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Preface (English)

Artificial intelligence is increasingly pervasive in a broad variety of applications and in
our daily life, from scientific applications to industrial manufacturing, from medical ap-
plications to biomedical systems, from ambient intelligence to consumer electronics, from
entertainment to games, from communications to social networks, from finance to marke-
ting, and many more. Addressing the growing needs of smart applications and expanding
our knowledge on the foundations and the opportunities offered by artificial intelligence
are essential to support for advancing science and technology as well as to provide the
critical support for social and economic development.

The 4EU+ European University Alliance has been created and funded by the European
Commission to create a comprehensive research-intensive European university, an inte-
grated environment promoting and supporting research and higher education based on
research. This Alliance aims to set a new standard of cooperation in education, research,
innovation, and outreach by leveraging and expanding the research capacity and strong
multi- and interdisciplinary profiles of the partner universities.

Within this vision, the AU4+ group of research and education experts on Transforming
Science and Society: Advancing Information, Computation and Communication (Flagship
3 of the Alliance) organizes several activities for promoting research collaboration and
education initiatives in a variety of topics related to information and communication tech-
nologies and their multi/inter-disciplinary foundations, including artificial intelligence. In
2022, the 4EU+ Summer School on Artificial Intelligence has been organized in Gargnano
del Garda, Italy, to stimulate the interest of PhD students and young researchers in various
fields of artificial intelligence, specifically in the scientific and technological foundations
and the related applications.

Attendees have been suggested to present their ideas and research and contribute
to research discussion in the 4EU+ International Workshop on Recent Advancements in
Artificial Intelligence, organized in conjunction to the summer school, as an open fo-
rum for multi/inter-disciplinary discussion. Sharing and discussing advanced knowledge
on the theory, techniques, methodologies, and applications of artificial intelligence has

7
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8 Preface (English)

been a stimulating experience, contributing to dive in advanced concepts, showcasing
achievements, innovations, and opening new opportunities.

Participants submitted their manuscript for review and possible inclusion in the pro-
ceedings of the workshop. Only a limited number of papers have been accepted after a
peer review process. This volume contains these papers, the most stimulating ideas and
results that have been discussed in the workshop. We are sure that you will enjoy reading
them.

Ruggero Donida Labati, Angelo Genovese, and Vincenzo Piuri
Editors
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Prefazione (Italiano)

L’Intelligenza Artificiale è sempre più pervasiva in un’ampia varietà di applicazioni e nel-
la nostra vita quotidiana: dalle applicazioni scientifiche alla produzione industriale, dal-
le applicazioni mediche ai sistemi biomedici, dall’intelligenza ambientale all’elettronica
di consumo, dall’intrattenimento ai giochi, dalle comunicazioni ai social network, dalla
finanza al marketing, e in molti altri ambiti. Rispondere ai crescenti bisogni di applica-
zioni intelligenti ed espandere la nostra conoscenza relativa ai fondamenti e alle oppor-
tunità offerte dall’intelligenza artificiale è essenziale per il progresso della scienza e della
tecnologia, oltre che per fornire un supporto critico allo sviluppo sociale ed economico.

La 4EU+ European University Alliance è stata istituita con l’obiettivo di costituire un’u-
niversità europea completa, ad alta intensità di ricerca, un ambiente integrato che pro-
muova e sostenga la ricerca e l’istruzione superiore basata sulla ricerca. Questa Alleanza
mira a stabilire un nuovo standard di cooperazione nell’ambito dell’istruzione, della ri-
cerca, dell’innovazione e della divulgazione, valorizzando ed espandendo la capacità di
ricerca e gli importanti profili eterogenei e interdisciplinari delle università partner.

In questa prospettiva, il gruppo AU4+ di esperti di ricerca e formazione Transforming
Science and Society: Advancing Information, Computation and Communication (Flagship
3 dell’Alleanza) organizza diverse attività per promuovere la collaborazione nella ricerca e
iniziative educative in vari ambiti legati alle tecnologie dell’informazione e della comuni-
cazione e alle loro basi multi/inter-disciplinari, inclusa l’intelligenza artificiale. Nel 2022 è
stata organizzata a Gargnano del Garda, Italia, la 4EU+ Summer School on Artificial Intel-
ligence, con l’obiettivo di stimolare l’interesse di dottorandi e giovani ricercatori in diversi
settori dell’intelligenza artificiale, in particolare nei fondamenti scientifici e tecnologici e
nelle relative applicazioni.

Ai partecipanti è stato suggerito di presentare le proprie idee e ricerche e di contribuire
alla discussione scientifica nel 4EU+ International Workshop on Recent Advancements in
Artificial Intelligence, organizzato in concomitanza con la scuola estiva, come forum aper-
to per il confronto multi/inter-disciplinare. Condividere e discutere conoscenze avanzate
sulla teoria, le tecniche, le metodologie e le applicazioni dell’intelligenza artificiale è stata

9
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10 Prefazione (Italiano)

un’esperienza stimolante, che ha permesso di approfondire concetti avanzati, mostrare
risultati e innovazioni e aprire nuove opportunità.

I partecipanti hanno inviato i propri manoscritti per la revisione e l’eventuale inclu-
sione negli atti del workshop. Solo un numero limitato di articoli è stato accettato dopo
un processo di revisione tra pari. Questo volume raccoglie tali articoli: le idee e i risultati
più stimolanti discussi durante il workshop. Siamo certi che la loro lettura sarà di vostro
interesse e gradimento.

Ruggero Donida Labati, Angelo Genovese e Vincenzo Piuri
Curatori
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Chapter 1

Introduction
DOI: 10.54103/milanoup.282.c633

Artificial intelligence is increasingly pervasive in a broad variety of applications
and in our daily life, from scientific applications to industrial manufacturing, from
medical applications to biomedical systems, from ambient intelligence to consu-
mer electronics, from entertainment to games, from communications to social net-
works, from finance to marketing, and many more. Addressing the growing needs
of smart applications and expanding our knowledge on the foundations and the
opportunities offered by artificial intelligence are essential to support for advan-
cing science and technology as well as to provide the critical support for social and
economic development.

The AU4+ group of research and education experts on Transforming Science
and Society: Advancing Information, Computation and Communication (Flagship
3 of the Alliance) organizes several activities for promoting research collaboration
and education initiatives in a variety of topics related to information and com-
munication technologies and their multi/inter-disciplinary foundations, including
artificial intelligence.

The 4EU+ Summer School on Artificial Intelligence has been organized in Gar-
gnano del Garda, Italy, to stimulate the interest of PhD students and young re-
searchers in various fields of artificial intelligence, specifically in the scientific and
technological foundations and the related emerging applications.

Sharing and discussing advanced knowledge on the theory, techniques, me-
thodologies, and applications of artificial intelligence has been a stimulating ex-
perience, contributing to dive in advanced concepts, showcasing achievements,
discoveries, and innovations, and opening new opportunities.

11
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This book includes the following contributions:

• S. Monji Azad, M. Kinz, M. Fotouhi, J. Hesser, “A Rigid Point Cloud Registra-
tion Method Based on Global Feature Learning and Graph Representation”;

• E. Chitti, “Deep Learning for PCG of 2D video game levels”;
• S. Mukherjee, Dušek, “Text Style Transfer: An Introductory Overview”;
• T. Meißner, W. Nahm, J. Hesser, M. Löw, “Simulation Study on Super-

Resolution for Coded Aperture Gamma Imaging”;
• M. Rossi, “Deep Learning Applications to Particle Physics: A Review”.
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2.1 Abstract

Point cloud registration involves estimating spatial transformations between point
sets. Traditional registration approaches are categorized into rigid and non-rigid
transformations. This paper introduces a rigid point cloud registration method
leveraging the PointNet method to learn global shape features, focusing on graph
representation during the registration step. Informative points are extracted as glo-
bal features, represented as graphs, and then matched to compute a transforma-
tion matrix for registration. Experimental results demonstrate that the proposed
algorithm significantly improves the mean square error (MSE) from 4.94× 10−5 to
1.74×10−5 on average across 10 categories of the ModelNet10 dataset. Additional-
ly, the method achieves superior accuracy for the chair category in the ShapeNet
dataset compared to GP-Aligner and Norm-IP, while also reducing computational
time through the graph intermediate representation.

