..., Br_1. We set the noise regularization A = 5.0, and the classifier-free
probability p = 0.1. For the MinkUNet [34] parameters, we set the quantization
resolution to 0.05m. For each input scan, we define the scan range as 50m
and sample 18,000 points with farthest point sampling. For the ground truth,
we randomly sample 180,000 points without replacement. For the refinement
network we use K = 6 as the number of offsets.

Inference. During inference, we use DPMSolver proposed by Lu et al. [103],
reducing the number of denoising steps 7' from 1,000 to 50. Besides, we set
the classifier-free conditioning weight to s = 6.0. To maintain the same amount
of points used during training, we again use the scan max range as 50 m and
sample 18,000 points with farthest point sampling. Furthermore, as explained in
Sec. 6.1.4, we set (Q = 10 to define the input noisy scan P*.

Baselines. We compare our method with different scene completion methods,
LMSCNet [147], PVD [214], Make It Dense (MID) [176], and LODE [91]. For
all baselines, we used their official code and the provided weights also trained
on SemanticKITTI. For PVD, we trained the approach with SemanticKITTI
with their default parameters. We also follow their data loading, where the
point clouds are normalized before the diffusion process. LMSCNet [147] and
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Table 6.1: Mean chamfer distance and Jensen-Shannon divergence evaluation on vali-
dation set from SemanticKITTI.

Method CD [m] \L JSDBEV [m] \L
LMSCNet [147]  0.641 0.431
LODE [91] 1.029 0.451
MID [176] 0.503 0.470
PVD [214] 1.256 0.498
Ours 0.375 0.416

LODE [91] are limited to a fixed voxel grid of 51.2m x 51.2m x 6.4m. Given
that our point cloud generation is done over a scan with a radius of 50 m, we
divide the input scan into four quadrants over the 360° LiDAR field of view,
generating the complete scene over each quadrant and finally gathering them
together as the final prediction. All baselines and our method were trained only
with SemanticKITTI, and later evaluated on SemanticKITTI, and on KITTI-360
and our data without fine-tuning.

6.2.2 Scene Reconstruction

In this experiment we evaluate how close is the predicted scan completion from
the expected complete scene. To do so, we quantify it with two metrics, the
Chamfer distance (CD) and the Jensen-Shannon divergence (JSD). The Chamfer
distance evaluates the completion at point level, measuring the level of detail of
the generated scene by calculating how far are its points from the expected scene.
The JSD compares the points distribution between the generated and the ground
truth scene. For the JSD, we follow the evaluation done by Xiong et al. [197],
where the scene is first voxelized with a grid resolution of 0.5 m and then projected
to a bird’s eye view, evaluating over this projection.

Tab. 6.1 shows the results comparing our approach with previous state-of-the-
art methods, where our method achieves the best performance in both metrics.
First, we can notice that the state-of-the-art shape generation diffusion method,
PVD, achieves the lowest performance, showing that current 3D diffusion methods
cannot directly be applied to scene-scale data. The best performance of our
method over the CD metric can be explained by the fact that our method operates
directly on the points, which enables it to produce a more detailed scene compared
to the baselines. The scene representation from SDF-based methods inherits
artifacts from the surface approximation and voxelization, impacting the details
in the reconstructed scene and therefore decreasing their performance with respect
to the CD. The JSD evaluates the reconstructed scene points distribution over
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Table 6.2: Mean chamfer distance and Jensen-Shannon divergence evaluation on
KITTI-360 sequence 00 and our data.

KITTI-360 Our data
Method CD [m] | JSDpgy [m]} CD [m]| JSDggy [m] ]
LMSCNet [147] 0.979 0.496 0.826 0.439
LODE [91] 1.565 0.483 0.387 0.389
MID [176] 0.637 0.476 0.475 0.379
Ours 0.564 0.459 0.518 0.360
Ours refined 0.517 0.446 0.471 0.341

a voxelized grid comparing the overall scene distribution between the generated
and the expected completion. Even though our method is not optimized over
a voxel representation, we still achieve the best performance, showing that our
scene completion is at the same time closer to the expected point distribution
and can yield more details.

Tab. 6.2 compares the results of the scene completion methods on KITTI-360
and our collected data. Due to the poor performance of PVD over KITTI dataset,
we do not evaluate it on those datasets. For KITTI-360 we notice the same be-
havior as in Tab. 6.1, where our method achieves the best performance in both
metrics. When evaluating in our data, the performance of the SDF-based meth-
ods improve. This is expected since our data has denser point clouds, which is an
advantage for such methods since they rely on the input points to approximate
a surface to represent the scene. However, our method still achieves the best
performance on the JSD metric and competitive performance on the CD metric.
This evaluation shows that our method can still achieve scene completion over
different datasets without fine-tuning since its generation is conditioned to the
input scan. In Fig. 6.6 and Fig. 6.7 we can compare the scene completion gen-
eration between the methods. We can see that the diffusion baseline, PVD, fails
on generating scene-scale data. SDF-based methods inherits artifacts from the
voxelization, our method, especially after the refinement, can generate a scene
closer to the expected, following the structural information from the input scan.

6.2.3 Scene Occupancy

In this experiment, we assess the scene completion by evaluating the occupancy
of the predicted scene compared with the ground truth. To do so, we follow the
evaluation proposed by Song et al. [165] where the intersection-over-union (IoU)

is computed between the predicted and ground truth voxelized scene, classifying
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Figure 6.6: Qualitative results on one scan from KITTI-360. Colors depict point height
normalized by the height range of each point cloud.
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Figure 6.7: Qualitative results on one scan from KITTI. Colors depict point height

normalized by the height range of each point cloud.
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Table 6.3: Completion metric where the IoU is computed against the ground truth and
prediction grids with different resolutions.

IoU [%] 1

Grid resolution [m]
Method 0.5 0.2 0.1
LMSCNet [147] 30.83 12.09  3.65
LODE [91] 33.81 1639 5.0
MID [176] 31.58 2272 13.14
PVD [214] 1591 367 0.6
Ours 3147 16.79  4.67

Ours refined 32.43 22.99 13.40

each voxel as occupied or not. In this evaluation, we compute the IoU at three
different voxel resolutions, i.e., 0.5m, 0.2m, and 0.1 m. With a voxel size of 0.5 m,
we evaluate the occupancy over the coarse scene, where the scene details are not
considered. As we decrease the voxel size, more fine-grained details are evaluated.

Tab. 6.3 shows the IoU of our method compared to the baselines at the dif-
ferent voxel resolutions. First, the diffusion baseline PVD has the lowest per-
formance overall. This again shows that current state-of-the-art 3D shape com-
pletion diffusion methods cannot be directly applied to scene-scale data. At a
higher voxel size, our approach stays behind some SDF-based baselines. This is
reasonable in this evaluation since SDF methods use a voxel representation to
reconstruct the scene. Therefore, its reconstruction is equally distributed over
the point cloud and its voxel representation is denser compared to our result vox-
elized. As we decrease the voxel size, the baselines performance drops. At the
lowest resolution, our method outperforms the baselines. LMSCNet [147] and
LODE [91] are bound to a voxel resolution of 0.2m, therefore with a voxel size
of 0.1m their performance drops drastically. Make It Dense [176] was trained
with a voxel size of 0.1 m, however, our method still outperforms it at this res-
olution. This shows the advantage of our approach. Since it is trained at point
level, it can produce a more detailed scene, not limited to a fixed grid size.

Due to the poor performance of PVD on SemanticKITTI, we compared our
method only with non-diffusion approaches for the other two datasets. In Tab. 6.4,
we compare the results from our method with the baselines for KITTI-360 and
our own collected data. For KITTI-360 our method outperforms all baselines in
all evaluated resolutions. For our data, SDF-based method have advantages due
to the denser point clouds as discussed in Sec. 6.2.2, still, our method achieves

competitive performance compared to the baselines especially at lower voxel size.
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Table 6.4: Completion metric where the IoU is computed against the ground truth and
prediction grids with different resolutions.

IoU [%] 1
KITTI-360 Our data

Grid resolution [m] Grid resolution [m]
Method 0.5 0.2 0.1 0.5 0.2 0.1
LMSCNet [147] 26.17  9.21 2.88 21.55 8.44 2.38
LODE [91] 33.06 1524 468 39.32 1856  6.15
MID [176] 33.06 21.32 11.30 41.37 29.88 18.05
Ours 33.23 1755 488 36.30 1827  4.90

Ours refined 33.43 22.04 11.84 36.91 2751 15.28

This suggests that our approach can achieve a detailed scene reconstruction, and
it is able to generate data from a different dataset than the one it was trained
on, since its generation is guided by the input LiDAR scan.

6.2.4 Noise Regularization

Next, we evaluate the impact of the proposed noise prediction regularization on
the generated scene. We compare the predicted noise distribution with different
regularization weights A in Fig. 6.8 from the 10 denoising steps in one scan as in
Fig. 6.3. As seen, without the regularization, i.e., A\ = 0, the predicted noise starts
far from the expected distribution, with a mean of around —9.0 and a standard
deviation of about 526. As we denoise the input, the distribution gets closer to
the expected, however, still with a high standard deviation. When we add our
proposed regularization, the model already starts predicting a more reasonable
noise distribution from the beginning, stabilizing the denoising process. From
this evaluation, we noticed that using A = 5.0 achieved a more stable distribution
over the denoising steps. Fig. 6.9 compares the scene completion with the noise
predictor trained with different regularization weights. With » = 0.0, the model
can generate structural information with a noisy aspect, and, in this example, the
points from the two parked cars are mixed together without a clear boundary.
With r = 1.0, a less noisy scene completion is generated, but still, the surfaces
in the structure present a noisy aspect. When comparing r = 3.0 and r = 5.0,
both generated scene depicts a more detailed and less noisy scene, compared with
lower regularization weights r. However, using r = 5.0 achieves more fine-grained
structural details. The surfaces in the scene appear to have a flatter aspect, and

the sidewalk curbs seem better defined. Also, the two parked cars retain more

104



6. GENERATIVE 3D SCENE COMPLETION

Mean [m] Standard deviation [m]
0.02] 526
—r=0 —r=3
0.01 —r=1 —r=5
-0.02 1
_ _ Ts
-4
-3
L2
-8.5 — = I1

12345678910 12345678910
Denoising steps
Figure 6.8: Mean and standard deviation of the predicted noise €y over different regu-
larization weights. In this experiment we use DPMSolver [103] to reduce the denoising
steps from 1,000 to 10.

