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ABSTRACT

Recent advances in deep learning have significantly improved the performance of image classification
models, yet adapting these models to fundamentally different data types—such as point clouds from Light
Detection and Ranging (LiDAR) sensors—remains a challenging task. This thesis addresses that challenge by
exploring trans-domain knowledge distillation: transferring capabilities learned from well-established image
classification networks to LiDAR point cloud classification. Building on insights gained from earlier research
on partial discharge (PD) signal generation using Deep Convolutional Generative Adversarial Networks
(DCGANSs), our approach leverages adversarial learning principles to preserve domain-specific features
during knowledge transfer.

Central to this work is a transformer-based distillation framework that aligns the rich feature represen-
tations of teacher models (trained on image datasets) with the unique spatial and structural characteristics of
LiDAR point clouds. This transformer architecture employs multi-head attention mechanisms to maintain
both global structure and local detail—an insight originally derived from our GAN-based PD signal syn-
thesis, where temporal and spectral fidelity proved essential for realistic data generation. Through rigorous
experimental validation on benchmark datasets, our distilled models achieve an F1-score of 90.4

Beyond immediate performance gains, this research underscores the versatility of knowledge distilla-
tion techniques for trans-domain adaptation. It illustrates how established models trained on high-fidelity
image data can enhance the interpretative power of LiDAR-based classifiers, significantly reducing the
reliance on large-scale annotated point cloud datasets. Additionally, the thesis explores the impact of opti-
mizing distillation parameters—such as temperature and weighting factors—and highlights the potential of
self-supervised learning for scenarios where annotated teacher data are scarce. The proposed methodology
has broad applicability, potentially extending beyond the fusion of image and LiDAR domains to other
fields characterized by data disparities in availability, frequency, and richness. Ultimately, this work lays
the groundwork for more robust, efficient, and cost-effective perception systems that can accelerate the
deployment of intelligent, real-time applications such as autonomous driving and beyond.

Keywords. Knowledge Distillation, Trans-Domain Classification, Point Cloud Classification, LIDAR Data
Processing, Deep Learning, Model Compression, Sensor Fusion, Efficient Machine Learning, Autonomous
Systems, Cross-Domain Machine Learning
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CHAPTER 1. INTRODUCTION

1 Introduction

From its earliest moments, artificial intelligence has modeled human behavior, from the simple perceptron
inspired by the neuron cell to the reinforcement learning that mirrors human decision-making. These
techniques have led to breakthroughs that have generated new frontiers of knowledge. For example, deep
learning models have significantly improved image recognition, enabling facial recognition and medical
diagnostics applications. In natural language processing, algorithms like transformers have revolutionized
machine translation and text generation.

This success has allowed algorithms to approach increasingly complex tasks, such as autonomous driving,
real-time language translation, and advanced scientific simulations[1]. Today, artificial intelligence is used in
legal[2], social[3], environmental[4], health care[5], and many other areas, in addition to classic applications
such as computer vision and natural language processing. With the new application areas of artificial
intelligence and the increased available computing capacity, the complexity of artificial intelligence models
is growing. This increase in the complexity of artificial intelligence models encourages innovation in data
utilization, allowing the extraction and maximization of the value from available information in ways not
previously possible. The optimization of existing architectures adapted to new objectives has resulted in
new technologies on the market that are becoming more and more impactful. One of the most exciting
technologies today is autonomous driving, a demanding and complex task that requires the integration of
sensors of diverse nature into the car.[6]

The capabilities of these sensors are enhanced through a process known as sensor fusion[7], which combines
different types of sensors that collect various forms of information to create a more efficient and reliable
system. For instance, a standard camera, while useful, faces challenges such as occlusion, varying illumination,
camouflage, shadows, and the difficulty of accurately measuring distances. Since it captures two-dimensional
images, a standard camera lacks depth perception, making it challenging to determine the distance to objects
in a scene. This limitation is critical in applications like navigation, obstacle avoidance, and 3D mapping,
where precise distance measurements are essential. Integrating a LIDAR (Light Detection And Ranging)
sensor with a camera can mitigate some of these limitations[8], resulting in a combined system that is
significantly more effective. This fusion approach not only retains the benefits of a camera but also addresses

issues related to occlusion and illumination while adding the capability to measure the distance to detected
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CHAPTER 1. INTRODUCTION

objects. Such an advanced sensor system is crucial for operating autonomous driving technologies.

Autonomous driving poses significant challenges since it directly involves passengers’ safety. This task
requires the development of sophisticated technologies, including advanced sensors, control frameworks, and
intelligent actuators. The primary focus is on addressing issues related to vehicle safety. This is challenging
in many ways since, although complex algorithms are developed for the control, navigation, and automation
of processes, the computing capacity installed in the vehicles is limited. Expanding the computation capacity
using remote infrastructure, such as cloud computing, is, in many cases, not even feasible since response
time restrictions are critical for adequately functioning the entire system. Furthermore, there is a redundancy
of equipment, which means that the computing and data transmission capacity increases as new types of
sensors are integrated. Sensor fusion generates a new virtual device with high reliability and robustness in
its performance. However, these new sensors have a high implementation cost related to the computational
power needed to be deployed and the transmission bandwidth needed to communicate data from different
domains[9] within the time restrictions imposed by autonomous driving. The proposal presented in this thesis
addresses this issue using the sensors directly and realizing the fusion during the training of a deep network
that leverages data from different domains through knowledge distillation [10]. Knowledge distillation is a
technique for transferring what a large model learns into a simple, smaller model, called model compression.
The large model is called "the teacher," and the small one is "the student." Knowledge distillation also allows
the student to have more than one teacher network, increasing the student network generalization power
for new unseen data by enriching its learning process. Beyond model compression and knowledge transfer,

knowledge distillation has been successfully applied in other areas:

e Privacy and Data Security: Knowledge distillation allows training models without direct access to

sensitive data, thus protecting privacy and complying with data protection regulations [11].

o Semi-supervised and Unsupervised Learning: It facilitates training models with limited or unlabeled

datasets by leveraging information from pre-trained models [12].

e Multi-task and Multi-modal Learning: Knowledge distillation enables a student model to handle
multiple tasks or different data types by combining knowledge from several specialized teacher models

[13].

e Robustness Against Adversarial Attacks: It improves the student model’s resistance to perturbations or

attacks by inheriting defenses learned by the teacher model [14].

o Optimization for Mobile and Embedded Devices: Knowledge distillation is crucial for developing Al

applications on energy and processing-constrained devices, such as smartphones and IoT systems [15].

e Reduction of Latency in Real-time Applications: Knowledge distillation helps create faster models
suitable for real-time systems by simplifying complex models without significant loss in performance

[16].
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CHAPTER 1. INTRODUCTION

In previous work, the author of this thesis, in collaboration with Ardila-Rey et al. [17], investigated the use
of generative adversarial networks (GANs) for synthesizing realistic partial discharge signals. The study
demonstrated the potential of adversarial learning in augmenting limited datasets and improving classification
models’ performance in partial discharge analysis. This work laid the foundation for exploring the application
of adversarial learning in tackling the challenges associated with data scarcity and model performance in
various domains.

Building upon this prior research experience, the current thesis focuses on extending the application of
adversarial learning to the challenge of trans-domain knowledge distillation, specifically in autonomous
driving. The insights gained from the successful implementation of GANS in the partial discharge domain
have inspired the author to leverage the power of adversarial networks and transformer architectures to
bridge the gap between image-based models and LiDAR point cloud classifiers. By adapting the knowledge
distillation process to the unique challenges posed by the heterogeneous data modalities in autonomous
driving, this work aims to enhance the perception capabilities of self-driving vehicles.

The experience and expertise acquired through the previous study on partial discharge analysis using GANs
have equipped the author with a solid understanding of adversarial learning techniques and their potential for
addressing data limitations. This knowledge has been instrumental in shaping the current research direction
and methodological approach, enabling a seamless transition from the domain of partial discharge analysis to
the more complex and demanding field of autonomous driving perception.

By leveraging the insights gained from the prior work and adapting the adversarial learning techniques to the
specific requirements of trans-domain knowledge distillation, this thesis aims to significantly contribute to
developing robust and efficient perception systems for autonomous vehicles. The successful application of
GANS in the previous study is a strong motivation and proof-of-concept for the current research, highlighting
the potential of adversarial learning in overcoming data scarcity and enhancing model performance across
different domains.

This process mirrors how humans can quickly learn complex concepts from a small number of samples,
even across different categories. The work presented in this thesis exploits the flexibility of knowledge
distillation in a scenario where the teacher and student models learn from data of a very different nature,
called trans-domain knowledge distillation. The proposed method introduces a novel transformer-based
distillation mechanism that adapts knowledge from the image classification domain to the LiDAR point
cloud domain. Unlike traditional sensor fusion methods that require extensive retraining and large-scale
datasets, the approach presented in this thesis leverages image models’ rich, pre-trained features to enhance
LiDAR data interpretation without compromising performance. To the author’s knowledge, this is the first
time a transformer architecture is employed for knowledge distillation between images and point clouds.
By doing so, this work offers a more efficient and cost-effective alternative to conventional sensor fusion
techniques, preserving the essential reliability and robustness required for autonomous driving technologies

while decreasing implementation costs and computational demands.
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CHAPTER 1. INTRODUCTION

The main contributions of this thesis are as follows:

1. A novel knowledge distillation approach based on adversarial networks is proposed for transferring
knowledge from image-based models to LiDAR point cloud classifiers. The proposed method leverages
the power of transformers to bridge the gap between the image and LiDAR domains, enabling the

distillation of rich feature representations.