2.2 Introduction

A point cloud is a set of data points for the representation of 2D or 3D shapes.
Point sets find their use in various applications, namely 3D localization [1], 3D
reconstruction [2], free-viewpoint generation [3], augmented/virtual reality [4], etc.

Point cloud registration is one of the most fundamental challenging areas in
computer vision [5]. The primary goal of point cloud registration is to estimate the
transformation between two or more corresponding point sets. Hence, the error
between the transformed point cloud and the target one should be minimized. The
registration approaches are categorized into rigid and non-rigid transformations.
To be more accurate, in rigid registration the geometric extensions and shape of an
object are invariant under affine transformations such as translation and rotation
while for non-rigid registration the deformation field for the source point cloud
should be determined [6].

A point cloud registration method based on rigid transformation is proposed
in this paper. The proposed approach consists of three main steps, namely feature
extraction, corresponding point determination based on a graph representation,
and the transformation matrix calculation. The first step is based on PointNet [7] to
extract global features which are the informative points of the input point clouds.
In the second step, a graph representation of the extracted informative points is
constructed. In the mentioned graph, each point represents an informative point.
To this end, graph matching is applied to find the initial corresponding points.
Then, the initial correspondences are used to estimate the transformation matrix.
All steps of the proposed method are explained in Section 2.5 in more detail.

A summarization of the proposed method’s novel parts can be discussed in
several points:
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• Considering the fact that PointNet [7] is able to extract critical points which
can show the structure of an object, the proposed method extracts the
efficient landmarks of an object by taking the advantage of PointNet.

• The proposed method constructs a star graph based on the extracted
landmarks which are efficient to determine the initial corresponding points.

• In the proposed approach, the registration problem is solved using the graph-
matching approach to increase the time efficiency as well as improving the
accuracy of the matching step.

• The proposed method calculates the system equation to determine the affine
transformation matrix. The equation systems are computed based on precise
initial corresponding points which increasingly decrease the transformation
matrix error.

This paper makes the following contribution:

• The proposed method calculates the accurate transformation by using the
graph-matching approach.

• Experiments show the proposed method is robust to different affine
transformations (rotation and translation).

• The proposed graph intermediate representation reduces the computational
time.

The rest of this paper is organized as follows. Section 2.3 outlines the related
work. Section 2.4 provides the problem definition of rigid point cloud registration.
The proposed method is explained in Section 2.5. The experimental dataset and
evaluation performance are described in Section 2.6. A discussion on the potential
and limitations of the proposed method is presented in Section 2.7. Finally, Section
2.8 concludes the paper.

2.3 Related work

The registration problem is typically tackled by methods that are using either non-
learning approaches or learning-based methods. Non-learning approaches, in par-
ticular, suffer huge computational effort. Hence, using non-learning approaches to
solve the registration problem in a real-time manner is the most significant chal-
lenge. There are various approaches to solving the registration problem based on
learning approaches. Some of them focus on generating an accurate feature de-
scriptor to take local and global features into account. For the same purpose, some
others concentrate on finding the best representation for the point cloud.

From another point of view, learning-based methods use different network ar-
chitectures. Some architectures are more common like MLP, CNN, and GNN. In the
following, some of the most cited papers are studied. However, the available studies
are not limited to the mentioned categorizations.
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Given that point clouds are unordered structures that, unlike images, do not
have neighborhood information, there are some approaches to provide different
representations of point clouds that are used in various registration studies. The
intermediate representation is a common approach to overcoming the unorde-
red problem. Voxels, graphs, and 3DMeshs are some samples of the intermediate
representation, to mention a few. In this way, applying CNN architecture, using
point clouds as the network’s input, can be a challenge [8]. There are different ap-
proaches to overcoming these challenges. Deep closet point (DCP) [9], TIF-Reg [10],
and the deep global registration (DGR) method [11] are some studies of rigid point
cloud registration based on the CNN network.

GNN is another frequently used network to learn neighborhood information.
Usually, each graph’s node represents its local features which is one of the reasons
for achieving good accuracy. GNN is not only used as a local feature representa-
tion, but also as a matching step. FIRE-Net is a rigid and interactive representation
learning-based method [12]. G2 Net [13] is another geometric guided network for
both full and partial rigid point cloud registration problems. Also, a graph matching
method (RGM) is proposed in [14].

In another categorization, point cloud registration methods are categorized in-
to coarse and fine approaches. The coarse-based registration methods calculate an
initial geometric alignment. However, estimating a transformation to solve registra-
tion problems as precisely as possible is called the fine-based registration method.
Iterative Closest Point (ICP) [15] and Coherent Point Drift (CPD) [16] are two of the
most well-known fine registration approaches.

2.4 Problem Definition

A point cloud P is a set of a fixed number n of 3D points P = {pi ∈ P |i = 1,2, ...,n}.
The source point cloud (S) and the target point cloud (T) are defined as a set of
Dat a = {(S,T )|S,T ∈RN×n} where N is the dimension and n is the number of points.

A transformation is a parameterized mapping from the source to the target
domain, in particular, the transform is defined by a rotation matrix R(θ), and a
translation vector #»

t ; we define α= {R(θ),
#»
t } as the free parameters of the transform

Tr ans(α,S) where S is the source point cloud that should be transformed.
The metric defines the similarity of point clouds (T ), Tr ans(α,S); whereby for

our purpose, we use the Euclidean distance measure as the criterion of best fit.
In particular, we assume that for point cloud registration, for each si ∈ S there is a
corresponding ti ∈ T as the corresponding point.

2.5 Proposed Method

In our approach, point cloud registration is based on identifying the correspon-
ding points in the source and destination point clouds, and calculating the
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transformation matrix, subsequently.
As shown in Figure 2.1 our method consists of three main steps, namely feature

extraction, corresponding point determination based on a graph representation,
and transformation matrix calculation. In the following, each step is discussed in
detail.

Figure 2.1 The overview of the proposed method. The proposed method has three main steps:
global feature extraction based on PointNet [7], corresponding point determination based on
graph representation, and transformation matrix calculation.

2.5.1 Feature Extraction

The learning-based feature descriptor is the first step of the proposed method.
For the given point clouds, global features are extracted using a PointNet-based
architecture. PointNet [7] is a very efficient method for feature extraction in
learning-based registration methods.

The input is 3D point cloud {Pi |i = 1, ...,n} where each point Pi is a vector (x, y, z) ∈
R3. The feature extraction step has two main modules, one is a T-net and the other
one is a max pooling layer.

T-net [17] is a mini-network to predict an affine transformation matrix to map
a point cloud to canonical space before processing. Then, the estimated transfor-
mation matrix is directly applied to the coordinates of input points. T-net is applied
two times in our network architecture. For the first time, it is applied to N×3 coordi-
nates, and the second time when feature vectors are transformed within the feature
space with the dimension of N ×64.

Max pooing as the second module is a function used to extract an order-
invariant descriptor. It calculates the maximum value for patches of a feature map
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and creates a downsampled or pooled feature map. In this paper, the output of the
max pooling layer is called global features or informative points. Global features
consist of a vector with 1024 elements which is calculated based on a N×1024 matrix
from the previous layer, where N is the number of points in one point set. In Figure
2.2, the output of max pooling is shown.