Figure 6.9: Comparison between results with different regularization weights r.

details, e.g., the windows space.

To evaluate how the regularization impacts the data generation, we compare
the model performance over a short sequence from the SemanticKITTI validation
set. We run the scene completion pipeline every one hundred scans without using
the refinement network, evaluating only the regularization influence over the noise
predictor. In Tab. 6.5, we compute the chamfer distance to compare the impact
of the regularization over the quality of the generated scene. As we increase
the regularization, the generation quality improves. Despite A = 3.0 achieving a
slightly better result in this evaluation, we stick with A = 5.0 due to the analysis
of the noise distribution from Fig. 6.8, and the qualitative comparisons in Fig. 6.9.

6.2.5 Condition Weights

This section compares the scene completion quality using different condition
weights s qualitatively and quantitatively. Fig. 6.10 shows the qualitative com-
parison between the scene completion with different conditioning weights. When

setting s = 0.0 we have the unconditional generation. In this case, the generated
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Table 6.5: Mean chamfer distance over a short sequence from the validation set of
SemanticKITTI.

A 00 10 30 50
CD[m] ] 0529 0470 0.441 0.445

Figure 6.10: Comparison between results with different conditioning weights s.

scene has a flat surface distributed over the input scan borders without retaining
structural information. As we increase s, the structure details are better defined.
With s = 2.0 and s = 4.0 more details are generated but with a smooth as-
pect. When using s = 6.0 the generation follows structural information from the
input scan and defines sharper boundaries over the structures. With s = 10.0
and s = 12.0, the generated scene gets noisy, generating artifacts over the scene.

We also evaluate the influence of the conditioning weight s in Tab. 6.6. As
in Tab. 6.5, we compute the chamfer distance over the scene completion and
the ground truth over a short sequence from the SemanticKITTI validation set,
where we generate every one hundred scans. In this evaluation, having s = 6.0
and s = 10.0 achieves basically the same performance. However, from the quali-
tative evaluation presented in Fig. 6.10, we used s = 6.0 in the main experiments
since it achieved the best performance qualitatively and quantitatively.
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Table 6.6: Mean chamfer distance over a short sequence from the validation set of
SemanticKITTI with different conditioning weights s.

s 0.0 2.0 4.0 6.0 10.0  12.0 16.0
CD [m] | 0.737 0.543 0.454 0.433 0.432 0.435 0.450

6.3 Related Work

Scene completion has been extensively studied in the literature, particularly in
the robotics community, to achieve a more complete representation from sparse
sensor measurements. Given the extensive availability of 3D LiDAR datasets with
semantic annotations, the scene completion task is often reframed as semantic
scene completion. Prior works mainly focus on SDF representations or image
projections to approximate the dense scene from a sparse 3D LiDAR point cloud.
Differently, in this chapter, we reformulated the task as a generative task, where
instead of approximating the dense scene, we use a DDPM to generate the missing
parts of the point cloud. In this section, we review related scene completion
approaches and recent studies on diffusion models used as the basis for the method
described in this chapter.

Scene completion aims at inferring missing 3D scene information given an
incomplete 3D sensor measurement. This inference of unseen information is help-
ful for perception tasks [197], localization [176], or navigation [140], as it provides
more complete information compared to the sparse and limited information col-
lected by 3D sensors. To achieve this, some works [53, 110, 111, 199] have tackled
this task by jointly extracting information from paired RGB images and LiDAR
point clouds, predicting a depth map from an RGB image supervised by the
LiDAR data. Using the LiDAR data as supervision, the model then learns to
predict depth information for each pixel in the RGB image, predicting a dense
point cloud from the RGB data. Differently, other methods [91, 176] approach
the problem by optimizing an SDF given only the LiDAR measurements. The
SDF represents the scene as a voxel grid, where each voxel stores its distance to
the closest surface in the scene. In this case, the model is optimized to approx-
imate a surface that fits the scene, given the sparse LiDAR point clouds. From
the SDF, the LiDAR scan can be drawn as a dense and complete point cloud
of the scene. However, such SDF methods are limited by the voxel resolution
at which the model is trained and lose details in the scene due to the voxel dis-
cretization. Differently, the method presented in this chapter operates directly
over the points, leveraging the generative properties of DDPMs to complete the
unseen data without relying on a voxel grid representation.

Semantic scene completion has gained significant interest recently due to
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the availability of large datasets with semantic labels [4, 5, 14, 51, 54, 94, 167].
This task extends the scene completion task by predicting a semantic label for
each occupied voxel [91, 146, 147]. Such approaches enable the completion of the
scenario measured by a LiDAR sensor with the prediction of semantic information
within its voxels. As for scene completion, those methods are mainly based on
SDF representations, approximating the scene as a surface given the training voxel
resolution, while predicting a semantic class for each voxel. Despite providing
semantic information along with a complete scene representation, these methods
are also tightly bound to the voxel grid resolution, which typically has a low
resolution due to memory limitations. Given the similarity between the two
tasks, most recent scene completion approaches directly formulate the problem
to also predict a semantic class within the dense scene voxels. The approach
described in this chapter still only leverages scene completion, without considering
semantic classes, and focuses mainly on the geometry completion of the scene. In
Chapter 7, we discuss an approach for both semantic scene completion and novel

semantic scene generation.

Denoising diffusion probabilistic models have gained attention due to
their high-quality results in image generation [39, 68, 127, 138, 144, 148, 215, 216].
Ho et al. [68] define a diffusion process to corrupt an image, iteratively adding
noise to it over a fixed number of steps, such that the corrupted image approxi-
mates a Gaussian distribution. Then, a network is trained to reverse this process
by predicting the noise added at each step. This formulation enables the genera-
tion of novel samples by sampling random Gaussian noise and using the trained
network to denoise it until arriving at a novel sample from the training data
distribution. Given the quality of the generated images, conditioned diffusion
models have gained even more relevance due to the possibility of generating data
towards a specific input condition [3, 69, 211]. Those conditioned DDPMs are
trained together with a conditioning token to guide the generation process to-
wards a specific target. Although achieving impressive results, the drawback of
DDPMs is typically the time required during the denoising process, given its it-
erative nature. For this reason, many efforts have been made to achieve faster
generation [80, 103, 104, 118, 154, 164]. Some methods tackle this computational
cost problem by distilling the denoising model, training the network to predict
multiple denoising steps simultaneously [118, 154]. Other approaches analytically
approximate the denoising steps solution, reducing the number of steps needed
without requiring further training [80, 103, 104, 164].

Diffusion models for 3D data have been investigated due to their promis-
ing performance in the image domain. Early methods [106, 107, 214] focus on
single object shapes, aiming to generate or complete object shapes. Compared
to object-level diffusion, fewer works [89, 126, 219] target the generation of real-
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world data. Some works [126, 219] rely on projecting 3D data into an image-based
representation, such as range images, so that the methods proposed in the im-
age domain can be directly applied. For such approaches, 3D scene completion
cannot be directly achieved, as reprojecting the image to the 3D world results in
some regions missing information due to occlusions in the projected point cloud.
Lee et al. [89] achieve scene-scale 3D data generation using a discrete diffusion
model formulation and a fixed voxel grid representation of the environment. In
this formulation, the DDPM is trained to predict for each voxel in the fixed
3D grid, whether it is occupied and its corresponding semantic class. Despite
overcoming the limitations of image-projection methods, the resolution of this
approach is limited since the DDPM operates over all voxels in the defined 3D
grid, regardless of whether they are occupied or not. Different from previous
works, our method operates directly at the point level and does not rely on a grid
representation or projection to the image domain. Therefore, it is not bound by
a voxel resolution and can deal with occluded regions inherent in LiDAR data.

Given the recent advances in DDPMs for data generation, this chapter pro-
poses a point-level formulation of the denoising diffusion process, achieving com-
petitive performance in scene-scale diffusion scene completion. Our formulation
enables the use of DDPMs to generate scene-scale, real-world-like data without
relying on any discretization or projection of the LiDAR data.

6.4 Conclusion

In this chapter, we proposed a novel point-level denoising diffusion probabilistic
model to achieve scene completion for autonomous driving data. Our method
enables the use of DDPMs for generating dense point clouds from single sparse
LiDAR measurements, achieving a complete scene representation. This dense
scene representation allows for sampling sensor-specific point clouds, serving as a
proxy for bridging the domain gap between different LiDAR, sensors. We exploit
the generative capabilities of DDPMs to generate the missing parts from a single
sparse LiDAR scan. We reformulate the diffusion process as a local problem.
Each point is defined as the origin of the sampled Gaussian noise, allowing for an
iterative denoising process to gradually predict offsets and reconstruct the scene
from the input noisy LiDAR scan. This formulation enables the processing of
scene-scale 3D data, retaining more details during the denoising process, distin-
guishing it from previous state-of-the-art diffusion approaches by allowing the
generation of scene-scale 3D data at the point level.

We compare the method proposed in this chapter with both diffusion and
non-diffusion methods, demonstrating that this approach achieves more accurate

scene completion compared to prior methods. We evaluate all methods regard-
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ing the scene reconstruction details and scene occupancy. The experiments show
that our method can reconstruct the scene with more details compared to prior
scene completion approaches, as it generates the missing parts rather than ap-
proximating them with an SDF representation. Furthermore, we evaluate our
approach when completing the scene with a point cloud collected using a differ-
ent LiDAR sensor than the one used to collect the training data. In this case,
our method also achieves detailed reconstruction, with performance comparable
to prior state-of-the-art works. Our approach enables the use of point diffusion
methods for 3D scene-scale data, generating a dense scene representation from a
sparse LiDAR scan, bridging the domain gap between different LiDAR sensors.
Although valuable, the dense scene representation achieved by the method
proposed in this chapter does not account for the labels from the LiDAR scan.
Therefore, the point-wise labels from one LiDAR sensor cannot be easily trans-
ferred to another LiDAR sensor. In the next chapter, we will discuss how to use
DDPMs to not only generate a complete scene from a LiDAR point cloud but also
assign a semantic label to each point in the dense scene representation, achieving
semantic scene completion. Additionally, we leverage the generative capabili-
ties of DDPMs to generate novel, semantically annotated scenes. We then use
these unconditionally generated semantic scenes to train a semantic segmenta-
tion network with both real and randomly generated samples, assessing the use of

generative models to generate more labeled data for training perception models.
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Chapter 7

Generating 3D Semantically
Annotated Training Data

Dense scene representation can be useful for perception systems to

generalize across different LIDAR sensors. However, the scene com-

pletion method discussed in the previous chapter does not account

for the semantic information in the generated complete scene. Even
though helpful, having only a geometric dense representation of the scene still
does not allow for transferring annotated data between different LiDAR sen-
sors. To account for that, a model should be able to achieve both, complete the
scene and generate the labels for it, achieving semantic scene completion. Apart
from using generative models to achieve semantic scene completion from a sin-
gle LiDAR scan, these models could also be trained to generate random novel
semantically annotated scenes. This would enable the generation of more anno-
tated data to be used to train perception models, either conditioned on LiDAR
scans or completely novel scenes.

