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Abstract

In the autonomous driving domain, effectively perceiving and interpreting the
environment is crucial for safe and efficient navigation. The field has been
revolutionized by deep learning models that enable the vehicle to detect, rec-
ognize and segment objects in the surrounding environment. However, several
challenges persist, including the time-consuming process of data collection and
labeling, inconsistencies in the quality of input data, and the constraint of real-
time processing. To address these issues, we present three approaches: the
augmentation of training datasets, the refinement of input data during the infer-
ence stage, and the transfer of knowledge from complex to lightweight models
via a process known as knowledge distillation. We show that generative adver-
sarial networks and attention-based architectures can be leveraged, respectively,
to generate realistic samples from a learned data distribution and to increase
the input resolution. These methods can improve the generalization capabil-
ities of detection, segmentation, and reconstruction algorithms. Furthermore,
a significant contribution of our research is the integration of knowledge dis-
tillation, aligning the performance of simpler models with their more complex
counterparts. This ensures the perception systems are not only accurate but also
versatile in real-time scenarios, a critical aspect for the successful deployment of
safe autonomous vehicles.
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1
Introduction

1.1 Autonomous Driving

In recent years, the evolution of self-driving technologies has experienced
dramatic exponential advancements. This growth, driven by industries and
research teams, has drawn more focus from institutions and the media, accord-
ingly. Unfortunately, nowadays the field is facing a notable lack of government
regulations, which slows down the technology progress instead of boosting it.
The media, on the other hand, is vital in raising awareness about self-driving cars
in public opinion, helping people familiarize themselves with the related im-
plications this revolution could bring on different levels. This includes making
mobility more efficient, improving road safety, and offering increased produc-
tivity and new business opportunities [240].

Impact and Challenges. Autonomous driving (AD) has the potential to re-
shape the mobility sector due to key trends like electrification, ride-sharing,
and connectivity. The popularity of electrification is rising because of cheaper
batteries and government incentives, and autonomous vehicles (AVs) predomi-
nantly being electric will boost this trend. Ride-sharing giants like Uber and Lyft
challenge the concept of car ownership, and the advent of AVs promises more
affordable, 24/7 ride-sharing services. Connectivity will be enhanced by AVs
communicating with each other to enhance traffic flow and safety. The rise of
autonomous driving offers significant social and economic benefits [310, 22, 127,
218], including increased productivity and entertainment for passengers. No-
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1.1. AUTONOMOUS DRIVING

tably, AVs can dramatically reduce the global annual 1.3 million deaths from car
accidents. AVs offer greater mobility for the elderly and disabled [274], potential
cost savings from accidents, and environmental benefits. A study indicates AVs
could be 25% more fuel-efficient than human-driven cars [82], and optimized
parking could save up to 15% of space [15]. Furthermore, industries like min-
ing, farming, and construction are integrating automation, with trucking seeing
significant advancements (see, for example, the Waymo Via project).

Unfortunately, driverless mobility faces various challenges [22]. One primary
concern is ensuring the safety of the technology, especially given the lack of
comprehensive data to demonstrate its reliability compared to the fatality rate.
Moreover, while AVs might surpass human driving capabilities, it is uncertain if
they are superior to humans using advanced driver-assistance systems (ADAS),
like adaptive cruise control and lane-keeping. Ethical dilemmas also arise, such
as prioritizing the safety of passengers versus pedestrians in emergencies [274].
Cybersecurity threats, like hacking, pose risks to public safety, and outdated
government regulations and inadequate infrastructure, like road potholes and
poor lane markings, hinder AV integration. Finally, while there are concerns
about massive job losses in sectors like taxi and delivery services, it is believed
many will be reemployed in transportation, AV-related fields, and new services
developing from emerging business models and consumer habits [219].

History of Vehicle Automation. The history of vehicle automation began
around a century ago with Francis Houdina’s creation of a radio-controlled
car in 1925 [81]. This car, modified from a Chandler Sedan, could drive through
Manhattan streets without a driver, steered remotely via radio signals. By the
1950s, the Radio Corporation of America (RCA) experimented with guide wires
embedded in roads to control vehicles, but the costs were prohibitive [1]. The
focus then shifted in the 1960s to autonomous droids at Stanford University that
used cameras and computers to navigate [156]. With advancements in CPUs
and computer vision, progress accelerated. In 1977, the University of Tsukuba
developed a self-driving car that used cameras to detect road markings [18].
By 1986, German engineer Ernst Dickmanns and his team tested a self-driving
Mercedes van, and later, a Mercedes 500 SEL that could execute complex ma-
neuvers [72]. In 1995, Carnegie Mellon University showcased a modified Pontiac
Trans Sport that drove autonomously for most of a cross-country trip, pioneering
the use of GPS in such vehicles [249]. Italy also saw advancements: in 1996, the
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CHAPTER 1. INTRODUCTION

University of Parma ARGO project enabled a Lancia Thema to autonomously
navigate Italian highways [25]. Between 2004 and 2007, the Defense Advanced
Research Projects Agency (DARPA) held three autonomous driving challenges,
with Stanford University and the Tartan Racing team emerging as winners in
separate events [12, 303, 311]. In 2010, VisLab (University of Parma) completed
a 9900-mile intercontinental autonomous drive [27]. Recent developments in
artificial intelligence have further enhanced the field. Currently, companies are
increasingly attempting to introduce autonomous vehicles to the general public,
but a fully self-driving car does not yet exist. Despite the enormous hype sur-
rounding AV technology, interest appears to be slowly diminishing. However,
this decrease in attention doesn’t imply that the autonomous revolution will not
take place or that full automation is not feasible. Instead, it suggests that the
technology is not yet mature and that the real benefits and impacts are not yet
completely understood. It might take decades before AVs substantially influence
the mobility and transportation industries and our daily lives.

Automation Levels. The Society of Automotive Engineers (SAE) categorizes
vehicle autonomy into six levels. Level 0 refers to no automation, where the vehicle
has no self-driving capabilities and the human driver manages all tasks. Level 1,
known as driver assistance, allows the car to assist with either steering or braking,
but not both simultaneously, with adaptive cruise control being a typical feature.
Level 2, or partial automation, lets the vehicle handle functions like acceleration
and steering, but it still requires full driver attention. Tesla’s Autopilot and GM’s
Super Cruise are examples of this level. Level 3, named conditional automation,
permits the vehicle to manage more complex tasks, with the driver intervening
only in emergencies. Audi A8 was the pioneer in achieving this level. Level 4,
high automation, allows the car to undertake all driving tasks in specific scenarios
such as in designated zones and during favorable weather, although drivers have
the option to take control. Lastly, Level 5 represents full automation, where the
vehicle can operate in any condition without human intervention.

Currently, we have achieved level 3 autonomy, as seen in vehicles like the
Audi A8. Several production vehicles offer level 2 (or level 2+) advanced au-
tomation, such as Tesla, while companies including Waymo and Zoox are testing
level 4 autonomous vehicles on U.S. roads.
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1.1. AUTONOMOUS DRIVING

Hardware. The sensory systems of autonomous vehicles can be grouped into
three primary categories: self-sensing, localization and surrounding sensing.
Self-sensing involves tracking the vehicle’s current state, like velocity, accelera-
tion, yaw, and steering angle, using internal sensors such as odometers, IMUs,
gyroscopes, and the CAN bus. Localization involves determining the vehicle’s
global and local position using external sensors like GPS or dead reckoning by
IMU readings. Surrounding sensing employs sensors to perceive the external
environment.

The key sensors include cameras, radar, sonar, and LiDAR. Cameras can
sense color and are passive, i.e. they do not emit any signal for measurements.
They can distinguish objects by texture and contrast. However, they are limited
in challenging light or weather conditions and do not provide distance infor-
mation without additional setups or software [17, 16, 173]. Traditional cameras
typically consist of an aperture and one or several lenses, and they can be ef-
fectively approximated by the pinhole camera model. Omnidirectional cameras
use mirrors or special lenses to significantly expand the field of view, while
event cameras capture changes in intensity with very high temporal resolution.
Radars use electromagnetic waves to measure distances and are especially re-
liable for short distances, but their resolution is low [71, 294]. Sonars operate
using sound waves and are primarily used for close-range tasks, such as park-
ing assistance [139]. LiDAR sensors, which emit laser pulses, create detailed
3D maps of the environment, allowing for the recognition and classification of
objects. Recently, they have become more affordable due to advancements in
solid-state design [180, 179, 85]. Given the strengths and weaknesses of each
sensor, vehicles typically incorporate multiple types. This diverse data is then
integrated through sensor fusion to create a precise representation of the envi-
ronment around the vehicle [151, 349]. Nowadays, many industry players are
developing systems that use cameras and radars but rely on LiDAR as the pri-
mary sensor. On the other hand, companies like Tesla prefer more cost-effective
solutions based exclusively on cameras and ultrasonic sensors.

Finally, the computing platform plays a crucial role. It supports sensor data
processing to understand surroundings and control vehicles using advanced
algorithms of optimization, computer vision, and machine learning. Various
computing solutions exist, including CPUs, GPUs, ASICs and FPGAs.

4



CHAPTER 1. INTRODUCTION

Software. As stated previously, autonomous vehicles make decisions by pro-
cessing data from several onboard sensors. This data is used by the vehicle’s
computational system to take driving actions. Fig. 1.1 presents basic block
diagrams of a self-driving car. The vehicle decisions are computed through a
modular perception-planning-action sequence, as depicted in Fig.1.1a, or via a
comprehensive end-to-end learning approach, illustrated in Fig. 1.1b, where
sensory data is directly translated to vehicular controls.

The main components of the modular pipeline are the following:

• Perception. This module processes sensor data to understand the envi-
ronment around it. The perception module identifies features to gather
information about lane markings [377, 230], curbs [365], and traffic signs
[205, 296]. It also determines where the car can safely drive. Additionally,
it can detect and classify objects [48, 327] on the road, understanding de-
tails like their size, position, and movement. By tracking these objects over
time, the system can predict their future actions [200].

• Localization and Mapping. This module primarily aims to determine the
vehicle’s position [158, 170] and create a model of the surrounding envi-
ronment [276]. When both these tasks are done together, especially when
sensor positions are uncertain, it is referred to as Simultaneous Localiza-
tion and Mapping, or SLAM [297]. This ensures the vehicle recognizes
its location and stays in the correct lane. It also helps the vehicle navi-
gate without colliding by understanding the position of nearby objects.
It is crucial for these estimates to be precise, as even minor mistakes can
lead to severe outcomes. A valuable resource in this context is HD maps
(High Definition Maps) [11]. These maps offer detailed information, with
accuracy down to centimeters, allowing vehicles to navigate with fewer
errors.

• Planning. Motion planning, also known as path planning [302, 54, 162,
161], involves determining a sequence of states that enables a system to
transition from an initial to a target position, while avoiding potential
obstacles. In the context of autonomous driving, this planning must take
into account specific constraints, including speed limits. The effectiveness
of this module is conditioned on the precision of data provided by previous
components.
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1.2. DEEP LEARNING FOR VEHICLE PERCEPTION

Sensors
Mapping

Perception

Planning Control Actuation

(a)

Sensors
Mapping

Perception

Planning Control Actuation

End-to-End

(b)

Figure 1.1: Architectures overview of an autonomous vehicle. (a) A generic
modular architecture. (b) An end-to-end architecture.

• Control. This component translates the output of motion planning into
actionable values for steering, acceleration, or braking. Essentially, it con-
verts a high-level trajectory provided by the prior module into specific
low-level values [335, 152].

The components of the modular pipeline can be developed utilizing deep
learning techniques or classical non-learning methodologies (e.g. a learning-
based object detector feeds information into a classical A-star path planning
algorithm).

On the other hand, the end-to-end architecture combines all prior modules
into one, directly deriving steering, throttle, and brake control values from sensor
data. Due to its complexity, this approach solely relies on Deep Reinforcement
Learning and Imitation Learning [298, 56, 131].

1.2 Deep Learning for Vehicle Perception

The advancements in self-driving technology are largely attributed to ma-
chine learning, particularly to deep learning (DL). Deep learning utilizes algo-
rithms that mimic the structure and function of the human brain, known as
artificial neural networks [100]. While the concept of artificial networks orig-

6



CHAPTER 1. INTRODUCTION

inated in the 1940s [209], its implementation feasibility and applicability have
only been acknowledged in the last two decades. The increase in popularity
is due to advancements in information and communication technologies, with
the enhanced processing capabilities of graphical processing units (GPUs) and
the vast availability of data, which have met the demanding computational and
data needs of deep learning algorithms.

The precursor of neural networks is the perceptron model, a simple linear
classifier proposed by Rosenblatt in 1957 [266]. When perceptrons are organized
in multiple layers, they form a multi-layer perceptron (MLP) or an artificial
neural network (ANN). Each layer processes the output from its preceding
layer, allowing to extract features and learn meaningful data representations
that correspond to different abstraction levels, from basic elements such as image
edges and corners to more complex forms like shapes.

The theoretic expressive power of NNs, namely the type of functions they
can implement, is considerable. Indeed, MLPs not only can implement any
boolean function, but they are also universal function approximators. This
means a feed-forward network with at least one hidden layer composed of a
finite number of neurons can approximate continuous functions on compact
subsets of R𝑑, under mild assumptions on the activation function. However,
the crucial problem is that the network dimension grows exponentially with the
input size [282]. In order to understand the theoretic potentials of NNs, we can
consider a geometric perspective: a single perceptron can express half-spaces, a
network with one hidden layer can represent the intersection of half-spaces (i.e.
convex sets), while a network with two hidden layers can express the union of
intersections of half-spaces (i.e. non-convex sets).

Learning algorithms can be divided into three categories: supervised, un-
supervised, and semi-supervised. In supervised learning, the model is trained
using data that has predefined labels. In particular, the network processes the
input data to infer output values, which are compared to the available labels
using a loss function. The most common training method used is backpropaga-
tion [269], which computes the derivatives of the error with respect to weights
and biases, from the output nodes back to the hidden layers, and updates the
network parameters according to an optimization algorithm, such as stochastic
gradient descent or Adam [268, 146, 198]. Unsupervised learning, on the other
hand, does not use annotations. It aims to identify patterns or structures within
the data, with common applications being clustering and association analysis.

7
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(a) Object detection (b) Semantic segmentation

Figure 1.2: Examples of perception tasks. Sources: [354, 59].

Semi-supervised learning merges the two approaches, using both labeled and un-
labeled data for training. This method can be beneficial when acquiring fully
labeled data is challenging or costly.

The most prevalent deep learning architectures in contemporary research
and application are Convolutional Neural Networks (CNNs) [165, 154] and
Transformers [314]. Both architectures have revolutionized computer vision,
natural language processing, and other fields, offering robust and efficient meth-
ods for a multitude of tasks. A comprehensive explanation of these architectures
is provided in the appendix A.

1.2.1 Perception Tasks

Deep learning has been applied in several autonomous driving perception
tasks. This section provides details about the most prevalent applications rele-
vant to this study, including object detection, semantic and instance segmenta-
tion. While essential for self-driving vehicles, other tasks such as tracking [200,
52, 203, 242], depth estimation [351, 213], and multi-view 3D reconstruction [317,
229] are not addressed in this context.

Object Detection. Object detection, illustrated in Fig. 1.2a, is a fundamental
requirement for achieving autonomous driving. Given that vehicles share the
road with several other users, especially in cities, recognizing these obstacles
is essential to prevent accidents. Detection in urban environments is hard due
to the diverse object appearances and occlusions from other elements. Further-
more, similarities between objects or between an object and its surroundings,
along with phenomena like shadows or reflections, add complexity to accurate
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Figure 1.3: Illustration of three popular object detection networks. Sources:
[130, 95, 261, 260].

detection. Classical object detection systems usually comprise a series of steps
that are applied sequentially to solve the task. With the rise of deep learning,
many of these steps [26, 84] and even the complete pipeline have been replaced
by learning models [279, 94, 261, 260].

Sermanet et al. [280] introduced the use of CNNs for pedestrian detection
by learning feature extraction in an unsupervised fashion using convolutional
sparse auto-encoders. They employed a shallow network with a small recep-
tive field for precise object localization using a sliding window. In comparison,
deep networks with larger receptive fields made precise localization more chal-
lenging. Girshick et al. [94] introduced R-CNNs to address this localization
issue, using a "recognition using regions" approach. They generated many re-
gion proposals with selective search [308], utilized a CNN for feature extraction
from each proposal, and classified each region using a linear SVM. Despite being
computationally intensive, several suggestions, such as He et al. spatial pyramid
pooling [115] and Girshick Fast-RCNN [95], were made to reduce the computa-
tional load. Ren et al. [261] presented Faster-RCNN which incorporated Region
Proposal Networks (RPNs) that shared convolutional features with the detection
network, thus reducing additional computational costs.

One-stage detectors [279, 260, 191] later eliminated the region proposal step
altogether, with [279] proposing the first one-stage detector that used a CNN-
based sliding window approach. Redmon et al. [260] YOLO used a different
technique, learning bounding boxes and class probabilities from feature maps of
a network inspired by GoogLeNet [295], achieving real-time performance. Their
subsequent version, YOLO9000 [259], even surpassed Region Proposal Networks
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in performance. Liu et al. [191] enhanced both accuracy and efficiency by inte-
grating feature maps from different scales and employing a fixed set of bounding
boxes. Despite these advances, one-stage detectors still performed worse than
region proposal algorithms, mainly due to the foreground-background class
imbalance. Lin et al. [184] proposed a solution to this imbalance by introducing
a dynamically scaled cross-entropy loss, which minimized the influence of easy
examples. In contrast to earlier one-stage detectors that utilized anchor bound-
ing boxes densely placed over images and refined using regression, Law and
Deng [163] proposed to directly predict heatmaps for bounding box corners. Re-
cently, models like DETR [34] have been introduced, leveraging the capabilities
of transformers to address object detection challenges. Fig. 1.3 illustrates three
popular object detection architectures.

For 3D object detection from 2D images, Zia et al. [385, 386] utilized 3D CAD
models for enhanced object detail and pose estimations. Even though these 3D
models provide detailed descriptions, they do not achieve comparable results
to 2D bounding box detectors. To address this, Pepik et al. [241] combined
3D geometric representation with image matching. Further advancements [157,
155] integrated 3D data with 2D proposals.

Regarding 3D object detection from 3D point clouds, Li et al. [171] proposed
a method that uses a 2D representation of this 3D data. Wang and Posner [318]
adapted 2D detection techniques for 3D data, and subsequent methods like
VoxelNet [380] optimized the process with end-to-end learning. However, due
to the limitations of relying only on laser data, the integration of LiDAR and
camera data has become an important line of research, showing potential for
improved detection [49, 76]. Also as regards 3D detection, transformer-based
architectures have been investigated to advance the field [215].

Semantic Segmentation. Semantic segmentation is a crucial task in computer
vision, serving as an intermediate goal towards solving higher-level problems
such as scene understanding or sensorimotor control. Semantic segmentation
assigns a label from a predefined set of classes to each pixel in the image. The
task is illustrated in Fig. 1.2b using an example from the Cityscapes dataset [59].
Segmentation of images into meaningful elements such as cars, pedestrians, or
roads allows for a comprehensive understanding of the surroundings, which is
fundamental to autonomous driving.

The success of deep convolutional neural networks in image classification
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(a)

(b)

Figure 1.4: Architectures overview of semantic segmentation models. (a) Segnet.
(b) PSPNet. Sources: [8, 373].

and object detection has led to their utilization in pixel-level tasks. The fully
convolutional neural network [197] was an early application of CNNs for seg-
mentation. Dilated convolutions [353] expanded the receptive field of these
networks without increasing model size. Chen et al. [42] further built on this
by using multiple dilated convolutions, proposing Atrous Spatial Pyramid Pool-
ing (ASPP). On the other hand, in [8] an encoder-decoder approach with skip
connections was introduced, which reduced the number of parameters required
and enhanced segmentation boundaries (Fig. 1.4a). Ghiasi and Fowlkes [92]
used a Laplacian pyramid based on CNNs to aggregate multi-scale information,
refining boundaries. Pohlen et al. [248] introduced a ResNet-like architecture
to maintain high-resolution details. Wu et al. [334] designed a more efficient
ResNet model after observing their behavior as ensembles of shallow networks.
PSPNet [372] better merges local and global contexts (Fig. 1.4b). Following this,
[45] enhanced ASPP, showing results comparable to PSPNet. In [132] a method
based on DenseNet [119] is introduced. Transformer-based models like Seg-
Former [336] have also emerged, further advancing the segmentation research.
In conclusion, the problem of 3D semantic segmentation has been addressed us-
ing different input modalities, such as monocular image sequences [207], stereo
image sequences [278] or 3D point clouds [87, 110].
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(a) Input (b) Instance segmentation (c) Panoptic segmentation

Figure 1.5: Instance and panoptic segmentation difference. Source: [150].

Instance and Panoptic Segmentation. The aim of semantic instance segmen-
tation is to detect, segment and classify individual objects in an image. Contrary
to semantic segmentation, this method provides details about the position, se-
mantics, shape, and count of objects, thus it is widely applicable in the field of
autonomous driving. Instance segmentation usually ignores classes unsuitable
for the task, such as the sky or road. Conversely, panoptic segmentation, in-
troduced by Kirillov et al. [150], focuses on comprehensively assigning both a
semantic label and an instance identification, as depicted in Fig. 1.5.