2. A comprehensive framework that integrates knowledge distillation and adversarial learning is developed,
allowing for effective knowledge transfer across domains. The framework includes a teacher network
trained on image data, a student network operating on LiDAR point clouds, and an adversarial

component that enhances the alignment between the two domains.

3. Extensive experiments on benchmark datasets are conducted to validate the effectiveness of the proposed
approach. The performance of the proposed method is evaluated in various object detection and
classification tasks, comparing it to state-of-the-art techniques in both the image and LiDAR domains.
The results demonstrate significant improvements in LiDAR-based object classification, showcasing

the potential of the proposed approach in enhancing the perception capabilities of autonomous vehicles.

4. Insights into the interplay between competitive and collaborative interactions in adversarial learning
are provided, highlighting the importance of balancing these dynamics for effective knowledge transfer.
The impact of different adversarial objectives and training strategies on the framework’s performance

is explored, shedding light on the key factors contributing to successful trans-domain classification.

5. A comprehensive analysis of the learned representations is presented, visualizing the feature spaces
and examining the alignment between the image and LiDAR domains. The analysis provides a
deeper understanding of how knowledge distillation and adversarial learning enable the transfer of
discriminative features across modalities, facilitating the adaptation of image-based models to the

LiDAR domain.

The remainder of this thesis is organized as follows: Chapter 3 presents a comprehensive review of the
relevant literature, covering topics such as deep learning, knowledge distillation, adversarial networks, and
cross-domain adaptation. The state-of-the-art techniques in these areas are discussed, and the gaps this work
aims to address are highlighted. Chapter 4 describes the proposed methodology in detail, presenting the
architecture of the knowledge distillation and adversarial learning framework. A step-by-step explanation of
the training process and the key components of the approach is provided. Chapter 5 outlines the experimental
setup, including the datasets, evaluation metrics, and implementation details. The baselines and state-of-
the-art methods that the proposed approach is compared against are also discussed. Chapter 6 presents
the experiments’ results, showcasing the proposed approach’s performance in various object detection and
classification tasks. A thorough analysis of the results is provided, comparing the proposed method to

existing techniques and discussing the implications of the findings. Finally, Chapter 7 concludes the thesis,
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CHAPTER 1. INTRODUCTION

summarizing the contributions and outlining potential directions for future research. By advancing the state of
the art in trans-domain knowledge distillation, this thesis contributes to developing more robust and efficient
perception systems for autonomous vehicles. The proposed approach has the potential to significantly reduce
the reliance on expensive and time-consuming data collection and annotation processes, ultimately paving the
way for safer and more intelligent transportation solutions. Furthermore, this work opens up new avenues for
exploring the interplay between competitive and collaborative interactions in adversarial learning, providing

insights that can be applied to a wide range of domain adaptation and transfer learning problems.
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2 Research Method

2.1 Hypothesis

The main research hypothesis can be formulated as: "Knowledge distillation techniques can effectively bridge
the domain gap between image classification and LIDAR point cloud data, enabling the transfer of learned
features while maintaining or improving classification performance compared to traditional point cloud

classification methods."

2.2 Objectives

The main goal of this thesis is to develop novel methodologies for trans-domain knowledge transfer between

different sensor modalities in autonomous systems.

1) Design and implement a transformer-based knowledge distillation architecture capable of transferring

learning from image domain to point cloud domain.

2) Develop robust validation methodologies to evaluate the effectiveness of trans-domain knowledge

transfer.

3) Quantify and compare the performance improvements achieved through trans-domain knowledge

distillation versus traditional single-domain approaches.

2.3 Methodology

The methodology to achieve these objectives consists of:
1. Architecture Design:
e Development of a novel transformer-based distillation mechanism
¢ Implementation of teacher-student network architecture

o Integration of domain-specific processing modules for image and point cloud data

Universidad Técnica Federico Santa Maria, Departamento de Electrénica 6
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2. Training Framework:
e Three-phase training approach: preprocessing, model training, and generation
e Implementation of temperature and alpha parameter tuning
e Optimization of attention mechanisms for cross-domain feature transfer
3. Validation Strategy:
e Model architecture validation using k-fold cross-validation
e Hyperparameter optimization through grid search
e Domain adaptation validation through ablation studies
4. Experimental Evaluation:
e Comparative analysis with state-of-the-art point cloud classification methods

e Performance evaluation across multiple metrics (precision, recall, F1-score)
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3 Related work

Knowledge distillation, a technique widely explored for its potential in model compression, acceleration,
and transfer learning, has garnered considerable attention over recent years [18]. This surge of interest is
mainly due to the increasing need to implement complex deep-learning models in environments with limited
resources.

The timeline shown in Figure 3.1 illustrates how several research streams have converged to enable modern
trans-domain knowledge transfer. Beginning with Goodfellow et al. [19]’s introduction of GANSs in 2014; the
field established fundamental principles for generating and adapting data across domains. This work laid
fundamental groundwork for understanding how neural networks could learn and transfer domain-specific
characteristics.

The evolution towards practical multi-domain applications gained momentum through Fung et al. [20]’s
comprehensive analysis of sensor fusion methods in 2017. Their work established essential frameworks
for integrating data from heterogeneous sensors, which are particularly relevant for combining camera and
LIDAR data in autonomous systems. This contribution highlighted the challenges and opportunities in
working with different sensor modalities, setting the stage for future advances in cross-domain learning.
Significant breakthroughs in bridging domain gaps emerged in 2018, with Wei et al. [21] and Wang et al. [22]
demonstrating how GANs could enhance knowledge distillation across domains. These works showed the
potential of combining adversarial learning with knowledge transfer techniques, introducing new approaches
for handling domain adaptation challenges.

A practical demonstration of these principles emerged in our previous work [23], where we showed how
DCGANS could be effectively applied to generate and process complex signal data. This research validated
the potential of adversarial learning for domain adaptation in sensor processing applications, providing
insights that would later prove valuable for trans-domain knowledge transfer.

Recent developments have focused on specific challenges in autonomous systems, with Tan et al. [24]
establishing new benchmarks for processing LIDAR data through their work on 3D point cloud classification.
Their subsequent research on transform domain learning [25] introduced novel approaches for handling
multi-modal data, particularly relevant for autonomous vehicle perception systems.

This historical progression demonstrates how the field has evolved from separate research threads in gener-
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Figure 3.1: Timeline of the State of the Art. This figure illustrates the chronological evolution of key contributions in
Generative Adversarial Networks (GAN), knowledge distillation, sensor fusion, and transform-based domain learning
from 2014 to 2025. Starting with Goodfellow et al. (2014) on GANs and Hinton et al. (2015) on knowledge distillation
highlights significant milestones, such as Fung et al. (2017) on sensor fusion, Gou et al. (2021) on distillation surveys,
and Tan et al. (2023, 2024) on 3D point, cloud classification, and transform domain learning, culminating in Ortiz &
Creixell (2025), who propose advanced trans-domain knowledge transfer using transformer-based distillation.

ative models, knowledge distillation, and sensor fusion towards integrated approaches that can effectively

bridge different data domains. Our current work [26] builds upon these foundations to propose a novel
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CHAPTER 3. RELATED WORK

transformer-based approach for knowledge distillation between image and LIDAR domains. Building on
these foundations, modern approaches to knowledge distillation have emerged as powerful tools for address-
ing the challenges of deep neural networks, as discussed in the following sections.

Deep neural networks are powerful tools known for their impressive predictive capabilities and adaptability[27].
However, they come with a downside - their inherent architectural complexity and depth demand extensive
computational resources. You need substantial computing power to train and make inferences with these net-
works. Storing these models also requires considerable space[28]. These factors pose significant challenges,
especially when aiming to deploy these models in environments with limited resources, like mobile phones,
Internet of Things (IoT) devices, or other embedded systems.

Knowledge distillation provides a promising solution to these challenges. This process allows for the transfer
of knowledge from a more significant, resource-intensive “teacher” model to a smaller, more efficient “student”
model [29]. During this process, the ’student” model learns to mimic the behavior of the "teacher,” which
results in a model that performs at a comparable level but is significantly more resource-efficient.

However, knowledge distillation is about more than just model compression and acceleration. It also plays a
vital role in trans-domain learning[30] and transfer learning[31]. In these scenarios, the "student” model learns
to apply the knowledge gained from the "teacher’ model to new domains. This ability to adapt and generalize
makes knowledge distillation even more valuable in today’s fast-evolving machine-learning landscape.