The semantic scene completion task has been studied in the robotics and
computer vision communities recently [78, 93, 181, 195]. These works focus on
predicting a dense scene representation with its semantic classes from a single
LiDAR point cloud. Such complete scene representation with semantic informa-
tion can be exploited to bridge the domain gap between point clouds collected
with different LIDAR sensors. Specifically, given a complete scene with its se-
mantic classes, prior ray casting domain transfer works [2, 81, 88, 159, 203] could
directly be applied to those dense point clouds, generating sensor-specific anno-
tated 3D data.

As discussed in Chapter 6, generative methods [129] present advantages com-
pared to standard scene completion approaches, achieving more detailed scene
completion. Recent works on DDPMs investigate latent diffusion approaches [10,

148], enabling more efficient computation and generating more complex samples.
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Latent diffusion approaches first train a variational autoencoder (VAE) network
to encode the data into a latent representation. Then, a DDPM is trained to gen-
erate samples from this learned VAE latent space. The sampled latents are then
decoded by the VAE decoder to retrieve samples from the original data distri-
bution. This latent diffusion scheme is exploited in our case to achieve semantic
scene completion conditioned on LiDAR scans, or to generate novel annotated

dense point clouds without any prior condition.

Using DDPMs to generate novel 3D point clouds with semantic annotation
has been studied in recent works [89, 90, 99, 119, 145]. These methods leverage
different ways to enable 3D semantic scene generation. They either rely on image
projections of the real 3D scenes to train the latent diffusion model [89, 90], or
on intermediate coarser scene generation [99, 119, 145], where multiple decoupled
DDPMs are trained separately at different resolutions of the target data, gener-
ating novel samples via a hierarchical generation. However, both projection and
hierarchical generation approaches can degrade the generated results due to the
loss of information within their intermediate representations. Besides, despite
generating scenes with semantic labels, none of the prior methods investigate the

use of the generated annotated scenes in real-world perception tasks.

In this chapter, we follow recent latent diffusion approaches to enable condi-
tional and unconditional 3D semantic scene generation. However, distinct from
prior works, we avoid image projections or intermediate coarser scene generation
by explicitly supervising the VAE decoder upsampling layers to learn how to
prune the scene at each upsampling resolution, while also predicting its seman-
tic class. This supervision over the VAE decoder layers optimizes the model to
encode meaningful information at each upsampling resolution, achieving a more
accurate scene reconstruction. With the trained VAE, we then train a DDPM
over the learned latent space to achieve both conditional and unconditional gener-
ation. The conditional generation enables the transfer of annotated data between
different LiDAR sensors by first achieving semantic scene completion from an in-
put LiDAR scan and then sampling sensor-specific labeled point clouds from the
generated dense scene. The unconditional generation enables the sampling of
novel annotated scenes without requiring any input. Both conditional and un-
conditional scene generation enable the sampling of semantically annotated point

clouds to be used as training data.

We evaluate our method against previous methods by comparing the gener-
ated samples with real-world data, and also assess the usability of our generated
samples to train a network for semantic segmentation [128]. We show that our
generated samples are not only closer to real-world data compared to prior works,
but also improve the performance of the semantic segmentation network by using

the generated annotated scenes as training data together with the real data.
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VAE Training DDPM Training

EAY @Q@ P | y @'“@
i z z \

Scene Generation
rPI

Figure 7.1: Our scene generation pipeline. First we train a VAE with an encoder ¢ and
a decoder 9 using the dense scenes P to reconstruct it as P and to learn the sparse Z
and dense Z latent spaces. Next, we train a DDPM 6 over the latent Z, sampling a
random step ¢ to compute the noisy latent Z!, where the model 0 predicts vg, following
the v-parameterization formulation [154]. Finally, we generate novel scenes by sampling
random noise Z7 ~ N (0, I) and denoising it with 6 over T times, arriving to Z 0= Z,,
which we decode with the VAE decoder v to get to the generated scene P’ = 1) (Zy).

7.1 Generating Realistic 3D Semantic Training
Data

The main contribution of this chapter is a latent diffusion model for semantic
scene generation that achieves more realistic samples by avoiding image projec-
tions or intermediate coarser scene generation. We train a VAE model to learn
both the scene layout and the semantic information at each decoder upsampling
layer, learning the coarse-to-fine scene data nature within a single model. Ad-
ditionally, we compare the use of synthetic scenes against real data as training
labels, and evaluate its use to extend the training set, assessing the impact of
synthetic data in real-world applications. In sum, the main contributions in this
chapter are (i) a new method for generating 3D scene-scale semantic data without
relying on image projections or intermediate coarser scene generation, (ii) that
generates more realistic scenes that are better suited for real-world tasks, (iii)
improves the performance on semantic segmentation when using both real and
our generated samples as training data, and (iv) we compare real and generated
data distributions and identify current gaps between generated and real data to
be addressed in future work.

7.1.1 Our Approach

In this section, we describe our approach to generate semantic scene-scale data.

We first train a VAE to encode the scene with its semantic labels into a descriptive
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latent space. Then, we train a DDPM to learn the latent space of the VAE to
generate new latent samples. Finally, we use the VAE decoder to turn the sampled
latent into the semantic scene. Fig. 7.1 depicts an overview of our pipeline for
scene-scale generation.

7.1.2 Semantic Scene Variational Autoencoder

DDPMs are known for being computationally demanding. A more recent ap-
proach to simplify the generation process is to train an autoencoder to learn a
descriptive latent representation of the target data and then train the DDPM to
generate novel samples from the learned latent space [148].

Let us define a voxelized 3D point cloud P with R voxels with coordina-
tes Pc = {ci1,...,cg}, ¢, € R? within a fixed range over [r,y,z], and the fea-
tures Pr = {f,,...,fr}, f, ER*as f, = (x,y, 2,5) where s € {1,...,C} is the
semantic label for that voxel. We want to train a VAE with an encoder ¢ and a
decoder 1, optimizing both such that 1 (¢ (P)) = P ~ P.

Ren et al. [145] model this training as U independent sparse 3D VAE mod-
els trained at different resolutions of P as P, = b, (¢, (P,)). Then, U inde-
pendent DDPMs 6, are trained to hierarchically generate a novel scene P’ by
conditioning the finer resolutions’ scene generation to previous coarser stages
as Pl =y (6u—1 (N (0,I),P,_,)), until the final scene resolution. The moti-
vation behind this formulation is to model the coarse-to-fine scene data nature
and to simplify the scene-scale data generation. However, this multi-resolution
formulation can lead to incremental errors since the U models are trained inde-
pendently. Hence, we argue that this coarse-to-fine data aspect can be modeled
by a single encoder-decoder network sequential downsampling and upsampling
layers. Therefore, we train a single 3D VAE model at the P original resolution.

The encoder ¢, comprised by consecutive downsampling sparse convolutional
layers, receives the voxelized point cloud P as input and encodes it into the la-
tent representation Z with coordinates Z; = {c%,...,cZ} with ¢ € R? and
features Zr = {fZ,..., f2} with fZ € RY", where Z < R, and N? being the
latent feature dimension. The latent coordinates Z. are a lower resolution version
of the input voxel coordinates Pe after the encoder sparse convolutional layers.
During the DDPM training, we want to generate novel scenes from scratch, not
being constrained by a prior scene shape. Therefore, we pad the latent represen-
tation Z into a dense latent grid Z. Given that the voxelized point cloud P has
a fixed range over the axes and a fixed resolution of 0.1 m, the dense latent grid
dimensions Z € R¥>*WXDPXN* are known. We initialize Z with zeros and set the
occupied cells as Z (¢) = Z(¢) Ve € Zo N Z¢.

The goal of the decoder ¢ is to reconstruct P from the dense latent grid Z.
To decode and upsample Z would require extensive computational resources due
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[:]Pruning layer Upsampling layer @ Voxel features

Z

Figure 7.2: Diagram of the pruning process. The pruning layer predicts and prune the
unoccupied voxels before each upsampling layer, starting from the dense latent Z.

to the exponential increase of the grid size within each upsampling. We overcome

[0, 1]HlXWlXDl with a pruning layer

this issue by predicting a pruning mask ' €
before each upsampling convolutional layer | from ¢, as shown in Fig. 7.2. This
way, we upsample the dense latent grid Z back to the original input resolution,
pruning the unoccupied voxels. At the same time, the supervision of the pruning
masks ! optimizes the network towards learning the scene layout at each up-
sampling convolutional layer . We then compute Z = ¢ (P), P = ¢ (Z) and the

predicted masks M= {m!, ... ,mL} from each upsampling layer [.