Two primary research approaches exist for semantic instance segmentation:
proposal-based and proposal-free methods. Proposal-based techniques typi-
cally involve two phases: extracting proposals and classifying them. On the
other hand, proposal-free approaches directly predict pixel labels from the im-
age itself. Proposal-based algorithms [244, 245] can be computationally slow
due to the proposal generation phase. To alleviate this problem, Multi-task
Network Cascade (MNC) [63] uses a fully convolutional network with three
stages. Despite its efficiency, errors can occur from inaccurately scaled or shifted
bounding boxes. Hayder et al. [112] introduced a shape-aware mask network
integrated into the MNC framework to address this. While earlier methods
tackled detection and segmentation sequentially, recent works like Mask R-
CNN, FCIS and MaskLab [114, 178, 44] propose joint solutions. Proposal-based
methods can inherit errors from the proposal generation phase, motivating the
development of alternative techniques. Recent methods focus on jointly de-
termining the segmentation and the semantic category of instances by treating
instance segmentation as a pixel labeling task. Some strategies [367, 368] leverage
depth information to discriminate object instances. However, other works [148,
6] propose proposal-free methods based on an initial semantic segmentation.
For the panoptic segmentation task, several approaches have been proposed
[150, 61, 149].
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1.3 Research Objectives and Motivation

This section outlines the research objectives and the underlying motivation.
Specifically, we address the concept of enhancing deep learning models and the
methods employed for this purpose. Lastly, we highlight the contributions of
our study to the existing literature.

1.3.1 What does it mean to enhance a deep learning model?

Enhancing a deep learning model generally means improving its results and
performances on specific tasks. Given the generic and broad definition, this
could manifest in several ways, depending on the particular problem the model
is designed to address. The primary element to consider is the metric, which
serves as a benchmark to evaluate the model performance, directly indicating
its capability to solve the designated task. For example, in classification tasks,
accuracy is the main metric, quantifying the proportion of correctly classified
instances. A high accuracy indicates that the model has a superior capability to
distinguish between categories. Similarly, for tasks like semantic segmentation,
the Intersection over Union (IoU) measures the precision of the model pixel-level
classification.

Metrics are not the only criterion to consider when evaluating a system.
Another critical aspect is the model generalization capacity. Ideally, a well-
generalizing method performs well not just on the training data, but also on
new unseen data, avoiding the overfitting behavior. In terms of robustness, the
objective is to make it more robust to adversarial attacks, noise, or other factors
that could be potentially misleading. Furthermore, in contexts where models
make decisions that impact people (e.g loan approvals or medical diagnoses),
fairness is a fundamental principle. Improving fairness means reducing the
model biases, ensuring no specific group is discriminated against. In addition,
while interpretability does not directly influence the model performance, it is
essential in helping to understand its decisions, which can lead to broader ac-
ceptance and more informed interventions if necessary. Finally, resource efficiency
is another fundamental criterion to evaluate a deep learning system. Improv-
ing how efficiently it uses computational resources, like memory or processing
power, can be important for deployment in constrained environments, like mo-
bile or edge devices. In our study, we address model enhancement in terms of
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metric and resource efficiency.

1.3.2 How to enhance a deep learning model?

Enhancing the performance of a deep learning model requires a systematic
approach. Some widely adopted techniques include data-related approaches,
methods based on the adaptation of the model architecture, and optimization
and regularization algorithms:

• Data-related approaches. The success of a deep learning model largely
depends on the data it is trained on. Proper data management involves not
only the quantity but also the quality and diversity of the data. Gathering
more data can expose the model to diverse scenarios, helping it identify
more patterns [329]. Similarly, generating more data with other deep learning
systems can help to enhance the model robustness, reducing the need for
a time-consuming and costly data collection process [2]. Before training,
refining the data through a preprocessing step is crucial [133]. This includes
tasks like normalization, noise reduction, and managing missing values
to prepare the data effectively. Preprocessing is also effective during the
inference stage: high-quality input data can enable the model to detect
subtle features that can make a significant difference in its performance.
Data augmentation, where the dataset is artificially increased by applying
random transformations, such as image rotation, to the original data, helps
the model adapt to different inputs [286]. Equally important is addressing
data imbalances to ensure the model does not favor any particular class
over another.

• Model architecture and complexity. The architecture of a deep learning
model influences its ability to extract meaningful features from the data.
Selecting the architecture is fundamental to achieving the right balance in
model complexity: a simple model with few parameters might under-
fit, while a complex model with too many weights risks overfitting [79].
Transfer learning, a technique that leverages pre-trained models on large
datasets, enables models to be tailored for particular tasks [262]. Knowl-
edge distillation is another approach where a smaller model learns to mimic
a larger one, ensuring effective deployment with minimal loss in per-
formance [102]. Ensembles enhance performance by integrating different
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predictions, maximizing the benefits of each model [89].

• Optimization and regularization. They play important roles in training
deep learning models efficiently and robustly. Optimization focuses on how
the model learns and refines its weights. Adjusting the learning rate, choos-
ing the right optimization algorithm (like SGD, Adam, or RMSprop), and
setting their specific hyperparameters can significantly influence model
convergence and overall performance [287]. Regularization, on the other
hand, introduces constraints to reduce model overfitting [220]. Techniques
such as dropout temporarily deactivate certain neurons during training,
promoting more robust feature representations. L1 and L2 regularizations
apply penalties to large weights in the model, preventing it from depend-
ing too heavily on particular data features. Fine-tuning hyperparameters
for these strategies is a combination of expertise and experimentation to
find the best settings for a given task.

In our research, we employ a variety of the previously mentioned techniques.
Specifically, we generate synthetic data to boost detection and segmentation
models, we enhance the input quality of 3D data to improve reconstruction,
and we apply knowledge distillation to increase the computational efficiency of
small models for classification, detection and segmentation tasks.

1.3.3 Contributions

In our research, several contributions to the field are proposed. Firstly,
in the context of generating synthetic training data, we introduce the con-
cept of local domains, defining them as domain-specific spatial characteristics.
Based on these priors, we propose a geometrical-guided patch-based image-
to-image (i2i) translation approach, which enables a continuous geometrical
translation. Through experiments in a few-shot setting, it is proven that our
method enhances performance on all target proxy tasks, including lane detec-
tion and semantic segmentation [65]. Secondly, regarding the enhancement
of input quality during inference, we present an innovative method for point
cloud upsampling, allowing for arbitrary scaling factors with just one trained
model. Instead of a straightforward upscaling, we propose learning a mapping
from a low-resolution input point cloud to a probability distribution on a unit
sphere. Sampling from this distribution and subsequently using the inverse
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mapping results in a high-resolution output. This process is realized by a fully
attention-based network architecture that demonstrates state-of-the-art perfor-
mance across multiple benchmarks and showcases impressive generalization
[64]. Lastly, we introduce a novel technique for feature-based Knowledge Dis-
tillation (KD) that enhances direct matching through a teacher features-driven
regularization loss. By relaxing the feature matching constraint and distilling
knowledge from a higher abstraction level, the student model can learn more
robust and adaptable latent representations. The efficacy of the technique is
validated on standard benchmarks, producing state-of-the-art results for var-
ious vision tasks, including image classification, both semantic and instance
segmentation, and object detection [66].

From a broader perspective, we show how it is possible to leverage deep
learning models to enhance other deep learning models. Through various tech-
niques, we demonstrate that by using the knowledge and capabilities of one
model, we can significantly boost the performance and efficiency of another.
This strategy highlights the potential of collaborative learning, where models
can work jointly to achieve better results.
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2
Adversarial Networks for Synthetic

Data Generation

The contributions of this chapter have been published in:
Dell’Eva, A., Pizzati, F., Bertozzi, M., and de Charette, R. (2022). Leveraging
local domains for image-to-image translation. In International Conference
on Computer Vision Theory and Applications (VISAPP). Best paper award.

2.1 Introduction to GANs

Generative adversarial networks (GANs) are a revolutionary class of deep
learning models introduced by Goodfellow et al. [101] in 2014. The framework
has become a popular tool for several data synthesis and manipulation problems,
especially in the visual domain, thanks to the distribution matching capability. It
comprises two interacting neural networks: a generator𝐺 that aims to synthesize
fake data that resembles real data, and a discriminator 𝐷 that differentiates
between real and fake data. In Fig. 2.1 the impressive progress of GANs on face
synthesis over the past years is illustrated.

A successful training converges when the distribution of the produced data
from 𝐺 approximates the distribution of the original data. Indeed, GANs can
learn complex high-dimensional distributions implicitly over images, audio,
and other types of data. The discriminator serves as a guide for the generator,
helping to refine the creations based on the current network weights, forming a
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Figure 2.1: GAN progress on face synthesis. From left to right, results by the
original GAN [101], DCGAN [256], CoGAN [189], PgGAN [143], StyleGAN
[140], StyleGAN2 [142], and StyleGAN3 [141].

(a) (b)

Figure 2.2: Unconditional vs conditional GANs. (a) In the unconditional setting,
the noise input z ∼ Z is mapped to a fake image 𝐺(z). The discriminator
differentiates real images x from the training dataset D from fake images from𝐺.
(b) The conditional setting includes an additional control signal y, which could
be another image (image-to-image translation), text (text-to-image synthesis), or
a label (label-to-image synthesis).

dynamic loop of continual improvement in generating and discerning real and
synthetic images. The framework is very flexible since the objective function
for the generator is defined by the training dataset. For instance, if the training
images contain cars, 𝐺 must produce cars images to win the game. Similarly, if
the training dataset includes bicycle samples, the generator output must contain
bicycle to converge to a stable solution.

The GAN framework can be characterized by the capability to be conditioned
by an auxiliary input. In the unconditional framework, as per the original
GAN formulation [101], the generator is formulated as a mapping function
from a simple distribution, such as a uniform or a Gaussian distribution, to a
complex distribution, such as a natural image distribution. However, the lack
of controllability in the output makes it inappropriate for many applications.
In the conditional framework, instead, the goal of 𝐺 is to generate outputs
corresponding to the input control signal, which can take in different modes,
including texts, images, and sounds. The two frameworks are compared in
Fig. 2.2.
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2.1.1 Training and Evaluation

In the training process of GANs, a crucial step is the configuration of the
objective function, which controls the dynamics between the generator and the
discriminator to match the real data distribution 𝑝𝑑𝑎𝑡𝑎 with the distribution of
the generated data 𝑝𝐺, mapped from the simple latent distribution 𝑝𝑧 . There
are multiple metrics available to calculate the distance between the two distribu-
tions, including but not limited to, Jensen-Shannon divergence, Kullback-Leibler
divergence, and integral probability metric. Due to the various ways to measure
the distance between the distributions, several types of GAN losses have been
formulated, including saturated GAN loss [101], non-saturated GAN loss [101],
Wasserstein GAN loss [5], least-square GAN loss [206], hinge GAN loss [181],
f-divergence GAN loss [136], and relativistic GAN loss [137]. The selection of
the appropriate GAN loss is empirical and depends on the specific application.

The generator and the discriminator are trained jointly in a zero-sum game
where 𝐺 and𝐷 compete with one another. The parameters of𝐷, denoted as 𝜃𝐷 ,
are optimized to maximize the loss function, aiming to accurately distinguish
between real and fake samples. Conversely, the parameters of 𝐺, denoted as
𝜃𝐺, are tuned to minimize the same loss, attempting to generate samples that 𝐷
cannot differentiate from real data samples.

Formally, a generic GAN learning objective is formulated as:

min
𝜃𝐺

max
𝜃𝐷

𝑉(𝐺, 𝐷) = E𝑥∼𝑝𝑑𝑎𝑡𝑎 [log𝐷(𝑥)] + E𝑧∼𝑝𝑧 [log(1 − 𝐷(𝐺(𝑧)))] (2.1)

In practice, the second term in Eq. 2.1 saturates, leading to a vanishing gradient
problem and making 𝐺 stop learning. To overcome the issue, the function is
reformulated into two separate objectives:

max
𝜃𝐷
E𝑥∼𝑝𝑑𝑎𝑡𝑎 [log𝐷(𝑥)] + E𝑧∼𝑝𝑧 [log(1 − 𝐷(𝐺(𝑧)))], (2.2)

max
𝜃𝐺
E𝑧∼𝑝𝑧 [log𝐷(𝐺(𝑧))]. (2.3)

During the training process, two variants of stochastic gradient descent (SGD)
schemes are commonly employed: the simultaneous update scheme and the
alternating update scheme. In the simultaneous update, each training iteration
comprehends both 𝜃𝐺 and 𝜃𝐷 update steps. This scheme allows for more
efficient computation since a substantial part of the calculation in both steps can
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be shared. On the contrary, in the alternating scheme, each iteration consists
of one discriminator update followed by a generator update step. This tends to
achieve a more stable training process as the generator update is informed by
the latest state of the discriminator [24, 105, 190]. Notably, in [24, 105], the 𝜃𝐷
update is executed multiple times before proceeding with the 𝜃𝐺 update.

Regularization techniques are essential in stabilizing training and improving
the quality of generated images. A common approach is Gradient Penalty (GP)
[105, 267], which introduces an auxiliary loss term that penalizes any deviation
in the gradient norm from a predetermined value. The term is added to the
objective function for the discriminator update, i.e. Eq. 2.2, and effectively
mitigates issues of vanishing and exploding gradients. Another notable tech-
nique is Spectral Normalization (SN) [216], which regularizes the spectral norm
of each layer’s projection operation in the discriminator. This is achieved by
adjusting the weight matrix with its largest eigenvalue, thereby ensuring that
each projection layer maintains a spectral norm equal to one. Feature Matching
(FM) [272] promotes the generator to produce images that resemble real ones by
matching the moments of activations extracted from both real and fake images.
A variant of FM that matches features extracted from real and fake images using
a pre-trained network is named Perceptual Loss [135]. Finally, the Model Av-
erage (MA) technique is employed to enhance the quality of generated images
by maintaining two versions of the generator network during training, i.e. the
original 𝐺 and the model average 𝐺. At each update step, a weighted mean
between the two is computed.

Evaluating GAN models is challenging, with the most popular metrics being
the Inception Score (IS) [272] and the Fréchet Inception Distance (FID) [117],
both of which have significant limitations. The IS fails to detect intra-class mode
collapse [23], allowing models that generate only a single image per class to score
highly. Although FID addresses diversity measurement more effectively, it lacks
an unbiased estimator. Another metric, Kernel Inception Distance (KID) [20],
captures higher-order statistics with an unbiased estimator but suffers from high
variance, potentially leading to inconsistent evaluations. A more recent metric,
the Learned Perceptual Image Patch Similarity (LPIPS) [364], provides a method
to determine the perceptual distance between two images. This metric, based
on a weighted L2 difference between VGG16 embeddings [289], aligns well
with human perceptions of image similarity, offering a promising alternative
for GAN evaluation. Aside from these, there are metrics that separately assess
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the fidelity and diversity of the generator distributions [159, 222]. Another
widely used approach is manual inspection [68, 379], which allows for direct
assessment of image quality. However, it has several limitations including being
time-consuming, subjective, and constrained in assessing sample diversity. This
method is often impractical during model development due to the substantial
time requirement for reviewing numerous images. Additionally, it might not be
reliable in certain domains, like the medical field, where distinguishing between
realistic and non-realistic images demands specialized knowledge. Moreover,
replicating results across different studies can be challenging due to variations
in experimental protocols.

2.1.2 Network Architecture

Since the introduction of GANs, the architectures of both generator and
discriminator networks have evolved to enhance the quality of the generated
outputs. Initially, both employed multilayer perceptrons (MLPs), but 𝐺 archi-
tecture advanced to adapt to the deep convolutional approach introduced in
the DCGAN work [256], addressing the translation invariance of natural images
that MLPs cannot handle efficiently. Further developments led to the integration
of residual architectures [113], known to facilitate training with essential com-
ponents like skip connections and activation normalizations (AN) (e.g. batch,
instance, layer, and group normalizations [128, 309, 7, 332]). For conditional gen-
erators, several architectures have emerged, utilizing strategies like conditional
AN, where the parameters are data-dependent [24, 125, 235]. As proved by sev-
eral state-of-the-art generators [142, 321], another way to achieve controllability
is to use hyper-networks, where auxiliary networks are employed to generate
weights for the main network.

The evolution of discriminators, similarly, transitioned from MLP to deep
convolutional and residual models. Effective architectures have been imple-
mented to utilize control signals in 𝐷 for enhanced image generation quality,
encompassing auxiliary classifiers [227], input concatenation [129], and projec-
tion discriminators [217]. Recently, neural architecture search (NAS) has become
popular in order to find a performant design for GANs [98].
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(a) (b)

Figure 2.3: (a) Example of super-resolution from [37], with the low-resolution
input image on the left and the high-resolution output on the right. (b) Example
of inpainting from [355]. From left to right: input, masked input, and inpainted
result.

2.1.3 Limitations

GANs training presents substantial limitations that can hinder their devel-
opment. The most well-known failure case is mode collapse [292, 10], where the
generator fails to capture the diversity in the data distribution, producing exam-
ples from a limited number of modes. In the complete collapse case, 𝐺 simply
outputs a single example [4]. Additionally, GANs training suffers from instability
and non-convergence problems, which arise from 𝐺 and𝐷 oscillations during the
process. Ideally, both networks should reach a fixed-point convergence (Nash
equilibrium) where both are equally matched in terms of capabilities. However,
the discriminator may easily differentiate between real and fake samples at the
early stages if the generated samples are of low quality, causing the gradient to
vanish and the generator to stop updating [101]. Other common issues include
checkerboard and waterdrop artifacts. The proper selection of hyperparameters,
such as batch size, learning rate, momentum, and weight decay, plays a crucial
role in ensuring the training convergence [256].

2.1.4 Applications

GANs have significantly influenced the development of many applications
in the context of computer vision systems. Firstly, they have facilitated the
evolution of image-to-image translation techniques, widely applied in image
editing and domain adaptation [235, 53], as will be presented in the next sec-
tion (Sec. 2.2). In our work, we leverage GANs to perform translations between
domains where subtle local changes are crucial, e.g. highway and offroad. Sec-
ondly, GANs have been shown to produce higher quality results with respect to
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traditional methods in tasks such as image restoration, which aims at recovering
an original image that has been degraded by various factors (e.g. denoising
and deblurring [40, 285]), image enhancement, that involves the manipulation
of an image to make it more visually appealing (e.g. super-resolution [90, 37],
as shown in Fig. 2.3a), and image inpainting, which fills missing or corrupted
parts of an image with plausible data [355, 374, 376]. The images in Fig. 2.3b
provide an example. Finally, they have exhibited great potential in the video
synthesis domain, creating realistic human videos and transferring motions
from one person to another, mainly for entertainment purposes [226], and in the
neural rendering domain, augmenting the efficiency of the graphics rendering
pipeline [223].

Remark

Generative Adversarial Networks were extremely popular during the devel-
opment of our work. Recently, another category of generative models, namely
Denoising Diffusion Probabilistic Models (DDPMs) [70, 62], have gained more
attention due to their outstanding results [257, 224]. They model the data gen-
eration process as a diffusion process, which is a series of reversible Markov
chains. The process simulates the gradual corruption of data with noise, iter-
ating backward to reconstruct the original data. Nevertheless, each framework
has unique features, and recognizing the advantages and limitations inherent in
each model is crucial for the specific use case.

2.2 Image-to-Image Translation

The task of Image-to-Image Translation (i2i) aims at learning a mapping
between images from a source domain and images from a target domain, trans-
ferring the main features while preserving the content. For example, the goal
may be to convert a sketch into a photo-realistic image or change the season
within a photo, as shown in Fig. 2.4. The problem can be tackled through
supervised or unsupervised learning settings, depending on the availability of
paired training data.
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Figure 2.4: Supervised image-to-image translation examples from Pix2pix [129].

2.2.1 Supervised Image Translation

In the supervised setting, training pairs of corresponding images are avail-
able. Pix2pix [129] is a pioneering work that combines conditional GANs with
pixel-wise L1 loss to ease general-purpose image-to-image translation. It em-
ploys PatchGAN discriminators that work on local patches instead of the entire
image, alleviating the computational complexity of the model. Despite its effec-
tiveness, one limitation of pix2pix is its one-to-one translation function, which
prevents multimodal output distributions. This has led to developments such
as Bicycle-GAN [381], which encourage output variations, and other works that
enhance diversity and quality [166], including high-resolution image generation
via pix2pixHD [322] and SPADE [235], which integrates spatially adaptive nor-
malization layers for improved image quality and style control, as illustrated in
Fig. 2.5.

2.2.2 Unsupervised Image Translation

Unsupervised image translation addresses the case where paired training
data is unavailable, presenting a wider application range but increased com-
plexity [14, 125, 145, 168, 382]. CycleGAN [382] introduces cycle consistency
loss to ensure that an image, when translated to another domain and converted
back, remains close to the original image. Various methodologies have been
proposed, focusing on foreground object modifications without affecting the
background [210] and on multimodal translation [125, 168]. MUNIT [125], for
example, introduces disentangled latent space representations for multimodal
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Figure 2.5: SPADE [235] allows user control over both semantics and style as
synthesizing an image. The semantic is controlled via a label map, while the
style is controlled via the reference style image.

outputs and example-guided translation.
Other works aim to reduce the dependency on a large number of training

images, with techniques like FUNIT [190] and strategies for cases with limited
images in either source or target domains [270]. Despite the advancements,
unsupervised image-to-image translation remains an ill-posed problem, existing
infinitely mappings that satisfy the constraints. Current approaches rely on the
inductive bias of generator architectures to find meaningful mappings, assuming
minimal complexity and changes to the input [88]. Recent works [138, 341]
propose schemes that improve the quality, applicability and controllability of
the existing translation models. Detailed insights into these developments can
be found in the respective original papers.