The importance of enhancing the efficacy of distillation techniques cannot be overstated. Optimizing the dis-
tillation process not only results in improved performance of the student models but also can bring significant
savings in computational resources and storage space. Furthermore, as deep learning advances, it is crucial to
identify and develop techniques that can effectively deal with the increased complexity of emerging models.
Applying transformer architectures to knowledge distillation represents a significant advancement in ad-
dressing cross-domain challenges [32]. Traditional knowledge distillation methods, while effective within
single domains [27], often struggle when faced with fundamental differences between sensing modalities
such as cameras and LIDAR systems. Recent work by Liu et al. [33] has demonstrated the effectiveness of
transformer-based architectures in bridging the semantic gap between image and point cloud data. Adapting
transformer architectures for sensor fusion applications has required significant innovations in architectural
design and training methodologies. Chen et al. [34] introduced several key modifications to the standard trans-
former architecture to handle the specific challenges of multi-modal sensor data. Their work demonstrates
that careful attention to the design of positional encodings and the integration of sensor-specific preprocessing
layers can significantly improve the transformer’s ability to handle different data types [35].

The theoretical foundations supporting the effectiveness of transformer-based knowledge distillation in cross-
domain applications have been substantially strengthened by recent research [36]. Their work establishes
that the success of transformer-based approaches can be attributed to several key factors: the ability to
learn hierarchical representations, the flexibility to model complex relationships through multiple layers

of self-attention, and the capacity to maintain separate but interrelated representations for different sensor
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modalities.

The theoretical foundations supporting the effectiveness of transformer-based knowledge distillation in cross-
domain applications have been substantially strengthened by recent research [36]. Their work establishes
that the success of transformer-based approaches can be attributed to several key factors: the ability to
learn hierarchical representations, the flexibility to model complex relationships through multiple layers
of self-attention, and the capacity to maintain separate but interrelated representations for different sensor
modalities.

The broader field of cross-modal and multi-modal learning provides essential context for understanding
trans-domain knowledge transfer, representing a fundamental paradigm shift from traditional single-modal
approaches toward leveraging complementary information across different data modalities. Early pioneering
work by Ngiam et al. [37] demonstrated the potential of deep learning architectures for audio-visual speech
recognition, establishing foundational principles for multi-modal representation learning. Their approach
showed that jointly training on multiple modalities could significantly improve performance compared to
single-modal baselines, particularly in noisy environments where one modality might be compromised, laying
the groundwork for understanding how different data types could be effectively combined for enhanced
performance.

The field expanded significantly with advances in vision-language understanding, where researchers began
exploring more sophisticated methods for aligning visual and textual representations. Kiros et al. [38]
introduced skip-thought vectors for learning distributed sentence representations that could be effectively
aligned with visual features, establishing foundational techniques for cross-modal retrieval and understanding.
This work laid crucial groundwork for numerous applications in image captioning, visual question answering,
and cross-modal retrieval tasks that would follow. Building on these foundations, more recent developments
have focused on attention-based mechanisms for cross-modal alignment, with Anderson et al. [39] proposing
bottom-up and top-down attention mechanisms for image captioning, demonstrating how spatial attention
over image regions could be effectively combined with linguistic representations. Similarly, Lu et al. [40]
introduced ViLBERT, a transformer-based architecture for learning joint representations of image content
and natural language, showcasing the power of attention mechanisms in bridging different modalities.

In the domain of audio-visual learning, researchers have explored self-supervised approaches that leverage
the natural synchronization between different sensory modalities. Owens et al. [41] explored self-supervised
learning by predicting ambient sounds from visual scenes, demonstrating how one modality could provide
supervisory signals for learning representations in another without requiring explicit annotations. This
approach highlighted the potential for cross-modal supervision, where the natural correspondence between
modalities could be exploited for representation learning. Zhao et al. [42] developed methods for sound
source localization in videos, further demonstrating the potential for learning meaningful correspondences
between audio and visual information. These approaches share conceptual similarities with knowledge

distillation in that they both involve transferring information from one domain to enhance learning in another.
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Recent work has extended cross-modal learning to more challenging scenarios involving significant domain
gaps between different types of structured data. Peng et al. [43] proposed cross-modal learning for 3D
shape recognition using 2D images, addressing the fundamental challenge of learning meaningful correspon-
dences between 2D visual information and 3D geometric structures. Wang et al. [44] developed methods for
cross-modal hashing between images and text, enabling efficient retrieval across different modalities. These
approaches demonstrate the evolution of cross-modal learning toward handling increasingly complex domain
gaps, moving beyond natural correspondences like audio-visual synchronization toward learning alignments
between fundamentally different data representations.

Our approach to knowledge distillation between images and LIDAR point clouds extends this cross-modal
learning paradigm to the specific challenge of autonomous driving perception, where the domain gap between
2D images and 3D point clouds presents unique challenges. While previous cross-modal work has primarily
focused on vision-language combinations or audio-visual scenarios where some natural correspondence
exists, our method addresses the geometric and semantic differences between 2D RGB images and sparse 3D
point cloud representations. This requires novel architectural innovations and training strategies specifically
designed to bridge this particular domain gap, leveraging the rich feature representations learned from
high-resolution image data to enhance the interpretation of geometrically structured but semantically sparse
LIDAR data.

The paper by Li[45] excellently demonstrates this endeavor. The authors’ innovative approach to self-
distillation, incorporating a selective feature fusion module, represents a promising direction for improving
distillation techniques. Moreover, the authors’ finding that integrating fused features into the network can
further enhance its performance and stresses the potential for future explorations in this direction. Such
advancements in distillation techniques will be vital in deploying powerful deep learning models in resource-
constrained environments, thereby expanding the reach and impact of deep learning technologies.
Moreover, the survey by Xiaojun Chang [46] thoroughly examines knowledge distillation applied to object
detection (OD), a core field of focus within computer vision. The authors underline that despite substantial
performance enhancements achieved by deep neural network-based object detection models, these models de-
pend heavily on intricate network architectures and large-scale parameters. Such dependency often translates
into high computational and storage requirements, posing challenges for real-time or edge-device applications
[47].

This critical role of knowledge distillation becomes increasingly significant when we look beyond object
detection [48] and into other tasks such as image classification[49]. Like OD, image classification also
benefits from knowledge distillation in model compression and performance enhancement, thus making it a
widely applicable strategy across machine learning tasks. This thorough exploration of knowledge distillation,
especially its refinement and evolution, highlights the method’s central position in machine learning and its
expected role in driving future advancements.

Recent work by Kim et al. [50] has focused on optimizing the computational efficiency of sensor fusion
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algorithms while maintaining robustness. Their research establishes important benchmarks for real-time
performance in resource-constrained environments, providing frameworks for evaluating the practical deploy-

ability of fusion systems in autonomous vehicles.
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4 Methodology

4.1 Proposal

This investigation delves deeper into a specific application of knowledge distillation beyond its traditional
confines. While the broader field continues to explore various novel areas, this study specifically utilizes
knowledge distillation not for model compression but for trans-domain learning[51]. The focus here is
training a model for image classification that subsequently facilitates teaching a student network to classify
objects in point clouds. This approach not only underscores the adaptability of knowledge distillation but
also showcases its relevance in bridging distinct domains of machine learning.

By applying knowledge distillation principles within trans-domain machine learning tasks, our research
directly tackles the pressing issues of model efficiency, generalization, and adaptability across varied data
domains. This approach not only enhances model functionality beyond the traditional confines of model
compression and transfer learning but also rigorously tests the bounds of these models in novel, cross-
disciplinary settings. Our findings significantly advance the dialogue within the machine learning community,
promoting a more rigorous and systematic exploration of knowledge distillation. This methodology facilitates
the development of models that adeptly handle modern technological ecosystems’ complexities and dynamic
nature, particularly in their application to disparate data types and domains.

The architecture employs a teacher-student model for KD tailored for trans-domain applications. Unlike
typical distillation, which focuses on model compression, this approach maintains network size parity, aiming
to bridge the domain gap between image processing and LIDAR point cloud classification. This novel training
strategy eliminates constraints when training new architectures, departing from conventional practices.

The teacher network corresponds to AlexNet architecture, chosen specifically for its balance between
complexity and experimental tractability. Since we intended to integrate pre-trained YOLO models, AlexNet’s
relatively straightforward architecture facilitates better experimentation with this novel knowledge distillation
technique compared to more complex networks. This deliberate choice allows us to focus on validating the
trans-domain transfer mechanism without the added complexity of extremely deep architectures. The network
consists of five convolution down-sampling layers, a dense block, and spatial pyramid pooling layers[52].

This structure extracts a feature set from image data, integrating features at various abstraction levels. The
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Figure 4.1: Architecture Overview of Teacher and Student Networks in Knowledge Distillation. The diagram
illustrates the pre-trained teacher network processing input images through convolutional downsampling followed by
dense and spatial pyramid blocks to generate logits for object detection. These logits are then passed to a transformer for
distillation. The student network, also pre-trained, similarly processes cloud points and uses the distilled knowledge from
the teacher to improve its object detection capabilities.

spatial pyramid pooling further refines the feature map, preparing it for the final classification layers.

In the distiller model, knowledge distillation is driven by the dynamic adjustment of the temperature and
alpha hyperparameters. These adjustments are critical for both modulating the softening of outputs and
balancing the emphasis between hard and soft targets during the knowledge transfer process. This fine-tuning
occurs within the distiller block, explicitly incorporating these two parameters to enhance control over the
model’s learning dynamics. We conduct a grid search to optimize temperature and alpha, aiming to improve
essential metrics such as Mean Average Precision Score (MAPS), accuracy, mean accuracy, and F1 score.
These metrics are crucial for our object classification task, ensuring that our model’s performance is evaluated
comprehensively.