7.1.2.1 Pruning Loss

The pruning masks M aim at predicting unoccupied voxels and remove them
to reduce memory consumption when upsampling the dense latent Z. We also
want the decoder ¢ to learn the scene layout at each layer [ while upsampling
the scene. The goal is to learn the coarse-to-fine nature of the scene within a
single decoder, previously done with multiple independent VAE models [145].
Therefore, we supervise the prediction of the set of pruning masks M with the
target masks M = {m!, ... m’}, which are computed from the downsampling
of the original scene P. We then train the model with the binary cross-entropy
and dice losses following recent mask-based segmentation approaches [16, 31, 113,
114] computed between the prediction m' and the target m'. The binary cross-
entropy loss aims to predict whether an individual voxel is occupied or not at
each upsampling layer [, and is computed as:

L. = —(m'log(m') + (1 — m")log(1 — m")). (7.1)

The dice loss aims to predict the scene layout by computing the dice coeffi-
cient, which approximates the IoU, and maximizes it as:

. 2 m! ﬂml|
dice’ = ————, (7.2)
m' |+ |m!|
L. =1 —dice. (7.3)
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Finally, the final pruning loss is computed as the sum between both binary

cross-entropy and dice losses for each layer [ as:

Lprune = Z A (L, (!, mb) + Ll (i), m)) | (7.4)

where ); is the weight for pruning loss at the upsampling layer [. Both losses
complement each other — while the binary cross-entropy loss optimizes the learned
features over individual voxels to predict its occupancy, the dice loss targets the
scene layout, optimizing for the masks IoU. With this, we optimize the decoder 1)
to learn to prune individual voxels while also learning the entire scene layout at
each layer [.

7.1.2.2 Semantic Loss

In addition to the pruning masks, at each upsampling layer [ we supervise the
VAE model to predict the semantic classes S! for the voxels not pruned by the
predicted pruning mask ri'. We compute the cross-entropy loss between the
set of semantic predictions S! and the target semantics S! computed from the
downsampling of the original scene input features Pr. Given the class imbalance
intrinsic to scene-scale data, first we supervise the VAE with the weighted cross-
entropy loss:

exp sr o
: (7.5)

oy 1exps

Loom = — Z ZASZ log

with Ag as the weight of the target class from the training set at the r-th voxel
from the R' voxels in the prediction &', computed as a ratio to the number of
total points in the dataset. Then, for the second half of the training we train
the model with the unweighted loss, i.e., Ay = 1. This unweighted loss training
allows the VAE to learn the class imbalance from the training data to properly
account for the scene data distribution.

7.1.2.3 Latent Loss

With the pruning and semantic losses, we optimize the VAE to reconstruct struc-
tural and semantic information from the scene. However, for the DDPM to
generate meaningful scenes, the learned latent space has to be representative and
continuous. Therefore, we regularize encoder ¢ during training using the KL di-
vergence [125] to approximate the encoder latent distribution ¢,(P) to a target
distribution, which is set to N (0, I) as

Liatent = KLL(g4(P) [| NV (0, T)), (7.6)
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where A (0, I) is a zero-centered isotropic normal distribution. With this latent
loss we optimize the latent space towards a continuous representative distribution.
This facilitates the training of the DDPM and the generation of new samples from
the latent distribution g4, which later can be decoded by .

7.1.2.4 VAE training

Finally, the VAE is trained to reconstruct the original scene while regularizing
the learned latent space. The final loss is a weighted combination of all three
losses as:

£VAE = )\pruneﬁprune + )\sem'csem + )\latentﬁlatenb (77)

After the VAE is trained, we do a refinement stage similar to previous ap-
proaches [129, 145]. We repeat the training, but with added noise to the latent Z,
optimizing only the decoder 1 to reconstruct the scene P from the noisy latent.
With Eq. (7.7), by learning the pruning at each layer [, we achieved the coarse-
to-fine modeling of recent multi-resolution VAE approaches [99, 145] within a
single model. In our experiments, we show that we were able to generate more
realistic scenes compared to multi-resolution approaches, avoiding the problem
from independent model training where the finer models inherit mistakes from
coarser stages.

7.1.3 Semantic Scene Latent Diffusion

Given the training data distribution p and the learned VAE latent distribution gy,
we want to train a diffusion model 0 to generate a novel dense latent from Gaus-
sian noise as Zy = 0(N (0,1)), such that Zy ~ gs;. Then, the VAE decoder ¢
reconstructs the scene from the generated latent P’ = ¢(Zy), where P’ ~ p is a
novel scene reconstructed from the generated latent Z.

7.1.3.1 Diffusion Training

DDPMs formulate data generation as a stochastic denoising process [68]. A fixed
number of T diffusion steps is defined, and the training data is corrupted by
iteratively sampling Gaussian noise and adding it to the data over the T steps.
Then, the model is trained to predict the noise added at each one of the T steps,
iteratively removing the noise until arriving back to the uncorrupted sample.
During inference, Gaussian noise is sampled as the corrupted data at step T', and
the model is used to denoise it, generating novel samples.

Latent diffusion training uses the trained VAE to encode a sample P
from the target semantic scene data distribution p into Z = ¢(P). Then, the
DDPM training process operates directly on the VAE encoder dense latent grid Z.
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At each training iteration, a random step ¢ is uniformly sampled from the T
diffusion steps. Gaussian noise € is sampled, and the corrupted data Z* at step ¢
is computed given pre-defined noise factors (i, ..., 87, with ay =1 — 34, and the
cumulative product a; = Hle Q; as:

Z'=\a,Z° + 1 - ae, e ~ N(0,1). (7.8)

From the corrupted latent Z', the model 6 is trained to predict the added
noise €. However, predicting only € leads to slow convergence since the target
distribution is only implicitly learned. Salimans et al. [154] propose predicting v
instead for faster convergence, defined in terms of €, Z° and ¢. Thus, the model 6
is optimized to learn the noise and target data distributions, with v! computed
as:

vt = ae — 1 —a2Z°, (7.9)

from which € can be computed from v* and Z* as:
€= vav' +vV1-aZ, (7.10)

changing the model target without affecting the inference process. Therefore,
the model 6 is trained to predict vj = 0 (Zt,t). To stabilize the v-prediction
training, we follow the Min-SNR-vy weighting strategy [62]. We weight the loss to
balance the training at the different ¢ diffusion steps, computing it as:

Lair = Asnre [V — v (7.11)

explicitly learning both the € and Z° data distributions, where AsNR(y) 1S the
weight with respect to the signal-to-noise ratio (SNR) at the diffusion step t.
Latent diffusion inference starts from random noise as the corrupted data
as Z' ~ N(0,I). From Z* the model 6 iteratively predicts v, at each step .
From Eq. (7.10), the predicted noise €, added at step t is computed from the

prediction v}, iteratively removing noise from Z T as:

l—a; , 1—a

a1 a

until arriving at the uncorrupted data sample Z° = Z, ~ ¢s(Z) from the
VAE latent space. Then, we decode the generated latent Z, with the VAE
decoder 1, generating a novel semantic scene P’ from the target scene data dis-
tribution ¥(Zy) = P’ ~ p.

Conditioned latent diffusion uses the diffusion model 6 to generate samples

Zt—l — Zt .

BN (0,1), (7.12)

conditioned to a target input data. In this context, we condition the semantic
scene generation on an input LiDAR scan to generate a dense and semantically

annotated scene. Following the classifier-free guidance [69], we train the diffusion

118



7. GENERATING 3D SEMANTICALLY ANNOTATED TRAINING DATA

model 6, conditioning it to a LiDAR point cloud C = {¢y,...,cp} with ¢, € R3
being the points coordinates. For the conditioned training, the prediction v}, in
Eq. (7.11) then becomes v} = 6(Z", C, t), with C having a probability p of being
the null token () or the LiDAR point cloud C otherwise, i.e., switching between
unconditioned and conditioned generation.

7.2 Experimental Evaluation

In this section, we compare our semantic scene generation approach with prior
state-of-the-art methods. We evaluate how close the scenes generated by the
different methods are to the real data, showing the advantages of our method
compared to previous works. Additionally, we assess the usability of the se-
mantically annotated generated scene as training data, showing that our method
generates annotated samples that can be used as semantic segmentation training
data.

7.2.1 Implementation Details and Experimental Setup

Our experimental setup follows the evaluation of prior scene-scale generative
methods. We generate samples from the different methods and assess the qual-
ity of the generated scenes by comparing them with real data. Additionally, we
compare the use of scenes generated by our approach and prior state-of-the-art
method as annotated data to train a semantic segmentation network.
Datasets. We use the SemanticKITTI dataset [5, 54] to generate our ground
truth dense scenes, a 3D LiDAR semantic segmentation dataset in the context
of autonomous driving. The dataset provides sequences of 3D LiDAR scans with
semantic labels. To generate the dense scenes, we use an off-the-shelf SLAM [136]
method to compute scan poses throughout the whole sequence. With the labeled
scans and the corresponding poses, we aggregate the scan sequences with the
labels, generating a voxel map of the scene with 0.1 m resolution. We also use the
labels to remove moving objects from the scene to avoid aggregating them and
generating large artifacts from the moving objects trajectories. During training,
we query a pose from one of the individual LiDAR scans and crop the corre-
sponding dense scene from the map at the queried pose within a fixed range
at [z, y, z] between [—25.6, —25.6, —2.2]m and [25.6, 25.6, 4.2]m. For the semantic
segmentation experiments, we use the same dataset, sequence 00 from KITTI-360
dataset [94], and collected our own data with an Ouster LiDAR OS-1 with 128
beams. We use LiDAR scans from KITTI-360 and our collected data as condi-
tioning to generate the semantic dense scene, and to later use the conditionally

generated samples as labeled data to train a semantic segmentation model.
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Figure 7.3: VAE and DDPM model architectures. The VAE receives the voxelized
point cloud P, encode it to the latent Z which is densified to Z and decoded to P.
The DDPM receives the noisy latent Z* at step t and predicts v following the v-
parameterization formulation [154].
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Training. We use a MinkUNet [34] as our VAE model and train our VAE
model for 50 epochs, using the Adam optimizer [83] with a learning rate of 1074,
multiplying it by 0.9 every 5 epochs. For the first 25 epochs, we use the weighted
cross-entropy loss with the class weights provided by SemanticKITTI [5, 54]. For
the last 25 epochs, we use the unweighted cross-entropy. For the losses weights we
use A\; = 1.0, Ay = 1.0, A3 = 2.0, Ay = 3.0 for the individual pruning layers losses
in Eq. (7.4), with Aprune = 1.0, Asem = 1.0 and Ajagent = 0.002 in Eq. (7.7). We
trained the VAE with 6 NVIDIA A40 GPUs. We use the same training scheme
for the VAE refinement training.