2.3 Study Objective and Contributions

Apart from their appealing translations, i2i GAN networks also offer an al-
ternative to the supervised-learning paradigm. Indeed, as translations share
features characteristics with the target domain they can be used to fine-tune
proxy tasks, reducing the need for target annotations. However, i2i GANs per-
form well at learning global scene changes – winter↦→summer, paints↦→photos,
etc. [188, 382], – but struggle to learn subtle local changes. Instead, we lever-
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Figure 2.6: Overview. Our method is able to generate images of unseen domains,
leveraging geometrical guidance to extract patches of local domains, i.e. spatially
defined sub-domains, on source images. Here, we generate images without
any lane markings training only on an extremely small amount of images with
well-defined lane markings.

age human domain knowledge to guide i2i and improve proxy tasks on target,
without seeing target images. This is of paramount importance for real-world ap-
plications like autonomous driving [275, 30, 264] which must operate safely in
all hazardous conditions – some of which are rarely observed.

We propose a method exploiting human knowledge about source and tar-
get, to identify domain-specific local characteristics which we call local domains
(Fig. 2.6, top). The latter are used as guidance to perform patches translations
on source only, thus hallucinating a new unseen domain. An example in Fig. 2.6
bottom shows we leverage local domains knowledge about ‘lane markings’ and
‘asphalt’ to hallucinate a new domain without lane markings. Experimental ev-
idence in this research shows that our new domain acts as a bridge leading to a
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performance boost on target. An interesting characteristic of our method is that
it trains few-shots on source only, leveraging only minimal human knowledge
about the target.

In short, the main contributions of this study are:

• we introduce and define local domains as being domain-specific spatial
characteristics (Sec. 2.5.1),

• to the best of our knowledge, we propose the first geometrical-guided
patch-based i2i, leveraging our local domains priors (Sec. 2.5.2) and enabling
continuous geometrical translation (Sec. 2.5.3),

• we experiment on three different tasks in a few-shot setting, showing
that our translations lead to better performance on all target proxy tasks
(Sec. 2.6).

2.4 Related works

In this section, we present specific references relevant to our study. For
broader references concerning i2i translation please refer to Sec. 2.2.

Image translation with less supervision. A recent field of study focuses on
reducing the number of images necessary for training i2i networks. For instance,
in BalaGAN [237] they exploit domain clustering in order to make the training
robust to classes with few examples. Other strategies use self-supervision [325]
or latent space interpolations [31] in order to avoid the discriminator overfitting
and train on extremely small datasets. Differently, FUNIT [190] and COCO-
FUNIT [270] generalize to few-shot domains at inference stage. Some other
works try to work with less supervision at the domain level, on a mixed target
domain [246] or without even source and target domain distinctions [9, 167]. It is
worth noticing that some methods are trained on single images, as SinGAN [281],
employable for image editing tasks. Finally, ZstGAN [183] exploits textual inputs
for zero-shot image translation.

Prior-guided image translation. Several priors could be exploited to increase
image translation effectiveness, with several degrees of supervision as bound-
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Figure 2.7: Architecture pipeline. Our method exploits knowledge about local
domains (Sec. 2.5.1) and relies on geometrical-prior to extract samples of local
domains in source only (Sec. 2.5.2) that train a patch-based GAN. Here, source has
“lane markings” and “asphalt” local domains (𝑋𝛼 and 𝑋𝛽, respectively) while
target has only “asphalt” (𝑋𝛽), learning 𝑋𝛼 ↦→ 𝑋𝛽 further reduces the gap with
target. An optional local domain interpolation strategy (Sec. 2.5.3) is added for
generating geometrically continuous translation between local domains (here,
simulating lane degradation).

IDD [313] TuSimple [307] TuSimple ↦→IDD

Figure 2.8: Translation with CycleGAN [382]. Sample output shows that i2i
is prone to transfer global features (here, sky color) but neglects evident local
features for humans as the street structure (note that IDD has no lane markings).

ing boxes [284, 19], semantic maps [174, 258, 301, 51, 384, 383, 182, 204, 235]
or instance labels [217, 337]. Another line of works exploits physical models as
priors for translation enhancement [111, 305], disentanglement [247], or guid-
ance [246]. Importantly, scene geometry could be used as a prior, with learned
correspondencies [331] or by exploiting additional modalities [3]. Some use text
for image editing purposes [192]. Bruls et al. [30] exploit full semantic maps
for road randomization, to generalize across challenging lane detection scenar-
ios. However, they are limited to annotated road layouts and constrained by
expensive complete segmentation maps.
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2.5 Method

We address the problem of image-to-image translation accounting for source
and target domains having predominant local transformations. As such, lever-
aging only source data, our proposal hallucinates a new unseen intermediate
domain which can be used to ease transfer learning towards target. An overview
of our pipeline is in Fig. 2.7.

In the following, we introduce our definition of local domains (Sec. 2.5.1)
and propose a geometrical-guided patch-based strategy to learn translation be-
tween the latter (Sec. 2.5.2). For some local domains, we also show that a
continuous geometrical translation can be learned from the interpolation of a
mask (Sec. 2.5.3). Finally, we describe our training strategy showing few-shot
capabilities (Sec. 2.5.4).

2.5.1 Local domains

Image-to-image (i2i) networks learn a mapping function 𝐺 : 𝑋 ↦→ 𝑌 from
a source domain 𝑋 to a target domain 𝑌, such that the distribution 𝑃𝐺(𝑋) ap-
proximates 𝑃𝑌 . The goal is to transfer the features of domain 𝑌 to samples from
𝑋 while preserving their content. This works well for transformation globally
affecting the scene (eg. summer to winter) but struggles to capture the map-
pings of local changes due to the under-constrained settings of the system. A
simple failure example, shown in Fig. 2.8, is the translation from outdoor images
having lane markings, to images having no (or degraded) lane markings. As it
seeks global changes, the i2i is likely to transfer unintended characteristics while
missing the subtle – but consistent – local changes (here, the lane markings).

To overcome this, we introduce local domains which are sub-domains spatially
defined – for example, lane markings, asphalt, etc. Formally, we define domain
𝑋 as the composition of local domains, denoted {𝑋𝛼 , ..., 𝑋𝜔}, and the remaining
sub-domains written 𝑋O. Considering only two local domains of interest, it
writes:

𝑋 = {𝑋O, 𝑋𝛼 , 𝑋𝛽} . (2.4)

Because we consider only source and target domains sharing at least one local
domain, say 𝛼, we write 𝑌 as:

𝑌 = {𝑌O, 𝑌𝛼} , (2.5)
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so that the Kullback-Leibler divergence KL(𝑋𝛼 , 𝑌𝛼) is close to 0. Instead of
learning the direct mapping of 𝑋 ↦→ 𝑌, we propose to learn local domain
mappings, such as 𝑋𝛽 ↦→ 𝑋𝛼. If such mapping is applied systematically on all
samples from 𝑋, we get a new domain 𝑋′ without 𝛽, so:

𝑋′ = {𝑋O, 𝑋𝛼} , (2.6)

where domain 𝑋′ is unseen and thus hallucinated. Considering that 𝑋′ and
𝑌 share the same local domains, they are subsequently closer: KL(𝑌, 𝑋′) <

KL(𝑌, 𝑋).
Our intuition is that when training target data is hard to get, our hallucinated

domain 𝑋′ can ease transfer learning. Notably here, our method only requires
a priori knowledge of the shared local domains in source and target.

2.5.2 Geometrically-guided patches

Learning the mapping between local domains requires extracting local do-
main samples. To do so we leverage patches corresponding to either local
domains in the source dataset only. We rely here on a simple geometrical guid-
ance from a mask 𝑀(.) to extract random patches centered around a given local
domain.

Considering 𝑥 an image in source domain 𝑋, we extract 𝒳𝛼 the unordered
set of patches of fixed dimension, so that:

𝒳𝛼 = {{𝑥𝑝0 , 𝑥𝑝1 , . . . , 𝑥𝑝𝑚 | 𝑝 ∈ 𝑀𝛼(𝑥)} | ∀𝑥 ∈ 𝑋} , (2.7)

having 𝑚 the number of patches per image, and 𝑀𝛼(𝑥) = ⟦𝑀(𝑥) = 𝛼⟧ with ⟦.⟧
the Iverson brackets. Literally, 𝑀(𝑥) is our geometrical prior – a 2D mask of
same size than 𝑥 – encoding the position of local domains. Subsequently, 𝑀𝛼(𝑥)
is filled with ones where local domain 𝑋𝛼 is and zeros elsewhere. Similarly to
Eq. 2.7, we extract the set 𝑋𝛽 from 𝑀𝛽(𝑥) and 𝑋.

In practice, the geometrical prior 𝑀(𝑥) is often simply derivable from the
image labels. For example, the position of lane marking and asphalt can both
be extracted from image labels. In some cases, the position of local domains is
constant dataset-wise and we use a fixed geometrical prior, so𝑀(𝑥) = 𝑀. This is
for example the case for portraits datasets, where faces are likely to be centered
and background located along the image edges.
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Having collected the two sets of patches 𝒳𝛼 and 𝒳𝛽, a straightforward patch-
based GAN can learn 𝑋𝛼 ↦→ 𝑋𝛽. In some cases, 𝒳𝛼 and 𝒳𝛽 being of similar
nature we demonstrate spatial interpolation is beneficial.

2.5.3 Local domains interpolation

Continuous i2i are extensively studied [97, 324, 160], but existing methods
are not suitable for translation affecting only local regions as in our problem
setting (see Sec. 2.6). Instead, we learn a non-linear geometrical interpolation of
patch masks, leveraging a variational autoencoder (VAE).

Previously we described each patch as encompassing a single local domain
but, in reality, patches often mix multiple local domains. This is the case of lane
markings patches, shown in Fig. 2.7, that contain asphalt too. Hence, along with
the set of local domains patches we extract the sets 𝒫𝛼 and 𝒫𝛽 directly from our
geometrical guidance 𝑀(.), and seek to continuously interpolate 𝑃𝛼 ↦→ 𝑃𝛽.

In practice, our VAE having encoder 𝐸(.) and decoder 𝐷(.) is trained in
the standard fashion, but at inference it yields the latent representation ℎ𝑍

corresponding to the linear combination of 𝐸(𝑝𝛼) and 𝐸(𝑝𝛽), having 𝑝𝛼 ∈ 𝒫𝛼 and
𝑝𝛽 ∈ 𝒫𝛽, respectively1. Formally:

ℎ𝑍 = 𝐸(𝑝𝛼) 𝑧 + 𝐸(𝑝𝛽) (1 − 𝑧),
𝑝𝑧 = 𝐷(ℎ𝑍),

(2.8)

where 𝑧 ∈ [0, 1] encodes the progress along 𝑃𝛼 ↦→ 𝑃𝛽. The final interpolated
patch 𝑥𝑧 is the composite between 𝑥𝛼 and 𝑥𝛽 patches, following the VAE output.
It writes:

𝑥𝑧 = 𝑥𝛼 𝑚 + 𝑥𝛽 (1 − 𝑚) ,
with 𝑚 = 𝛾 𝑝𝑧 ,

(2.9)

𝛾 ∈ [0, 1] being an arbitrary controlled blending parameter adding a degree of
freedom to our model. Furthermore, notice that the stochastic VAE behavior
further increases variability, beneficial for proxy tasks.

1In our formalism, we include the VAE reparametrization in 𝐸(.)
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2.5.4 Training

We train our pipeline, the patch-based GAN and the optional VAE, lever-
aging only images from the source domain and geometrical priors about local
domains. The patch-based GAN is trained on 𝑋𝛼 ↦→ 𝑋𝛽 (Sec. 2.5.2) minimizing
the LSGAN [206] adversarial loss:

𝑦 𝑓 = 𝐺(𝑥),
ℒ𝐺(𝑦 𝑓 ) = E𝑥∼𝑃𝑋 (𝑥)

[︁
(𝐷(𝑦 𝑓 ) − 1)2

]︁
,

ℒ𝐷(𝑦 𝑓 , 𝑦) = E𝑥∼𝑃𝑋 (𝑥)
[︁
(𝐷(𝑦 𝑓 ))2

]︁
+

+ E𝑦∼𝑃𝑌(𝑦)
[︁
(𝐷(𝑦) − 1)2

]︁
,

(2.10)

along with task-specific losses. If used, the VAE interpolation (Sec. 2.5.3) is
trained with standard ELBO strategy [21], minimizing reconstruction loss along
with a regularizer:

ℒ𝑉𝐴𝐸 = −E𝑞𝜙(𝑧 |𝑥) log 𝑝𝜃(𝑥 |𝑧)+
+ 𝐷𝐾𝐿(𝑞𝜙(𝑧 |𝑥)| |𝑝(𝑧)).

(2.11)

At inference time, the full image is fed to the GAN backbone to produce the
translated image, while the corresponding full interpolation mask is obtained
processing mask patches independently and then stitching them together with a
simple algorithm. Of note, our method has important few-shot capabilities. As
we train only on source patches a reduced number of image samples is sufficient
to get reasonable data diversity, which we further demonstrated in the following
section.

2.6 Experiments

We evaluate our method on 3 different tasks, namely lane markings degrada-
tion, snow addition and deblurring, leveraging 5 recent datasets [307, 313, 271,
60, 225], and evaluating our translation both against i2i baselines and on proxy
tasks. In Sec. 2.6.1 we provide details on our tasks, while Secs. 2.6.2, 2.6.3 report
extensive qualitative and quantitative evaluation.
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Figure 2.9: Qualitative results. For each task we show the original input image
and our output with the 𝑋𝛽 ↦→ 𝑋𝛼 local domains translation. Lane degrada-
tion: sample translations on TuSimple [307] test set with increasing degradation
𝑧 ∈ [0.35, 0.95] from left to right, blending variable 𝛾 = 0.75. Snow addition:
augmentation of ACDC [271] validation set, only road is involved in the transfor-
mation. Deblurring: Original flower images [225] and our deblurred version.
Bottom left insets show the in-focus map [96] which are whiter on average (ie.
less blurred) for ours.
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2.6.1 Tasks definitions

We describe our three task below, detailing the learned local domains trans-
lation 𝑋𝛽 ↦→ 𝑋𝛼.

Lane degradation. Here, we leverage the highway TuSimple [307] dataset hav-
ing clear lane markings. For local domains, we chose lane marking (𝑋𝛽) and
asphalt (𝑋𝛼) exploiting geometrical priors from the provided lane labels and
assuming near by asphalt. We use our interpolation strategy (Sec. 2.5.3) ac-
counting for both degradation and blending. Importantly, we train only on 15
images (1280x720) to demonstrate few-shot capabilities, with 30 patches per im-
age of size 128x128, 200x200 and 256x256. Backbones are DeepFillv2 [355] as
GAN and IntroVAE [120] for interpolation. The latter is trained with a binarized
difference mask from lane inpainting and original image.

We evaluate our translations on the standard 358/2782 val/test sets of TuSim-
ple. In addition to demonstrating generalization, we evaluate several lane de-
tectors on 110 images from the India Driving Dataset (IDD) [313] – never seen
during training – having degraded lane markings which we manually annotated.

Snow addition. Here, we rely on snowy images from the recent Adverse Driv-
ing Conditions Dataset (ACDC) [271], which typically have snow only on side-
walk and not on road. The task is to add snow on the road. Logically, local
domains are road (𝑋𝛽) and snowy sidewalk (𝑋𝛼), exploiting semantic labels as
priors. Again, we train only with 15 images with 30 patches (128x128) per im-
age, using CycleGAN [382] with default hyperparameters. No interpolation is
used. We evaluate on the original val/test set of ACDC having 100/500 images.
To increase generalization for the segmentation task in snowy weather, we also
augment Cityscapes [60] with the same trained network.

Deblurring. We leverage the Oxford 102 Flower dataset [225] to learn turning
shallow Depth of Field (DoF) photos to deep DoF, therefore seeking to deblur the
image. As blur is not labeled, we rely on a simple dataset-wise geometrical prior
that image center is always in-focus and image corners are always out-of-focus.
Local domains are out-of-focus (𝑋𝛽) and in-focus (𝑋𝛼). Since we use only 8 patches
per image (4 in-focus, 4 out-of-focus, 128x128), we train our CycleGAN [382] with
400 images, adding a task-specific objective function defined as the composition
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of a color consistency loss and an in-focus loss:

ℒ𝑑𝑒𝑏𝑙𝑢𝑟 = 𝐷𝐾𝐿(𝐻[𝑥]| |𝐻[𝐺(𝑥)]) + 1
𝜎2
𝐿𝑜𝐺(𝐺(𝑥))

, (2.12)

with 𝐻[.] the image histogram and 𝜎2
𝐿𝑜𝐺(.) the Laplacian of Gaussian variance.

A color jitter augmentation is applied to ensure discriminator invariance to
color. We do not use interpolation. At inference, we exclude foreground since it
impacts translation quality due to the identity loss in CycleGAN [382].

Images In-focus avg↑

Original 1.28
Ours (deblurred) 1.53

Table 2.1: Deblurring performance. Average of the in-focus maps [96] on
the Oxford Flowers [225] test set show our method efficiently deblur the input
images despite a trivial dataset-wise geometrical prior.

2.6.2 Evaluation

Translation quality

Qualitative results are visible in Fig. 2.9 and show our method outputs real-
istic translations for all tasks. In details, we are able to modify lanes (first three
rows) on TuSimple with different degrees of degradation (from left to right). On
snow addition, images show plausible snow on ACDC roads (middle two rows),
preserving shadows.

Finally, on our deblurring task (bottom two rows) the flowers background
appear in-focus, exhibiting sharper edges. To better size the benefit on this last
task, flower images have as inset the in-focus map computed with [96] (ie. white
means in-focus).

Of note, evaluating GAN metrics on target images would be biased since we
use only source images, unlike existing i2i. They are reported in Sec. 2.7.1 for
the sake of completeness. To provide a quantitative quality evaluation, Tab. 2.1
reports the in-focus average proving our translations are significantly more in-
focus (+0.24) than original images.
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Network FID↓ LPIPS↓
DLOW [97] 211.7 0.4942

DLOW+ 155.6 0.4206
Ours w/o blending 154.7 0.3434

Ours 135.4 0.3254

(b) GAN metrics

Figure 2.10: Lane translations. (a) Qualitative comparison of lane degradation
on patches with baselines. Our method is the only one to output a realistic
degradation. (b) GAN metrics on the lane degradation task prove the benefit of
our method.
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Figure 2.11: Evaluation of lane degradation on patches taken from IDD
dataset [313]. We associate clear patches (bottom row) to degraded ones (third
row) by minimizing LPIPS. Applying our method to clean images variating the
𝑧 and 𝛾 parameters (shown in the images), we subsequently lower the LPIPS. We
display the best and second best translation in terms of LPIPS. The similarities
of our results with the degraded patches prove the efficacy of our LPIPS-based
evaluation.

36



CHAPTER 2. ADVERSARIAL NETWORKS FOR SYNTHETIC DATA GENERATION

Interpolation quality

For the lane degradation task, we compare our interpolations against the
continuous i2i DLOW [97] baseline, trained on the same data. As it suffers from
evident color artifacts, we introduce DLOW+: a custom version using lane mask
as additional channel input, masked reconstruction loss, and masked input-
output blending. For DLOW/DLOW+, we regulate the walk on the discovered
manifold of each network with a domainness variable 𝑧 – which amounts to our
lane degradation. With respect to baselines, it is visible in Fig. 2.10a that our
degraded lane translations are more realistic for all 𝑧 since DLOW and DLOW+
discover simpler transformations, just regulating color homogeneously.

For quantification, we compare translations against real degraded lane mark-
ings from IDD and report FID and LPIPS in Fig. 2.10b. In details, we select 35/62
clear/degraded lane patches from IDD test set, and couple those with minimum
LPIPS [364] distance. Intuitively, we pair similar clear and degraded lane mark-
ings together. Pairs are shown in the two bottom rows of Fig. 2.11. We then
degrade each clear image with ours / DLOW / DLOW+, generating several de-
graded versions, and use the best degrading version in terms of LPIPS w.r.t. its
clear match to compute GAN metrics. Fig. 2.10b shows we outperform baseline
on both metrics significantly (roughly, -20 FID, and -0.1 LPIPS), demonstrating
the realism of our lane degradation. Since baselines are not using any explicit
blending as us (see 𝛾 in Eq. 2.9), we also evaluate “ours w/o blending” using
𝑚 = 𝑝𝑧 in Eq. 2.9, which still outperforms baselines.

Proxy tasks

Here, we study the applicability of our pipeline to increase the robustness of
existing lane detection and semantic segmentation networks.

Lane detection. We aim here to make lane detectors robust to unseen degraded
lane markings. To do so, we train two state-of-the-art detectors (SCNN [230]
and RESA [377]) on both TuSimple original images and our translated version
(mixing with 5% probability and randomizing 𝑧 and 𝛾). The models are tested
on both the TuSimple test set and our 110 labeled IDD images, the latter having
severely degraded lane markings.