Figure 2.2 Informative points representation to show the output of global shape features (a)
Input point cloud (b) global feature representation

2.5.2 Corresponding point determination based on graph
representation

After extracting the global features from the first step of the proposed method, the
extracted informative points are used to provide a new representation of the input
point cloud. This representation is coded as a graph for source and target point
clouds respectively. The informative points are hereby the vertices vi ∈V of the gra-
ph G = (V ,E), and the edges e j ∈ E are the connectives between the central vertex to
other vertices by defining a central node vc ∈ V and edges e j = (vc , vi ), i ̸= c, vi ∈ V .
To reduce the computational time, instead of using a fully connected graph or a
graph with a high number of edges, a star graph of informative points is construc-
ted. Furthermore, using the median as a robust estimate for the point cloud center
gives us the first certain corresponding point which is invariant under translation
and rotation. The star graph is a type of graph in which the degree of n −1 vertices
is 1 and the degree for one vertex is degree n −1. To be more precise, n −1 vertices
are connected to a central vertex. A sample of the constructed star graph from the
chair informative points is illustrated in Figure 2.3. For determining the correspon-
ding points, star graphs for both source and target point clouds are constructed.
Considering the fact that a rigid transformation (translation and rotation) does not
change the distance between points, finding the edges vc with unique weights can
be used to estimate initial accurate corresponding points. Therefore, first, the uni-
que edges (vc , vi ) are extracted for both source and target point clouds, separately.
Then, their vertices vc can be considered as initial corresponding points.
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Figure 2.3 A constructed star graph of the informative points of a chair

2.5.3 Transformation matrix calculation

The transformation between the source and target point cloud is calculated throu-
gh the initial corresponding points. Although at least four corresponding points are
needed for calculating the transformation matrix, the number of unique edges is
usually more than this value. Therefore, the limitation of the number of points is
not a problem for the proposed method. To calculate the transformation matrix,
the coordinates of the source and target point clouds are considered to be homo-
geneous. To be more precise, each point is shown as (x, y, z,1). Then, the transfor-
mation matrix m between the source and target point clouds is a 4 matrix which is
a combination of various transformations.

m =


a11 a12 a13 a14

a21 a22 a23 a24

a31 a32 a33 a34

0 0 0 1

 (2.1)

By considering S as the source point (or a vector) and T as the target point (or a
vector), the matrix m presents an affine transformation that transforms S from one
coordinate system to T in another coordinate system. The m shown in Equ. 2.1,
is combined of translation, rotations, scalings/reections, and shears. As discussed
in Section 2.4, this paper is limited to calculating the translation and rotation. In
this regard, the elements [a11, a12, a13, a21, a22, a23, a31, a32, a33] represent the
rotation transform and the elements of the last column [a14, a24, a34] represent the
translation transform. To calculate the transformation between the source point set
(S) and the target one (T ), matrix m should be computed. Matrix m is obtained by
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calculating the system equation which is

T = mS (2.2)

The transformation of the point x to point x ′ is thus written as x ′ = mx. This
mapping can be shown as a matrix by


x ′

y ′

z ′

1

=


a11 a12 a13 a14

a21 a22 a23 a24

a31 a32 a33 a34

0 0 0 1




x
y
z
1

 (2.3)

For calculating the elements of matrix m, the system of matrix equation that is
shown in Equ. 2.2 needs to be solved. The equations can be shown by


x ′ = a11x +a12y +a13z +a14

y ′ = a21x +a22y +a23z +a24

z ′ = a31x +a32y +a33z +a34

(2.4)

These are the equations that define the relationship between the matrices T , m,
and S. To find the matrix m, we can solve these equations for the elements of m
in terms of elements of T and S. It is worth mentioning that points and vectors
are represented as mathematical column vectors in homogeneous coordinates with
the difference that points have a 1 in the fourth position whereas vectors have a
zero of that. For vectors, the value in row number 4 is 0 instead of 1 to remove the
translation operation by multiplying the 4th vector of matrix m by 0(1 = 0x+0y+0z+
1).

After calculating m based on the accurate initial corresponding points, all poin-
ts can be transferred from the source point cloud to the target one based on the
calculated m. Then, the distance between the moving points and the target ones is
calculated to show how accurate the proposed method is which will be discussed
in Section 2.6.

2.6 Results

To show the accuracy of the proposed method, the approach is evaluated on the
ModelNet10 dataset and the results are compared with a rigid registration method
proposed in [18]. In the following, the used dataset to evaluate the accuracy of
the method will be studied. Afterward, the results of the proposed method will be
presented.
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Source point clouds Degree Target point clouds Target + Transformed point set 

 

Toilet (30o) 

  

Toilet (45o) 

  

Toilet (60o) 

  

Figure 2.4 The results of the proposed method on the toilet category. The results are shown
for three different degrees of rotation, namely 30°,45°,60°. The source point cloud is shown
in the first column. Different degrees of target ones are shown in the second column. The
third column shows the result after applying the transformation. The output of the proposed
method is shown in the last column.

2.6.1 Dataset

ModelNet [19] is one of the most used synthetic datasets which is provided in
two subsets: ModelNet10 and ModelNet40. ModelNet40 contains 40 categories
composed of 12311 CAD models while ModelNet10 contains 10 categories inclu-
ding 4899 CAD models in mesh format. The dataset is divided into train and test
data, consisting of 3991 and 908 models, respectively. Furthermore, the Chair cate-
gory of ShapeNet [20] is used to report the accuracy of the proposed method as well
as the time efficiency.

In this paper, the test data from ModelNet10 and ShapeNet are conside-
red as source point clouds. Then, to generate the target ones different degrees
of rotation and random translation values for (x, y, z) are applied to the source
point clouds. Moreover, to evaluate the method on the ShapeNet dataset, the ob-
jects are randomly selected from the armchair, folding chair, and swivel chair
categorizations.

2.6.2 Experimental results

It is worth mentioning that to evaluate the proposed method, the data can be ca-
tegorized into three parts, namely source point clouds, target point clouds, and
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 Source point clouds Target point clouds Target + Transformed point set 

Bathtub 

  

Chair 

   

Sofa 

   

Figure 2.5 The results of the proposed method. The results are shown for four categories: ba-
thtub, chair, desk, and sofa. The source and target point clouds are shown in the second and
third columns. The final results of the proposed registration method are shown in the last
column which is called outputs.

Table 2.1 The accuracy of the proposed method is provided and compared with the
method [18]. The results are shown as distance MSE for 10 categories of ModelNet10.

Categories Proposed Method Method [18] (Di-
stance MSE)

Method [18] (Rota-
tion Error (deg.))

Bathtub 1.21×10−5 4.92×10−5 1.16
Bed 2.28×10−5 4.41×10−5 1.15
Chair 2.39×10−5 5.03×10−5 1.29
Desk 0.77×10−5 5.26×10−5 1.31
Dresser 1.82×10−5 5.18×10−5 1.04
Monitor 1.33×10−5 3.83×10−5 1.03
Night-stand 1.75×10−5 5.04×10−5 1.08
Sofa 1.09×10−5 3.99×10−5 1.10
Table 2.89×10−5 6.36×10−5 1.49
Toilet 1.89×10−5 5.56×10−5 1.15

Average 1.74×10−5 4.94×10−5 1.18

transformed point clouds. As source point clouds, the test data from ModelNet is
considered. After applying different rigid transformations (different rotation and
translation), the target point clouds are generated. Therefore, to study the proposed
method’s accuracy, a distance measurement is calculated between the target point
clouds and the transformed ones. The Mean Square Error (MSE) is used to calculate
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the distance error shown in Equ. 2.5.

MSE = 1

n

n∑
i=1

(Yi − Ŷi )2 (2.5)

Furthermore, the results are evaluated in one more measurement called Chamfer
distance (C. D.) which is shown in Equ. 2.6.

C D (S,T ) = 1

|S|
∑
x∈S

min
x∈T

∥x − y∥2
2 +

1

|T |
∑
y∈T

min
x∈S

∥x − y∥2
2

(2.6)

The performance of the presented method is analyzed by objective and subjective
measures which will be discussed in the following.

Subjective measurement For subjective measurement evaluation, the results of
the proposed method in different situations are demonstrated. As mentioned befo-
re, each target is generated in different degrees of rotation and random translation
values for (x, y, z). Figure 2.4 shows an example of the proposed method output on
the toilet category. In another evaluation, the final results for some categorizations
are presented in Figure 2.5.