The core of the distiller incorporates a novel use of a transformer model[53], structured with an encoder-
decoder framework, to adeptly bridge the gap between distinct data domains—specifically transitioning
from image data to the classification of point clouds obtained from LIDAR. This transdomain knowledge
distillation is needed because of the nature of the input domains, where traditional distillation techniques fall
short. Our transformer model variably employs 8 to 32 attention heads to manage the complexity and diversity

of the data involved effectively. By transforming image domain logits to align with LIDAR classification
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logits, the model ensures that the distilled knowledge is preserved and aptly adapted to meet the demands of
this particular cross-domain application.
In the architecture of our distiller, two key hyperparameters, temperature and alpha, play a central role. The
temperature parameter primarily controls the smoothing of the outputs of the teacher network by multiplying
the logits fed to the distiller. Higher temperatures result in smooth probability distributions over classes,
facilitating a more effective knowledge transfer by emphasizing the relational information between classes
rather than absolute predictions. This procedure is particularly beneficial in complex classification tasks with
significant nuanced differences between categories. The alpha parameter, on the other hand, balances the
relative importance of matching the soft targets provided by the teacher with the challenging targets of the
proper labels. It allows the student model to learn the teacher’s exact outputs and refine them based on the
ground truth, fostering a more robust learning environment.
The transformer-based distillation process in our architecture can be formally represented through a series of
transformations. As shown in Figure 2, the process begins with the teacher and student logits being processed
through parallel streams with temperature and alpha modulation, respectively. The core transformations can
be expressed as:

B logitsucher

= —— 4.1)
T

Where 7 is the temperature parameter that controls the softness of the probability distribution. For the

multi-head attention blocks, each transformation follows:
MHA(Q, K, V) = Concat(hy, ..., h,) W° 4.2)
where each head 4; is computed as:
h; = Attention(QWZ, KWK, VW) 4.3)
The Add & Norm layers implement a residual connection followed by layer normalization:
AddNorm(x) = LayerNorm(x + Sublayer(x)) “4.4)
The final logistic output is computed as follows:
output = Softmax(Linear(a - AddNorm(FeedForward(AddNorm(MHA(z;, z,)))))) 4.5)

Where z; represents the teacher logits processed through temperature scaling, z, represents the student logits,
and « is the balancing parameter that controls the contribution of the transformed knowledge in the final
prediction. The linear transformation followed by Softmax produces the final probability distribution for the

target classes.
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Using a transformer within our distiller is pivotal for addressing the challenges posed by cross-domain data
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Figure 4.2: Architecture of the Distillation Enhancer in KD model This diagram outlines the sophisticated structure
of the distillation process within teacher and student logistic models, highlighting the pivotal roles of alpha and
temperature adjustments. It features multi-head attention and feed-forward layers, coupled with recurrent *Add & Norm’
stages for model regulation. These adjustments are crucial for modulating the knowledge transfer, refining logistic
outputs, and enhancing the student model’s learning precision.

characteristics.

Traditional distillation methods typically assume that the teacher and student models operate within the same
input domain. However, our task involves transferring knowledge from image data domains to the radically
different domains of LIDAR point cloud classifications. The teacher network is trained on COCO dataset [54]
images, which typically have a resolution of approximately 640x480 pixels in RGB space, with the image
capture frequency at 30 frames per second. In contrast, the LIDAR data from the NuScenes dataset [55] [56]
comprises around 300,000 points per scan with a capture frequency of 20 frames per second. Transformers,
composed of layers of self-attention mechanisms, are particularly suited to this task due to their capacity
to handle high-dimensional sequential input data from disparate sources such as images and LIDAR point
clouds. Additionally, the latent spaces they develop enhance their ability to model various data relationships.

These latent spaces effectively capture the underlying patterns and nuances of the data, facilitating more
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robust and adaptable cross-domain knowledge transfer.

The transformer employs an encoder-decoder structure. The encoder processes the logits from the image
domain, mapping these into a 512-dimensional space that captures the latent dynamics of the process,
underlying patterns, and structures essential for classification tasks. This representation is then passed to the
decoder, which translates these abstract features into a form suitable for predicting classes in the point cloud
data from LIDAR. The ability of the transformer to modify its attention focus across different parts of the
input sequence allows it to adaptively learn how to represent best the knowledge necessary for classification
in a different domain.

Choosing 8 to 32 attention heads in the transformer’s architecture further refines its capability. Although
increasing the number of attention heads can enhance the model’s ability to understand complex relationships
within the data by allowing each head to focus on different segments of the input sequence or represent
diverse aspects of the input, this approach is not without limitations. Merely adding more attention heads
does not guarantee improved performance. There is a point of diminishing returns where additional heads
may contribute to overfitting or computational inefficiency. Moreover, the effective adaptation of logits from
one domain to another also depends on the alignment and calibration of these heads. It is essential to optimize
their number and configuration to ensure that the student network can accurately interpret and utilize the
distilled knowledge from the teacher network.

The performance of the trained student network in classifying point cloud data is benchmarked against
established systems to assess our knowledge distillation strategy’s effectiveness in overcoming the ground

truth scarcity in LIDAR data.

4.2 Validation Methodology

The validation process for our trans-domain knowledge distillation framework demands a rigorous and sys-
tematic approach to ensure the architecture and methodology’s robustness and reliability. Our comprehensive
validation strategy addresses the unique challenges presented by cross-domain knowledge transfer between
image and point cloud data, focusing on establishing the effectiveness and stability of our proposed approach.
This validation framework is structured around four principal components: a general validation process that
establishes the foundational evaluation criteria, architectural validation that examines the structural integrity
and performance of our model, hyperparameter optimization that ensures optimal knowledge transfer, and
domain adaptation validation that verifies the effectiveness of cross-domain feature transformation. Each
component is designed to provide specific insights while contributing to a comprehensive understanding of

the system’s capabilities and limitations.
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4.2.1 General Validation Process

The foundation of our validation methodology lies in establishing robust evaluation protocols that account
for the unique challenges of cross-domain knowledge transfer. This process begins with implementing a
comprehensive data management strategy, ensuring that our validation results accurately reflect the model’s
true capabilities. We establish rigorous criteria for assessing both the quantitative performance metrics and
the qualitative aspects of knowledge transfer between domains.

The validation process incorporates multiple assessment levels, from individual component evaluation to
system-level performance analysis. This hierarchical approach ensures that each aspect of the architecture is
thoroughly validated while focusing on the overall objective of effective knowledge transfer. Performance
metrics are carefully selected to reflect the accuracy of classification outcomes and the quality of knowledge

transfer between domains.

4.2.2 Architectural Validation

The architectural validation phase focuses on verifying our proposed model’s structural integrity and per-
formance characteristics. This phase begins with strategically partitioning the dataset, allocating 70% for
training purposes while equally dividing the remaining data between validation and testing sets, with 15%
each. This distribution ensures sufficient data for training while maintaining statistically significant sets for
validation and testing purposes.

We implement a k-fold cross-validation strategy with k=5 to strengthen the validation process, providing
deep insights into the model’s stability and generalization capabilities across different data distributions. This
approach is particularly crucial in our context, where the model must maintain consistent performance across
varying data characteristics in both image and point cloud domains.

The architectural validation process incorporates sophisticated monitoring and control mechanisms through-
out the training phase. An early stopping protocol with a patience parameter of 10 epochs prevents overfitting
while ensuring optimal convergence, which is particularly important given the complex nature of cross-domain
knowledge transfer. Monitoring key performance metrics provides comprehensive insights into the model’s

learning dynamics and adaptation capabilities.

4.2.3 Hyperparameter Optimization

The optimization of hyperparameters represents a crucial aspect of our validation methodology, particularly
given the complex nature of trans-domain knowledge distillation. The effectiveness of knowledge transfer
between image and point cloud domains heavily depends on the precise tuning of several key parameters that
govern the distillation process and the transformer architecture. This optimization process requires careful

consideration of each parameter’s theoretical foundations while balancing the practical implementation
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constraints.

The temperature parameter ¢ plays a fundamental role in knowledge distillation, controlling the softness
of probability distributions generated by the teacher network. Theoretically, this parameter modifies the
logits of the teacher network according to the relationship z, = logits,eacher/t, where higher temperatures
produce softer probability distributions across classes. This softening process is crucial as it reveals the
inter-class relationships learned by the teacher network, providing richer training signals for the student
network. Our comprehensive grid search validation spans the interval [0.1, 10], with particular emphasis
on the range [1.0,3.5]. The selection of this range is theoretically motivated by the need to balance two
competing factors: temperatures below 1.0 tend to approach hard labels, potentially losing valuable relational
information, while temperatures above 3.5 risk over-smoothing the distributions, diluting the discriminative
power of the teacher’s knowledge.