From the quantitative results in Tab. 2.2, we observe that with our source
degraded translations both detectors severely outperform the baselines using
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Detector Translation TuSimple [307] IDD [313]
Acc. ↑ FP ↓ FN ↓ Acc. ↑ FP ↓ FN ↓

SCNN [230] None (source) 0.946 0.052 0.069 0.617 0.538 0.741
Ours 0.945 0.058 0.072 0.730 0.453 0.577

RESA [377] None (source) 0.952 0.056 0.065 0.639 0.720 0.800
Ours 0.951 0.059 0.068 0.671 0.686 0.761

Table 2.2: Lane detection on TuSimple and IDD. Performance of lane detectors
when trained on TuSimple source (none) or our degraded translations (ours).
The latter significantly outperforms baseline, while retaining equivalent perfor-
mances on TuSimple images.
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Figure 2.12: SCNN [230] lane detection on IDD [313]. Training on generated
images with degraded lanes makes existing lane detectors (e.g. SCNN [230])
resistant to scenes with damaged (first three columns) or no (last column) lane
markings.
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Figure 2.13: Cityscapes images with snow added. We add snow on roads and
sidewalks of the Cityscapes training set to train semantic segmentation networks
robust to snow. Cityscapes exhibits a domain shift with respect to ACDC, but
our method is still able to generate acceptable snow.

Model Translations road IoU ↑ sidewalk IoU ↑ mIoU ↑

DeepLabv3+ [43] None (source) 74.95 39.52 45.31
Ours 80.56 49.52 47.64

PSANet [371] None (source) 74.29 30.71 42.97
Ours 74.01 36.28 43.85

OCRNet [360] None (source) 82.30 45.60 54.54
Ours 82.78 54.69 55.48

Table 2.3: Semantic segmentation on ACDC [271] snow. We train multiple
segmentation network on Cityscapes [58] with added snow with our method
and test on ACDC [271] snow validation, consistently improving generalization
capabilities.

clear source on the challenging IDD, while maintaining on-par performances on
TuSimple with clear markings. In particular, for SCNN we improve by +11.3%
the accuracy, −8.5% the false positives and −16.4% the false negatives. Sample
qualitative results are in Fig. 2.12 and showcase the robustness of our method
on degraded or even absent street lines. We conjecture that our degraded
translations forced the network to rely on stronger contextual information.

Semantic segmentation. Here, we seek to improve segmentation in snowy
driving conditions. We train three state-of-the-art semantic segmentation mod-
els, namely DeepLabv3+ [43], PSANet [371] and OCRNet [360], with either clear
Cityscapes images and snowy Cityscapes images translated with our method.
Translation examples are available in Fig. 2.13, where we add snow on sidewalks
and road by using Cityscapes semantic maps. Visual results remain acceptable
and snow is added uniformly on both semantic classes, even if inference on
Cityscapes brings a consistent domain shift with respect to training patches
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Figure 2.14: DeepLabv3+ [43] on ACDC [271] snow. Training with our
generated images brings improvements in segmentation of snowy scenes in
ACDC [271], especially in the road and sidewalk classes.

on ACDC. In detail, for the latter we augment images with 10% (DeepLabv3+,
PSANet) or 5% (OCRNet) probability. The models are evaluated on the ACDC
snow validation set.

Tab. 2.3 shows the benefit of our augmented images (Ours) to consistently
improve the performance on road or sidewalk (our two local domains) and mean
IoU for all networks. From Fig. 2.14 it is visible that the model trained with our
augmentation strategy is able to better detect roads and footpaths in difficult
weather conditions with respect to the baseline, which is not capable of properly
discriminating between them if they are covered with snow.

2.6.3 Ablation study

Training images and patches. As mentioned our method requires very little
images to train. Here, we study the effect of number of images and patches per
image on the lane degradation task. To measure its impact, we use LPIPS [364]
and FID [117] following Sec. 2.6.2.

Results in Tab. 2.4 show, as expected, better translation with the increase
of both the number of images and the number of patches extracted per each
image. However, we also denote the few-shot capability of our method, and the
minimal benefit of using a large number of images.
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TuSimple samples (%) Patches/img LPIPS↓ FID↓
15 (0.4%) 1 0.3296 148.22
15 (0.4%) 5 0.3295 135.53
15 (0.4%) 30 0.3254 131.73
15 (0.4%) 60 0.3246 127.94
15 (0.4%) 150 0.3222 126.94

50 (1.4%) 30 0.3236 129.42
150 (4.1%) 30 0.3221 124.79
500 (14%) 30 0.3234 128.56

3626 (100%) 30 0.3218 125.56

Table 2.4: Data ablation on TuSimple. The use of data on the lane degrada-
tion task (TuSimple ↦→ IDD) is ablated by varying the number of images and
patches per images in the training set, and evaluating GAN similarity metrics
(see Sec. 2.6.2) on IDD.

Augmented images (%) road IoU↑ sidewalk IoU↑ mIoU↑
100 36.43 35.26 39.83
66 60.43 43.81 46.84
50 68.78 45.79 50.31
20 75.85 44.60 47.36
10 80.56 49.52 47.64

0 (none) 74.95 39.52 45.31

Table 2.5: Augmentation percentage ablation on Cityscapes. The effective-
ness of our snow addition translation is ablated by varying the probability of
Cityscapes augmented images shown to DeepLabv3+ [43] during training. Seg-
mentation evaluation is reported on ACDC [271] validation set.
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Augmentation percentage. We study also how the percentage of augmented
images shown to DeepLabv3+ network at training impacts performances on
semantic segmentation in snowy conditions.

As indicated in Tab. 2.5, we achieve best performances with an augmentation
probability of 50% (+5% mIoU w.r.t. no augmentation), still we use for evaluation
in Sec. 2.6.2 the model obtained with 10% for its higher accuracy on road and
sidewalk – crucial for autonomous navigation tasks.

2.7 Supplementary results

We provide additional results of our method. In Sec. 2.7.1, we propose an ad-
ditional comparison with baselines for the snow addition task. Also, in Sec. 2.7.2,
we display additional qualitative results for image-to-image translation and the
proposed proxy tasks.

2.7.1 GAN metrics

For completeness, we report GAN metrics against CycleGAN [382] and
CycleGAN-15, which are trained on ACDCclear ↦→ ACDCsnow using respectively
400/400 or 400/15 source/target images. Comparatively, we only use the same
15 cherry-picked ACDCsnow images. The quantitative evaluation is obtained
by performing roads and sidewalks translation of 100 ACDCclear images rely-
ing on segmentation masks from OCRNet [360] pretrained on Cityscapes [60].
Since ACDC provides images (weakly) paired, we compute the pair-wise aver-
age LPIPS metric between each fake translation and its paired real snow image.
We also evaluate FID between the fake and real snow datasets. It is important
to note that we do not seek to outperform the baselines since they have access to
ACDCclear images while our method does not. Results in Tab. 2.6 however show
we perform reasonably good given the additional domain gap, even on par with
baselines on LPIPS metric. In addition, in Fig. 2.15 our translations are shown
to be significantly more homogeneous than baselines.
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Network Training samples FID↓ LPIPS↓
clear snow

CycleGAN [382] 400 400 110.30 0.6225
CycleGAN-15 400 15 111.29 0.6271

Ours 0 15 123.14 0.6283

Table 2.6: Snow translation similarity on ACDCsnow. GAN metrics on the
snow addition task confirm the validity of our model. Without using any target
images, our model yields acceptable results on FID, attaining even almost on-par
performances with baselines on LPIPS.

In
pu

t
C

yc
le

G
A

N
C

yc
le

G
A

N
-1

5
O

ur
s

Figure 2.15: Qualitative snow addition comparison on ACDCclear. Our method
(last row) yields acceptable performances compared with different strategies
(rows 2-3). Please note that we are the only one to not use ACDCclear images for
training.
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Figure 2.16: Qualitative results. Additional qualitative results for the lane
degradation, snow addition and deblurring tasks.

2.7.2 Additional qualitative results

Image-to-image translation

Additional i2i qualitative results are shown in Fig. 2.16. With our pipeline, we
are able to realistically modify TuSimple [307] street lines with different degrees
of degradation, independently from the lane marking type (continuous, dashed,
etc.) and its color (white, yellow, etc.). Furthermore, we can add plausible snow
on ACDC [271] roads while preserving shadows. In addition, our model can
turn Oxford Flowers dataset [225] shallow DoF photos into deep DoF ones,
yielding in-focus backgrounds with sharper edges.
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Figure 2.17: Additional qualitative results on lane detection. We train
SCNN [230] and RESA [377] on images generated with our method and test
on real images with damaged lane markings of IDD [313], improving perfor-
mances.

Proxy tasks

Additional proxy tasks qualitative results are shown in Fig. 2.17 for lane
detection and in Fig. 2.18 for semantic segmentation. From Fig. 2.17, it is evident
the robustness on degraded or even absent street lines of lane detectors trained
with our translated samples. Similarly, in Fig. 2.18 we demonstrate the improved
generalization of semantic segmentation models on snowy weather conditions.

2.8 Discussion

In this work, we proposed a patch-based image-to-image translation model
which relies on a GAN backbone trained on patches and an optional VAE to
interpolate non-linearly between domains. Along with the definition of local
domains, we introduced a dataset-based geometrical guidance strategy to ease
the patches extraction process. Our few-shot method outperformed the liter-
ature on all tested metrics on several tasks (lane degradation, snow addition,
deblurring), and its usability has been demonstrated on proxy tasks. In par-
ticular, our translation pipeline led to higher performances on lane detection
in scenes with degraded or absent markings and on semantic segmentation in
snowy conditions.
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Figure 2.18: Additional qualitative results of semantic segmentation on
ACDCsnow. [271]. Using our generated images with added snow during train-
ing improves resistance of existing segmentation networks (DeepLabv3+ [43],
PSANet [371] and OCRNet [360]) on snowy scenarios.
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3
Point Cloud Upsampling for

Enhanced 3D Data

The contributions of this chapter have been published in:
Dell’Eva, A., Orsingher, M., Bertozzi, M. (2022). Arbitrary Point Cloud
Upsampling with Spherical Mixture of Gaussians. In International Con-
ference of 3D Vision (3DV).

3.1 2D vs. 3D Data in Autonomous Driving

Self-driving cars utilize both 2D and 3D data sources, with cameras typi-
cally providing 2D images and radar or LiDAR implementing 3D sensing, as
already mentioned in Sec. 1.1. Each representation has its own strengths and
weaknesses.

As a primary source of 2D data, cameras are generally more cost-effective
than many 3D sensing systems. They capture rich visual information, including
color, texture, and other details that can be crucial in tasks like traffic sign
recognition, vehicle classification, and so on. Modern cameras can detect far
objects and allow to deal with fine details for better performances. Furthermore,
image processing techniques and algorithms have been extensively studied,
meaning the technology is mature. However, 2D data have their limitations.
They cannot provide depth perception unless the camera system comes with
stereoscopic setups or additional depth-sensing technologies. The quality can
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suffer a substantial degradation in various lighting conditions such as low light,
glare, or direct sunlight. Moreover, 2D images can be significantly affected by
occlusions or environmental factors like fog or rain.

On the other hand, 3D data excels in areas where 2D data fails. The 3D sensors
provide accurate depth information, enabling precise distance measurements.
They remain consistent across different lighting conditions, working efficiently
both at day and night. LiDAR and radar are also less sensitive to disturbance
from environmental conditions, and many systems offer a complete 360-degree
view of the vehicle surroundings. Nevertheless, 3D sensing systems tend to be
more expensive and they usually have a lower resolution than that of high-end
cameras. They also don’t capture color and texture, which can be essential for
some tasks, as stated previously. Additionally, 3D data can be more challenging
to process, requiring more computational resources.

In practice, a robust autonomous driving perception system integrates both
2D and 3D data. Sensor fusion aims to combine the strengths of each type
while minimizing their individual weaknesses [328, 348, 123]. This multi-modal
approach provides a more comprehensive view of the environment, increasing
the safety and reliability of self-driving vehicles.

In our work, we propose a novel upsampling method for point clouds, a
particular representation of 3D data (see next Sec. 3.2), which enables the use
of arbitrary ratios, improving the quality of 3D input and ultimately enhancing
the reconstruction task.

3.2 3D Data Representations

Selecting the right data representation is crucial when working with 3D deep
learning systems, as each method offers various pros and cons. While there exists
no canonical representation that balances computational and memory efficiency
with the capability of reproducing high-resolution geometry of arbitrary topol-
ogy, several representations have emerged. Those approaches have inherent
trade-offs regarding efficiency, expressivity, and topological constraints. The
most common are presented in this section:

• Point clouds. A point cloud is a collection of data points in 3D space, each
defined by X, Y, and Z coordinates, as depicted in Fig. 3.1a. They can op-
tionally include additional attributes such as RGB color. Unlike structured
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data like images where pixels have clear neighboring relationships, point
clouds lack regularity. This makes traditional convolution operations in
deep learning infeasible. As a result, specialized models like PointNet
[250, 251], have been developed to effectively process them. The main ben-
efits are the fast rendering, which allows for quick visualization, the exact
representation of 3D objects, and the possibility to execute fast modifica-
tions with simple transformations. However, the high number of points in
a point cloud can lead to high memory consumption, also limiting some
operations such as merging and manipulation from a computational point
of view. For many applications, it is common to convert point clouds into
a more structured form, like a mesh, using various surface reconstruction
techniques. In our study, we perform arbitrary point cloud upsampling in
order to enhance the reconstruction process.

• Meshes. Meshes consist of vertices (3D points) connected by edges form-
ing faces (polygons), as shown in Fig. 3.1b. The latter can be triangles
or squares. They provide additional geometric, topological, and surface-
normal information compared to point clouds. This extra information
proves beneficial in rendering algorithms (e.g. to compute lighting effects)
and in training learning models. For instance, graph convolutional net-
works [147, 28, 315] deal with meshes as graphs and perform convolutional
operations using vertex neighbor information [243, 319]. However, mesh-
ing interpolates the underlying point cloud geometry and can therefore
represent the data only to a certain extent (curved objects are approxi-
mated). Finally, their creation can be complex and time-consuming.

• Voxels. Voxels (volume elements) are the extension of 2D pixels to 3D. The
3D volume is divided into a grid of smaller units, each with an occupancy
value indicating if it is within the shape. Additional information like color
or transparency can be associated with each element. While this repre-
sentation is useful for rendering and smooth visualization, it can result
in a rough approximation of the original geometry and might introduce
aliasing distortions. Moreover, other downsides are the high memory
requirements and the inefficiency when dealing with high-resolutions.
Nevertheless, the structured grid layout of voxel models is beneficial for
processing through 3D convolutional neural networks [333, 263]. An illus-
tration of voxels can be found in Fig. 3.1c.
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• Multi-view. A multi-view representation of a 3D shape is a set of 2D im-
ages, each representing the 3D shape from different viewpoints. This data
format is particularly convenient because it can be directly processed using
2D CNNs [293, 231]. However, multi-view representations are influenced
by lighting, and capturing a comprehensive view of a 3D model might
require a large number of images.

• Special case: RGB-D. RGB-D representations have become popular thanks
to the widespread use of depth sensors. RGB-D data provides 2.5D infor-
mation of the captured 3D object by combining a depth map with 2D color
information. Similar to multi-view representations, this format can be
readily processed with 2D CNNs [78, 387].

• Special case: projections. There are various projection techniques to
translate the 3D data into a 2D grid with specific information. Commonly,
projections into spherical and cylindrical domains have been employed for
this kind of 3D data representation. These projections also simplify the
processing with well-established 2D CNNs due to the resulting uniform
grid structure [290, 33, 330]. Unfortunately, for complicated tasks such
as dense correspondence, this format may not be ideal due to the loss of
information in the projection.

• Implicit neural representations. Implicit representations, also known
as coordinate-based representations, provide a novel way to parameter-
ize various signals. Unlike traditional signal representations, which are
typically discrete, this method utilizes a continuous function to map the
domain of the signal, such as the 3D coordinates, to its corresponding
output, such as the occupancy probability (Fig. 3.1d). However, these
functions are usually not analytically tractable. Implicit neural represen-
tations approximate the function via a neural network. The main benefit
is that the memory required to parameterize the signal is independent of
spatial resolution and only scales with the complexity of the underlying
signal, i.e. they have "infinite resolution". Different implicit representa-
tions help to solve distinct tasks: DeepSDF, Occupancy Networks, and
similar methods [233, 36, 211, 238, 359] address the shape representation
problem; SRN, NeRF, and related works [291, 212, 221, 144] deal with
scene representation, in particular the novel view synthesis task; finally,
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UNISURF, VolSDF, NeUS, and analogous research [228, 346, 320] aim to
solve the reconstruction problem.

(a) Point Cloud (b) Mesh (c) Voxel (d) Implicit

Figure 3.1: 3D representations. Source: [211].

3.3 Study Objective and Contributions

As discussed before, point clouds are a common way to represent 3D data
as an unordered list of points, which can be thought of as discrete samples from
the underlying surface of the object. In recent years, the wide availability of
low-cost scanning sensors has driven the research attention towards 3D point
clouds analysis for several applications such as augmented reality, robotics and
autonomous driving [375, 35, 201, 338]. However, the sparsity and the noise level
in raw data from such sensors pose key challenges in point cloud processing for
downstream tasks, e.g. classification, segmentation and surface reconstruction.
To this end, we focus on point cloud upsampling, which consists in generating
a dense and uniform set of points from a sparse and noisy input.

Building on pioneering works for neural point processing [250, 251], learning-
based methods achieve state-of-the-art results in point cloud upsampling [357,
176, 252, 175] and significantly outperform classical optimization-based tech-
niques [121, 186, 122]. One of the main limitations of current approaches is
the tight coupling between the upsampling ratio and the network architecture.
Typically, this value must be specified in advance and different models must be
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re-trained from scratch for different rates. Despite recent efforts to design flexi-
ble networks with a user-defined upsampling factor at test time, existing works
still limit its value to be integer and lower than a given bound [253, 202, 347],
or reconstruct the whole surface with ground truth normals as an intermediate
step [86].

Our main goal is to remove these limitations and to enable arbitrary upsam-
pling from raw point clouds with a single trained model, as shown in Fig. 3.2.
The key intuition of the presented method is to split the upsampling procedure
into two steps: (i) firstly, the input point cloud is mapped to a probability dis-
tribution on a canonical domain; (ii) then, an arbitrary number of points can be
sampled from such distribution and mapped back to the target surface.

Inspired by recent works on point cloud autoencoders [103, 177, 50], we
propose to use the unit sphere as intermediate representation and we define
a Spherical Mixture of Gaussians (SMOG) distribution on such domain. In
this way, each input point is associated with a mixture weight and a bivariate
Gaussian in spherical coordinates, whose parameters are estimated by a neural
network.

The inverse mapping from the samples on the unit sphere to the desired
shape is implemented by querying the decoder of a Transformer model [314]
with an arbitrary number of points, which effectively decouples the network
architecture and the value of the upsampling ratio. Moreover, we design both a
feature extraction backbone and a residual refinement block based on local self-
attention, which has proved to learn powerful representations on point cloud
data [215, 358, 370]. Therefore, our main contributions can be summarized as
follows:

• We present a novel approach for point cloud upsampling with arbitrary
scaling factors, including non-integer values, with a single trained model.

• We propose to learn a mapping from the low-resolution input point cloud
to a probability distribution on the unit sphere. This distribution can then
be sampled arbitrarily and the inverse mapping is learned to generate the
high-resolution output.

• We design a fully attention-based network architecture with state-of-the-
art performances on multiple benchmarks and strong generalization capa-
bilities.
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Input 𝑟 = 2.34 𝑟 = 4.93 𝑟 = 9.51 𝑟 = 22.86 GT Mesh

Figure 3.2: The proposed approach can perform point cloud upsampling from
a sparse input with 𝑁 points to a high-resolution output with 𝑟 ×𝑁 points. The
upsampling ratio 𝑟 ∈ R can be specified arbitrarily at test time, even if the model
is trained a single time with 𝑟 = 4.

3.4 Related Work

Canonical Primitives. In the context of point cloud auto-encoders, a common
procedure to generate the output is to feed the decoder with a global latent
vector encoding the input and a canonical primitive (e.g. a 2D grid [342]),
which is deformed to match the target surface. Following the insights in [103],
several works use the unit sphere with uniform sampling as an intermediate
representation [177, 50]. Recently, TearingNet [232] proposed to learn topology-
friendly representations by additionally estimating pointwise offsets on the 2D
domain. We take a step further by directly learning a mean vector on the unit
sphere and 2D variances in spherical coordinates for each point in the input
shape. This allows to define a distribution from which an arbitrary number of
points are sampled and mapped back to the surface.

Learning-based Upsampling. Point cloud upsampling is an inherently ill-
posed problem, since a finite number of samples correspond to many under-
lying surfaces and viceversa. For this reason, PU-Net [357] pioneered the idea of
learning geometric priors from data and outperformed previous classical meth-
ods [122, 186, 121]. Building on this seminal idea of learning and expanding
multi-scale point features, MPU [350] proposes a patch-based progressive strat-
egy for upsampling at different levels of detail, while PU-GAN [176] casts the
upsampling procedure in a generative adversarial framework. PU-GCN [252]
introduces several modules built upon graph convolutional network that can
be integrated into other architectures, whereas Dis-PU [175] disentangles the
upsampling task into two cascaded subnetworks for dense point generation and
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spatial refinement. Despite showing promising results, all these works require a
fixed upsampling ratio 𝑟 and train different models for varying values of 𝑟. This
strategy does not adapt to real-world point clouds with different quality and it
increases the training time significantly.