For the DDPM, we use a regular UNet model [149] with 3D convolutions to
learn the dense latent Z, and we train the model for 150 epochs, using the AdamW
optimizer [102] with a learning rate of 2 - 10™*, multiplying it by 0.8 every 50
epochs. The DDPM is trained with 87 = 0.015 and 3y = 107, with 7' = 1,000,
linearly interpolating it to get the noise factors 3y, ..., 87_1 in between. For the
Min-SNR-y DDPM loss weighting, we use v = 5. We trained the DDPM with 8
NVIDIA A40 GPUs. For the DDPM conditioned generation, we set the classifier-
free guidance probability p = 0.1 and conditioning weight to 2.0. Fig. 7.3 shows
the diagram with further details regarding the VAE and DDPM models.

Baselines. All baselines and our method are trained on the same set of dense
scans. We compare our method with three baselines: SemCity [90], PDD [99],
and XCube [145]. All baselines are trained using their official implementations
and default configurations. SemCity [90] and PDD [99] are limited by the voxel
resolution, with a maximum resolution of 0.2m. For those baselines we down-
sample the training data to 0.2m resolution. XCube [145] and our method can
generate scenes up to 0.1 m voxel resolution. Therefore, we compare all methods
at 0.2m resolution, downsampling XCube [145] and our generated scenes, and
compare our method with XCube [145] at 0.1 m resolution.

Semantic segmentation. For the semantic segmentation training, we used
the pipeline described in Chapter 3 to train a MinkUNet [34]. We train the model
for 15 epochs in all experiments with stochastic gradient descent optimizer with
a learning rate of 0.24 and a cosine annealing learning rate scheduler [101]. For
the experiments in Sec. 7.2.2, we generate 8,000 samples from each method to
compute the metrics. For Sec. 7.2.3 and Sec. 7.2.4, we generate the same amount
of samples as SemanticKITTI dataset [5, 54], i.e., 19,130 samples, to evaluate
the performance with different subsets of real and generated samples. Also, since
we remove moving objects to create the sequences maps, the occurrence of some
classes decreases drastically, impacting the IoU over those classes. Therefore,
in the mloU computation, we ignore the classes that are mainly moving in the

dataset, i.e., bicycle, motorcycle, person, bicyclist and motorcyclist.
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Table 7.1: Results comparing the distribution between real and generated scenes given
as maximum mean discrepancy (MMD) between synthetic data from different methods

and real annotated samples from SemanticKITTI dataset.

Method Evaluated resolution [m|] MMD |
PDD [99] 0.2 0.207
SemCity [90] 0.2 0.239
XCube [145] 0.2 0.160
Ours 0.2 0.146
XCube [145] 0.1 0.101
Ours 0.1 0.073

Table 7.2: Comparison between real SemanticKITTI annotated point clouds and syn-
thetic samples from different methods given as mloU computed over the generated
semantic scenes and evaluated with the semantic segmentation model trained with real

annotated data.

Method Evaluated resolution [m] mloU [%] 1
Validation set 0.2 55.59
PDD [99] 0.2 36.53
SemCity [90] 0.2 40.12
XCube [145] 0.2 40.02
Ours 0.2 50.83
Validation set 0.1 61.08
XCube [145] 0.1 27.24
Ours 0.1 53.09

7.2.2 Generated Scene Realism

As the first experiment, we want to assess the quality of the generated scenes by
evaluating how close they are to the real data. To do so, we first train a semantic
segmentation model following the training protocol used in Chapter 3 with the
real semantic scenes created through the scans’ aggregation from SemanticKITTT
dataset [5, 54]. Then, we input both real and unconditionally generated scenes
to the trained semantic segmentation network to compute their latent features,
evaluating them with the maximum mean discrepancy (MMD). Also, we fol-
low the evaluation by Liu et al. [99], using the trained semantic segmentation
model to compute the mloU over the generated scenes comparing it with the
SemanticKITTTI [5, 54] validation set results. Given that the model was trained
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Figure 7.4: Comparison of real and unconditioned generated scenes from different meth-
ods. PDD [99] and SemCity [90] scenes are limited to 0.2m resolution. The baselines
scenes present rounder and unrealistically smooth shapes. Our method can generate

more fine-grained details, closer to real data.

on real data, we expect similar mloU over the real and generated scenes if the
generated scenes are similar to the real data. We do both evaluations at two
resolutions, 0.1 m, and 0.2m, since PDD [99] and SemCity [90] can only generate
scenes with resolution up to 0.2m.

Tab. 7.1 shows the MMD metric between the generated and real scenes from
SemanticKITTI dataset [5, 54]. At 0.2 m resolution, our method and XCube [145]
surpass previous methods, showing the advantages of using latent diffusion and
operating directly on the 3D data. At 0.1m resolution, XCube [145] and our
method performance improves, still our method achieves the best performance.
Tab. 7.2 depicts the results when computing the mloU over the generated data
with the semantic segmentation model trained on SemanticKITTI dataset [5, 54].
At lower resolution, the baselines’ performance are similar while our method
outperforms them, achieving a mloU close to the real data performance. At
higher resolution, XCube [145] performance drops, while our method’s perfor-
mance increases compared to the performance at 0.2m resolution, showing that
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Figure 7.5: Unconditional scenes generated by our method.
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Figure 7.6: Simulated LiDAR point clouds from a dense generated scene.

Table 7.3: Semantic segmentation performance for varying percentages of real data
used to train the network, and complementing it with synthetic data to achieve 100%
size of the full training set trained with the LiDAR scans simulated from the densely

generated scenes.

mloU [%] 1

Real/Synth. [%]
Synth. source  10/90  25/75 50/50 90/10 100/0

Real only 45.58 50.48 53.73 55.48 55.59
XCube [145] 49.28 52.12 55.04 55.75 55.59
Ours 55.54 57.44 57.15 56.86 55.59

our method is able to generate scenes which are closer to the real data compared
to the baselines.

Fig. 7.4 shows scene examples from the real data compared with random
scenes generated by our method and the baselines, where SemCity [90] and
PDD [99] generation is limited to 0.2 m resolution. In those examples, all base-
lines are able to learn the overall structure in the scene and generate reasonable
scenarios. However, while the baselines generate smoother and rounder shapes,
our approach is able to generated more fine-grained details closer to the real
data. By avoiding coarse intermediary representations and decoupled trained
VAESs, our model can generate scenes with more details. Fig. 7.5 shows further
unconditional generated samples from our method. These results show that our

method generates closer-to-real scenes compared to the baselines.
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Figure 7.7: Semantic segmentation model performance trained with the different
percentages of real data complemented with synthetic data from our model and
XCube [145].

7.2.3 Generated Labels as Training Data

In this section, we aim at assessing the usability of the generated scenes as training
data for downstream perception tasks. We define subsets of training data varying
the percentages of real data from SemanticKITTI dataset [5, 54] available for
training. For each subset, we complement the real data with synthetic data such
that the total amount of samples is the same as the full real data training set,
i.e., 100% of data. Then, we train the semantic segmentation network with both,
the subsets of real data without any synthetic data, and the subsets complemented
with generated data. We compare the results with generated data from our
method and XCube [145], the only two methods able to generate scenes of 0.1 m
resolution, computing the mIoU over the SemanticKITTI [5, 54| validation set.
In addition to evaluating it over the dense scenes, we also aim at evaluating the
impact using sparse LiDAR data. Therefore, we simulate a LiDAR point cloud
from each dense scene from the real and generated scenes, as shown in Fig. 7.6,
and replicate the experiments with the simulated LiDAR scans.

Tab. 7.3 shows the results of the semantic segmentation network trained with
the simulated LiDAR scans with varying percentages of real data complemented
with generated data. As shown, the use of synthetic data improves the net-
work performance whenever using scenes generated by XCube [145] or by our
method, converging to the same performance as the amount of real data gets
closer to 100%. Still, the network trained with our synthetic data overall out-
performs the network trained with the scenes generated by this baseline, as seen
also in Fig. 7.7.a. For dense point clouds in Tab. 7.4, the network trained with
synthetic data generated by XCube [145] achieves worse performance than the
network trained only with real data. For such dense point clouds, the differ-
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Table 7.4: Semantic segmentation performance for varying percentages of real data
used to train the network, and complementing it with synthetic data to achieve 100%
size of the full training set we train and evaluate with the densely generated scenes.

mloU [%] 1

Real/Synth. [%]
Synth. source 10/90 25/75 50/50 90/10 100/0

Real only 56.22 5940 60.60 60.73 61.08
XCube [145] 53.75  58.79 60.20 60.98 61.08
Ours 61.73 63.91 64.06 63.28 61.08

ences between the real and generated scene distributions have a higher impact on
the network performance due to the amount of points in each generated sample.
These results highlight the gap between the scenes generated by XCube [145] and
the real scenes. In contrast, when training with a subset of real data and with
our generated scenes, the model achieved better performance than the network
trained only with the full real training set. At first, this may sound counterin-
tuitive due to the results presented previously in Tab. 7.2, where our generated
scenes presented a performance gap compared to the real data even though per-
forming better than the baselines. Still, such improvement can be explained by
the variability added to the training set when using generated data. The real
scenes are collected sequentially, with few changes between consecutive point
clouds, while the randomly generated scenes will be different from each other,
adding variability to the training set. This increase in variability improves the
network performance as long as enough real data is also seen by the model during
training, as shown in Fig. 7.7b. These results show that our method can generate
scenes better suited to be used for downstream tasks compared to the baseline,
and also show the potential of using generated samples as training data.

7.2.4 Synthetic Training Set Extension

In this section, we extend the experiment done in Sec. 7.2.3. Given the real data
training set, we would not expect to reduce the amount of real data available but
rather enlarge this dataset to achieve even better performance in a downstream
task. Therefore, in this experiment, we use the scenes generated by our method
to enlarge the real data training set, evaluating the impact on the semantic seg-
mentation model performance. We train the model with all available real training
data while progressively adding synthetic data and evaluating the performance
on the SemanticKITTI [5, 54] validation set. Given the results from previous sec-

tions, in this section we only evaluate the use of our generated data, performing
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Table 7.5: Semantic segmentation results when training the model with the full real
data training set and adding additional synthetic data, both with dense point clouds
and LiDAR scans simulated from the dense point clouds.

Additional mloU [%] 1
synth. data [%]

Dense LiDAR

0 61.08 55.59
10 62.42 55.96
25 62.47  56.70
50 62.97  56.88
75 64.14 57.77
100 64.07  56.53
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Figure 7.8: Semantic segmentation model performance when trained with the full real
training set and adding different amount of additional synthetic data from our model.

the experiments over the dense and the simulated LiDAR point clouds.