The alpha parameter « , which controls the relative weighting between teacher and student predictions,
requires equally careful optimization. This parameter operates within the [0.01, 1.0] range. It determines the
balance between two competing objectives: maintaining fidelity to the teacher’s knowledge and allowing
the student to adapt to the point cloud domain’s specific characteristics. The theoretical importance of «
lies in its role in the loss function, where it modulates the contribution of the distillation loss relative to
the task-specific loss. Values closer to 0 emphasize the student’s direct learning from ground truth labels,
while values closer to 1 prioritize matching the teacher’s outputs. Our sequential validation process explores
this range systematically, with finer granularity in regions where performance shows high sensitivity to
parameter changes. In our transformer-based architecture, the configuration of attention heads represents
a critical hyperparameter that significantly impacts model performance and computational efficiency. The
number of attention heads affects the model’s capacity to capture different aspects of the relationship between
image and point cloud representations. Our validation explores configurations with 8, 16, and 32 heads,
offering different trade-offs between model capacity and computational requirements. The theoretical basis
for these choices stems from the transformer’s ability to perform multiple attention operations in parallel,
with each head potentially specializing in different aspects of the cross-domain relationship. The learning
rate schedule, another crucial hyperparameter, requires careful optimization to ensure stable convergence
during the knowledge transfer. We implement a warm-up strategy followed by a decay schedule, with the
base learning rate varying within [0.001, 0.01]. This approach is fundamental in our context, as the early
stages of training require careful parameter updates to establish proper cross-domain mappings. The warm-up
period, spanning the first 10,000 steps, allows the model to establish stable gradient flows before reaching the
full learning rate.

The search space spans from 16 to 128, focusing on the [32, 96] range. This parameter significantly impacts
both the quality of gradient estimates and the effectiveness of batch normalization layers, which are crucial
for stabilizing the training of deep networks. The theoretical motivation for our chosen range comes from

the need to maintain sufficient statistical diversity within each batch while ensuring effective utilization of
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computational resources.

Beyond individual parameter optimization, we also consider the interaction effects between hyperparameters.
For instance, the effectiveness of temperature scaling can be influenced by the learning rate and batch size,
requiring a holistic optimization approach. Our validation process, therefore, includes multi-parameter
optimization phases where we explore combinations of parameters within their respective ranges to identify
optimal operating points that consider these interactions.

Additionally, we implement adaptive hyperparameter schedules for certain parameters, particularly the
temperature and alpha values. This approach allows these parameters to evolve during training, adapting
to the changing needs of the knowledge transfer process as the student network progresses in its learning.
The schedules are designed based on theoretical considerations of the knowledge distillation process, with
parameters adjusted gradually to maintain stable training while optimizing performance.

This comprehensive hyperparameter optimization process ensures that our architecture operates at its optimal
point for effective cross-domain knowledge transfer. The careful balance of theoretical considerations with
practical constraints enables our system to achieve robust performance while maintaining computational

efficiency.

4.2.4 Domain Adaptation Validation

The validation of domain adaptation capabilities addresses the fundamental challenge of our research: en-
suring effective knowledge transfer between the substantially different domains of image and point cloud
data. This validation phase employs specialized approaches to verify the effectiveness of our cross-domain
knowledge transfer methodology.

We implement comparative analyses of the student network’s performance with and without knowledge
distillation, providing crucial insights into the value added by our approach. The validation process includes a
detailed examination of gradient stability during training, an assessment of feature space alignment between
domains, and an evaluation of the preservation of spatial relationships during knowledge transfer.

Through carefully designed ablation studies, we validate the contribution of each architectural component to
the overall system performance. These studies systematically examine the impact of different architectural
choices, from the basic network structure to sophisticated feature transformation mechanisms. This compre-
hensive component analysis provides crucial insights into the relative importance of different aspects of our
design.

The domain adaptation validation process pays particular attention to the quality of knowledge transfer,
examining classification accuracy and the preservation of semantic relationships and geometric properties
across domains. That procedure ensures that our model effectively bridges the gap between image and point

cloud representations while maintaining the essential characteristics of each domain.
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5 Experimental setup

This study’s experimental framework was designed to explore the efficacy of knowledge distillation techniques
in transferring the classification capabilities from RGB image models to LIDAR point cloud classifiers. Our
setup involved three distinct phases: configuration of the teacher-student model architecture, selection of
appropriate datasets and hyperparameter tuning to optimize model performance across diverse metrics. For the
first phase, teacher-student model configuration, we tried three different teacher networks in order to test the
system sensitivity to the Teacher implementation; the architectures tested were YoloV4 [57], EfficientNET-1
[58], and YoloV7 [59]. The best-performing architecture was used to compare it against the point cloud
classification methods. The nuScenes dataset was selected for this study due to its comprehensive coverage
of urban driving scenarios, which include a wide range of environmental conditions and object interactions.
This dataset uniquely contains synchronized point cloud data captured by LIDAR and corresponding high-
resolution RGB images, allowing for direct comparison and knowledge transfer between these two modalities.
The availability of both data types in the same temporal and spatial context is crucial for the effectiveness
of the knowledge distillation approach, ensuring a robust and versatile test in real-world settings. Although
other datasets such as KITTI [60] and Waymo Open Dataset [61] also provide point clouds and image data,
nuScenes offers a higher frequency of data capture and richer annotation across a more varied array of
urban scenarios. These features make nuScenes particularly well-suited for exploring the complex dynamics
of urban environments and testing the adaptability of the models to different and challenging real-world
conditions. The teacher model used in our experiments was a pre-trained state-of-the-art convolutional neural
network.

The experimental setup for grid search in transformer model training was crucial in understanding the learning
process of the model. We conducted a grid search to tune the hyperparameters of the transformer model
during training. We focused on three key hyperparameters: alpha, temperature, and the number of attention
heads in the transformer’s architecture. We created a grid of parameter values for each hyperparameter to
conduct the grid search. For the alpha hyperparameter, we examined values ranging from 0.01 to 1, with
increments of 0.05. Similarly, we explored values ranging from 0.1 to 10 for the temperature hyperparameter,
with increments of 0.5. We considered values from 8 to 32 for the number of attention heads, with increments

of 4. Configurations of 8, 16, and 32 attention heads were tested, finding that 16 heads offered the best balance
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between performance and computational cost. Increasing to 32 heads resulted in only marginal accuracy
gains (0.5%) but increased training time by 20. In each experiment of the grid search, we modified the size of
the student network to observe its impact on performance. We conducted experiments with varying alpha,
temperature, and attention head combinations. This grid search aimed to find the optimal values of these
hyperparameters that would improve the transformer model’s performance in our specific task of transferring
knowledge from the image domain to LIDAR point cloud classifications. In each experiment of the grid
search, we trained the transformer model using the selected hyperparameter values and computational budgets.
We employed a learning rate schedule with a warm-up period of 40,000 steps and decayed the learning rate
with the inverse square root of the number of training steps after the warm-up. The grid search process was
essential for finding the optimal combination of hyperparameters that would maximize the performance of
the transformer model.

Therefore, two fixed-length arrays represent each input protein, one the average vector of size 512 and the
512 x 512 covariance matrix. They are then processed by a linear layer followed by a dropout of value 0.1,
adapting them to the exact shape (1 x 512). After that, the two vectors are concatenated in a single vector of

shape 1 x 1024, which is used as input of the hyperbolic generator network.

5.1 The nuScenes Dataset

The experimental framework of this study relies fundamentally on the nuScenes dataset [62], a large-scale
multi-modal dataset designed explicitly for autonomous driving research. Developed by Motional (formerly
nuTonomy), nuScenes represents a significant advancement over previous datasets in the field, being the first
to provide synchronized data from a complete sensor suite of an autonomous vehicle. While other datasets
like KITTI focus primarily on camera-based detection, nuScenes offers comprehensive coverage across
multiple sensor modalities. It suits our knowledge distillation approach between RGB images and LIDAR
point clouds. The dataset encompasses 1000 carefully selected driving scenes collected across Boston and
Singapore, two cities chosen for their dense traffic patterns and challenging driving conditions. Each scene
spans 20 seconds and captures diverse driving maneuvers, traffic situations, and environmental conditions.
This geographical and environmental diversity proves crucial for developing robust autonomous driving
systems, as it allows for evaluating algorithm performance across different traffic rules (left versus right-hand
driving), weather conditions, and urban environments. The data collection vehicle, a modified Renault Zoe,
was equipped with a comprehensive sensor suite as detailed in Table 5.1. This setup included a 32-beam
LIDAR providing 360-degree coverage, six cameras ensuring complete visual coverage around the vehicle,

and five RADAR sensors for additional object detection and velocity measurement capabilities.
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Figure 5.1: NuScenes Sensor Data (Night). Example of nighttime multi-sensor data from NuScenes, including several
camera viewpoints along with RADAR and LiDAR top-down overlays. Bounding boxes (orange/blue) indicate detected
objects in low-light conditions.