Arbitrary Upsampling. Recently, a few works [202, 253, 347] emerged with
the goal of decoupling the upsampling ratio and the network architecture, thus
achieving flexible upsampling. Meta-PU [347] employs meta-learning to pre-
dict the weights of residual graph convolution blocks dynamically for different
values of 𝑟. However, the model first generates a set of 𝑟𝑚𝑎𝑥 × 𝑁 points, which
are then downsampled to the desired ratio using farthest point sampling (FPS).
MAFU [253] and PU-EVA [202] exploit the local geometry of the tangent plane at
each point to sample a variable number of candidate points in its neighborhood,
but they are limited to integer upsampling factors within a predefined range
[𝑟𝑚𝑖𝑛 , 𝑟𝑚𝑎𝑥]. In addition, the former requires normal vectors information to be
trained. On the other hand, our approach is designed to support any value of
𝑟 ∈ R, without restrictions. Neural Points [86] is a concurrent work that performs
upsampling with unconstrained ratios by first encoding the continuous under-
lying surface with neural fields and then sampling an arbitrary number of points
from it. Their main limitation is the requirement of ground truth normals for
training, which are difficult to estimate with high accuracy, especially for noisy
and sparse inputs. Conversely, our model operates in a discrete-to-discrete way
on raw point clouds without normals.

Transformers for Point Clouds. The Transformer model has revolutionized
both natural language processing [314] and computer vision [75], thanks to the
attention mechanism at its core. Since the Transformer architecture is permuta-
tion invariant by design and thus naturally suited for 3D data, early works in the
field focused on adapting its modules to point cloud processing [370, 80, 107,
208]. Attention-based methods have achieved state-of-the-art results in many
3D tasks, such as point cloud completion [358], object detection [215] and classi-
fication [339]. In this work, we propose to combine the Transformer architecture
with an attention-based refinement module for point cloud upsampling. To the
best of our knowledge, there is only one concurrent work on this aspect [254].
However, they solely leverage the Transformer encoder, while we also exploit
the possibility of querying the Transformer decoder for arbitrary upsampling.
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Figure 3.3: A high-level overview of the method. The low-resolution input
point cloud with size 𝑁 × 3 is firstly mapped to a probability distribution on the
unit sphere, with a mean vector and covariance matrix associated to each point.
Then, this distribution can be sampled to produce the high-resolution output
with size 𝑀 × 3, being 𝑀 = 𝑟 × 𝑁 and 𝑟 the arbitrary upsampling ratio.

3.5 Method

Denoting by 𝒫 = {p𝑖 ∈ R3}𝑁
𝑖=1 the unordered sparse input point cloud of

𝑁 3D points, our objective is to generate an arbitrarily denser point set
𝒬𝑟 = {q𝑖 ∈ R3}𝑀

𝑖=1 with 𝑀 = 𝑟 × 𝑁 points, where 𝑟 ∈ R is the upsampling
factor. Note that point cloud upsampling is an ill-posed task, since there is not
a single feasible correct output. This means that 𝒬 should represent the same
underlying surface 𝒮, while not being necessarily a superset of 𝒫. To this end,
we design a fully attention-based end-to-end network for arbitrary point cloud
upsampling, taking advantage of Gaussian mixture sampling and Transformer
queries to enable flexible ratios. An overview of our framework is shown in
Fig. 3.3.

The details are explained in the following: in Sec. 3.5.1 we present our
lightweight feature extractor, while Sec. 3.5.2 describes the input mapping to a
distribution on the unit sphere and the relative sampling. In Sec. 3.5.4 we show
how to leverage the Transformer model to obtain a flexible number of output
points. Lastly, in Sec. 3.5.5 we illustrate the refinement of the 3-dimensional
coordinates to generate the final upsampled point cloud.
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3.5.1 Feature Extraction

The first step of our pipeline is to extract point-wise features from the 𝑁 × 3
input point cloud to obtain a 𝑁 × 𝐷 feature map. Differently from previous
methods [252, 357, 176] that employ either PointNet [250, 251] or DGCNN [326]
as backbone, we design a lightweight network based on Point Transformer [370].
For each input point p𝑖 ∈ 𝒫, its associated feature is computed by the Point
Transformer Layer (PTL) as follows:

f𝑖 =
∑︂

p𝑗∈𝒩(p𝑖)
𝜌(𝛾(𝛽(p𝑖) − 𝜓(p𝑗) + 𝛿)) ⊙ (𝛼(p𝑗) + 𝛿) (3.1)

where𝒩(p𝑖) is the set of 𝑘 nearest neighbors of p𝑖 , 𝛿 = 𝜂(p𝑖 − p𝑗) is the positional
encoding and the symbol ⊙ denotes the element-wise product. The mappings
𝛼, 𝛽 and 𝜓 are simple linear layers, 𝛾 and 𝜂 are two-layers MLP, while 𝜌 is the
softmax function. Note that in the context of the classical interpretation of the
Transformer model [314], 𝛼 generates the values, 𝛽 the queries and 𝜓 the keys.

3.5.2 Spherical Mixture of Gaussians Sampling

The core intuition of our approach is to map the input point cloud into
a probability distribution on a canonical domain which can be conveniently
sampled. To this end, we estimate the parameters of a Gaussian Mixture Model
(GMM) on the unit sphere from the deep features extracted by the PTL. The
choice of this domain over a 2D square is motivated by the fact that the unit
sphere is a manifold without boundaries, which avoids the truncation of the
Gaussian distributions in the GMM.

More specifically, we define a 𝐾 components GMM Γ = {𝑤𝑖 , 𝜇𝑖 ,Σ𝑖}𝐾𝑖=1, where
𝑤𝑖 , 𝜇𝑖 and Σ𝑖 are the mixture weight, mean and covariance of the 𝑖-th Gaussian
and 𝐾 = 𝑁 . Therefore, the likelihood of a point z on the unit sphere is given by
a weighted combination of individual components 𝑢𝑖(z):

𝑢Γ(z) =
𝑁∑︂
𝑖=1

𝑤𝑖𝑢𝑖(z) (3.2)

Each component is weighted equally (i.e. 𝑤𝑖 = 1
𝑁 ) and its parameters (𝜇𝑖 ,Σ𝑖) are

estimated by a MLP 𝜉:
(𝜇𝑖 ,Σ𝑖) = 𝜉(f𝑖) (3.3)
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The MLP predicts the mean vector𝜇𝑖 in Cartesian coordinates and the covariance
matrix Σ𝑖 in spherical coordinates. In particular, the covariance matrix is built
by exploiting the constraint of symmetry:

Σ𝑖 =

[︄
𝜎2
𝜃 𝜎𝜃𝜙

𝜎𝜃𝜙 𝜎2
𝜙

]︄
(3.4)

where 𝜎2
𝜃, 𝜎2

𝜙 and 𝜎𝜃𝜙 are the outputs of the covariance head of the MLP cor-
responding to the azimuth angle 𝜃 ∈ [0, 2𝜋] and the elevation angle 𝜙 ∈ [0,𝜋],
respectively. In order to generate a dense output point cloud, we sample an
arbitrary number of points from the distribution and learn the inverse mapping
from the spherical domain to the target surface. This process is illustrated in
Fig. 3.4.

3.5.3 Details on SMOG Sampling

In this section, we discuss the implementation details of the sampling process
from the SMOG distribution. More specifically, we have to ensure that the
covariance matrix Σ is positive semi-definite, in order for it to be well-defined.
The simplest way to impose this condition is to clamp the covariance value 𝜎𝜃𝜙
between the following bounds:

−𝜎𝜃𝜎𝜙 ≤ 𝜎𝜃𝜙 ≤ 𝜎𝜃𝜎𝜙 (3.5)

To prove this, consider a real symmetric 2 × 2 matrix:

𝐴 =

[︄
𝑎 𝑏

𝑏 𝑐

]︄
(3.6)

Such a matrix is positive semi-definite if and only if its eigenvalues are non-
negative. The eigenvalues of a 2 × 2 matrix can be computed in closed form as
the solutions to the following equation:

det(𝐴 − 𝜆𝐼) = (𝑎 − 𝜆)(𝑐 − 𝜆) − 𝑏2 = 0 (3.7)
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We can immediately apply the well-known formula for solving quadratic equa-
tions:

𝜆1,2 =
𝑎 + 𝑐 ±

√︁
(𝑎 + 𝑐)2 − 4(𝑎𝑐 − 𝑏2)

2 (3.8)

The argument of the square root is always non-negative, as it can be rewritten
as the sum of two positive numbers:

4𝑏2 + (𝑎 − 𝑐)2 ≥ 0 (3.9)

Since 𝑎 > 0 and 𝑐 > 0 by construction, the first solution is also guaranteed to be
non-negative as the sum of three non-negative components:

𝜆1 =
𝑎 + 𝑐 +

√︁
(𝑎 + 𝑐)2 − 4(𝑎𝑐 − 𝑏2)

2 ≥ 0 (3.10)

Let’s analyze the second solution:

𝜆2 =
𝑎 + 𝑐 −

√︁
(𝑎 + 𝑐)2 − 4(𝑎𝑐 − 𝑏2)

2 ≥ 0 (3.11)

It can be rewritten as follows:

𝑎 + 𝑐 ≥
√︁
(𝑎 + 𝑐)2 − 4(𝑎𝑐 − 𝑏2) (3.12)

Since both sides of the inequality are non-negative, we can square them and we
can expand the right-hand side:

𝑎2 + 2𝑎𝑐 + 𝑐2 ≥ 𝑎2 + 𝑐2 − 2𝑎𝑐 + 4𝑏2 (3.13)

With simple computations, this becomes:

4𝑎𝑐 ≥ 4𝑏2 =⇒ |𝑏 | ≤
√
𝑎𝑐 =⇒ −

√
𝑎𝑐 ≤ 𝑏 ≤

√
𝑎𝑐 (3.14)

Note that this finding is confirmed by noting that the correlation value 𝜌𝜃𝜙 is
bounded between [−1, 1] and by definition:

𝜌𝜃𝜙 =
𝜎𝜃𝜙√︂
𝜎2
𝜃𝜎

2
𝜙

=⇒ −1 ≤
𝜎𝜃𝜙√︂
𝜎2
𝜃𝜎

2
𝜙

≤ 1 =⇒ −𝜎𝜃𝜎𝜙 ≤ 𝜎𝜃𝜙 ≤ 𝜎𝜃𝜎𝜙 (3.15)
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From an implementation point of view, we ensure this condition with the
torch.clamp function. Even if this naive approach sets the gradients and the
related update signal to zero outside the acceptance region, we have found ex-
perimentally that very few values lie outside this range during training. An
alternative approach for imposing the same constraint is to decompose the co-
variance matrix as follows:

Σ = R(𝛼)DR(𝛼)⊤ (3.16)

where R(𝛼) is the 2D rotation matrix for a given angle 𝛼 and D is a diagonal
matrix with variances as diagonal elements. The resulting covariance matrix
is symmetric and positive definite as required, with the additional advantage
of predicting a continuous value for the angle 𝛼 as the output of the network,
instead of clamping and zeroing the gradients. We have implemented and tested
this strategy, but we did not notice any significant improvement with respect to
the previous approach.

3.5.4 Transformer Model

The second core intuition which underpins our work is the possibility of
querying the Transformer model [314] with an arbitrary number of points. In-
spired by the 3DETR architecture [215], the set of 𝑁 × 𝐷 features produced by
our backbone is fed to an encoder to produce a new feature map of dimension
𝑁 × 𝐷. The Transformer encoder has a single layer with a four-headed atten-
tion and an MLP with two layers. These features, along with a set of 𝑟 × 𝑁

queries, are processed by the two-layers Transformer decoder to generate 𝑟 × 𝑁
3-dimensional Euclidean coordinates, which represent the coarse upsampled
point cloud. The queries are obtained by embedding with Fourier positional
encoding [300] the points sampled from the unit sphere manifold.

3.5.5 Residual Refinement

The coarse output from the Transformer decoder might be noisy, non-
uniform distributed and have several outliers. Motivated by other works [175,
253], we design an attention-based residual refinement with a similar architec-
ture as the feature extractor described in Sec. 3.5.1. In particular, we employ
a single Point Transformer Block (PTB) [370] composed by a PTL, two linear

59



3.5. METHOD
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Figure 3.4: The sampling process shown in detail. Red points are the Gaussian
means on the unit sphere associated to each input point, while green points
are the arbitrary samples from the SMOG. Red points on the right branch are
maintained for visualization.

layers, a ReLU activation function and a residual connection. Differently from
Eq. 3.1, in this case the PTL takes as input the local features extracted from
the backbone, while the positional encodings are computed with the 3D coarse
coordinates. The𝐷-dimensional vector produced by the PTB is finally projected
to a 3-dimensional space with a two-layers MLP that computes the residual for
each point, which is added to the coarse prediction to obtain the refined result.

3.5.6 Loss Function

Let ˜︁𝒬𝑟 = {˜︁q𝑖 ∈ R3}𝑟𝑁
𝑖=1 be the coarse prediction generated by the Trans-

former with upsampling rate 𝑟, 𝒬𝑟 = {q𝑖 ∈ R3}𝑟𝑁
𝑖=1 the refined prediction and

𝒴𝑟 = {y𝑖 ∈ R3}𝑟𝑁
𝑖=1 the ground-truth upsampled point cloud. For training, we

adopt a similar strategy as in [86] to define a distance between two generic point
clouds 𝒳 = {x𝑖 ∈ R3}𝑋

𝑖=1 and 𝒵 = {z𝑖 ∈ R3}𝑍
𝑖=1 as:

𝑑Π(𝒳 ,𝒵) = 1
𝑋

𝑋∑︂
𝑖=1

∥x𝑖 −Π(x𝑖 ,𝒵)∥2
2 (3.17)
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where Π(·, ·) is the projection of a 3D point to a point cloud. This term is
computed as the weighted combination of the nearest points to x in 𝒵, with
indices 𝒩(x,𝒵):

Π(x,𝒵) =
∑︁
𝑘∈𝒩(x,𝒵) 𝑤𝑘z𝑘∑︁
𝑘∈𝒩(x,𝒵) 𝑤𝑘

(3.18)

The weights 𝑤𝑘 are given by:

𝑤𝑘 = 𝑒−𝛼∥x−z𝑘 ∥2
2 , 𝑘 ∈ 𝒩(x,𝒵) (3.19)

with 𝛼 = 103. The corresponding loss is then defined by the following bidirec-
tional sum:

ℒΠ(𝒳 ,𝒵) = 𝑑Π(𝒳 ,𝒵) + 𝑑Π(𝒵,𝒳) (3.20)

Our arbitrary upsampling network is trained with the sum of three losses:

ℒ = ℒΠ(˜︁𝒬4,𝒴4) + ℒΠ(𝒬4,𝒴4) + ℒ𝐴𝐶𝐷(˜︁𝒬1,𝒫) (3.21)

where the last term is the Augmented Chamfer Distance (ACD) between the
reconstructed point cloud and the input, defined for two generic point clouds
as follows:

ℒ𝐴𝐶𝐷(𝒳 ,𝒵) = max

{︄
1
𝑋

∑︂
x∈𝒳

min
z∈𝒵

∥x − z∥2
2,

1
𝑍

∑︂
z∈𝒵

min
x∈𝒳

∥x − z∥2
2

}︄ (3.22)

In practice, each training iteration consists of two forward passes and a single
backward pass. During the upsampling forward pass, the Transformer decoder
is queried with 4 × 𝑁 points sampled from the SMOG and the projection loss
components for both the coarse and refined upsampled outputs are computed.
On the other hand, in the reconstruction phase, the estimated means of the
SMOG components are fed to the decoder and the ACD with respect to the input
point cloud is evaluated. This additional term is required to learn the proper
positions of the Gaussian means on the unit sphere, which acts effectively as
an intermediate probabilistic representation of the input shape. The ablation
studies in Sec. 3.6.6 prove this insight with numerical evidence.
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3.6 Experiments

3.6.1 Settings

Datasets. In order to compare the proposed APU-SMOG with state-of-the-
art fixed-ratio methods, we employ the challenging PU1K dataset [252], which
contains 1147 synthetic 3D models of various shapes, split into 1020 training
samples and 127 testing samples. Consistently with existing literature [252, 175,
176, 350], 50 patches are extracted from each training shape with 256 points as
input to the model and 1024 points as ground truth (𝑟 = 4). During testing,
2048 points are sampled from the original mesh with Poisson disk sampling.
We employ a similar strategy as in [356] to extract overlapping patches with
256 geodesically close points. The network predicts the upsampled outputs at
patch level and the final result is given by combining the overlapping patches
with FPS to obtain 8192 points.

Moreover, we evaluate our approach against flexible-ratio methods on the
widely used PU-GAN dataset [176], which is composed by 147 shapes collected
from the PU-Net [357], MPU [350] and Visionair [316] repositories. The same
patch-based training and testing procedure is followed with 2048 points as input,
but ground truth point clouds with different sizes are generated to adapt to the
values of the scaling factor 𝑟. Finally, we test the generalization capabilities of
our approach on real-world LiDAR point clouds from the KITTI dataset [91].

Evaluation Metrics. Following previous works, the results are quantitatively
evaluated with the Chamfer Distance (CD), Hausdorff Distance (HD) and Point-
to-Surface (P2F) distance metrics. The CD is the sum of squared distances
between nearest neighbor correspondences of the input and ground truth point
clouds, while the HD effectively measures the influence of outliers in the pre-
dicted results. On the other hand, the P2F distance is computed against the
underlying surface, thus estimating the quality of the upsampled point cloud as
an approximation of the real shape. All the metrics are averaged on the whole
test set and a lower value indicates better upsampling performance.

Comparison Methods. For the task of upsampling with a fixed ratio 𝑟 = 4 on
the PU1K dataset, we provide quantitative comparison against the state-of-the-
art models PU-Net [357], MPU [350], PU-GAN [176], PU-GCN [252] and Dis-
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PU [175]. On the other hand, the flexible methods MAFU [253], PU-EVA [202]
and Neural Points [86] are used as baselines for arbitrary upsampling on the
PU-GAN dataset. For a fair comparison, we used the official pre-trained models
when available and re-trained the other ones with the official published code.

Implementation Details. Our framework is implemented in PyTorch [236].
The features dimension is set to 𝐷 = 128. The MLPs in the Transformer model
has hidden dimension equal to 64 in the encoder and 128 in the decoder. For the
local feature extractor and the refinement module, the number of neighboring
points are set to 32 and 4𝑟, respectively. The projection components in the loss
function are weighted with 𝜆1 = 𝜆2 = 0.01, while the reconstruction component
weight is set to 𝜆3 = 1. In the Π(·, ·) computation, 𝑘 is equal to 4. The model
is trained with a batch size of 64 for 100K iterations on a single V100 GPU with
32GB of RAM, using random rotation and perturbation as data augmentation
techniques to avoid overfitting. The AdamW [198] optimizer is used with a
learning rate decay following a cosine schedule [199] from 5e−4 to 1e−6, a
weight decay of 0.1 and a gradient 𝐿2 norm clipping of 0.1.

3.6.2 Quantitative Results

The quantitative evaluation of the method on the PU1K test set and a fixed
upsampling ratio 𝑟 = 4 for point clouds with 𝑁 = 2048 points is presented
in Tab. 3.1. It can be noticed that we achieve the lowest HD value, indicat-
ing that APU-SMOG performs upsampling with fewer outliers with respect to
state-of-the-art models, as well as the lowest P2F distance, showing a better ap-
proximation of the underlying surface. Our approach falls behind Dis-PU [175]
in terms of the CD metric by a slight margin. Nevertheless, this quantity mea-
sures the consistency of the result with the ground truth point cloud, rather than
with the target shape: two different sets of points sampled from the same mesh
have a non-zero CD, despite belonging to the same surface.

Furthermore, the numerical performances as a function of the ratio 𝑟 on
the PU-GAN test set are provided in Tab. 3.2. In order to be able to compare
against state-of-the-art flexible methods [253, 202], we constrain 𝑟 to be an integer
value smaller than 16, even if we can generate predictions with any 𝑟 ∈ R. Our
approach achieves the best CD value, as well as the best HD value by a significant
margin, along the whole spectrum of ratios. Note that both MAFU [253] and
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Method CD↓ HD↓ P2F 𝜇↓ P2F 𝜎↓
PU-Net [357] 1.155 11.626 4.834 6.799
MPU [350] 0.935 10.298 3.551 5.971
PU-GAN [176] 0.885 16.539 3.717 5.746
PU-GCN [252] 0.584 5.822 2.499 4.441
Dis-PU [175] 0.511 4.104 2.013 2.926

Ours 0.528 2.549 1.667 2.075

Table 3.1: Quantitative comparison with state-of-the-art methods on the PU1K
dataset and 𝑟 = 4. The units are all 10−3 and lower is better. Best and second
results are bold and underlined.