Tab. 7.5 shows the mloU from the models trained with the full real training
set and adding different percentages of the synthetic scenes as additional data
for both dense scenes and the LiDAR simulated point clouds. As shown, by
using the synthetic scenes generated by our model, we were able to improve
the semantic segmentation model for both dense and LiDAR point clouds. As
the amount of synthetic data increases, the model performance also increases,
saturating at 75% additional synthetic labels, as seen in Fig. 7.8a and Fig. 7.8b.
When training with 100% of the generated data, the model performance starts
to degrade, although still achieving better performance than the model trained
only with real data. This can be explained by the fact that, even though better
than previous state-of-the-methods, our generated samples still have differences
compared to the real data, as shown in Tab. 7.2. Therefore, by increasing the
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Table 7.6: Dense scenes class-wise IoU evaluated on the real data validation set comparing the network trained only with the full real training
set with the training with the full training set with additional 75% synthetic data generated with our method. OV refers to other-vehicle.

IoU [%] 1
car truck OV road park. sidewalk build. fence veg. trunk terrain pole sign
Real only 94.25 48.60 23.99 90.36 33.34 67.83 86.74 3729 8556 44.29 65.77 56.27 43.84

Real + 75% Synth. 94.67 59.81 28.45 91.28 42.02 70.14 87.59 42.36 86.14 40.57 67.38 56.27 42.17

Table 7.7: LiDAR simulated data class-wise loU evaluated on the real data validation set comparing the network trained only with the full
real training set with the training with the full training set with additional 75% synthetic data generated with our method. OV refers to

other-vehicle.

IoU [%] 1

car truck OV road park. sidewalk build. fence veg. trunk terrain pole sign

Real only 93.77 4224 49.00 9216 46.52 69.24 89.28 41.08 88.07 51.88 65.81 61.12 58.36
Real + 75% Synth. 94.01 70.49 4827 92.59 50.04 73.11 90.00 44.30 88.29 52.26 66.96 62.40 57.51
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Table 7.8: Number of point clouds in sequence 00 from KITTI-360 and in our collected
dataset and number of conditional generated scenes selected during the curation pro-

Cess.
Source Number of point clouds Number of curated scenes
KITTI-360 [94] 11,518 3,939
Our data 5,276 843
Total 16,794 4,782

Table 7.9: Semantic segmentation trained with all the real SemanticKITTI training set
together with unconditional randomly generated scenes and with curated conditional
generated scenes. ' refers to the curated conditional generated scenes.

Data source mloU [%] 1
Real [%] Synth. [%] Dense LiDAR

100 0 61.08 55.59
100 25 62.47  56.70
100 75 64.14  57.77
100 25t 64.47 58.11

amount of synthetic data, the semantic segmentation model starts to learn more
from the synthetic data distribution, and consequently decreasing its performance
on the real data.

Tab. 7.6 and Tab. 7.7 show the class IoU when training only with the full
real training set compared adding 75% synthetic data to the real training set,
which achieved the best performance. In both cases, for LIDAR scans and for
dense point clouds, the training with the synthetic data improves the performance
in almost all the classes. These results show the potential of synthetic data in
helping to improve the performance in the target downstream task. Still, due to
a distribution gap between real and synthetic data discussed in Sec. 7.2.2, there
is space for improvement.

7.2.5 Conditional DDPM for Data Annotation

Besides extending the training set with randomly generated samples as evalu-
ated in Sec. 7.2.4, one useful application of DDPMs is to use conditional gener-
ation to annotate data. Target scenes could be recorded with a LiDAR sensor
and the annotated scene could be generated conditioned to the collected point

clouds. In this case, the exhaustive manual data annotation can be replaced
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Figure 7.9: Generated scenes from our approach conditioned to KITTI-360 [94] scans
and to our data collected with an Ouster LiDAR.

with a simpler data curation, selecting only the most realistic scenes generated
by the DDPM. Therefore, in this section, we train the DDPM with the dense Se-
manticKITTI [5, 54] scenes conditioned to their corresponding LiDAR scans from
the dataset. With this conditional DDPM, we generate novel scenes conditioned
to sequence 00 from KITTI-360 [94] and to our data. Examples of conditional
generated scenes are shown in Fig. 7.9. Next, we curate those conditional gen-
erated scenes by manually selecting scenes that look more realistic until arriving
at a total of 4,782 point clouds, corresponding to approximately 25% of the size
of the SemanticKITTI [5, 54| training set. In Tab. 7.8, we provide information
regarding the amount of scenes selected during the curation process. Finally, we
train the semantic segmentation model with the SemanticKITTI [5, 54] training
set together with the curated generated scenes to evaluate the use of conditioned
DDPM as data annotator. Similar to prior experiments, we repeat this evaluation
for both dense scenes and their corresponding simulated LiDAR scans.

Tab. 7.9 shows the performance of the semantic segmentation network trained
only with real data and with the 25% additional synthetic data from uncondi-
tional and conditional curated generated scenes, also comparing with the best-
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Figure 7.10: Unconditional generated large scenarios of arbitrary size generated through

an incremental outpainting strategy.

performing model from Tab. 7.5 trained with additional 75% synthetic data. In
this table, we notice that the network trained with the curated data achieves
better performance than both uncurated training sets. Even though using fewer
samples, the model trained with only 25% curated generated data achieves bet-
ter performance than the model trained with additional 75% randomly generated
data. These results show that the data curation process further improves the
impact of the generated scenes on the network performance. This improvement
shows the potential of using conditioned DDPMs as data annotator, where the
exhaustive manual data annotation could be replaced by a simpler data curation
process. Enabling the generation of annotated data conditioned to point clouds
collected with different LiDAR sensors. This application could generate training
data from specific scenarios, aiding the data annotation scalability by ignoring
sensor-specific characteristics in the point cloud used as condition.

7.2.6 Generating Large-Scale Scenarios

Apart from generating independent 3D point clouds with semantic annotation,
we follow recent outpainting diffusion strategies [90, 105] to generate continuous
scenes with arbitrary sizes. We follow the diffusion outpainting strategy proposed
by Lugmayr et al. [105], which allows for generating samples conditioned on a
prior generated sample without retraining the model. We define a grid of arbitrary
size, where each cell is a scene to be generated by our method. Then, this grid is
incrementally generated, starting from an unconditional scene, and subsequently
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Figure 7.11: Class distribution over the real dataset compared with the synthetic data

class distribution. OV refers to other-vehicle class.

generating the remaining cells in the grid conditioned on the neighboring cells
already generated. Fig. 7.10 shows a city-scale scene generated by our method
with the outpainting strategy, with a size of 8 x 8, i.e., 64 scenes generated by our
method representing a single large-scale scene. As seen, the generated scenario
maintains continuity through the individual generated cells, enabling the gener-
ation of large-scale city-like scenarios with continuous and consistent structures.
Such a large generated scene also allows for simulating and generating training
data of long and continuous trajectories with their corresponding semantic labels.

7.2.7 Generated and Real Data Gaps

In previous sections, we performed experiments to investigate the potential of
generated data to augment the real training set, improving the performance of the
models in the target downstream task. In this section, we aim at evaluating the
opposite, comparing the data generated by our method with real data to identify
the gaps between both. For that, we first compute the class distributions from
the real and generated data. Then, we use the semantic segmentation network
trained on real data to compute the IoU for each class in the generated and real
scenes to identify the current gaps between synthetic and real data.

Fig. 7.11 shows the class distribution of SemanticKITTI [5, 54] training set and
of the scenes generated by our method which was trained with SemanticKITTI [5,
54]. As seen, the generated scenes class distribution follows the overall distribu-
tion present in the dataset used to train the DDPM. Even though the generated
scenes may increase the variability of the data compared to the real dataset, as

discussed in Sec. 7.2.3, the ratio of data per class remains close to the train-
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Table 7.10: Class-wise IoU evaluated on real data validation set and synthetic data generated by our method with semantic segmentation

model trained on real data, and the difference in performance between both real and synthetic data evaluation.

IoU [%] T

car truck OV road park. sidewalk build. fence veg. trunk terrain pole sign

Validation scenes 93.77 42.24 49.00 92.16 46.52 69.24 89.28 41.08 88.07 51.88 65.81 61.12 58.36
Generated scenes 9229 10.42 24.10 9248 33.74 77.34 89.75 47.73 81.81 4299 61.72 43.55 28.79

Performance gap -1.48 -31.82 -24.90 +0.32 -12.78 +1.64 4047 +6.65 -6.26 -8.89 -8.89 -17.57 -29.57
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ing data distribution. Tab. 7.10 shows the IoU per class of the network trained
with SemanticKITTI [5, 54| training set and with the synthetic scenes gener-
ated by our approach, evaluated with the validation set. From Fig. 7.11 and
Tab. 7.10, we notice that the classes with high frequency in the synthetic scenes
in Fig. 7.11, e.g., road, sidewalk, fence, are also the classes that achieve higher
IoU in Tab. 7.10. For those classes, the performance is comparable or even better
compared to the evaluation on the real data validation set. At the same time, the
less occurring classes, e.g., truck, other-vehicle (OV), pole, traffic-sign, are the
classes that perform worse in Tab. 7.10, and for which there is a bigger perfor-
mance gap compared with the evaluation on the real validation set. The main gap
between the generated and real data distributions therefore comes from those less
occurring classes. This analysis shows a direct relation between the ratio of data
samples per class and its generation quality. Hence, the DDPM training would
have to be balanced to account for the semantic classes’ imbalance present in
scene-scale data to bridge this distribution gap in those underrepresented classes.
Even though we account for this class imbalance in the VAE training, during
the DDPM training this is not straightforward since the model is trained over
the VAE latent, where there is no direct map between the semantic classes and
the latent features. Therefore, this class imbalance is not addressed in this work.
Future research can address this class imbalance in the DDPM training, which
would improve the generation quality of underrepresented classes, increasing the
generated scene quality.