Objective measurement To demonstrate the accuracy of the calculated tran-
sformation matrix, the proposed method is implemented for all 10 categories. The
MSE measurement is run on each category between the target point cloud and
the output of the proposed method. The result should be minimized. Therefore,
a value of zero corresponds to a registration accuracy of one hundred percent.
The proposed method’s accuracy is shown in Table 2.1. Furthermore, the results
of method [18] are shown in this table to compare the accuracy of each catego-
ry. In comparison with the other method, it can be concluded that the proposed
method could achieve higher accuracy. Furthermore, results for the Chair category
in the ShapeNet dataset in comparison with GP-Aligner [21] and Norm-IP [22] are
presented in Table 2.2.

Table 2.2 The accuracy of the proposed method in comparison with the methods
[21] and [22]. The results are shown as Chamfer distance (C. D.) for the Chair
category. The running- time of the methods is shown in the last column.

Methods C. D. Time
Norm-IP [22] 21.42×10−4 4328s
GP-Aligner (Shape-Wise) [21] 3.10×10−4 16s
GP-Aligner (GroupWise) [21] 2.20×10−4 16s
Proposed Method 2.159×10−5 0.0024s
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The amount of time an algorithm needs to execute is known as run-time ef-
ficiency. Various factors affect the execution speed such as the parallelism of the
program, the hardware utilization, and the choice of programming language, to
name a few. Regarding the mentioned factors, comparing the time efficiency of
the approaches based on time can be unfair. All in all, in this paper, to provide an
overview of the proposed method’s running-time efficiency, the run-time in com-
parison with three other methods is presented. To study the time efficiency of the
proposed method, the running time of the proposed method, GP-Aligner [21], and
Norm-IP [22] are reported in Table 2.2.

It is worth mentioning that no parallelization has been done in the implemen-
tation of the proposed method and the presented time in Table 2.2 for all methods
is for running the test dataset.

In the available studies beside reporting distance and loss function, the me-
thods’ robustness to noise also is reported. In this regard, two various dataset ty-
pes are discussed in the literature, namely real-world datasets and synthetic ones.
Real-world datasets which are commonly captured using LiDAR cameras or scan-
ners suffer from different types of noise. This is not the case with synthetic datasets
and it is usually added synthetically to the dataset to challenge proposed approa-
ches [6]. In this paper, a synthetic dataset called ModelNet and ShapeNet is used
and the noise challenge is not studied which can be considered as a future study
for this paper.

2.7 Discussion

A rigid point cloud registration method based on global feature learning and graph
representation is presented in this paper. The proposed method provides several
contributions. One is the accurate transformation by using graph matching which
is robust to different affine transformations (rotation and translation).

Considering the fact that the point cloud has an unordered structure, the pro-
posed method takes the advantage of PointNet architecture, using max pooling,
to overcome this challenge. Furthermore, PointNet architecture is used to extract
global features as input for the next steps. Hence, PointNet makes the extracted
features robust to different affine transformations. Additionally, the proposed cor-
responding point determination based on graph representation and graph mat-
ching makes the approach robust to different transformations. It is worth mentio-
ning that regarding the start graph representation, the computation time is low in
comparison with the complete graph.

2.8 Conclusion

In this paper, an efficient rigid point cloud registration method was proposed. The
proposed method had three main steps, namely feature extraction, corresponding
point determination based on graph representation, and transformation matrix
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calculation. It is shown in the results that the proposed method has high accuracy
in rigid registration and that it is robust to different degrees of rotation and various
values of translation. In future work, it can be studied how the proposed method
can be improved to estimate non-rigid transformations.
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3.1 Abstract

Content generation is one of the most expensive and time consuming tasks in video
game development, and Procedural Content Generation (PCG) approaches have
been proposed to reduce costs since 1980 in video games as Elite. In recent years,
Generative Adversarial Network (GANs) have shown promising results in providing
new possibilities for procedural generation of new content, including generation of
2D game levels. However, GAN research for PCG is still an open issue, since the new
levels procedurally generated should respect constraints of the gameplay rules and
they should be playable. In this paper we will review the state of the art and explore
three interesting approaches in literature for procedural generation of game levels
with GANs. First, we examine how the data of human-designed video game levels
can be represented inside data-sets suitable for GANs; in particular, we focus on the
representation of the game rules associated with each object present in the level.
Second, we expose three different approaches of PCG with GANs, and for each ap-
proach we deepen the proposed adaptations on the GANs to generate video games
levels, the data-set used, and the algorithm’s performance. For each approach, we
also analyze the proposed evaluation methods for the procedural generated levels,
in particular taking into account the traversability, verifying that the areas in the
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level are reachable, and the playability, verifying that the goal target of a game level
is reachable without excessive difficulty.

3.2 Introduction

Video games are multimedia products made of different game elements, 3D or 2D
assets, musics, sound effects, text, game story, game levels. These elements can be
split into the two categories of cosmetic content and functional elements. The co-
smetic content refers to assets and graphics from artistic point of view. The func-
tional elements can be defines as the game space [1] or the game content that is
directly related to game mechanics and rules, that are the core of a video game.
According to [2] video games can be evaluated examining human actions, since the
player experiences fun when they spend energy to reach the goal respecting the
game mechanics and rules. To ensure playability, the rules, established by game
designers, must be respected also during the development of a video game: level
design heavily relies on human expertise and expensive playtesting of the levels
created; for example in “Fig. 3.1” the ending target in a Super Mario Bros 2D le-
vel should be reachable and the obstacles should be positioned correctly, not too
close nor too far to avoid the creation of a level too difficult or even impossible to
play, that leaves the fun aside by replacing it with frustration. Therefore, one of the
main costs of developing video game is content creation, that requires non-trivial
human effort. To reduce costs and human labor, algorithmic approaches for auto-
matic content creation following the game rules, or Procedural Content Generation
(PCG), have been proposed from 1980, PCG can have different use cases, as auto-
nomous generation, repair of non-playable levels, and data compression. In the
Rogue dungeon-crawling video game (1980)1, the developers exploited PCG to ge-
nerate novel content (dungeon rooms and hallways) every time the game was star-
ted. In the Elite (1984)2, a video game of space simulation, the developers exploited
PCG for data compression, they stored the seeds for a pseudo-random number ge-
nerator instead of the sequence of numbers to generate the universe represented
in the game with the star systems. Nowadays PCG with seeds for pseudo-random
generation is still used in commercial games as No Man’s Sky3.

In recent years deep learning allowed to produce different types of content as
audio, images, or 3D objects, therefore, its application to video games is a natural
consequence: new approaches exploiting the Adversarial Networks have been pro-
posed also for PCG. For example, generative adversarial networks GANs have been
applied to generate background terrain environments of games [3] or 2D game le-
vels [4]. However GANs, that work well for generating content for other creative

1 https://www.mobygames.com/game/rogue
2 https://www.mobygames.com/game/elite
3 https://www.nomanssky.com

https://www.mobygames.com/game/rogue
https://www.mobygames.com/game/elite
https://www.nomanssky.com
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Figure 3.1 Example of Super Mario Bros level: Mario has to reach the pipe-goal of the level.

purposes, are not always applicable to game generation. Procedural generation of
levels, as well as PCG of sprites, should output content coherent with the game pur-
poses and requires specific game-play skills: the game levels should be playable and
the sprites should represent images of specific characters doing an action allowed
by game rules (for example jumping or fighting).

We propose a focus on existing deep learning methods with GANs to generate
new functional elements of 2D video games, and in particular, new game levels. We
will analyze three different approaches for level generation that expose interesting
results and that we have considered interesting for those wishing to approach PCG
of video game levels with GANs. In the first section, we will analyze in brief what
are the GANs and how this framework with two neural networks can generate new
artificial samples starting from a real set of images. In the second section, we will
analyze possible representations of the characteristics of a video game level that
can be used to create new data-sets feasible as input for GANs. In the sections 4-
6, we will deepen three different GANs implementations to generate game levels,
analyzing promising results and limitations of each approach. Finally, in section 7,
we draw the conclusions .