Method
𝑟 = 4 𝑟 = 8 𝑟 = 12 𝑟 = 16

CD↓ HD↓ P2F↓ CD↓ HD↓ P2F↓ CD↓ HD↓ P2F↓ CD↓ HD↓ P2F↓

Fi
xe

d PU-GAN [176] 0.274 4.694 1.943 0.489 6.985 2.621 0.233 6.093 2.548 0.209 6.055 2.556
PU-GCN [252] 0.304 2.656 2.541 0.256 4.175 2.825 0.204 4.157 2.737 0.195 4.176 2.716
Dis-PU [175] 0.360 5.133 2.868 0.352 7.028 3.338 0.291 6.694 3.258 0.271 6.645 3.240

Fl
ex

ib
le

MAFU [253] 0.322 2.116 1.721 0.195 2.389 2.037 0.164 2.392 2.034 0.158 2.367 1.971
NePs [86] 0.368 4.556 1.875 0.254 10.146 1.928 0.203 10.018 1.922 0.159 9.263 1.957

PU-EVA [202] 0.394 7.676 2.915 0.322 7.951 3.148 0.290 8.191 3.234 0.286 8.390 3.269

Ours 0.276 1.909 2.634 0.194 1.628 2.613 0.162 1.626 2.635 0.149 1.948 2.666

Table 3.2: Quantitative comparison with state-of-the-art methods on the PU-
GAN dataset and flexible upsampling ratios. The units are all 10−3 and lower is
better. Best and second results among flexible methods are bold and underlined.
Fixed methods are included as reference.

Neural Points [86] have a lower P2F metric since they require ground truth
normals at training time, which helps in finding the correct surface. On the
other hand, our approach consistently outperforms PU-EVA [202], which is
trained from raw point clouds. For completeness, we include the comparison
against fixed-ratio models as reference. To generate predictions for 𝑟 ∈ {8, 12, 16},
each network is queried iteratively with 𝑟 = 4 and the desired number of points
is obtained with FPS.

3.6.3 Qualitative Results

Fig. 3.5 shows qualitative upsampling results in comparison with state-of-
the-art methods. These results have been obtained under the same settings as
Tab. 3.1, namely with all the models trained on the PU1K dataset with fixed
upsampling ratio 𝑟 = 4 for input point clouds having size 𝑁 = 2048. Close-

64



CHAPTER 3. POINT CLOUD UPSAMPLING FOR ENHANCED 3D DATA

Input PU-GAN [176] PU-GCN [252] Dis-PU [175] Ours Ground Truth

Figure 3.5: Qualitative comparison with state-of-the-art methods on the PU1K
dataset. Inputs with 2048 points (left) are upsampled to 8192 points (right), with
upsampling ratio 𝑟 = 4. Details are best viewed when zoomed in.

up views show that APU-SMOG is particularly effective in preserving fine-
grained structures, such as the piano’s pole and the motorcycle mirror, and
disambiguating complex shape (see the bag’s handle). It can be noticed that
other models fail to distinguish between different details of the surface and
tend to merge them together, thus producing noisy point clouds. Moreover, the
proposed attention-based residual refinement block generates refined outputs
with fewer outliers (e.g. the plane motors). Finally, the visualization of Fig. 3.6,
obtained with𝑁 = 256, shows that the model is learning a meaningful mapping,
preserving in that case the cup hole.

3.6.4 Generalization and Robustness

We conduct further experiments to demonstrate the robustness and gener-
alization capabilities of APU-SMOG. Firstly, we provide qualitative results on
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Sphere

Projection

Figure 3.6: Visualization of the learned spherical representation. The model
learns a meaningful mapping, preserving the cup hole.

real-world point clouds from the KITTI dataset [91], without any fine-tuning.
This task is particularly challenging, since street-level LiDAR data with noise
and occlusions are very different from synthetic training samples. Fig. 3.7 shows
the generalization power of our approach on different urban elements such as
cars, trucks and pedestrians.

Since the previous qualitative results in Fig. 3.5 have been generated with
point clouds having 𝑁 = 2048 points, we show in Fig. 3.8 that the predictions of
our method closely follow the underlying surfaces for a wide variety of input
sizes. Even for the sparsest input with 256 points, thin structures such as the
horse’s legs are upsampled correctly. In order to simulate real noisy point
clouds from scanning sensors, Fig. 3.9 shows the upsampling results for three
different levels of additive Gaussian noise. It can be noticed that the duck shape
is successfully maintained for both the clean and the corrupted inputs.

Finally, the key novelty of our approach is the possibility to specify an arbi-
trary upsampling factor at test time, thus producing consistent results with the
desired output resolution. This flexibility is shown in Fig. 3.2.

3.6.5 Surface Reconstruction

In this section, we present the qualitative results of our approach when the
upsampled point clouds are used to extract a continuous mesh. This experiment
is performed with the model trained on the PU1K dataset [252] with input
size 𝑁 = 2048, 𝑟 = 4 and the open-source implementation of Poisson Surface
Reconstruction (PSR) available in the Open3D library [378]. Fig. 3.10 shows that
the outputs of our method allow to reconstruct better shapes with respect to
other state-of-the-art methods (e.g. the index finger in the hand and the human
arm in the statue).

Moreover, we provide additional surface reconstruction results from APU-
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Figure 3.7: Generalization to real-world point clouds from the KITTI dataset
[91]. APU-SMOG can upsample successfully various urban instances, including
fine-grained structures such as the car window. Details are best viewed when
zoomed in.
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Figure 3.8: Effect of input point cloud size on the upsampling results.
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Figure 3.9: Effect of additive noise on the upsampling results.

SMOG as a function of the upsampling ratio in Fig. 3.11. In this case, the
input point cloud has size 𝑁 = 1024 and the ratios are chosen randomly in
a wide range to further demonstrate the ability of handling arbitrary factors
𝑟 ∈ R. Note that the ground truth mesh is the actual synthetic shape from the
PU1K dataset, while the ground truth point cloud is generated for reference by
Poisson disk sampling. The quality of the resulting mesh consistently improves
with increasing values of the upsampling ratio, thus proving the effectiveness
of our method for the downstream 3D reconstruction task.

3.6.6 Ablation Studies

We perform a set of ablation studies to evaluate the contribution of each
module to the proposed pipeline. The presented results in Tab. 3.3 have been
obtained with different versions of our model trained on the PU1K dataset with
fixed upsampling ratio 𝑟 = 4.

In order to measure the influence of the SMOG representation, we replace it
with a FoldingNet-like [342] strategy, i.e. sampling the unit sphere uniformly.
The quantitative results confirm that our approach is able to generate better
predictions, as it adaptively learns a local probability distribution around each
point.

Furthermore, we investigate the influence of the number of GMM compo-
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Input PU-GAN [176] PU-GCN [252] Dis-PU [175] Ours Ground Truth

Figure 3.10: Qualitative comparison with state-of-the-art methods when the
upsampled point clouds are used to compute a mesh with PSR.

Input 𝑟 = 1.98 𝑟 = 3.45 𝑟 = 7.72 𝑟 = 18.11 Ground Truth

Figure 3.11: Qualitative comparison with arbitrary upsampling ratios when the
point clouds are used to compute a mesh with PSR.
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Ablation CD↓ HD↓ P2F↓
FoldingNet-like [342] 0.558 2.761 1.700
𝑁/4 SMOG components 0.564 2.803 1.686
w/o refinement 0.572 8.536 2.182
w/o rec. loss, ℒΠ ups. 0.561 2.843 1.726
w/o rec. loss, ℒ𝐴𝐶𝐷 ups. 0.816 6.459 2.694

Ours 0.528 2.549 1.667

Table 3.3: Ablation studies on different versions of our model. The units are all
10−3 and bold denotes the best performance.

nents on the output point clouds, reducing it to 𝐾 = 𝑁/4. The numerical
evaluation exhibits decent performances, suggesting that the model associates
each Gaussian distribution to a local neighborhood of points. However, having
a single component for each input point leads to the best results overall.

The third row in Tab. 3.3 proves the effectiveness of the attention-based
residual refinement step. The significantly higher HD value indicates that the
raw output from the Transformer decoder contains several outliers, which are
correctly positioned closer to the surface by this module.

Moreover, we train our model without the reconstruction loss and notice a
performance drop. This implies that ℒ𝐴𝐶𝐷 is a strong bias towards learning
the correct positions of the Gaussian means on the unit sphere. Finally, the
advantage of the projection loss for upsampling over ACD is shown in the last
row. The remarkable difference in all the metrics justifies the choice of ℒΠ in the
final design.

3.6.7 Robustness to Input Size

We also study the effect of input point cloud size on the upsampling results
from a different point of view. Whereas we previously show the differences in
the upsampled point clouds for a fixed ratio 𝑟 = 4, in Fig. 3.12 the output size is
maintained fixed at 𝑀 = 8192 and the upsampling factor varies in 𝑟 ∈ {16, 8, 4}
for different input sizes. It can be seen that APU-SMOG achieves satisfying
results also for the sparsest input 𝑁 = 512. This robustness, combined with the
flexibility of our method, provides a full control on the input and output sizes
for real-world upsampling scenarios, where the number of points might need to
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Figure 3.12: Effect of input point cloud size on the upsampling results while
keeping the output size fixed.

adapt to computational and bandwidth constraints.

3.6.8 Additional Qualitative Results

In this section, we provide additional qualitative results of our method under
different settings. Firstly, several upsampled point clouds from the PU1K dataset
with 𝑁 = 2048 and 𝑟 = 4 are shown in Fig. 3.13. These further examples
confirm that APU-SMOG outperforms state-of-the-art methods in preserving
fine-grained structures and reducing outliers.

Moreover, we investigate the upsampling results on the PU-GAN
dataset [176] against concurrent flexible architectures for different ratios
𝑟 ∈ {4, 8, 12, 16}. Close-up views in Fig. 3.14 show that our approach produces
cleaner shapes along the whole range of upsampling factors, even when com-
pared with methods requiring ground truth normals at training time [253, 86].

Finally, Fig. 3.15 shows additional examples on real-world objects point
clouds from the ScanObjectNN dataset [312]. This figure is complementary to
the visualization of upsampling results on real LiDAR data from KITTI [91]. In
both cases, our model is robust to domain shifts, without any fine-tuning.

3.7 Discussion

In this study, we present a novel approach for point cloud upsampling with
arbitrary scaling factors. A Transformer-based architecture is designed to de-
couple the upsampling process in two key steps: (i) firstly, the sparse input is
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Input PU-GAN [176] PU-GCN [252] Dis-PU [175] Ours Ground Truth

Figure 3.13: Qualitative comparison with state-of-the-art methods on the PU1K
dataset. Inputs with 2048 points (left) are upsampled to 8192 points (right), with
upsampling ratio 𝑟 = 4. Details are best viewed when zoomed in.
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Figure 3.14: Qualitative comparison with state-of-the-art methods on the PU-
GAN dataset and flexible upsampling ratios. Inputs with 2048 points are up-
sampled with 𝑟 ∈ {4, 8, 12, 16}. Details are best viewed when zoomed in.
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Figure 3.15: Qualitative upsampling results on the real-world ScanObjectNN
dataset [312].

mapped to an intermediate representation as a Spherical Mixture of Gaussians;
(ii) then, such distribution is sampled arbitrarily and the Transformer decoder
learns to map each sample back to the surface. The predictions are further
improved by an attention-based residual refinement module, which allows to
achieve state-of-the-art results on different benchmarks. This strategy enables
arbitrary upsampling, since the model is trained a single time with a fixed ratio
and it can be queried at test time with any desired value.
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4
Knowledge Distillation for

Model Efficiency

The contributions of this chapter have been published in:
Dell’Eva, A., Orsingher, M., Lee, L., Bertozzi, M. (2023). Teacher Features-
Driven Regularization for Knowledge Distillation. Under review.

4.1 Study Objective and Contributions

The widespread diffusion of mobile and wearable devices requires efficient
network inference on hardware with limited resources. However, modern deep
learning models benefit from large architectures [113, 75, 314, 196, 299] that fail
to meet the computational and memory requirement of such devices. In order to
bridge this gap, three main neural compression approaches have been proposed:
distilling the knowledge from large networks to smaller models [118, 265, 345,
369], pruning redundant parameters [83, 108, 273, 352, 187] and quantizing the
weights to low-precision formats [93].

Knowledge Distillation (KD) is a model compression technique in which a
lightweight student network is trained to mimic the outputs [118, 369, 214] or the
intermediate representations [265, 345, 124, 304] of a much larger teacher model.
This allows the knowledge learned by the teacher to be effectively transferred to
the student, thus achieving a higher accuracy than training it from scratch.

Existing KD methods fall into two main categories: logit-based [118, 369,
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Feature-based KD TeaFeD KD (ours)

Layer

Layer
Frozen Teacher Layer
Trainable Student Layer
Loss Function
Gradient Flow

Layer

Layer

Layer +1

Figure 4.1: Overview of the proposed regularization loss for KD. We inject the
student features at layer ℓ to the next frozen teacher layer ℓ + 1 and match them
with the corresponding teacher features.

214] and feature-based [265, 345, 124, 304]. KD was originally proposed in [118]
for the classification task, as a method to match the output logits of two models
with different capacity. The logits are converted to pseudo-probabilities with
a softmax with rescaled temperature, and the KL divergence between the two
distributions is minimized. Recently, feature-based methods have emerged by
following the insights in [265]. The key idea is to align the intermediate repre-
sentations of the student to those of the teacher, in order to boost the distillation
performances.

However, directly matching the feature maps of the teacher is not a sufficient
condition for the student to predict the correct output. Moreover, it is a hard op-
timization constraint to satisfy when the two models have different architectures
or capacity. To this end, we propose TeaFeD, a novel Teacher Features-Driven
regularization approach for KD, which is visualized in Fig. 4.1. The key idea
is to train a generic student layer ℓ to produce a latent representation for the
next teacher layer ℓ + 1 that matches the corresponding teacher features. Since
network layers typically implement non-injective functions, different features at
level ℓ might produce the same output at level ℓ + 1. Our approach allows for
gradients to be propagated from a higher level of abstraction, thus providing
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Figure 4.2: Visualization of the representations learned by the student with the
baseline method [265] and our approach. The Euclidean and cosine distances,
shown in the upper left and right corners of the students results, respectively,
confirm that the baseline produces closer features to the teacher. However,
it fails to classify inputs correctly as it focuses on irrelevant pixels, while our
approach matches the teacher’s attention. Activation maps are computed with
Grad-CAM [277], while distances are computed on the last backbone feature
vector.

more flexibility to the student in learning intermediate representations.
The effect of this regularization loss on the features learned by the student

network is shown in Fig. 3.3. Even if the direct matching baseline [265] produces
closer representations to the teacher, as determined by both Euclidean and cosine
distances, it fails to classify correctly the input images. The activation maps,
computed with Grad-CAM [277], prove that these errors stem from the focus on
irrelevant pixels, while our approach allows the student to concentrate on the
same image regions as the teacher. For example, the colorful teapot decoration
and the school bus radiator grille are misinterpreted by the baseline as sea slug
and organ, respectively, while our method yields the correct output attending
to the relevant image region.

Therefore, our contributions to existing distillation literature can be summa-
rized as follows:

• We propose a novel approach for feature-based KD that complements
direct matching with a teacher features-driven regularization loss.

• We show that relaxing the feature matching constraint at corresponding
layers by distilling knowledge from a higher level of abstraction enables
the student model to learn more robust and generalizable latent represen-
tations.
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• We prove the effectiveness of our regularizer on standard benchmarks,
showing state-of-the-art results for a wide variety of vision tasks, including
image classification, semantic/instance segmentation and object detection.

Furthermore, we present a novel neural compression strategy, called sparse
self-distillation, that combines network pruning with KD. After the pruning pro-
cess, the pruned model is typically fine-tuned for a few epochs, in order to
partially retrieve the accuracy lost due to the removed parameters. However, in
practice, there is a tradeoff between the desired reduction rate and the bound on
accuracy loss. To this end, we propose to integrate KD in the pruning and fine-
tuning loop, by setting the original unpruned model as the teacher. In this way,
the accuracy gap of the student (i.e. the pruned network) can be significantly
reduced, and model compression can be pushed further. While this approach
works across different network architectures, pruning strategies and distilla-
tion methods, we show that the proposed TeaFeD regularization is particularly
effective also in this setting.

4.2 Related Work

Logit-based KD. Logit-based methods distill the knowledge only at output
level, by minimizing the divergence between the logits predicted by the teacher
and the student model [118, 369, 214, 366, 134]. The seminal KD paper [118]
proposed to rescale the temperature parameter in the last softmax layer, in order
to smooth the output distribution and focus on negative logits [106]. Recently,
DKD [369] showed that reformulating the distillation loss into a weighted sum
for positive and negative logits effectively decouples their contributions and fur-
ther boosts performances. On the other hand, DML [366] employed a mutual
learning paradigm to train both models simultaneously, while TAKD [214] in-
troduced an intermediate teacher assistant to reduce the capacity gap between
the teacher and the student. Finally, Lin et al. [134] presented a multi-level
framework to distill logits across instances, batches and categories. Logit-based
methods are efficient in terms of both memory and compute, but they typically
achieve lower results with respect to state-of-the-art feature-based approaches.

Feature-based KD. Feature-based methods aim at transferring intermediate
representations from the teacher to the student, in order to provide a richer
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supervision [265, 345, 239, 340, 38, 304, 109, 344, 288, 193, 124, 32, 116, 361, 306,
39]. Following the idea presented in [265] to mimic the teacher features via a
simple 𝐿2 loss, several approaches have been developed to improve different
aspects of the pipeline. Some works [124, 345, 344] proposed to mask the feature
maps, thus allowing the student to focus on relevant parts of the image. Popular
masking strategies include learnable tokens [124], random masks reconstructed
with generative layers [345], and fixed separation of background and foreground
for object detection [344]. Another approach to alleviate the constraint of direct
feature matching is to transform the raw features into attention maps [361, 109,
344, 288] or to compute local statistics, such as pairwise similarities [306] and
the Pearson correlation coefficient [32]. Furthermore, cross-level distillation has
been explored in [239, 38], with the goal of sharing features across different net-
work layers, thus integrating knowledge from multiple learning stages. Inspired
by these methods, we propose a straightforward approach to complement direct
feature matching with a novel regularization term that forces each student layer
to learn meaningful features from the subsequent teacher layers.

Network Pruning. The goal of network pruning is to remove redundant pa-
rameters from a given model, thus making it smaller and faster for inference.
Unstructured pruning approaches [108, 273, 234, 169, 74] directly zero out in-
dividual weights based on their magnitude, without altering the network ar-
chitecture. Despite being a generic and straightforward strategy, unstructured
pruning typically requires dedicated hardware that supports sparse matrix mul-
tiplication. On the other hand, structured pruning methods [83, 352, 187, 172,
73] physically remove entire channels or layers from the network and allow to
exploit standard GPU acceleration. In both cases, the pruning ratio is practi-
cally limited by the accuracy lost due to the removed parameters, even after
fine-tuning the remaining ones. We propose to push further this sparsity limit
by self-distilling the dense (unpruned) model to the sparse (pruned) network,
during the pruning and fine-tuning loop.
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4.3 Method

4.3.1 Preliminaries

Logit-based KD. The fundamental baseline in KD research is the vanilla logit-
based method introduced in [118]. Given a model trained on a classification
task, the output logits z ∈ R𝐶 can be converted to pseudo-probabilities using the
softmax activation as:

𝑦 𝑗 =
𝑒𝑧 𝑗/𝑡∑︁𝐶
𝑐=1 𝑒

𝑧𝑐/𝑡
, (4.1)

where 𝑧 𝑗 and 𝑦 𝑗 are the logit and probability values for 𝑗-th category, respec-
tively. In the KD context, the temperature parameter 𝑡 is often larger than 1,
producing softer distributions which alleviate the over-confidence problem in
neural networks [106] (𝑡 = 1 yields the vanilla softmax output). To transfer
knowledge from complex to compact models, the original logit-based technique
minimizes the Kullback-Leibler (KL) divergence between teacher and student
outputs as:

ℒLog = KL
(︂
y𝑇 | |y𝑆

)︂
=

𝐶∑︂
𝑗=1

𝑦𝑇𝑗 log

(︄
𝑦𝑇
𝑗

𝑦𝑆
𝑗

)︄
, (4.2)

where the superscripts 𝑇 and 𝑆 indicate whether the outputs originate from the
teacher or the student, respectively. As a result, the dark knowledge is transferred
via soft labels from the teacher, improving the prediction of the student.

Feature-based KD. The distillation approaches based on features are versatile
and mostly agnostic with respect to the model architecture, which can vary
considerably for different tasks. The basic feature-based method [265] can be
formulated as:

ℒℓ
Feat = ∥𝐹𝑇ℓ −𝒜ℓ (𝐹𝑆ℓ )∥

2
2. (4.3)

Here, 𝐹𝑇
ℓ

∈ R𝐶𝑇ℓ×𝐻𝑇ℓ×𝑊𝑇ℓ and 𝐹𝑆
ℓ
∈ R𝐶𝑆ℓ×𝐻𝑆ℓ×𝑊𝑆ℓ correspond to the teacher and

student feature maps extracted from layer ℓ , while 𝒜ℓ denotes the convolutional
adaptation layer needed to align the student features dimensions with those of
the teacher.

The approach forces the student to directly imitate the teacher features.
This may not be optimal if the models’ architectures diverge significantly or
their capacities are widely different, given the student’s inability to exactly
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replicate the more complex features. To address the issue, we introduce a
novel feature-based regularization, which employs a straightforward 𝐿2 loss to
steer the student toward a more robust solution space.