7.3 Related Work

Many recent methods have employed latent DDPMs to enable 3D large-scale
semantic scene conditional (for scene completion) and unconditional data gener-
ation. Despite also providing semantic information, none of the methods have
evaluated the use of such synthetic scenes as training data to improve the per-
formance in perception tasks. In this chapter, we present our method to achieve
a more realistic scene generation and the impact of using the generated data to
train perception models. In this section, we discuss the related works on 3D
latent DDPMs for semantic scene-scale data generation.

Latent diffusion models have been studied to enable a more efficient train-
ing of DDPMs [138, 148, 215, 216]. Given the computational cost of computing
all denoising steps during the diffusion data generation, Rombach et al. [148]
propose latent diffusion to allow a more efficient computation. In this case, in-
stead of training the DDPM over the image data, first a VAE is trained to learn
a latent representation from the image data. Then, the DDPM is trained to
generate novel samples from the VAE latent space, which the VAE can then
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decode to novel image samples. With latent diffusion, the DDPM only has to
learn a compressed latent space that represents the image data. This simplifies
the generation process since the model has only to generate a small latent vector
compared to generating the complete image.

Latent diffusion models for 3D data have also been studied to enable
more efficient 3D data generation. Most of the methods in the field focus on the
generation of single objects [156, 157, 198, 207, 208]. These methods follow the
latent diffusion model first proposed in the image domain [10, 148], where a VAE
is first trained to encode the point cloud into a latent space. The generation
of 3D data imposes a more complex challenge compared to the image domain
due to the higher dimensionality of the data and the sparsity inherent to 3D
point clouds. Compared to standard DDPMs, latent diffusion approaches provide
a more efficient solution, allowing for a decrease in the computational cost of
generating novel 3D point cloud samples. Thus, in this chapter we employ a
latent diffusion formulation distinct from the point diffusion scheme leveraged in
Chapter 6.

Semantic scene-scale diffusion models have been studied recently [89,
90, 99, 119, 145]. Such methods generate large-scale 3D scenes with semantic
labels. Lee et al. [90] tackle this problem by projecting the target semantic 3D
data into a triplane image representation. DDPM image models are then used to
generate new triplane samples, which are then unprojected to the corresponding
3D scene. However, this data projection loses information, limiting the details of
the generated scene. Ren et al. [145] achieve scene-scale data generation using
a hierarchical approach to model the coarse-to-fine nature of the scene. The
generation process is formulated as a conditional distribution between different
scene resolutions, training independently a VAE and a DDPM for each pre-defined
resolution. However, this formulation can lead to errors during the generation
process since the finer scene generation is unable to recover from mistakes made
at coarser stages. Distinctly, Lee et al. [89] propose using a discrete diffusion
formulation to generate semantic scene-scale 3D data. The scene is represented
as a fixed 3D grid, and the DDPM is trained to generate the semantic labels for
each cell in the grid, including an unoccupied class. Liu et al. [99] extend this
formulation by also leveraging a hierarchical multi-resolution approach, enabling
a more detailed generation. Yet, such a discrete formulation limits the scene
resolution due to memory constraints since the diffusion process is computed for
the whole 3D grid, even though most of the cells are empty. Such scene generation
methods can be extended to achieve semantic scene completion by training the
DDPM conditioned to a LiDAR point cloud, enabling the generation of a complete
scene conditioned to a LIDAR scan [145]. In contrast to previous works, in this

chapter we propose a 3D latent diffusion model, which does not rely on data
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projections or decoupled multi-resolution models but uses a single sparse 3D VAE
model to learn the target data distribution. By using a single sparse 3D VAE,
we train the model with the target data while avoiding the increasing memory
usage. Also, we supervise the model to prune the scene within each decoder
upsampling layers during training, learning the hierarchical scene structure with

a single model, and achieving more realistic scene generation.

Reducing labeling effort has been the focus of many recent works, given
the challenge of scaling data annotation. To alleviate this problem, some works
have propose using simulated training examples as labeled data [42, 150, 187].
However, such simulated data come with a domain gap compared to the real-
world data [20, 189, 190, 212], often impeding the large-scale use of simulated
training data. As also discussed in Chapters 3 and 4, other works try to alleviate
this problem by proposing self-supervised pre-training methods [18, 21, 23, 64,
128, 132, 196, 213] to learn a representation from unlabeled data, which allows
for later fine-tuning the pre-trained model to the target downstream tasks. More
recently, due to the realistic data synthesis achieved by generative methods, some
works have studied the use of generated samples as training data in the image
domain [55, 158, 170, 171]. Especially in the 3D data domain, the reduction of
annotation requirements can largely impact the field, given the more complex task
of data annotation in 3D compared to 2D images. Previous semantic scene-scale
diffusion models have motivated their work by arguing about the capability of
generating semantically annotated scenes on demand [89, 90, 99, 145]. However,
none of the prior works have studied the impact of using the generated semantic
scenes as training data. Besides achieving more realistic scene generation, in this
chapter, we evaluate the use of generated semantic scenes as training data and
show their potential to alleviate the burden of data annotation.

In summary, we propose a semantic scene-scale diffusion method that can
generate high-resolution scenes without intermediary projections and using a sin-
gle VAE model. We train a 3D sparse VAE to learn the target scene distribution
while supervising it to prune unoccupied voxels at each decoder upsampling layer.
By doing so, the network learns to model the hierarchical nature of the scene with
a single-resolution VAE while avoiding the increasing memory usage. Our experi-
ments show that our method achieves a more realistic scene generation compared
to previous state-of-the-art methods by using a single sparse 3D VAE. Addi-
tionally, we assess the use of our generated scenes as training data for semantic
segmentation. We show that by using our generated scenes together with real
data, we improve the performance of the semantic segmentation model. Finally,
we perform an experiment to identify the gaps between real and generated data,

providing insights into the challenges to bridge this gap in future work.
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7.4 Conclusion

In this chapter, we propose a denoising diffusion probabilistic model that achieves
state-of-the-art semantic scene generation without relying on image projections or
multi-resolution decoupled autoencoder training. Our approach enables the gen-
eration of realistic scenes with semantic annotations that can be used as training
data. This semantically annotated scene generation allows for scaling the amount
of trained data without requiring manual data annotation, helping to decouple
the development of perception systems from the data annotation process. We fol-
low recent latent diffusion methods and mask-based 3D segmentation approaches,
and train the model to learn the scenes’ coarse-to-fine data nature within a single
VAE decoder upsampling layers. Our method achieves closer-to-real scene gen-
eration compared to previous state-of-the-art methods by avoiding intermediary
coarse representations and learning the scene data distribution at the original
resolution. Additionally, we conducted several experiments to evaluate the use of
both unconditional and conditionally generated scenes as training data for the se-
mantic segmentation task. In our experiments, we demonstrated that combining
the semantic scenes generated by our method with real data improves the model
performance in the semantic segmentation task. Our results show the potential
of using DDPMs to enlarge the training set from unconditional random samples

and LiDAR-conditioned generated scenes.

In our experiments, we compared our method with previous works, evaluating
how closely the generated samples resemble the real data samples. We also used
the generated samples to train a semantic segmentation network to assess the
potential of using generated data as training samples and assess its impact on
real-world perception tasks. We evaluated both generated samples, conditioned
on LiDAR scans, and unconditional samples randomly generated without requir-
ing any input data. The results showed that these synthetic samples are a helpful
source of data by generating realistic random scenes, with higher variability than
the sequentially collected real-world data. Additionally, the semantic scene com-
pletion pipeline with the conditional DDPM serves as a powerful annotation tool,

where an easier data curation process can replace exhaustive manual labeling.

Although outperforming prior works, there is still room for improvement over
the generated scenes, as shown in the experiments. To assess this, we evaluated
the relationship between the semantic classes distribution between real and gen-
erated scenes and the generation quality of each class. We demonstrate that the
class imbalance inherent in the dataset directly affects the classes’ generation
quality. From our analysis, addressing this class imbalance during DDPM train-
ing could help bridge the gap between the distributions of real and generated
scenes. More realistic scenes could be achieved by addressing this class imbal-
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ance, enabling the large-scale use of generated scenes as training data, extending
the already available labeled data with random scenes and scenes conditioned to

target scenarios, and improving the performance on real-world perception tasks.
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Chapter 8
Conclusion

ERCEPTION systems are crucial for the development and deployment

of autonomous systems in the real world, from robots to autonomous

vehicles. For a robot to safely interact with its surroundings, it must

be able to perceive the environment and understand the scene to plan
actions accordingly. The automation of tasks in highly dynamic and unstruc-
tured environments is currently hindered by the limited reliability of perception
systems, which are still not sufficiently reliable for deployment in these scenar-
ios. The performance of perception systems is often coupled with the amount of
labeled data available to train the network to extract semantic information from
the robot’s surroundings. In this thesis, we studied and proposed novel meth-
ods to improve the performance of neural networks in different perception tasks
without requiring additional data annotation, loosening the dependency between
the perception system’s performance and the amount of annotated data.

We divided the challenge of improving the performance of perception systems
into three challenges regarding the data annotation. The first challenge regards
the amount of labeled data available to train a model to achieve specific tasks.
The more labeled data available, the more generalizable the trained model will
be, and therefore, the more reliably it can be deployed in the real world. However,
data annotation is not easily scalable since all possible scenarios, situations, and
objects that can occur in the autonomous driving context have to be annotated
for training learning-based methods. Especially when considering 3D LiDAR
data commonly used in the autonomous driving context, this scalability is even
more challenging. To address this scalability challenge, our work introduces two
methods to train a neural network without requiring any annotated data. Our
proposed strategy enables the training of neural networks with unlabeled data,
optimizing them to learn a general representation from 3D point clouds that can
later be fine-tuned for specific tasks, improving the model performance without

requiring additional labeled data.
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The second challenge is related to the number of defined classes during the
data annotation. When annotating data, one has to define a closed set of classes
to which the data can be annotated. Defining a closed set of classes to label
an object in such an unstructured environment may lead to the occurrence of
unexpected objects that were not labeled in the training data. Given that those
objects were not seen during training, the behavior of the perception system
towards those objects can be unpredictable. This sets the challenge of relying
solely on closed-world perception systems in an open-world environment. We
tackle this challenge by proposing a method that identifies instances of objects
in a class-agnostic way. Our method represents the 3D point clouds as a graph,
defining edges between points weighted by features extracted by a network trained
without labels, embedding both geometric and object-level information into the
graph. Then, we separate instances of objects from the remaining points by
partitioning this graph based on its edge weights, instantiating all objects in the
scene independently of their semantic class.