3.3 GANs in brief

Generative Adversarial Network (GAN) defines a machine learning framework that
allows to generate new artificial data that are plausible, as new images or audio,
from a real or hand-made training set. It comprises two neural networks, (i) the
generator G, and (ii) the discriminator D, that compete in a zero sum game, where
one agent’s gain is another agent’s loss.

• G generates new data as similar as possible to the training set Xtrue: it receives
in input the data as N-dimensional uniform random variables (noise) as input
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and it learns to map the input to distribution of interest.
• D distinguishes candidates produced by the generator Xgen from the true da-

ta distribution: it receives in input the true training set and the new data
generated by G and, for each data, it outputs the probability that it is true
or generated.

Through this technique new data are generated with the same statistics as the
training set: G generates candidates while D evaluates them. The core idea of a GAN
is based on the training of the generator through the discriminator, that can tell how
much realistic are the data generated. This means that the G is not trained to mini-
mize the distance to a specific data, as an image, but rather to fool the discrimina-
tor. Both networks are in fact updated dynamically: independent backpropagation
procedures are applied so that G produces better samples, while D becomes more
skilled at recognizing the fakes.

To summarize, the main goal of G is to learn how to successfully fool the discri-
minator, while the goal of D is to learn how to better recognize the true data from
mocked ones [5].

Figure 3.2 Grid representation with tiles of Legend of Zelda. The map has walls and walkable
areas, on the map are located tiles for the items (as rupees), obstacles (as stones) and enemies

3.4 2D Video Games data representation of levels for GANs.

Before exploring the deep learning approaches, it is important to make an intro-
duction regarding 2D video games data representation. Most of 2D games can be
represented with a tileset, literally a set of tiles, or sprite images, each one of the
same size. These tiles can be placed on a grid to compose larger images, to be used
for example as game maps. Each tile can contain a wall, a door, a walkable area or
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the floor, a non-walkable area, an item or an enemy, as in “Fig. 3.2”. Tiles can be
overlapped in particular cases, as images of enemies or items on top of the floor
sprite.

3.4.1 VGDL representation

Starting from the tileset representation of 2D games, the General Video Game Artifi-
cial Intelligence (GVGAI) framework provides, through the Video Game Description
Language (VGDL) [6], a generic solution to represent 2D video games with same
physics and game actions and similar rules (most of them with top-down or iso-
metric perspectives), e.g., “Fig. 3.3”. VGDL represents 2D games with a grid-level
of description of its custom properties, constraints and physics: each sprite ima-
ge inside a level in VGDL brings with it additional information as the directional
speed, interaction with other sprites, its movement inside the level, declaration of
the sprite as a game termination condition (for ending targets), scoring related to
this sprite, etc.

The GVGAI framework allows to run 2D games defined with VGDL standard,
and it provides agents based on various heuristics that can play the games. These
agents have been exploited by different studies as [4,7] to evaluate generated levels.

Figure 3.3 Example set of four 2D games that can be represented with VGDL, from top left
The Legend of Zelda, Rogue, Boulder-dash, Rockford.
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3.4.2 Maps representation

In the same year of the publication presenting the GVGAI, [8] proposed another
approach defining a 2D game level with multiple overlapping images each one
representing a feature of the level’s map. This approach was explored for generating
maps of first person games, in which the graphical perspective is rendered from the
viewpoint of the player’s character. The authors converted the walkable area of each
level in top-down 2D maps, that can be used as a dataset.

The authors created 5 different images for each level’s map:

• Floor map, representing floors.
• Wall map, representing walls.
• Height map, representing the height of floor of each room inside the level.
• Things map, representing all the objects included in the level that are not

walls, floors or doors.
• Trigger map, representing all the triggers with different encoding, represen-

ting the type of trigger (door, teleport, lift or switch)

In addition they proposed a 6th image, called Room map, representing the map
with a room segmentation approach similar to the one used to reconstruct maps
of real life environments by robotic entities. These maps can be analyzed with the
Simultaneous localization and mapping - SLAM algorithms, that can be used to
evaluate the quality of the generated map.

3.5 DOOM levels generation with GANs

Authors in [8] propose and compare two different approaches to generate DOOM
levels. In this study the authors applied GANs to train a model with existing DOOM
levels and then they used the model to procedurally generate new levels.

3.5.1 Data-set

DOOM is a first person shooter video game developed in 19934, and its levels are
widely represented in different textual data-sets as the Video Games Level Corpus
by [9] and the Idgames archive 5. [8] performed a preliminary conversion of data
from text to images, they extracted topological features and converted data repre-
senting each level into 6 images, (i) Floor map, (ii) Wall map, (iii) Height map, (iv)
Things map, (v) Triggers map and (vi) Room map, as described in the section 3.4.

The authors trained two different GANs with 1000 human-designed levels: the
first GAN was trained with maps images, while the second one was trained using

4 https://it.wikipedia.org/wiki/Doom
5 https://doomwiki.org/wiki/Idgames_archive

https://it.wikipedia.org/wiki/Doom
https://doomwiki.org/wiki/Idgames_archive


main MEIEC2 27 febbraio 2026 21:31

Chapter 3. DL for PCG of 2D Video Game Levels 33

both map images and a vector of features that were also extracted during the
preliminary conversion of the data-sets. The vector of features include:

• Metadata: includes level name and number of downloads of the level
• WAD: the WAD is the name extension of files in the Idarchive data-set, these

files include size of the level, number of lines and vertices, the same data are
identified here with WAD term.

• Image: includes equivalent diameter of the level, fraction of area that can be
traversed, perimeter of the level, vertical and horizontal size of the level

• Graph: graph representation extracted with the Room map image analyzing
indoor environments with SLAM approach.

3.5.2 Deep Level Generation

The authors trained two different GANs I and II, one unconditional and one condi-
tional. The authors employed the Wasserstein GAN with Gradient Penalty (WGAN-
GP) developed by [10], they adapted the framework replacing the tanh activation
function on the output layer, with a sigmoid function more suitable for grayscale
images with few levels of gray.

The first GAN (I) is unconditional: for each level the generator G receives in in-
put Xtrue six images and a noise vector Z sampled from a Gaussian distribution,
while the second GAN (II) is conditional: the generator G gets in input the the six
images, a vector of features Y of the level and the noise vector Z.

As a result, both the GANs generates six images that represent a generated le-
vel and can be used to produce a fully playable level. The G network is trained to
generate an output Xgen that is as similar as possible to the original inputs Xtrue. In
contrast, the D network is trained to distinguish between human-designed and ge-
nerated levels, it receives in input either Xtrue or Xgen and it outputs the probability
that Xtrue or Xgen are images of a generated level.

The authors trained the discriminator and generator networks following the
approach proposed in [10], using Adam optimizer, they optimized the discrimina-
tor network five times for each update of the generator network. In each training
iteration, they also applied a 90 degree clockwise rotation to the input images, so
that the networks were trained using all the four possible level orientations. This
transformation allows to exploit the rotation information in the representation of a
DOOM level, since level’s playability is not affected by its orientation in the space.

3.5.3 Generated Levels Evaluation

To evaluate the quality of samples generated by a GANs other studies proposed
an approach based on human annotations or based on the score provided by an
image classifier [11]. Instead in this paper [8], the authors designed a set of metrics
inspired by the ones used to evaluate maps generated by the real world navigation
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of robotic entities, that are very similar to the six maps that describe a DOOM level.
The metrics proposed by [8] are:

• dE: It is the average absolute difference of entropy of the pixel distribution
between human-designed and generated images. The authors selected the
difference of entropy between true samples and generated samples to detect
if the quantity of information encoded by the generated levels differs from the
true samples.

• SSIM: average Structural Similarity index between the images of human-
designed and generated levels, with values from 0 to 1, where value 1
represents a comparison of two images of the same map.