5.1.1 Dataset Characteristics and Sensor Setup

The data collection vehicle, a modified Renault Zoe, was equipped with a comprehensive sensor suite as
detailed in Table 5.1. This setup included a 32-beam LIDAR providing 360-degree coverage, six cameras
ensuring complete visual coverage around the vehicle, and five RADAR sensors for additional object detection
and velocity measurement capabilities. As illustrated in Figure 5.3, the sensors are strategically positioned to

provide optimal coverage around the vehicle. The six cameras are positioned to ensure complete 360-degree
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Figure 5.2: NuScenes Sensor Data (Day). Daytime multi-sensor visualization from NuScenes (cameras, RADAR, and
top-down LiDAR). Multiple bounding boxes (in different colors) show vehicles, pedestrians, and other objects in well-lit
urban conditions.

visual coverage, with front, side, and rear views. The RADAR sensors are placed at the corners and front
of the vehicle to maximize detection coverage. In contrast, the LIDAR sensor is mounted on the roof to
provide unobstructed 360-degree point cloud data. The dataset’s scale and comprehensiveness are evident
in its statistics: approximately 1.4M camera images, 390k LIDAR sweeps, and 1.4M RADAR sweeps, all
synchronized and annotated. Table 5.2 presents the key dataset statistics, highlighting its significant scale

compared to previous autonomous driving datasets.
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RADAR
Front Left —> X-axis
® pownward —> Y-axis

® upward —» Z-axis

Figure 5.3: NuScenes Sensor Configuration. Top-down view of the sensor setup on the Renault Zoe vehicle. The
configuration includes six cameras (CAM, green), 5 RADAR sensors (blue), 1 LIDAR sensor (orange), and an IMU
(purple). Coordinate systems for each sensor are indicated with colored arrows (X-axis in red, Y-axis in green, Z-axis in
blue).

Table 5.1: NuScenes Sensor Suite Specifications

Sensor Type Specifications

LIDAR Velodyne HDL32E: 20Hz capture rate, 32 beams, 360° Horizontal FOV, +10° to -30°
Vertical FOV, Effective range up to 70m, +2cm accuracy

Cameras 6x Basler acA1600-60gc: 12Hz capture rate, 1600x900 resolution, Auto exposure (max
20ms), Complete 360° coverage

RADAR 5x Continental ARS 408-21: 13Hz capture rate, 77GHz frequency, Range up to 250m,
Velocity accuracy of +0.1 km/h

Localization GPS/IMU with 20mm position accuracy, 0.1° roll/pitch accuracy

5.1.2 Data Annotation and Object Categories

The annotation process follows a rigorous protocol, providing 3D bounding boxes and attribute labels for
23 object classes at a frequency of 2Hz. The dataset includes comprehensive annotations for common
and rare object categories, with particular attention paid to challenging scenarios. Table 5.3 presents the
distribution of annotations across major object categories, demonstrating the dataset’s rich diversity. A unique
feature of nuScenes is its nuScenes-lidarseg extension, which provides point-wise semantic labels for the
LIDAR data. This includes 32 semantic classes (23 foreground "things" and nine background "stuff" classes),
with over 1.4 billion annotated points. This rich semantic segmentation of point clouds makes the dataset
particularly valuable for our research into knowledge transfer between image and point cloud domains. The
dataset’s temporal continuity, with 20-second scenes sampled at regular intervals, enables the development
and evaluation of tracking algorithms alongside detection tasks. Furthermore, the synchronized nature of the

sensor data allows for direct comparison and correlation between different sensor modalities, making it an
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Table 5.2: NuScenes Dataset Statistics and Comparison

Characteristic nuScenes KITTI Waymo

Total Scenes 1,000 22 1,000+
Annotated Frames 40,000 15,000 200,000
3D Boxes 1.4M 200K 12M
Object Classes 23 8 4
Sensor Suite Full  Partial Full

Table 5.3: Distribution of 3D Object Annotations in nuScenes

Category Number of Instances Percentage
Vehicle (Car) 493,322 42.30%
Pedestrian (Adult) 208,240 17.86%
Movable Object (Barrier) 152,087 13.04%
Traffic Cone 97,959 8.40%
Truck 88,519 7.59%
Bus 16,321 1.40%
Trailer 24,860 2.13%
Motorcycle 12,617 1.08%
Bicycle 11,859 1.02%
Others 60,403 5.18%
Total 1,166,187 100.00%

ideal testbed for our knowledge distillation experiments between RGB images and LIDAR point clouds. This
comprehensive and well-structured dataset forms the foundation of our experimental framework, providing
the necessary data diversity and annotation quality to evaluate our proposed knowledge distillation approach
effectively. The subsequent sections detail how we leverage this dataset within our Azure-based infrastructure

to implement and validate our methodology.

5.2 Azure Infrastructure and System Architecture

The experimental framework was implemented on Microsoft Azure’s Machine Learning Studio platform,
leveraging its comprehensive cloud infrastructure for deep learning experimentation. As depicted in Fig-
ure 5.4, the system architecture was designed to ensure robust data processing, efficient model training, and
comprehensive performance monitoring. The core computational infrastructure consisted of a virtual machine
equipped with an NVIDIA Tesla V100 GPU, 32GB of RAM, and a 2TB SSD storage solution, specifically
configured to handle the intensive computational demands of deep learning workloads and large-scale data

processing.

5.2.1 Computational Infrastructure

All experiments were conducted on Microsoft Azure cloud infrastructure using Standard_NC6s_v3 virtual

machines equipped with NVIDIA Tesla V100 GPUs. The computational specifications included:

e GPU: 1x NVIDIA Tesla V100 with 16GB VRAM
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e CPU: 6 vCPUs (Intel Xeon E5-2690 v4)

RAM: 32 GB system memory

Storage: 2TB Premium SSD for dataset storage

Operating System: Ubuntu 18.04 LTS

Framework: PyTorch 1.8.1 with CUDA 11.1

Training sessions typically required 3-4 hours for the complete nuScenes dataset, with early stopping
implemented at 10 epochs of patience to prevent overfitting. All experiments were conducted with identical

random seeds (seed=42) to ensure reproducibility.

Azure Active Directow T T e Y

BN

Authenltication E Azure Machine Azure Monitor
. Learning Studio NuScenes Dataset Metric Data

. Audit & Diagnostic Logs
Preprocessing

Internet | ; .’ E ------------ -
@ o s <r | lll'w

| ’ I' : Log Analytics

Train VMs and Inference

Diagnostic Logs & Metric Data

Resource Group

Figure 5.4: Overview of the Cloud-Based ML Pipeline. This diagram illustrates an end-to-end solution using Azure

Machine Learning Studio, where the NuScenes dataset is stored and preprocessed. Training and inference tasks run on

dedicated VMs within a single resource group. Azure Active Directory handles authentication from the internet while

Azure Monitor and Log Analytics collect metric data, diagnostic logs, and audit information for real-time monitoring and
analysis.

As illustrated in Figure 5.4, the architecture implements a multi-layered approach to data processing
and model training. At the infrastructure level, Azure Active Directory provides secure authentication and
access control, ensuring that all computational resources and data assets are adequately protected. The Azure
Machine Learning Studio environment is the central orchestration platform, managing the interaction between
various system components and executing training workflows. Data processing follows a structured pipeline
within the Azure environment. The nuScenes dataset, housed in dedicated storage, undergoes preprocessing
steps that prepare both RGB images and LIDAR point cloud data for model training. This preprocessing
stage is crucial for maintaining data quality and ensuring efficient training processes. The system implements

dedicated processing workflows for training and inference phases, with specific optimizations for handling
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the multi-modal nature of our dataset. The monitoring infrastructure comprises two key components: Azure
Monitor and Log Analytics, both illustrated in the right portion of Figure 5.4. Azure Monitor provides
comprehensive system-level metrics, tracking resource utilization, computational efficiency, and overall
system health. Log Analytics complements this by offering detailed insights into the training process,
capturing performance metrics, and enabling in-depth analysis of model behavior. This dual monitoring
approach ensures both system stability and optimal model training progression. All components are integrated
within the Resource Group boundary shown in the diagram to form a cohesive experimental environment. The
system’s design emphasizes scalability and reproducibility, enabling systematic evaluation of our knowledge
distillation approach across different model configurations and dataset scenarios. The infrastructure supports
parallel processing capabilities, allowing for efficient handling of the initial nuScenes-mini validation phase
and subsequent complete dataset experiments. The diagram also illustrates the implementation of diagnostic
logging and metric collection paths, represented by the feedback loops connecting various components to
the monitoring systems. This comprehensive logging infrastructure proves invaluable for tracking model
training progress, identifying potential bottlenecks, and optimizing system performance. The integration
with TensorBoard, while not explicitly shown in the architecture diagram, provides additional capabilities
for visualizing training metrics and model behavior in real time. As indicated by the directional arrows in
Figure 5.4, network connectivity and data flow patterns are optimized to minimize latency and ensure efficient
data transfer between components. The system’s architecture supports both synchronous and asynchronous
processing patterns, enabling flexible execution of training and evaluation workflows while maintaining data

consistency and processing efficiency.

5.3 Network Architecture Analysis

Building upon the established Azure infrastructure, selecting and configuring appropriate neural network
architectures formed a critical component of our experimental framework. The study evaluated three distinct
teacher networks to assess system sensitivity and optimize knowledge transfer capabilities. Each architecture
was deployed and evaluated within the Azure Machine Learning environment, leveraging the computational
resources and monitoring infrastructure described in the previous section. The YOLOvV4 architecture served
as our initial baseline, implementing its CSPDarknet53 backbone to achieve an optimal balance between
accuracy and processing speed. This architecture’s implementation proved particularly effective in handling
complex urban environments, benefiting from its spatial pyramid pooling and path aggregation neck for multi-
scale feature fusion. Integrating Azure’s GPU resources enabled efficient processing of high-resolution input
images while maintaining real-time performance capabilities. EfficientNET-1 provided an alternative approach
through its compound scaling method, which systematically balanced network depth, width, and resolution.
This architecture’s implementation demonstrated particular advantages in resource utilization, aligning well

with our Azure infrastructure’s computational constraints while maintaining competitive accuracy levels.
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The model’s efficient scaling properties proved valuable when processing varying input resolutions from
the nuScenes dataset, adapting well to daytime and nighttime scenarios. YOLOV7, representing our study’s
most recent architectural advancement, incorporated improvements, including E-ELAN (Extended Efficient
Layer Aggregation Network), for enhanced feature extraction. This architecture demonstrated superior
performance in challenging lighting conditions, leveraging its improved feature aggregation mechanisms and
expanded receptive field. The implementation within our Azure framework allowed for a comprehensive
evaluation of its advanced features, particularly in processing complex urban scenarios captured in the

nuScenes dataset.