The third and last challenge arises from sensor-specific 3D point cloud char-
acteristics, resulting in a domain gap between datasets collected with different
LiDAR sensors. Such a domain gap hinders the development of perception sys-
tems, as the labeled data collected with a LiDAR sensor cannot be easily used
to train a model for deployment with another LiDAR sensor. We proposed two
methods that employ generative models to generate dense 3D point clouds, both
conditioned on a LiDAR scan or completely novel scenes, not conditioned on any
input. Such dense representation allows us to bridge the sensor domain gap in-
herent in LiDAR sensors by sampling sensor-specific point clouds from it. This
method also addresses the first challenge related to the amount of labeled data
available, as we can generate annotated 3D scenes conditioned on LiDAR scans or
completely novel scenes without requiring any input. The generated annotated
scenes can be used to train neural networks, along with the already available

annotated data, improving the performance of perception systems.

8.1 Summary of the Key Contributions

In this thesis, we investigated and proposed methods to enhance the capabilities
of perception systems without the need for scaling data annotation. Our first con-
tribution is a method to train a neural network to learn a useful representation
solely from unlabeled 3D LiDAR data, which can be used by different perception
tasks, discussed in Chapter 3. We leverage an unsupervised ground segmentation
method and a clustering algorithm to define coarse segments of objects within
a point cloud. Then, the network is trained using a contrastive loss to learn an

object-level representation from 3D LiDAR scans. While prior works leverage
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point-level or scan-level optimization, our segment-level formulation optimizes
the network to discriminate between different objects in the scene, embedding
more semantic information. Our experiments demonstrate the advantage of our
segment discrimination strategy compared to prior work, improving the model
performance in various tasks. Our approach enabled the training of neural net-
works to learn object-specific information without requiring labels, learning a

descriptive feature representation from raw 3D LiDAR point clouds.

The second contribution extends this segment-level discrimination strategy to
the temporal domain in Chapter 4. The object’s geometric representation dras-
tically changes with respect to the LiDAR sensor viewpoint due to the sparsity
of the collected point clouds. We exploit these geometric changes to learn a tem-
porally consistent representation invariant to the LiDAR sensor viewpoint. We
follow the same coarse segments extraction proposed in Chapter 3, however, we
compute the relative transformations in a sequence of LiDAR scans, aggregating
the scans and defining the segments over the aggregated point cloud. Then, we
map the aggregated segments back to the individual LiDAR scans, computing
the contrastive loss over segments of the same object seen at different points in
time. Our method further improves performance on different downstream tasks
while requiring substantially less annotated data. Both contributions give an
important step towards decoupling the performance of perception systems from

the data annotation scalability.

Our third contribution is presented in Chapter 5, where we exploit our pro-
posed 3D representation learning method discussed in Chapter 3 to instantiate
the different objects within a point cloud. Given a single LiDAR scan, we build
a graph with points as nodes and edges defined between neighboring points.
Then, we weight the graph edges based on the similarity between the point fea-
tures computed using the network trained with our segment-level contrastive loss.
This enables the graph to represent both the geometric and object-level informa-
tion in the scene without any labels. Then, we achieve instance segmentation by
partitioning this graph given the edge weights, separating individual objects in
the scene in a class-agnostic way, tackling open-world scenarios. Additionally,
we also propose an open-world LiDAR instance segmentation benchmark as our
fourth contribution to evaluate and compare our method with the baselines and
to support further research in the open-world field. Our experiments show that
our method surpassed both unsupervised clustering-based and supervised models
in the open-world scenario evaluation. Our proposed class-agnostic instance seg-
mentation method enables the perception system to rely not only on the models
trained with a closed set of labeled classes but also to identify objects that may
not have been seen at training time, tackling the challenge of labeling all possible

classes that may occur in the real world.
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Chapter 6 presents our fifth contribution, where we employ recent state-of-
the-art generative methods to generate a dense point cloud from a sparse LiDAR
scan. Our method reformulates the diffusion process as a local-point denoising
process. We define the scene completion task as an iterative denoising scheme,
starting from a LiDAR scan corrupted with Gaussian noise added locally to each
point. The diffusion model is trained to iteratively denoise the corrupted LiDAR
scan, gradually moving the points from the noisy point cloud to a dense 3D
point cloud that depicts the complete scene related to the input sparse LiDAR
scan. Our method deviates from prior scene completion work by defining scene
completion as a generative task. Our evaluation demonstrates that our generative
formulation yields more detailed scene reconstruction compared to previous work.
Enabling the generation of a dense and complete point cloud from a single LIDAR
scan allows us to bridge the gap between data collected with different LiDARS.

Finally, as our sizth and last contribution, we aim to use generative models not
only to generate a dense and complete scene but also to generate the correspond-
ing semantic labels, presented in Chapter 7. We employ a VAE model first to
learn a latent representation from the target annotated dataset and then train a
diffusion model to generate novel samples from this learned latent representation.
The generated latent is then decoded by the VAE, resulting in a novel 3D point
cloud with its corresponding semantic annotation. We compare our proposed
method with different baselines, showing that our generated scenes are closer to
the real dataset distribution. Also, our experiments demonstrate that the gen-
erated annotated samples can be used as training data together with existing
labeled datasets to train perception models, improving their performance. This
approach enables the generation of novel samples as well as scenes conditioned on
an input LiDAR scan, which can be used to train perception models, providing
a way to scale annotated datasets without requiring manual annotation.

The methods presented in this thesis address different challenges related to
the generalizability of perception systems’ performance. Current perception sys-
tems must become more robust and reliable to enable the automation of tasks in
unstructured and complex environments, such as in the context of autonomous
driving. Often, increasing the performance of such systems is still solved by pro-
viding more annotated data. Still, labeling all possible situations and objects
that may occur in the real world may be unfeasible. This thesis aims to enhance
perception systems to support the development and deployment of reliable au-
tonomous systems by leveraging discriminative and generative methods to reduce
the requirements for manual data annotation. The methods proposed in this the-
sis enable neural networks to learn meaningful representations from unlabeled
data, which can be used to achieve various perception tasks. In addition to the

learned representations, this thesis also proposed the use of state-of-the-art gen-
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erative methods to generate further annotated data that can be used to train and
improve the performance of perception systems. Both discriminative and gener-
ative methods proposed in this thesis contribute to the development of reliable
perception systems, enabling the generation of realistic 3D annotated data and
learning descriptive representations from unlabeled 3D data that can be useful
for achieving real-world tasks.

8.2 Future Work

The chapters in this thesis have contributed to different fields within both the
robotics and computer vision communities and have pushed the state of the art
forward. In addition to the key contributions discussed, the proposed methods
are not limited to the specific experiments and tasks presented in the individual
chapters. The different discriminative and generative methods described in this
thesis can be explored and applied to other tasks and domains, setting a basis
for further research in the robotics and computer vision fields.

In this thesis, we primarily focused on using the representations learned by
the methods described in Chapters 3 and 4 to reduce the need for labeled data.
However, such contrastive representation learning methods have been used by
the computer vision community to train multimodal foundation models capa-
ble of embedding semantic information from text and image data. Similarly,
the techniques described in this thesis could be extended also to account for
multimodal data. Recent works have approached the multimodal 3D and text
modalities relying mainly on projection between image and LiDAR data [30, 98],
without effectively training a 3D data model. Our method could be extended to
train a multimodal model directly between different sensor modalities commonly
employed in robotics systems. This would enable the training of multimodal
foundation models targeting robotics applications, bridging the advances from
the computer community to the robotics field.

Furthermore, the class-agnostic instance segmentation method proposed in
this thesis leverages a network trained solely with unlabeled LiDAR data. By
extending the proposed representation learning method to a multimodal 3D and
text foundation model, the class-agnostic instance segmentation could be ex-
tended also to predict a class for each instance, similar to the image domain [210].
The multimodal network could be used to compute point-wise features and define
the objects instances in the point cloud. Then, a class for each instance could
be computed using the text encoder from this multimodal model, going from
class-agnostic to open-vocabulary instance segmentation. Such research direc-
tion can further decouple the data annotation scalability from the performance

of perception systems.
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Regarding the generative models, the methods proposed in this thesis aim
to solve real-world tasks. The first method aims at achieving scene completion
from a single LiDAR scan. This method could be further studied for application
to more specific tasks, such as mapping, trajectory planning, and environment
exploration. The second method generates large-scale 3D scenes with seman-
tic labels. This method could be extended to not only generate semantics but
also further data, such as RGB color, SDFs, and labels from other tasks. The
generation of 3D points could also be replaced by Gaussian splats, enabling the
creation of photorealistic scenes. Besides, the proposed method could be applied
to generate 4D data. Recent works tackle this 4D generation, however, they are
limited to low-resolution scenes [9].

Apart from generating labeled single point clouds, another practical appli-
cation of generative models would be the generation of entire driving scenarios
with consecutive point clouds. Such applications have been studied in the image
domain, generating images of specific driving scenarios to assess the behavior
of autonomous driving systems [100]. Our method could be extended to gener-
ate realistic scenarios with specific vehicles and agents’ trajectories, with a wide
range of applications, including behavior simulation and assessment, trajectory
prediction, and planning.

Lastly, one bottleneck of 3D neural networks in general is the computation
time. Compared to classical non-learning based approaches, learning-based meth-
ods are often time-consuming, limiting their application to real-time scenarios.
Besides, the class-agnostic instance segmentation and generative methods are par-
ticularly time-consuming. In both cases, future work could investigate methods
to accelerate the processing of such approaches. For the class-agnostic instance
segmentation method, the graph definition and partitioning could be optimized
for faster computation, or the class-agnostic instance prediction from our method
could be used to train a model, enabling faster instance prediction, such as in the
image domain [85]. Regarding the diffusion-based methods, recent works have
explored ways to accelerate the diffusion inference process [104, 118]. Still, the
current methods’ inference speed is too slow for real-time applications. Research
in the direction of faster diffusion inference would be beneficial for the methods
proposed in this thesis, as well as for the research community in general.

In the end, the individual chapters of this thesis are not limited to particular
applications, despite being evaluated on specific perception tasks. Instead, we
hope this thesis will serve as a foundation for future research and development in
the robotics and computer vision communities.
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