• Encoding Error - EE: measure of the average errors over the pixel values of
the level images generated by the network (for each pixel there are few of
meaningful color values, for example in the FloorMap each pixel should have
either value black or white)

• CE: the average Corner Error between the images of human-designed levels
and generated levels, that is a measure of how large is the difference between
the average number of corners in the two sets of levels. This metric provides
an estimated of the how close are human-designed and generated levels in
terms of structural complexity. The author computed the CE’s input value of
number of corners through the Harris detector [12] for counting the corners
contained in FloorMap and WallMap images.

The authors trained two GANs defined before as (I) unconditional and (II) con-
ditional. In both networks I and II, the discriminator loss steadily decreases wi-
th training iterations and the loss achieved in the training set is close to the one
achieved in the validation set, suggesting generalization capabilities.

For dE of the FloorMap, WallMap and ThingsMap, both networks I and II are
able to generate images with dE values, not only close to 0 at the end of the training,
but they are also able to generate images with entropy values very similar to the
originals. For dE of the HeightMap, the generated images are more noisy, and none
of the network is capable to reach values close to 0, although the II conditional
network is capable to reach smaller dE that the I unconditional. For SSIM and EE
values both GANs perform well generating images of good quality. In particular,
the II obtains SSIM values of quality of images slightly better than I. For CE values,
the levels generated by I do not improve over time, instead of CE values of levels
generated by II slightly increase over time, suggesting that the levels generated by
the conditional network are more complex and more similar to human-designed
levels. The similarity can be examined also with visual comparison, since levels by
the conditional network show a richer structure.

The authors proposed a novel approach to generate maps for the DOOM video
games, the maps can be traversed since they have been examined using an eva-
luation approach similar to the one for SLAM algorithms. However, playability has
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not been tested, and maybe the level are too easy or too difficult to play. Therefo-
re, this paper has been an interesting starting point for future studies, as [7] that
proposes an evaluation of the playability of generated levels. The approach in [7]
will be analyzed below in this paper.

3.6 Bootstrapping Conditional GAN for level generation of
The Legend of Zelda

[7] propose an approach with an adaptation of GAN called CESAGAN or Condi-
tional Embedding Self-Attention GAN, to incorporate an embedding feature vector
input to condition the training. The aim of the authors is to allow the network to
model non-local dependencies between game objects that are fundamental for the
playability of the level, for example a key that the player should pick up to pass a
locked door. The authors then evaluate the playability of generated levels. In addi-
tion, not all the video game offer large data-sets as DOOM, so the authors propose
a bootstrapping mechanism to overcome the lack of data, in this approach the new
generated levels, that are marked as playable, are added to the training set. The au-
thors observed that their approach does not only allow to generate a larger number
of levels that are playable but also generates less duplicate levels compared to a
standard GAN. The authors tested the framework developed generating new levels
of The Legend of Zelda.

The Legend of Zelda (Nintendo, 1986) is an adventure video game in which the
player needs to explore different dungeons, each dungeon is a level. The main goal
of the player is to explore the dungeon, collect as many treasures and money as
possible, find a key and reach the exit door of the dungeon without getting killed
by the moving enemies. The player can kill the enemies using their sword to collect
extra money.

3.6.1 Data-set

The GVGAI [6] is a framework built to run 2D arcade-like games written in VGDL
language, described in section 3.4, and it offers a definition in VGDL of game ru-
les pertaining each sprite present in The Legend of Zelda video game. The authors
extended the VGDL definition of each sprite with the Identity information to be an
additional input data for the GAN, as shown in Table. 3.1. The authors manually
generated the data-set with 45 human-designed levels.

3.6.2 Deep Level Generation

According to the authors GAN-based models for level generation are built using
convolutional layers, but it is not enough for level generation, since it is a local
operation whose correlation depends on the spatial size of the kernel, and in an
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Table 3.1 VGDL encoding (Symbol) and encoding for GAN (Identity) of The Legend
of Zelda elements

Object Symbol Identity

Wall w 0
Empty . 1

Key + 2
Exit g 3

Enemy 1 1 4
Enemy 2 2 5
Enemy 3 3 6

Player A 7

operation for level generation, it is not likely for an output on the top-left position
to have any correlation to the output at bottom-right. So, to increase the search
space, a deep convolution network with many layers would be required. In fact vi-
deo games levels have correlations of items located far from each other, as the key
and the door, and these correlations are fundamental to make the game playable.

Therefore the authors propose a new approach called CESAGAN, combining the
methods of the self-attention GAN (SAGAN) proposed by [13] and the GAN adapted
with the input vector proposed by [8].

The SAGAN allows to keep balance between efficiency and to capture long-
range dependencies, and it is based on three different vectors: query (f), key (g) and
value (h) which are three different mappings (output of a single perceptron neural
network) of the input data (e.g. an image). The query and key undergo a matrix mul-
tiplication then pass through a softmax, which converts the resulting vector into a
probability distribution attention map. This attention map determines the weight
of each of the tiles and keep it in memory. Finally, the attention map is multiplied
by the value to determine the relationship at a position in a sequence by attending
to all positions within the same sequence.

The authors of [7] concatenate the feature embedding mapping and the self-
attention feature map to combine SAGAN with the conditional vector representa-
tion u. This network is applied to both the generator (G) and discriminator (D). In
addition the authors propose also a Bootstrapping mechanism to improve the CE-
SAGAN (Fig. 3.4): after each epoch, a new set of levels is generated, and a playability
analysis is carried out to identify the playable levels. The levels identified as playa-
ble are then added to the training set. Playability is evaluated with the following
heuristics:

• There is only one player’s avatar
• There is only one key
• There is only one door
• Enemies are less than 60% of the empty space
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• The player can reach the key using an A* algorithm
• The player can reach the door using an A* algorithm
• The level has a border to prevent all the characters to go outside the level.

Figure 3.4 Representation of the CESAGAN with bootstrapping mechanism.

The authors suggest for future studies to substitute the proposed heuristics with
an agent from the GVGAI framework to check for playability.

3.6.3 Generated Levels Evaluation

The authors tested their approach analyzing playability of generated levels and
searching for duplicates of the generated samples. First, the authors tested the CE-
SAGAN without the bootstrapping with the data-set with 45 levels and then com-
pared the results with the state-of-the-art techniques. The CESAGAN performed
better in generating playable levels, 58% against the 19.4% of the baseline, and it
performed slightly better in not generating duplicates levels, 37.6% of duplicates
against 39.4% of the baseline.

Second, the authors tested the CESAGAN with bootsrtapping with a data-set of
only 5 human-designed levels. The authors motivated the decision of using a so
small data-set by reporting that in to the state of the art data-sets for some type of
2D video games may contain few samples, and they want to propose an approach
feasible for video games with few levels available. In any case, this second CESA-
GAN performed well with 47% against the 24.6% of the baseline of playable levels
generated, and with 60.3% of duplicates against 98% of the baseline of duplicated
levels generated.
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3.7 Level generation for multiple types of 2D video games
with common latent space with VGDL

[4] trained a GAN to generate game levels for four 2D video games with similar
gameplay rules.

1. Boulder-dash
Boulder Dash takes place in a series of caves, each one is a level designed
as rectangular grid of blocks. The player can move freely to collect as many
diamonds as possible while avoiding dangers, such as falling rocks.

2. Link
Link is a strategy game with Roguelike elements (turn taking). The player
controls a group of soldiers trying to survive on the hostile, arctic planet,
crafting items, and collecting basic materials and advanced tools.

3. The Legend of Zelda
The Legend of Zelda is an adventure game in which the player will explore
different dungeons, each dungeon is full of monsters. The player is free to
move and the main goal of the player is to explore the dungeon, avoiding or
killing monsters, collecting treasures and money, while searching for the key
to exit through a locked door.