5.4 Dataset Integration and Processing

Integrating the nuScenes dataset within our Azure-based experimental framework required careful con-
sideration of data handling and processing strategies. Initial validation using nuScenes-mini, comprising
404 scenes, allowed for rapid iteration and system optimization while minimizing computational resource
consumption. The Azure infrastructure proved particularly effective in handling this initial validation phase,
processing the complete mini dataset in approximately 40 minutes while maintaining comprehensive logging
and monitoring capabilities. As illustrated in Figures 5.1 and 5.2, the dataset encompasses various environ-
mental conditions, from well-lit daytime scenarios to challenging nighttime situations. The availability of
synchronized LIDAR point clouds and high-resolution RGB images provided an ideal testing ground for our
knowledge distillation approach. The 2TB SSD storage solution in our Azure configuration ensured efficient
data access and processing capabilities, while the Tesla V100 GPU enabled rapid image and point cloud data

processing.

5.5 Training Process and Optimization

The training process leveraged Azure’s computational resources to implement a sophisticated learning rate
schedule to optimize model convergence. Implementing a 40,000-step warm-up period, followed by an inverse
square root decay of the learning rate, proved effective in managing the learning dynamics across different
training phases. This approach monitored through Azure’s logging infrastructure and TensorBoard integration,
helped mitigate early training instabilities while ensuring effective learning rate adaptation throughout the
training process. The grid search for optimal hyperparameters revealed interesting relationships between
model performance and architectural choices. The investigation of attention head configurations demonstrated
that while increasing from 8 to 16 heads provided substantial performance improvements, further expansion
to 32 heads yielded only marginal benefits (0.5% accuracy improvement) at the cost of significantly increased
computational overhead. These findings, captured through our comprehensive monitoring infrastructure,
guided our final architectural decisions. Temperature parameter tuning proved particularly crucial for

effective knowledge distillation. Exploring temperature values ranging from 0.1 to 10.0 revealed that lower
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temperature values (below 1.0) generally resulted in sharper probability distributions. In comparison, higher
values produced softer distributions that better facilitated knowledge transfer between modalities. The alpha
parameter, controlling the balance between hard and soft targets, showed optimal performance in the range
of 0.3 to 0.5, suggesting the importance of maintaining a balance between teacher signal and ground truth
supervision. These optimization processes were continuously monitored and logged through Azure’s analytics
infrastructure, enabling detailed analysis of the relationship between hyperparameter settings and model

performance.
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6 Results and discusion

6.1 Experimental Results

The experimental evaluation shows the effectiveness of our transformer-based knowledge distillation approach
for cross-domain object classification. The results presented in table 6.1 shows that the proposed KDNet
architecture has a high performance through all the tested variants: KD-Y4, KD-EFF, and KD-Y7. KD-Y4
establishes a strong baseline with consistent performance, achieving 90.6% precision, 87.6% recall, and
88.9% F1-score. This model demonstrates particularly robust performance in complex categories such as
Person (91.6% F1-score) and Car (91.0% F1-score), validating the effectiveness of our trans-domain approach.
KD-EFF, while showing comparable performance woth KD-Y4 in specific categories like Person (92.3%
F1-score) and Motorcycle (92.1% F1-score), achieved lower overall metrics with 80.2% precision, 86.5%
recall, and 82.6% F1-score. This performance difference highlights the importance of teacher network
selection in knowledge distillation. The model maintained strong performance in everyday urban objects but
showed decreased effectiveness in challenging categories like Fire Hydrant (60.4% F1-score) and Parking

Meter (59.6% F1-score).

KD-Y7, shows the best overall performance among the knowledge distillation models, achieving
89.0% precision, 92.1% recall, and 90.4% F1-score. This model shows remarkable improvements in
traditionally challenging categories, with Fire Hydrant and Parking Meter classifications improving precision
from 51.2% to 76.5% and from 49.8% to 74.2%, respectively. The model excels particularly in Person
detection (95.5% F1-score) and Car classification (94.3% F1-score), suggesting effective transfer of features
from the image domain to point cloud classification The comparison with traditional point cloud classification
methods, detailed in table 6.2, reveals significant advantages of our approach. PointNet++, the best-
performing traditional method, achieves 74.1% precision, 79.3% recall, and 75.6% F1-score. DGCNN shows
lower performance with 38.0% precision, 71.0% recall, and 50.5% F1-score, while the baseline PointNet
achieves 14.92% precision, 72.2% recall, and 27.2% F1-score. Our benchmark comparison, presented in table
6.3, directly contrasts the best-performing models from each approach. KD-Y7 (90.4% F1-score) significantly

outperforms PointNet++ (75.6% F1-score), demonstrating a 19.6% relative improvement in classification
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LIDAR DETECTION KD-Y7

Figure 6.1: Nighttime LiDAR Detection Using KD-Y7. A single-view output illustrating cars, motorcycles, and other
vehicles identified by the KD-Y7 model at night.

LIDAR DETECTION KD-Y7

Figure 6.2: Daytime LiDAR Detection Using KD-Y7. Example of the KD-Y7 model’s detection output in daylight,
highlighting cars, trucks, and motorcycles.

performance. This substantial performance gap validates the effectiveness of our trans-domain knowledge
distillation strategy and suggests its potential for broader applications in autonomous driving and robotics
applications.

These results show that our transformer-based knowledge distillation approach effectively bridges the domain
gap between image-based classification and point cloud data, maintaining high performance across diverse
object categories while addressing the challenges inherent in trans-domain learning.

Analysis of failure cases revealed specific challenges in classifying particular urban objects. The most
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Table 6.1: Performance of Knowledge Distillation for three teacher network: KDNet-YoloV4 (KD-Y4),
KDNet-EfficientNet (KD-EFF), and KDNet-YoloV7 (KD-Y7)

Class KD-Y4 KD-EFF KD-Y7
P (%) | R(%)|F1(%)|P(%)|R (%) | F1(%)|P(%)|R (%) |F1(%)

Person 925 | 90.7 91.6 935 | 912 923 96.2 | 94.8 95.5
Bicycle 88.3 | 87.2 87.7 87.1 | 86.5 86.8 91.5 | 90.2 90.8
Car 923 | 89.8 91.0 91.5 | 88.2 89.8 95.2 | 935 94.3
Motorcycle 91.5 | 90.9 91.2 92.8 | 915 92.1 945 | 93.8 94.1
Bus 91.2 | 894 90.3 89.5 | 88.9 89.2 93.8 | 925 93.1
Truck 853 | 86.7 86.0 84.8 | 859 85.3 89.5 | 90.8 90.1

Traffic Light 88.6 | 88.2 88.4 872 | 875 87.3 91.8 | 925 92.1
Fire Hydrant 51.2 | 78.9 62.0 495 | 77.8 60.4 76.5 | 89.5 82.5

Stop Sign 79.5 | 89.5 84.3 78.2 | 88.1 82.9 86.8 | 93.2 89.9
Parking Meter | 49.8 | 80.3 61.5 479 | 79.5 59.6 74.2 | 90.5 81.5
Average 90.6 | 87.6 88.9 80.2 | 86.5 82.6 89.0 | 92.1 90.4

Table 6.2: Performance of Point Cloud Classification Methods

Class PointNet++ DGCNN PointNet Houghes Net
P (%) | R (%) | F1(%) | P (%) | R (%) | F1 (%) | P (%) | R (%) | F1 (%) | P (%) | R (%) | F1 (%)

Person 85.6 | 82.8 83.8 444 | 75.1 57.2 219 | 753 339 | 67.07 | 82.1 73.5
Bicycle 814 | 79.3 79.9 373 | 727 50.6 18.5 | 72.1 29.7 | 53.85| 79.8 64.6
Car 854 | 819 832 | 413 | 792 55.5 125 | 80.6 21.7 | 6033 | 854 70.2
Motorcycle 84.6 | 83.0 834 | 47.0 | 76.6 59.6 322 | 754 446 | 6224 | 847 71.8
Bus 843 | 81.5 82.5 50.1 | 779 62.3 32.8 | 763 45.6 | 70.11 | 86.5 77.5
Truck 78.4 | 78.8 78.2 39.1 | 74.1 52.5 128 | 735 217 | 6558 | 81.2 72.3

Traffic Light 81.7 | 80.3 80.6 350 | 684 47.5 2.5 65.7 53 69.85 | 77.3 73.4
Fire Hydrant | 44.3 | 71.0 54.2 20.1 | 55.6 30.8 6.7 62.0 12.1 | 32.09 | 54.6 40.5