4.3.2 Teacher Features-Driven Regularization

Given a teacher network with a structured hierarchy of layers (or stages)
denoted as {𝒯1,𝒯2, . . . ,𝒯𝐿}, and a parallel student network denoted as
{𝒮1,𝒮2, . . . ,𝒮𝐿}, our TeaFeD method regularizes the learning process at match-
ing layers. At each stage ℓ , the aligned student features 𝒜ℓ (𝐹𝑆ℓ ) are propagated
to the corresponding subsequent frozen teacher stage 𝒯ℓ+1, which provides new
features on a higher level of abstraction. Thus, the loss is formulated as:

ℒℓ
TeaFeD = ∥𝐹𝑇ℓ+1 − 𝒯ℓ+1

(︂
𝒜ℓ (𝐹𝑆ℓ )

)︂
∥2

2. (4.4)

Due to non-linear mappings and pooling transformations, the teacher layer
implementing the loss function is typically non-injective. This suggests that dif-
ferent inputs might produce identical latent representations, allowing for more
flexibility in the features derived by the student. Therefore, our penalization
term effectively acts as a powerful regularizer, promoting better generalization.

Overall loss. We employ a simple exponentially increasing weighting scheme
on the sequence of features for both our loss and the vanilla feature-based loss.
The aggregated losses can be expressed as, respectively:

ℒTeaFeD =

𝐿∑︂
ℓ=1

𝛾−ℓ
1 ℒℓ

TeaFeD, (4.5)

ℒFeat =

𝐿∑︂
ℓ=1

𝛾−ℓ
2 ℒℓ

Feat. (4.6)

Student models are trained with the following cumulative loss:

ℒ = ℒTask + ℒLog + 𝛼 ℒFeat + 𝛽 ℒTeaFeD, (4.7)

where 𝛼 and 𝛽 are hyperparameters to balance the losses and ℒTask represents
the task-specific loss (e.g., for classification, the cross-entropy computed between
student outputs and ground truth labels). In practice, we set 𝛼 = 𝛽 and 𝛾1 =
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𝛾2 = 𝛾 ∈ (0, 1] to halve the number of hyperparameters to be tuned. The core
steps of our approach are delineated in Algorithm 1.

Algorithm 1 TeaFeD Regularization in PyTorch
# (img, y): Input and Label
# (S, T): Student and Teacher
# num_layers: Number of Layers
# [adapt]: Adaptation Layers
# (g1, g2, a, b): Loss Hyperparameters
import torch.nn.functional as F
y_S, feat_S = S(img)
y_T, feat_T = T(img)
L_task = F.cross_entropy(y_S, y)
L_log = F.kl_div(y_S, y_T)
L_feat = 0.
L_teafed = 0.
for l in range(num_layers):
F_S = adapt[l](feat_S[l])
l2_feat = F.mse_loss(F_S, feat_T[l])
L_feat += (g2 ** -l) * l2_feat
l2_teafed = F.mse_loss(T[l+1](F_S), feat_T[l+1])
L_teafed += (g1 ** -l) * l2_teafed

L = L_task + L_log + a * L_feat + b * L_teafed

4.3.3 Sparse Self-Distillation

The proposed regularization loss allows to train an efficient student model
with comparable accuracy with respect to the teacher network. To further en-
hance the deployment performances of the student, we also present a novel
compression strategy, called sparse self-distillation, which integrates the distilla-
tion procedure in the pruning and fine-tuning loop.

Let 𝑆 be the student network after KD training, 𝒫𝑟 a generic pruning algo-
rithm [83, 108, 273] with sparsity 𝑟 and 𝑆̂𝑟 = 𝒫𝑟(𝑆) the resulting model when
applying 𝒫𝑟 to 𝑆. Typically, 𝑆̂𝑟 is fine-tuned for a few epochs with ground truth
data and the task-specific loss ℒTask(𝑆̂𝑟), in order to partially retrieve the accu-
racy lost during pruning. However, in practice, there is a tradeoff between the
target sparsity and the bound on accuracy loss, especially for small networks
already compressed with KD.

We propose to alleviate this constraint by setting the original unpruned
student 𝑆 as the teacher and to self-distill it during the pruning process. This
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means that 𝑆̂𝑟 is fine-tuned with the sum of two loss terms:

ℒ = ℒTask(𝑆̂𝑟) + ℒKD(𝑆̂𝑟 , 𝑆) (4.8)

The distillation loss ℒKD forces the sparse student 𝑆̂𝑟 to follow the output dis-
tribution and the learned representations of the original dense student 𝑆. In
this way, the sparsity 𝑟 can be pushed further, leading to the deployment of
smaller and faster models with competitive accuracy. Note that this strategy is
agnostic to the distillation method implemented by ℒKD. However, we show in
Sec. 4.4.6 that our regularization loss is particularly effective in this setting, for
both structured and unstructured pruning algorithms.

4.4 Experiments

4.4.1 Classification

Datasets and baselines. We employ two standard image classification datasets
for our experiments. CIFAR-100 [153] consists of 60k images (50k for training
and 10k for validation) from 100 classes, with an image resolution of 32 × 32.
TinyImageNet [164] is a subset of ImageNet [67] and comprises 90k images
from 200 categories, divided into 80k for training and 10k for validation, with
resolution 64 × 64. In addition to the basic KD method [118], we reproduce
various state-of-the-art strategies for comparison, including FitNet [265], CRD
[304], SRRL[340], SemCKD [38], ReviewKD [239], and CAT-KD [109]. Note that
all the approaches, except for KD itself, incorporate the vanilla KD loss (Eq. 4.2).

Training settings. Following [113, 362], we employ standard data augmenta-
tion and normalize all images based on channel means and standard deviations.
For CIFAR-100, the total training epochs are 240, the batch size is set to 64, and
the base learning rate for SGD optimizer to 0.05. The hyperparameters for our
loss are configured as {𝛼 = 20, 𝛾 = 0.8}. For TinyImageNet, the models are
trained for 200 epochs, the batch size is 128 and the base learning rate is 0.1,
while the settings for the loss parameters are {𝛼 = 5, 𝛾 = 0.8}. For classification,
distillation is performed on the backbone features. The ablation study on losses
and features employed can be found in Sec. 4.4.4.
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Architecture Homogeneous Heterogeneous

Student ResNet-116 VGG-8 ResNet-8x4 WRN-40-1 VGG-8 ShuffleNetV1 MobileNetV2 ShuffleNetV2
73.70 71.00 73.30 72.17 71.00 71.15 65.94 73.33

KD [118] 76.26 73.43 74.66 74.12 72.51 75.27 69.35 75.84
FitNet [265] 76.48 73.54 74.46 73.86 72.82 75.36 69.49 75.91
CRD [304] 76.83 74.37 75.72 74.44 73.80 75.88 70.05 76.40
SRRL [340] 76.79 73.85 75.51 74.78 73.49 75.59 69.96 76.19

SemCKD [38] 77.07 74.35 76.00 74.39 75.33 75.78 70.26 77.97
CAT-KD [109] 77.39 74.46 76.78 75.10 75.66 75.43 69.84 77.01

Ours 77.54 75.01 76.64 75.18 75.74 76.36 70.94 78.84

Teacher ResNet-110x2 VGG-13 ResNet-32x4 WRN-40-2 ResNet-32x4 VGG-13 WRN-40-2 ResNet-32x4
78.17 75.14 79.21 76.53 79.21 75.14 76.53 79.21

Table 4.1: Top-1 test accuracy (%) of homogeneous and heterogeneous teacher-
student pairs on CIFAR-100. Average over 4 runs.

Architecture Homogeneous Heterogeneous

Student VGG-8 ResNet-8x4 ShuffleNetV1 VGG-8
55.83 55.53 58.64 55.83

KD [118] 60.36 58.16 61.25 60.52
FitNet [265] 60.35 58.21 61.47 60.69
CRD [304] 61.72 59.62 63.50 61.81
SRRL [340] 61.41 59.72 62.74 62.02

SemCKD [38] 61.41 57.50 62.53 62.57
CAT-KD [109] 61.52 58.13 63.70 62.59

Ours 62.24 60.28 64.21 63.75

Teacher VGG-13 ResNet-32x4 VGG-13 ResNet-32x4
61.34 64.53 61.34 64.53

Table 4.2: Top-1 test accuracy (%) of homogeneous and heterogeneous teacher-
student pairs on TinyImageNet. The results are averaged over 3 runs.

Results. The classification results are shown in Tab. 4.1 and Tab. 4.2, with
evaluations based on Top-1 accuracy. It can be noticed that we consistently out-
perform other state-of-the-art approaches for nearly every pair on both datasets,
including ReviewKD [239] and CAT-KD [109] which require careful hyperpa-
rameter tuning for each teacher-student combination. Remarkably, we improve
accuracy by a considerable margin in several cases. For example, with the
ShuffleNetV2/ResNet-32x4 pair on CIFAR-100, we achieve a 1% accuracy in-
crease compared to the second-best method. Similarly, in the VGG-8/VGG-13
combination on TinyImageNet, the student surprisingly exceeds even the teacher
performance. The outcomes prove that the introduced regularization term fa-
cilitates flexible feature learning, enhancing the student robustness regardless
of dataset and architecture types.
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4.4.2 Object Detection and Instance Segmentation

Dataset and baselines. The experiments are conducted on COCO2017
dataset [185], which comprises 120k training images and 5k validation images
divided in 80 object categories. We compare our approach with recent dis-
tillation methods for detectors, including FKD [283], CWD [288], FGD [344],
MGD [345], and MasKD [124].

Training settings. We train the models for 24 epochs with SGD optimizer
(momentum = 0.9, weight decay = 10−4). When the student and teacher share
the same head structure, we adopt the inheriting strategy [344, 345] to initialize
the student with the teacher’s neck and head parameters. The hyperparameters
are {𝛼 = 5 × 10−5, 𝛾 = 1} for one-stage detectors and {𝛼 = 5 × 10−7, 𝛾 = 1}
for two-stage detectors. The distillation loss is computed on the feature maps
extracted from the neck. The experiments are executed with MMDetection [41].

Results. The experiments for the object detection task include three different
models, namely the one-stage detector RetinaNet [184], the anchor-free one-
stage detector RepPoints [343] and the two-stage detector Faster RCNN [261].
The evaluation metrics are the mean bounding box Average Precision (mAP)
and the variants AP𝑆, AP𝑀 , and AP𝐿, corresponding to small, medium and large
object sizes, respectively. In the context of instance segmentation, we focus on
SOLO [323] and Mask RCNN [114] models, which are evaluated with the mean
mask Average Precision metric (mAP). From the results presented in Tab. 4.3
and Tab. 4.4, it can be noticed that our method achieves better performances
with respect to the other state-of-the-art approaches for both tasks. For instance,
our TeaFeD regularization boosts significantly the RepPoints and Mask RCNN
students, leading to 4.3 and 2.7 mAP improvement, respectively. Additionally,
RetinaNet and SOLO obtain a remarkable 2.8 and 3.1 improvement on the AP𝑆
metric.

4.4.3 Semantic Segmentation

Dataset and baselines. Semantic segmentation is evaluated on Cityscapes
dataset [59], consisting of 5k urban scenes images divided in 3k for training,
500 for validation and 1.5k for testing. We compare our method with recent
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Teacher Student mAP AP𝑆 AP𝑀 AP𝐿
O

ne
-s

ta
ge RetinaNet

ResNeXt101
41.0

RetinaNet-Res50 37.4 20.6 40.7 49.7
FKD [283] 39.6 22.7 43.3 52.5
CWD [288] 40.8 22.7 44.5 55.3
FGD [344] 40.7 22.9 45.0 54.7
MGD [345] 41.0 23.4 45.3 55.7

MasKD [124] 41.0 22.6 45.3 55.3
Ours 41.3 23.4 45.9 54.6

A
nc

ho
r-

fr
ee

RepPoints
ResNeXt101

44.2

RepPoints-Res50 38.6 22.5 42.2 50.4
FKD [283] 40.6 23.4 44.6 53.0
CWD [288] 42.0 24.1 46.1 55.0
FGD [344] 42.0 24.0 45.7 55.6
MGD [345] 42.3 24.4 46.2 55.9

MasKD [124] 42.5 24.9 46.1 56.8
Ours 42.9 24.8 47.1 56.3

Tw
o-

st
ag

e Cascade
Mask RCNN
ResNeXt101

47.3

Faster RCNN-Res50 38.4 21.5 42.1 50.3
FKD [283] 41.5 23.5 45.0 55.3
CWD [288] 41.7 23.3 45.5 55.5
FGD [344] 42.0 23.8 46.4 55.5
MGD [345] 42.1 23.7 46.4 56.1

MasKD [124] 42.4 24.2 46.7 55.9
Ours 42.4 24.4 46.3 56.4

Table 4.3: Object detection results on COCO.

Teacher Student mAP AP𝑆 AP𝑀 AP𝐿

O
ne

-s
ta

ge SOLO-Res101
3x, MS

37.1

SOLO-Res50-1x 33.1 12.2 36.1 50.8
FGD [344] 36.0 14.5 39.5 54.5
MGD [345] 36.2 14.2 39.7 55.3

Ours 36.4 15.3 40.1 55.2

Tw
o-

st
ag

e Cascade
Mask RCNN
ResNeXt101

41.1

Mask RCNN-Res50 35.4 16.6 38.2 52.5
FGD [344] 37.8 17.1 40.7 56.0
MGD [345] 38.1 17.1 41.1 56.3

Ours 38.1 17.8 41.0 56.5

Table 4.4: Instance segmentation results on COCO.

86



CHAPTER 4. KNOWLEDGE DISTILLATION FOR MODEL EFFICIENCY

Architecture Homogeneous Heterogeneous

Student PspNet-Res18 DeepLabV3-Res18
69.85 73.20

SKDS [193] 72.70 73.87
CWD [288] 73.53 75.93
MGD [345] 74.10 76.31

Ours 74.87 76.44

Teacher PspNet-Res101 PspNet-Res101
78.34 78.34

Table 4.5: Semantic segmentation results on Cityscapes.

approaches, such as SKDS [193], CWD [288] and MGD [345].

Training settings. We train the student models with SGD (momentum = 0.9,
weight decay = 5 × 10−4) for 128 epochs with batch size equal to 16. Follow-
ing [345], our loss is computed only on the last backbone feature and the cor-
responding parameters are set to {𝛼 = 2 × 10−5, 𝛾 = 1}. The experiments are
conducted with MMSegmentation [57].

Results. We evaluate the segmentation task on both homogeneous and hetero-
geneous distillation settings, using mean Intersection over Union (mIoU) as the
quantitative metric. Specifically, we employ PspNet-Res101 [373] as the teacher,
while PspNet-Res18 [373] and DeepLabV3-Res18 [46] as students. The results
in Tab. 4.5 confirm that our method is the best among the state-of-the-art ap-
proaches. In detail, the two students register a 5.02 and 3.24 improvement with
respect to the original model trained without distillation, respectively.

4.4.4 Ablations

We conduct several ablation studies to assess the contribution of distinct
layers and losses on the model predictions. The results in Tab. 4.6 are obtained
by training a homogeneous and a heterogeneous classification network pair on
CIFAR-100 with different configurations.

In order to evaluate the influence of layers/blocks, we perform distillation
removing them sequentially. Note that, in this context, layers are enumerated
from highest to lowest, with ℓ = 1 corresponding to the last layer of the backbone.
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Architecture Homogeneous Heterogeneous

Student VGG-8 ShuffleNetV2
71.00 73.33

ℓ ∈ {1, 2, 3} 74.55 78.79
ℓ ∈ {1, 2} 74.49 78.64
ℓ = 4 73.41 76.74
ℓ = 3 73.53 76.12
ℓ = 2 74.11 77.81
ℓ = 1 74.21 77.27

w/o ℒLog 74.53 78.73
w/o ℒFeat 74.70 78.09
w/o ℒTeaFeD 74.49 78.07

Ours 75.01 78.84

Teacher VGG-13 ResNet-32x4
75.14 79.21

Table 4.6: Ablation studies on different versions of the student for both homo-
geneous and heterogeneous settings. Layers are numbered in descending order.
Ours is equivalent to ℓ ∈ {1, 2, 3, 4}. Results are averaged over 3 runs.

Two observations emerge from the accuracy values: firstly, integrating more
layers is beneficial for the student, as demonstrated by training the model with
only a limited subset; secondly, the final layers contribute more to the network
performance, as highlighted by the improved numerical evaluations at ℓ = 1
and ℓ = 2. This justifies the choice of applying exponential weighting to the
feature-based losses, emphasizing the terminal layers.

Moreover, we investigate the impact of the different losses on the student
effectiveness. The last rows of Tab. 4.6 confirm that our regularization objective
plays a crucial role in the distillation process. Notably, removing our term leads
to the most significant performance drop compared to the exclusion of the other
distillation losses. Additionally, the results show that, when evaluated indepen-
dently, our loss outperforms the vanilla feature-based approach. Nonetheless,
the best accuracy is achieved through joint training.

4.4.5 Analysis

In this section, we provide an extensive analysis of our KD approach in
terms data and training efficiency, transferability of the features learned by the
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Figure 4.3: Analysis on the data efficiency of different KD methods when trained
with different amounts of data on CIFAR-100 classification.

student, sensitivity to hyperparameters and impact of the adaptation layer. All
the experiments are conducted for the classification task on CIFAR-100 [153]
for a ShuffleNetV2 student distilled from a ResNet-32x4 teacher, except where
stated otherwise.

Data Efficiency. We evaluate the dependency of different distillation ap-
proaches [38, 340] on the amount of training data, by reducing the training
set of CIFAR-100 [153] to various ratios. Fig. 4.3 shows that we consistently
outperform other methods across the whole spectrum of dataset reductions,
for both ShuffleNetV2 and VGG-8 (with VGG-13 as teacher) architectures. This
result proves that the proposed regularization loss can transfer knowledge from
the teacher more efficiently.

Training Efficiency. While adding our ℒTeaFeD as a learning objective leads to
improved classification accuracy, it also increases the overall training time of the
student network. We study this aspect by structurally pruning [83] the teacher at
multiple sparsity values and analyzing the accuracy-efficiency tradeoff. Fig. 4.4
compares our results with the baseline feature matching approach [265]. It can
be seen that distilling from a lighter teacher with our KD method allows to
achieve approximately the same training time, while losing only 0.35% accu-
racy, which is almost 3× less than the baseline 0.98% accuracy loss. Moreover,
all the intermediate sparsity levels provide a substantial efficiency gain with a

89



4.4. EXPERIMENTS

0.0 0.2 0.4 0.6 0.8 1.0
Teacher Sparsity

-20

-15

-10

-5

0

R
el

at
iv

e
Tr

ai
ni

ng
Ti

m
e

(%
)

Approx. same
training time

-1.2

-0.8

-0.4

0.0

R
el

at
iv

e
A

cc
ur

ac
y

L
os

s
(%

)

3x less
accuracy loss

Figure 4.4: Analysis on how pruning the teacher allows to reduce the training
time of our method almost to the baseline, while keeping much more accuracy.

bounded performance loss, allowing to adapt the method to custom computa-
tional constraints.

Features Transferability. As we are interested in which features are learned by
the student during the distillation procedure, we also analyze how such features
transfer to datasets unseen at training time. To this end, the student trained on
CIFAR-100 [153] is used as a frozen representation extractor for images from
STL-10 [55] and TinyImageNet [164]. Then, we train a linear classifier on these
representations and evaluate the accuracy on both datasets. Tab. 4.7 shows the
results against multiple baselines for homogeneous and heterogeneous teacher-
student pairs. The regularization effect introduced by our proposed loss allows
the student to learn more transferable features with respect to concurrent KD
methods, thus proving its effectiveness.

Hyperparameters Sensitivity. The proposed approach depends on two main
hyperparameters, namely the weights 𝛾 ∈ (0, 1] of each feature layer and 𝛼 ∈ R
for the feature-based KD losses. We show in Fig. 4.5 that the performances of
our regularization term are minimally affected by the choice of such parameters.
By letting 𝛾 ∈ {0.7, 0.8, 0.9} and 𝛼 ∈ {5, 10, 20, 50, 100}, the accuracy difference
between the best and worst configuration is less than 1%. Moreover, note we
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Architecture Homogeneous Heterogeneous

Teacher ResNet-110x2 VGG-13
Student ResNet-116 ShuffleNetV1

CIFAR-100 → STL-10 TinyImg STL-10 TinyImg

KD [118] 63.67 29.59 67.70 36.00
FitNet [265] 64.22 30.64 67.94 36.30
SRRL [340] 64.22 31.59 69.15 37.58

SemCKD [38] 66.42 34.32 69.17 38.63
CRD [304] 66.11 32.69 69.03 38.66

CAT-KD [109] 65.73 32.75 70.82 39.36

Ours 66.68 34.11 70.86 39.52

Table 4.7: Features transferability from CIFAR-100 to other classification
datasets. A linear classifier is trained on features extracted from a frozen student
distilled with different KD methods.

avoid cherry-picking a specific set of good hyperparameters, as our choice in
Sec. 4.4.1, i.e. {𝛼 = 20, 𝛾 = 0.8} is not even the optimal one.

Adaptation Layer. We compare several implementations of the adaptation
layer 𝒜, which aligns the student features with those of the teacher. The first
rows of Tab. 4.8 suggest that any straightforward single-layer design is benefi-
cial for the knowledge transfer procedure, providing comparable performances.
Notably, the highest accuracy is achieved with a 3x3 convolutional layer followed
by a batch normalization. This configuration is employed in every experiment
across all tasks. Conversely, aligning the features with a three-layer transfor-
mation mitigates the distillation effectiveness. We conjecture this is due to
the additional capacity provided by the multi-layer structure. In this case, the
adaptation module can learn to transform any student representation into any
complex teacher representation, preventing the student model from receiving
useful feedback and thus learning robust intermediate features.