4. Roguelike game
In Rogue, players control a character as they explore several levels of a dun-
geon seeking the Amulet of Yendor located in the dungeon’s lowest level. The
player-character must fend off an array of monsters that roam the dungeons.
Along the way, players can collect treasures that can help them offensive-
ly or defensively, such as weapons, armor, potions, scrolls, and other magi-
cal items. Rogue is turn-based, taking place on a square grid represented in
ASCII or other fixed character set, allowing players to have time to determine
the best move to survive. Rogue has been defined a masterpiece and it in-
spired the development of many games with similar mechanics, defined as
Roguelike.

These four games have completely different gameplays, but they have in com-
mon the actions that the player performs to reach the goal, that are defined as the
sequences of actions needed to complete successfully a level. For each game the
same action leads to a different visual consequence but in all the games it permits
to advance in the level: pick a bomb and break a wall is different from pick a key
and open a locked door, but the same pick action leads to advance in the level. In
fact the games are not equal considering the interaction of player with dynamic
elements (as enemies, treasures...) that are different for each game.

Only Boulder-dash has falling boulders which obey gravity, while in Roguelike
and Zelda have inside the map solid walls with locked doors or breakable walls that
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require the player to first pick up a key or a bomb to pass. The ability of enemies,
(soldiers, magicians, ...) are also unique for each game, and these differences result
in a variety of sprite patterns.

3.7.1 Data-set

The VGDL language (section 3.4) defines for each sprite the particular properties,
as scoring and movements allowed for that sprite, that can be useful for example to
define enemies properties for each game. These four games have been already en-
coded in VGDL language and VGDL definitions is available for these games within
the GVGAI framework [6].

The authors generated a new training data-set converting the sequence of ac-
tions along time in game levels, exploiting VGDL information on sprites. To gene-
rate the level from actions, the objective is to place obstacles that complement the
actions at the right time and in the right location, such that the player action in the
game timeline is necessary to move forward in a game.

A training sample is created by the authors through filling an empty grid: the
starting point is on the top left quadrant and the goal point is chosen on the bot-
tom right. A sequence of actions is selected, and each action will take the players
avatar from one grid point to the next until the end. The action, as jump or break
a wall, is carried out through the grid as sprite, as a ditch or a wall, that is placed
in the way to match the corresponding action. The action sequences are varied by
changing the order of actions or permuting the combinations of actions randomly.
Multiple combinations of actions that take the players avatar from the start to the
goal state are considered. The same action sequence is used in all the four games
considered, but the specific game rules requires to place different types of obstacles
to match the action. For example, in Boulder-dash one has to avoid falling boulders
and in Roguelike one needs to first pick up a key before passing a locked gate. The
approach is generic and can be used to generate levels for multiple games star-
ting from a common action sequence and path through the grid. The training level
generation algorithm is available at [4].

Training sets are generated explicitly with the same action sequence for all four
game levels resulting in similar gameplay for all four levels. Each level is represen-
ted as a multi-channel binary matrix, with each channel representing one type of
sprite in the game and each grid point being a binary representation of the presence
of the corresponding sprite at that grid point.

3.7.2 Deep Level Generation

The authors propose a new approach of GAN to generate four different outputs
with the same random seed, and each output corresponds to a level of the four
games. This GAN has one Generator G and four Discriminators D, one for each
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video game. Each discriminator is, in fact, tied to a single game and distinguishes
between generated samples and original.

According to the authors this GAN will capture information that traditional
GANs will not: the traditional GAN would not learn any common patterns as the
only common element, the random input from the latent space, cannot be trained.
In this new version of GAN the latent space and unbranched layers capture the
commonality across all the four games while the branched D layers capture the
differences, since D networks are trained independently one from the another.

Binary cross entropy loss from the discriminators is added to conditional loss
from the generator. The generator loss is the sum of the binary cross entropy bet-
ween the training sample and the generated image along with conditional loss if the
number of sprites does not match the training level. The generators use batch nor-
malization between convolution layers and LeakyReLU activation along with a final
sigmoid activation to generate game level output. Each of the discriminators use a
dropout of 30% to reduce overfitting. The generator generates a grid of size 16x16
for each game, from an initial input of 128 normally distributed random numbers.
The training sample and generated game levels are represented as a tensor with
nine channels, one each for each type of sprite (avatar, exit, floor, gold/health, key,
lock, monster, wall and weapon). Unused channels are set to zero.

3.7.3 Generated Levels Evaluation

To evaluate the quality of samples generated by a GANs the authors exploited the
agents from the GVGAI framework, each agent will solve the game ensuring that it
is playable. The authors not evaluated only playability (or solvability), but also path
similarity and novelty of the levels, defined as follows:

• Solvability: a level is considered as playable if a GVGAI agent can solve it at
least once in 5 attempt.

• Path Similarity: this value defines if the GAN model has captured the similari-
ty between the games, and it is calculated between game levels of distinct ga-
mes generated together. If the GAN captures the gameplay similarity between
distinct games, the distribution of path similarity distance should be the same
between the training set and generated sets. A shortest path is calculated from
the starting point to the goal. the shortest path do not ensure playability, since
authors applied a Dijkstra shortest path algorithm, that takes into account
stops on the grid cells with sprites of items that are necessary to step further
in the level (as a key), that are considered as mandatory nodes to be traversed
in the graph. The path similarity distance is the Manhattan distance between
the grid locations in the path, and it is calculated between the shortest paths
game levels generated together.
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• Novelty: it is a measure of similarity within a game. A level is novel with re-
spect to another if the path taken by the avatar, represented by the sequence
of actions is different. To evaluate novelty, the authors used the Levenshtein
distance (a string metric for measuring the difference between two sequen-
ces) between two action sequences. If the distance is large, the two levels are
different: for example, a solution action sequence for a Zelda level is (right,
right, pick key, up, right, right) and another level has actions (right, up, pick
key, up, right) the distance between the levels is two: the number of changes
inside one sequence to obtain the other.

The authors evaluate solvability of the generated levels by taking a set of 50
GAN’s generated levels for each game and running an automated agent provided
by the GVGAI framework. The Boulder-dash has the higher solvability of 70% over
all the other games, probably because this game has the lowest number of obsta-
cles (this game has not locked door or similar) so it does not have any dependency
between actions. Probably because of the same reason the Link and the Roguelike
are around 55%, and the Legend of Zelda has the lowest solvability with a score of
40%, since Zelda is the game with the highest number of obstacles, including locked
doors, walls to broke, switches to activate and ditches to cross.

To evaluate the Path Similarity of gameplay across games for generated game-
level sets, the authors plotted the average similarity distance between the ideal path
for avatar to reach the end state from the start state, picking up the necessary items
and ignoring dynamic items as monsters. The authors evaluated the distribution
with the Wasserstein distance, reporting that the generated sets of four levels have
path similarity distribution closer to the training set(Wasserstein distance value:
161) and further less that the baseline (Wasserstein distance value: 283), stating
that the GAN has captured aspects of gameplay similarity across the four games.

Looking at the novelty values the authors reported that the generator has cap-
tured most of the complexity of the training set in its model. In fact, the variety
of levels in the training set is captured by the GAN as the generated levels have a
similar distribution of values for the Levenshtein distance.

The authors propose an innovative approach, that can be considered an inte-
resting starting point to generate new levels procedurally. However, future studies
should overcome the difficulty of achieving a better value of solvability of generated
levels of games with more complex rules and obstacles as the Legend of Zelda.