Stop Sign 72.6 | 81.6 76.5 47.0 | 76.6 59.6 425 | 812 5577 | 54.04 | 783 64.2
Parking Meter | 429 | 72.4 53.7 189 | 53.9 29.3 4.1 60.1 7.7 32.79 | 527 40.4
Average 741 | 79.3 75.6 38.0 | 71.0 50.5 | 14.92 | 72.2 27.2 | 63.01 | 78.1 68.1

notable difficulties were detecting and classifying Fire Hydrants and Parking Meters, where KD-Y4 achieved
only 51.2% and 49.8% precision respectively. These low-performance metrics can be attributed to several
factors: the relatively small size of these objects in the point cloud data, their sparse point representation
due to occlusion by other urban elements, and their structural similarity to other street furniture. While
KD-Y7 significantly improved the classification of these objects, they remain the most challenging categories
in our classification task. This difficulty persists across all tested architectures, suggesting an inherent
challenge in distinguishing these urban elements from point cloud data alone. In these cases, the improvement
shown by KD-Y7 demonstrates that knowledge distillation from the image domain can help overcome some
limitations by leveraging the rich feature representations learned from high-resolution image data. Regarding
computational performance, both models were evaluated on an Azure Machine Learning instance with 4 CPU
cores, 32GB RAM, and NVIDIA T4 GPU acceleration. The KD-Y7 model required 3 hours and 35 minutes
for training on the complete nuScenes dataset, while PointNet++ required 4 hours and 15 minutes. Although
the training process involves additional computational steps due to the knowledge distillation mechanism,
KD-Y7 demonstrates superior inference efficiency, processing the complete test set in 35 seconds, compared

to 50 seconds for PointNet++. This represents a 30% improvement in inference speed. The enhanced
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Table 6.3: Benchmark Comparison of Best Models

Best Models P (%) | R (%) | F1 (%)
KD-Y7 89.0 92.1 90.4
PointNet++ (Traditional) | 74.1 79.3 75.6

inference performance, combined with the superior classification accuracy shown in 6.3, establishes our
approach as a viable solution for real-time applications where accuracy and processing speed are critical

factors.

6.2 Limitations and Negative Results

Throughout development, we conducted an extensive series of experiments to determine whether knowledge
distillation could compress the teacher network while preserving detection performance. These tests explored
various architectures, optimizers, and hyperparameters, and many configurations produced unsatisfactory

results, illustrating important limitations of our approach.

Early trials with large models. Our first experiments used a YOLOv4 teacher with ~ 65 million
trainable parameters and a student network of comparable size (~ 55 million parameters). The student was
trained exclusively on the teacher’s logits (with the teacher frozen). Despite the substantial model size and
high learning rate, the student’s accuracy stagnated below 50%, and training curves showed oscillatory or
divergent losses. Attempts to reduce the student’s complexity (from 55 million down to 44 million, 50 million,
and even 10 million parameters) consistently degraded performance, highlighting that naively shrinking the

model was not effective.

Exploration of compact architectures. We then designed a lightweight student with ~ 2.24 million
parameters. This network required over 100 epochs to converge and still achieved only ~ 16.3% accuracy
on the test set. The distillation loss remained high and oscillatory, suggesting that the student was unable
to extract meaningful features from the teacher. These results underscore the difficulty of transferring rich

representations to very shallow students.

Hyper-parameter tuning and optimizer search. Subsequent experiments varied the teacher’s
training duration (100 vs. 200 epochs), batch size, learning rate, and momentum. For example, increasing the
teacher’s epochs to 200 with a learning rate of 0.1 and momentum of 0.9 yielded a teacher accuracy of 82.3%,
yet the corresponding student accuracy remained far lower. A grid search over optimizers (Adam, Adagrad,
Adadelta), dropout rates, and temperature/a settings for distillation revealed a narrow band of configurations
where the student accuracy rose modestly. In particular, tuning the distillation temperature and the weight o
on the distillation loss increased the student’s accuracy from ~ 43.3% to ~ 47.5%, and finally to ~ 51.6%.
Nonetheless, even the best configuration fell well short of the teacher’s performance, and many trials resulted

in “random features” with low accuracy.
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Sensitivity to distillation parameters. Changing the distillation temperature and « affected conver-
gence significantly. Low temperatures produced erratic training curves and negligible improvements, while
higher temperatures sometimes increased the student loss. Only by carefully balancing @ and temperature
did we achieve a slight performance gain. This sensitivity suggests that knowledge distillation can be brittle:
without careful tuning, the student may learn noise or overly smooth distributions instead of informative soft

targets.

Overall, these negative results highlight that compressing large object-detection models via knowledge
distillation is non-trivial. Many naive or small-student configurations failed, and only a subset of hyper-
parameter combinations yielded modest improvements. These findings motivated us to refine the architecture

and training strategy described in the main results section.

6.3 Experimental Fairness and Reproducibility

All experiments were conducted under consistent conditions to allow a fair comparison across models
and distillation strategies. We used the same training/validation/test splits for every trial, identical data
augmentation and preprocessing pipelines, and evaluated performance with the same metrics (accuracy,
precision, recall, and F1-score). The hardware environment (GPU model and memory) and software stack
(Python version, deep-learning framework, random seeds) were kept fixed. Only one hyper-parameter (e.g.,
optimizer or temperature) was varied at a time while holding all others constant, ensuring that any differences
in outcome were attributable to the change under study. These controlled conditions support the conclusion
that the observed variability stems from the models and distillation parameters themselves rather than from

external factors.
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7 Conclusions

The evolution of this research, from signal generation through adversarial networks to transformer-based
knowledge distillation, demonstrates the effectiveness of deep learning architectures in addressing cross-
domain challenges. Our initial work with Deep Convolutional Generative Adversarial Networks (DCGANSs)
for partial discharge signal synthesis established crucial principles that directly informed our current approach
to knowledge distillation. The success in maintaining temporal and spectral characteristics during signal
generation provided valuable insights into preserving domain-specific features during knowledge transfer

between image and LIDAR domains.

The implementation of knowledge distillation techniques in our current work builds upon several key
discoveries from our GAN research. The ability of adversarial architectures to capture and reproduce complex
signal characteristics translates directly to the challenge of cross-domain feature alignment. Our experience
with GAN-based signal generation revealed that successful domain adaptation requires careful attention to
both the global structure and local details of the data, a principle we incorporated into our transformer-based

distillation approach through multi-head attention mechanisms.

Validation methodologies developed for assessing GAN-generated signals proved invaluable in de-
signing evaluation frameworks for cross-domain knowledge transfer. The spectral power clustering technique
(SPCT) used to validate synthetic PD signals informed our approach to evaluating feature preservation in
LIDAR point cloud classification. This methodological transfer resulted in more robust validation procedures,
as evidenced by our comprehensive performance metrics across different object categories and environmental
conditions. The architectural insights gained from implementing DCGANS significantly influenced our
current transformer-based design. The importance of maintaining proper gradient flow and feature hierarchy
in GANs directly parallels the challenges in cross-domain knowledge distillation. Our success in achieving
90.4% F1-score in object detection and 30% improvement in inference speed builds upon lessons learned

about efficient feature extraction and representation learning from our GAN research.

The implementation of knowledge distillation techniques in this study has validated their effectiveness
in reducing the computational demands required to deploy complex models and confirmed their capacity

to maintain performance comparably to the original models trained on high-quality data sources. This
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efficient utilization of computational resources is pivotal, particularly in real-time systems where processing
power could be a constraint. Moreover, the ability to transfer knowledge from high-quality image data to
comparatively lower-quality LIDAR point clouds requires a significant improvement in model performance

and, as a result, enhancement of the utility of less detailed data sources.

This research particularly emphasizes the trans-domain adaptability of knowledge distillation tech-
niques. By successfully applying these techniques between the domains of RGB images and LIDAR point
clouds, the study introduces a novel approach to leveraging the strengths of existing technologies in new,
diverse settings. This broadens the scope of applications for established machine learning models and fosters

the development of innovative applications in fields hampered by data type disparities.

In addition to the demonstrated effectiveness of knowledge distillation techniques in leveraging diverse
data sources, it is important to note the complexity of experimental setup across trans-domain differences.
By benchmarking the complexity of trans-domain adaptation, it becomes evident that knowledge distillation
not only enhances model performance but also facilitates the integration of machine learning models across

disparate data types.

While the impact of knowledge distillation on diverse data sources has been evident, the optimization
of parameters such as alpha and temperature can be significantly improved. With different alternatives to
grid search for these specific parameters, the adaptability of machine learning models across diverse domains
can be further optimized. This improved grid search methodology could not only enhance the performance
of models but also streamline the process of integrating machine learning models across disparate data
types. The integration of an advanced grid search for parameters related to trans-domain complexity should
provide a more robust framework for leveraging knowledge distillation techniques in diverse settings. Finally,
the trans-domain potential of this architecture extends beyond LIDAR and image classification, potentially

impacting fields facing similar disparities in data availability, frequency, richness, and diversity.

A limitation of our approach is the reliance on high-quality image datasets, pre-trained image models,
or any other high-quality teacher network dataset. Future work will focus on adapting the method for
environments with fewer annotated datasets for the teacher network, like the images in this study, and further

exploring self-supervised learning techniques to enhance model robustness.
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