Method Extension. We extend our method by modifying the design of the loss.
In this setting, the features at layer ℓ are propagated to all the corresponding sub-
sequent layers of the teacher, i.e. until the final layer 𝐿. Thus, our regularization
term is computed on the output logits using Eq. 4.2. As presented in Tab. 4.9,
the accuracy values from this strategy are on par with our feature-driven loss,
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Figure 4.5: Analysis on the effect of varying the hyperparameters required to
tune our proposed regularization loss.

Layer Accuracy

Conv1x1-BN 78.75
Conv3x3-BN-NL 78.60

Conv1x1-Conv3x3-Conv1x1 78.34
Conv1x1-Conv3x3(DW)-Conv1x1 78.46

Ours (Conv3x3-BN) 78.84

Table 4.8: Comparison of adaptation layers. ConvNxN indicates a convolutional
layer with a NxN kernel size, while BN, NL, and DW denote batch normalization,
ReLU non-linearity, and depthwise convolution, respectively. Each convolution
in the multi-layer configurations is followed by BN and NL.
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Student Ours Ours+ Teacher

H
om

og
. ResNet-116 77.54 77.65 ResNet-110x2

VGG-8 75.01 74.81 VGG-13
ResNet-8x4 76.64 76.63 ResNet-32x4
WRN-40-1 75.18 75.26 WRN-40-2

H
et

er
og

. VGG-8 75.74 75.41 ResNet-32x4
ShuffleNetV1 76.36 76.16 VGG-13
MobileNetV2 70.94 70.77 WRN-40-2
ShuffleNetV2 78.84 78.43 ResNet-32x4

Table 4.9: Top-1 test accuracy (%) of homogeneous and heterogeneous teacher-
student pairs on CIFAR-100 obtained with our extended method, denoted as +.

Student KD DKD Ours+
w/ KD

Ours+
w/ DKD Teacher

ShuffleNetV2
73.33 75.84 77.02 78.43 78.70 ResNet-32x4

79.21

Table 4.10: Top-1 test accuracy (%) on CIFAR-100 obtained with our extended
method using different logit-based approaches.

adding no significant advantages to the distillation process. Moreover, the pri-
mary limitation of this approach is the extended training time, which increases
by 30% compared to our original configuration.

Additionally, in this revisited setup, we train the student with a different
logit-based loss, applying DKD [369] to both ℒLog and ℒTeaFeD. As expected,
the adoption of a more effective training objective on the logits enhances the
results, which can be found in Tab. 4.10. Despite the poor training efficiency,
the setting can be leveraged as a pure logit-based distillation method (removing
ℒFeat), boosting the student trained exclusively with ℒLog when the features are
not available. Furthermore, the configuration is versatile and adaptable to any
logit-based technique.

4.4.6 Sparse Self-Distillation

Settings. We test our sparse self-distillation procedure on the CIFAR-100 clas-
sification dataset [153], with different network architectures, including VGG-8,
ResNet-116 and MobileNetV2, as well as various distillation algorithms [265,
340, 38]. We also compare the proposed method against the baseline approach
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Figure 4.6: Quantitative results of our sparse self-distillation method for image
classification on CIFAR-100. The baseline pruning and fine-tuning approach
(without KD) is consistently outperformed by integrating KD in the loop for
all networks, pruning and distillation algorithms. Moreover, our TeaFeD reg-
ularization loss provides the lowest accuracy loss across the whole sparsity
spectrum.

of iterative pruning and fine-tuning on ground truth data, without KD. Un-
structured pruning is applied with the built-in PyTorch utility, while we rely on
the state-of-the-art DepGraph [83] algorithm for structured pruning. In all the
experiments, the remaining parameters of the pruned network 𝑆̂𝑟 are fine-tuned
for 50 epochs.

Results. The sparse self-distillation results are shown in Fig. 4.6, where two key
results emerge. Firstly, integrating KD within the pruning and fine-tuning loop
is consistently better than the baseline approach, for any distillation method.
Secondly, our proposed TeaFeD regularization is particularly effective in this
setting, outperforming all the other KD losses. Such results find evidence across
different architectures and pruning algorithms. This allows to push the network
sparsity further, with a much smaller accuracy loss, thus leading to faster models
for the inference stage.
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4.5 Discussion

In this work, we show that feature-based knowledge distillation can be im-
proved by complementing the direct feature matching baseline with a teacher
features-driven regularization loss, which enables the student model to learn
robust intermediate representations. We extensively evaluate and ablate the
proposed approach, outperforming state-of-the-art distillation methods on sev-
eral vision tasks and benchmarks. Furthermore, we also introduce a novel neural
compression strategy that effectively combines KD with network pruning, in or-
der to improve the sparsity-accuracy tradeoff when deploying the student model
on inference devices. The main limitation of our approach is the need for ac-
cessing the teacher weights at training time. As future work, we plan to tackle
this limitation in order to support more general black-box teachers and to apply
our method on non-convolutional architectures.
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5
Conclusions

The contributions of the thesis have been published in:

Dell’Eva, A., Pizzati, F., Bertozzi, M., and de Charette, R. (2022). Leveraging
local domains for image-to-image translation. In International Conference
on Computer Vision Theory and Applications (VISAPP). Best paper award.

Dell’Eva, A., Orsingher, M., Bertozzi, M. (2022). Arbitrary Point Cloud
Upsampling with Spherical Mixture of Gaussians. In International Con-
ference of 3D Vision (3DV).

Dell’Eva, A., Orsingher, M., Lee, L., Bertozzi, M. (2023). Teacher Features-
Driven Regularization for Knowledge Distillation. Under review.

In this dissertation, we systematically analyzed different methodologies to
enhance deep learning models, introducing and implementing novel strategies
to achieve this objective. Specifically, we focused on three main areas: the aug-
mentation of training datasets, the refinement of input data during the inference
stage, and the transfer of knowledge from complex to lightweight models via a
process known as knowledge distillation.

In the context of the augmentation of training datasets, we proposed an
image-to-image translation model composed by a GAN backbone and an op-
tional VAE to interpolate between domains [65]. The system performs trans-
lations using only the source domain, thus hallucinating a new unseen do-
main, reducing the need for time-consuming labeling processes. Our few-shot
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method showed superior performance in several tasks, such as lane degrada-
tion, snow addition and deblurring. Different real-world applications have been
showcased, enhancing lane detection in degraded environments and improving
semantic segmentation in snowy conditions. The study showed the use of gen-
erative models for data augmentation represents a valid alternative for training
learning systems. Unlike traditional data augmentation techniques that rely
on simple transformations like rotation or flipping, GANs can produce new
synthetic data that are consistent with the patterns of the original dataset. By
generating data that captures the underlying distribution of the real data, these
models can considerably expand the size and diversity of training datasets.
The enhanced dataset can have significant implications, mitigating overfitting,
improving model robustness, and leading to better generalization in scenarios
where data collection is challenging or limited.

Concerning the refinement of input data, we presented a Transformer-based
architecture designed to decouple the upsampling process in two key steps, i.e.
firstly mapping the sparse 3D input to a spherical mixture of gaussians and
then arbitrarily sampling this distribution [64]. Such a flexible, efficient, and
adaptable approach offers the versatility crucial for diverse applications. For
example, we showed the improvement of reconstruction results derived by the
refined input and the detailed upsampling of real-world urban driving scenes,
which could be leveraged to enhance 3D object detection and segmentation. The
exploration of the method effectiveness on these downstream tasks is planned
for future studies. The research underlined the relevance of input quality during
inference. When input data is of high quality and accurate, the model outputs
are more likely to be precise and trustworthy. On the contrary, poor or noisy
input can lead to incorrect predictions, even if the model has been trained on a
vast and diverse dataset.

In the knowledge transfer field, we showed that directly matching latent
representations is suboptimal, since network layers are typically non-injective
functions and different features at an early level might produce the same output
at later levels [66]. By augmenting the knowledge distillation process with a
teacher features-driven regularization loss, the student learns more robust in-
termediate representations, leading to better performance across several vision
tasks. However, the constraint of requiring access to teacher weights during
training limits the flexibility of the approach. The introduced neural compres-
sion strategy, which combines knowledge distillation with network pruning,
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offered promising results for deploying models efficiently on inference devices.
Expanding the method to other model architectures will be addressed in fu-
ture works. The study highlighted the significance of knowledge distillation,
allowing the deployment of deep learning models on resource-constrained de-
vices, such as mobile phones and edge devices, and concurrently ensuring that
efficiency does not compromise accuracy.

In conclusion, our research showcased how a deep learning model can be
used to enhance the performance of a different model. Implementing novel
methods, we emphasized that leveraging the capabilities of a system can sig-
nificantly improve the effectiveness and efficiency of another. These strategies
highlight the potential benefits of collaborative learning, with models cooperat-
ing to achieve better results.
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A
Overview of Deep Learning

Technologies

A.1 Generative vs. Discriminative Models

Consider a set of data instances, denoted as 𝑋, and a corresponding set of
labels, denoted as 𝑌:

• Generative models aim to capture the joint probability distribution 𝑝(𝑋,𝑌).
In the absence of labels, the model focuses on just 𝑝(𝑋). Their main ob-
jective is to understand and represent the underlying distribution of the
data. For example, models designed to predict the next element in a se-
quence are primarily generative. GANs fall within this category, though
many other model types exist, e.g. Hidden Markov Models (HMM) and
Variational Autoencoders (VAE). A significant challenge for these mod-
els is capturing complex correlations, such as the relationship between
contextual elements in images.

• Discriminative models are designed to determine the conditional probability
𝑝(𝑌 |𝑋). They do not necessarily compute the probability of a data instance
but rather focus on determining if a particular label can be assigned to a
given instance. Their purpose is to differentiate and classify data based on
certain patterns.

It is important to notice that not all models are inherently designed to pro-
duce a probability value. For instance, a discriminative classifier like a decision
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tree might assign a label without specifying a probability. Nonetheless, it re-
mains a model because the distribution of all predicted labels would model the
real distribution of labels in the data. Similarly, generative models can model a
distribution by producing synthetic data that resembles the authentic distribu-
tion.

From a comparative point of view, generative models tackle a more compre-
hensive and difficult task than their discriminative counterparts. For instance, a
generative model for images would need to understand complex relationships,
such as correlations within the image. Conversely, a discriminative model may
be able to distinguish between categories by identifying a limited number of
patterns, avoiding many details that a generative model must capture. In sum-
mary, while discriminative models try to draw boundaries in the data space,
generative models try to model how data is placed throughout the space.

A.2 Architectures

In this section, we provide a brief introduction to two relevant architectures in
deep learning: the Convolutional Neural Network (CNN) and the Transformer.
While other architectures exist in the field, our study focuses on these two due
to their popularity and significance. Architectures beyond these are outside the
scope of this overview.

A.2.1 Convolutional Neural Networks

In deep learning, Convolutional Neural Networks (CNNs) are one of the
most commonly employed models. The main advantage of CNNs over earlier
algorithms is their capability to identify relevant features without the necessity
for human intervention. Their versatility is showcased by extensive applications
across different domains, including computer vision and speech processing.
The architecture of CNNs draws inspiration from the neuronal structures found
in both human and animal brains, similar to vanilla neural networks. Delving
deeper into this analogy, the visual cortex in a cat’s brain consists of a complex
sequence of cells, which is simulated by CNNs [126].

Goodfellow et al. [99] highlighted three key benefits of CNNs: equivariant
representations, sparse interactions, and parameter sharing. CNNs are equiv-
ariant with respect to translation, meaning that translating a convolutional layer

102



APPENDIX A. OVERVIEW OF DEEP LEARNING TECHNOLOGIES

input will result in a translation in the output. Moreover, contrary to conven-
tional fully connected (FC) networks, CNNs employ shared weights and local
connections. This design is particularly optimized to exploit the structure of 2D
data, like images. As a result, fewer parameters are required, which simplifies
the training process and boosts the network efficiency. Notably, these neurons
focus on particular portions of a visual scene instead of its entirety. Essentially,
they detect local patterns in the input, functioning similarly to local filters.

A common version of CNNs, which shares similarities with the Multi-Layer
Perceptron (MLP), consists of several convolutional layers followed by sub-
sampling or pooling layers. The final parts are composed of FC layers. In a
CNN model, the input 𝑥 for each layer is characterized by three dimensions:
height, width, and depth, represented mathematically as ℎ ×𝑤 × 𝑑. Usually, the
height is equivalent to the width, while the depth dimension is also referred to
as the channel number. As an example, for an RGB image, the depth is equal
to three. Within each convolutional layer, there are several kernels (or filters)
denoted by 𝑘, which also have a three-dimensional structure, represented as
𝑛×𝑛× 𝑐. Notably, 𝑛 is strictly less than ℎ, and 𝑐 is less than or equal to 𝑑. The lo-
cal connections allow the sharing of parameters, specifically the kernel weights
𝑊𝑘 and the bias 𝑏𝑘 . Through the convolution of these kernels with the input,
𝑘 feature maps, denoted as ℎ𝑘 are produced. Next, introducing nonlinearity
through an activation function 𝑓 , such as ReLU, sigmoid and tanh, yields:

ℎ𝑘 = 𝑓 (𝑊𝑘 ∗ 𝑥 + 𝑏𝑘) . (A.1)

Following the generation of feature maps, each one undergoes down-
sampling via the sub-sampling layers. For every feature map, a specific pooling
function—such as max or average pooling—is applied over a continuous region
sized 𝑝 × 𝑝, where 𝑝 represents the kernel dimensions. Finally, the FC layers in-
tegrate the low and mid-level features to form high-level abstractions. The final
layer is responsible for producing the task results. An illustration of a simple
CNN architecture can be found in Fig. A.1.

Popular CNN architectures include LeNet [165], the first CNN in the im-
age domain, AlexNet[154], the first breakthrough over traditional methods,
VGG [289] and ResNet[113], which introduced deeper models and residual
connections, DenseNet [119], that proposed densely connected layers, and
GoogleNet [295], that presented the inception layer.
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Figure A.1: The LeNet architecture [165]. The input is a handwritten digit, the
output is a probability over 10 possible outcomes. Source: [363].

A.2.2 Transformers

Currently, the predominant models for most natural language processing
(NLP) tasks are based on the Transformer architecture. For any emergent task in
NLP, the standard initial approach is to utilize a large pretrained Transformer-
based model, such as BERT [69], RoBERTa [194], or Longformer [13]. These
models are then fine-tuned based on the available data for the specific task after
adapting the output layers accordingly. Recent developments surrounding large
language models are the results of Transformer-based models such as GPT-2 and
GPT-3 [255, 29]. In parallel, the vision Transformer has been established as a
default model for a range of vision tasks such as image recognition, object
detection, semantic segmentation, and superresolution [75, 195]. Additionally,
Transformers have become relevant for other tasks like speech recognition [104],
reinforcement learning [47], and graph neural networks [77].

The vanilla Transformer, as presented by Vaswani et al. [314], is a sequence-
to-sequence model and consists of both an encoder and a decoder. Each of these
components is constructed with 𝐿 identical layers. Generally, every encoder
layer is formulated using a multi-head self-attention mechanism coupled with
a position-wise feed-forward network (FFN). To facilitate the development of
deeper networks, a residual connection [113] is integrated around each module,
which is subsequently followed by Layer Normalization [7]. Decoder layers
incorporate an additional cross-attention mechanism placed between the multi-
head self-attention and the position-wise FFNs. Additionally, modifications are
made to the self-attention mechanisms in the decoder to prevent each position
from attending future positions. A visual representation of the Transformer
architecture can be found in Fig. A.2.

The Transformer employs an attention mechanism utilizing the Query-Key-
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Figure A.2: The Transformer architecture [314]. Source: [363].

Value (QKV) paradigm. Given matrix representations for queries 𝑄 ∈ R𝑁×𝐷𝑘 ,
keys 𝐾 ∈ R𝑀×𝐷𝑘 , and values 𝑉 ∈ R𝑀×𝐷𝑣 , the Transformer scaled dot-product
attention is expressed as:

Attention(𝑄, 𝐾,𝑉) = softmax
(︃
𝑄𝐾𝑇√
𝐷𝑘

)︃
𝑉 = 𝐴𝑉, (A.2)

where 𝑁 and 𝑀 represent the lengths of the queries and keys (or values),
respectively; 𝐷𝑘 and 𝐷𝑣 indicate the dimensions of the keys (or queries) and
the values. The matrix 𝐴 = softmax

(︂
𝑄𝐾𝑇√
𝐷𝑘

)︂
is often referred to as the attention

matrix. The softmax function is applied row-wise. To alleviate the gradient
vanishing issue associated with the softmax function, the dot-products of the
queries and keys are scaled by the factor

√
𝐷𝑘 .

Instead of relying on a singular attention function, the Transformer utilizes
a multi-head attention mechanism. In this approach, the original queries, keys,
and values of dimension 𝐷𝑚 are projected into dimensions 𝐷𝑘 , 𝐷𝑘 and 𝐷𝑣 using
𝐻 distinct learned projections. The attention output is computed for each set
of these projected queries, keys, and values based on the attention of Eq. A.2.
All outputs are then concatenated and re-projected to form a 𝐷𝑚-dimensional
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representation:

MultiHeadAttn(𝑄, 𝐾,𝑉) = Concat(head1, . . . , head𝐻)𝑊𝑂 ,

where head𝑖 = Attention(𝑄𝑊𝑄

𝑖
, 𝐾𝑊𝐾

𝑖 , 𝑉𝑊
𝑉
𝑖 ).

(A.3)

Within the Transformer architecture, attention is categorized based on the
source of queries and key-value pairs, resulting in three distinct types:

• Self-attention: In the encoder of the Transformer, the queries, keys, and
values are all set to 𝑋, which represents the output from the preceding
layer, as described in Eq. A.3.

• Masked Self-attention: The decoder self-attention in the Transformer is
designed such that queries at a given position can only focus on key-
value pairs up to that specific position. To allow for parallelized training,
an attention mask is typically applied to the unnormalized attention ma-
trix 𝐴̂ = exp

(︂
𝑄𝐾𝑇√
𝐷𝑘

)︂
. Here, any illegal positions are masked by setting

𝐴̂𝑖 𝑗 = −∞ if 𝑖 < 𝑗. This form of self-attention is frequently termed as
autoregressive or causal attention.

• Cross-attention: Here, the queries are derived from the outputs of the
preceding decoder layer, while the keys and values are obtained using the
encoder outputs.

The position-wise feed-forward network (FFN) operates individually on each
position. It is mathematically represented as:

FFN(𝐻′) = ReLU(𝐻′𝑊1 + 𝑏1)𝑊2 + 𝑏2 (A.4)

where 𝐻′ denotes the output from the preceding layer, and 𝑊1 ∈ R𝐷𝑚×𝐷 𝑓 ,
𝑊2 ∈ R𝐷 𝑓×𝐷𝑚 , 𝑏1 ∈ R𝐷 𝑓 , and 𝑏2 ∈ R𝐷𝑚 are the parameters to be learned. Notably,
the intermediary dimension 𝐷 𝑓 of the feed-forward network is often set larger
than 𝐷𝑚 .

As already mentioned, to construct a deep architecture, the Transformer
utilizes a residual connection around each component, succeeded by Layer Nor-
malization. Each Transformer encoder block can then be formulated as:

𝐻′ = LayerNorm(SelfAttention(𝑋) + 𝑋) (A.5)
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𝐻 = LayerNorm(FFN(𝐻′) + 𝐻′) (A.6)

where SelfAttention() denotes the self-attention mechanism and LayerNorm()
represents the layer normalization operation.

The Transformer, in the absence of recurrence or convolution, lacks inher-
ent positional information, particularly for the encoder. This necessitates the
incorporation of an additional positional representation to capture the ordering
of tokens. This positional information is represented using absolute sinusoidal
position encodings. For each position index 𝑡, the encoding is represented as
a vector 𝑝𝑡 = PE(𝑡) ∈ R𝐷𝑚 , where each element is either a sinusoidal or cosine
function of the index, determined by a predefined frequency:

PE(𝑡)𝑖 =
⎧⎪⎪⎨⎪⎪⎩

sin(𝜔𝑖𝑡) if 𝑖 is even

cos(𝜔𝑖𝑡) if 𝑖 is odd
(A.7)

where 𝜔𝑖 denotes the hand-crafted frequency for each dimension. The position
encoding for each position in the sequence is then added to the token embed-
dings prior to being fed to the Transformer.

Generally, the Transformer architecture can be utilized in three distinct ways:

• Encoder–Decoder. The complete Transformer architecture is employed.
This is commonly used for sequence-to-sequence modeling tasks, such as
neural machine translation.

• Encoder only. Only the encoder is utilized, and the outputs of the encoder
serve as a representation for the input sequence. This approach is fre-
quently adopted for natural language understanding tasks, including text
classification and sequence labeling, and in vision tasks.

• Decoder only. Only the decoder component is used, with the encoder-
decoder cross-attention module being removed. This approach is mainly
used for sequence generation tasks, such as language modeling.

Transformers are frequently compared with CNNs. Convolutional networks
inherently possess the inductive biases of translation equivariance and locality
due to their shared local kernel functions. In contrast, the Transformer archi-
tecture makes no assumptions regarding the structural information of data. For
this reason, the Transformer is a universal and adaptable architecture. How-
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ever, a consequential drawback is that the absence of structural bias makes the
Transformer prone to overfitting, especially with limited data.
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