3.8 Conclusion

We have shown three representative examples of Video Games Levels generation
which use GANs to create procedurally new game levels that can be playable. In
particular we described the problems of defining the levels with a representation
feasible as input for GAN, and the two major approaches are: the representation of
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a level wih 6 images each one representing a feature of the level’s map, (as walls,
triggers or collectable items) and the representation of a level with the VGDL lan-
guage [6] that allows to encode for each image, that represents an element of the
level (as a treasure), its features and its role within the game rules. We then ana-
lyzed use cases of the Video Games Levels generation, in particular in the area of
2D arcade-like video games. [8] compared two different approaches to generate
DOOM levels, in the first approach the authors trained a GAN with a data-set of
DOOM levels represented with the 6 maps images, and in the second one the au-
thors adapted the GAN to take in input the same data-set and in addition a vector
of level’s features, however ths approach do not take into account the evaluation of
playability of levels. [7] proposed an approach to procedurally generate levels of 2D
video games for which large data-sets are not available, extending [8] approach with
a [13] and a bootstrapping mechanism in which generated levels, that are marked
as playable by an heuristic, are added to the training set. The results are interesting
and future studies are needed to ensure the feasibility of using this framework with
little data-sets. Authors in [4] propose the most recent approach, with the aim of
developing levels of four different 2D games with a similar gameplay with only one
Deep Learning Framework, that outputs four different generated levels (on for each
game). Within this framework a Generator G generates all the 4 samples, that are
then analyzed by 4 Discriminators D, each one taking in input only one sample
relative to a type of game. Results are promising, however the performance of the
network vary consistently between the four games, and the algorithms show lower
performances in the generation of levels of the games which include more items in
the gameplay, than the others games with less items, even if all the four games have
similar rules.
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4.1 Abstract

Text Style Transfer (TST) is a pivotal task in natural language generation to manipu-
late text style attributes while preserving style-independent content. The attributes
targeted in TST can vary widely, including politeness, authorship, mitigation of of-
fensive language, modification of feelings, and adjustment of text formality. TST
has become a widely researched topic with substantial advancements in recent
years. This paper provides an introductory overview of TST, addressing its chal-
lenges, existing approaches, datasets, evaluation measures, subtasks, and applica-
tions. This fundamental overview improves understanding of the background and
fundamentals of text style transfer.
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4.2 Introduction

Natural Language Generation

Natural Language Generation (NLG) is the process of producing meaningful ph-
rases and sentences in natural language. The main goal of NLG is to automa-
tically produce narratives that describe, summarize, and explain the input data
in a human-like manner. In other words, it generates fluent texts with minimal
grammatical errors and retains the specific intended content.

Some of the popular NLG tasks include machine translation [1], dialogue sy-
stems [2], and text summarization [3]. Through these tasks, the generated text has
shown to be more coherent, logical, and emotionally rich, especially with the latest
approaches based on neural language models.

Controllable NLG

Most of the built NLG systems target text fluency and grammatical correctness, and
do not consider any specific control over text style. This is a motivation for research
on controllable text generation [4]. The aspects of text generation that are common-
ly controlled include topic [5–8], style [9–12], emotion [13–16], and user preferen-
ces [17–20]. Some of the applications of controllable text generation are context-
based text generation [21], topic-aware text generation, [22], knowledge-enhanced
text generation [23] and text style transfer [24].

Control can be applied at various stages of the neural generation process, such
as input, hidden states, and decoding [25]. The Plug and Play language model
(PPLM) that was proposed by [26] takes an external input, performs computations
on hidden states, and then combines a pre-trained language model with one or
more simple attribute classifiers that guide text generation toward the desired topic
or sentiment. Another model by [27] describes a training method based on diverse
ensembling that would lead models to learn distinct text styles. It can thus be in-
ferred that end-to-end models can be equipped with the ability to control style and
length. More details on how NLG can be controlled using various control strategies
in the state-of-the-art models can be found in [4].

Style-Controlled Text Generation

In recent research, more attention has been paid to a subtask of controllable text ge-
neration dubbed style-controlled text generation, i.e., modeling and manipulating
the style of the generated text [28]. The goal of this approach is to model the content
of a text along with controlling its style. For example, the persona of a speaker in
dialogue [29] or the sentiment of product reviews [30]. Understanding and dealing
with style in text proves to be very complex [24], but recent advances in deep lear-
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ning techniques are helping stylized text generation tasks in various ways [31]. For
example, embedding learning techniques are used to represent style [13], and then
adversarial learning is used to match content but to distinguish between different
styles [30, 32, 33].

Text Style Transfer

In this paper, we will focus on Text Style Transfer (TST). TST is a task closely rela-
ted to Style-Controlled Text Generation. Style-Controlled Text Generation aims to
generate new text in a specific style. In contrast, Text Style Transfer is an existing
text written in source style, aiming to change the text style, i.e. a text retaining most
of the content but conforming to the target style. Our aim is to give a very basic
introduction to the TST task. All of the sections are presented in a brief and simple
manner with an illustrative number of examples. A more detailed overview can be
found in [24, 25, 28, 31, 34].

The paper is organized as follows. After the introductory section, Section 4.3
provides an overview of text style transfer. Section 4.4 reflects on the challenges
facing the TST task. The discussion of the existing data sets, approaches, evaluation
measures and applications is presented in Sections 4.5-4.8. A short overview of the
related ethical considerations is given in Section 4.9. Section 4.10 concludes the
paper.

4.3 The Task

Text style transfer (TST) is an NLG task that aims to automatically control the style
attributes of a text while preserving the style-independent content. Some of the
attributes that TST aims to control are politeness, formality, sentiment, and ma-
ny others. Table 4.1 shows some basic examples of TST. TST implies the need to
understand the difference between the style and content of a text.

Table 4.1 TST examples regarding sentiment, polarity, and formality.

Source Style Target Style

Impolite → Polite : Shut up! the video is starting! Please be quiet, the video will begin shortly.
Negative → Positive : The food is tasteless. The food is delicious.
Informal → Formal : The kid is freaking out. That child is distressed.

4.3.1 Understanding Style and Content

[35] define style as a notion that refers to the manner in which semantics is ex-
pressed. Individualistic styles such as choice of words, sentence structures, meta-
phors, sentence arrangement, etc., vary from person to person. These variations are
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shaped by the speakers’s personality – everyone has a distinctive set of techniques
for using the language to express and achieve their independent goals [36]. This
individualistic nature also determines how a person perceives events, describes
ideas, or provides additional information about them [24]. Style extends beyond
individual sentences to the broader discourse level. This includes elements such as
paragraph organization, theme progression, and use of cohesive devices that bind
the text together. These stylistic features at the discourse level play a crucial role
in ensuring that the text is coherent and engaging, thereby enhancing its ability
to convey the intended message and intrigue the reader. Taking these aspects into
account, the text can offer a richer and more nuanced understanding of its content.

Style has also been defined by [36] by its pragmatic aspects. Beyond these per-
sonal styles of expression, there are certain styles that are used as protocols to regu-
larize the manner of communication. For example, in the case of academic writing,
using formal expressions is the regularized protocol.

TST studies adopt a more data-driven approach to define text style in contrast
to the theoretical definition used in linguistic studies [31]. We can define style in
TST as the text style attributes or labels that are dependent on style-specific cor-
pora [24]. For example, datasets are manually annotated with linguistic style defi-
nitions, such as formality [37] or sentiment [38–40]. Unfortunately, not all possible
styles have very well-matched corpora, and many recent dataset collection works
are looking for meta-information that would automatically link a corpus to a cer-
tain style. Some of the TST tasks are built upon the assumption that style is localized
to certain tokens in a text, and a token has either content or style information, but
not both [41].

In opposition to style, content can be understood as the subject matter, theme,
or topics the author writes about.

4.3.2 Problem Formulation

Given a text x, with an original style S, our goal is to rephrase x into a new text x̂ with
a target style S′ (S′ ̸= S) while preserving its content that is independent of style.

Suppose that we have a dataset XS = x(S)
1 , . . . , x(S)

m representing texts in style S.
The task is to transform texts in style S to the target style S′ while maintaining
the original meaning. We denote the output of this transformation by XS→S′ =
x̂1(S′), . . . , x̂m(S′). Similarly, for the inverse transformation from style S′ to style S, we
denote the output as XS′→S = x̂1(S), . . . , x̂n(S).

4.4 Challenges

Modeling the style of text comes with a lot of challenges in practice, which are
discussed in this section.
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No Parallel Data

TST models could be trained with respect to parallel text from a given style or on
non-parallel corpora. Parallel datasets are those which consist of pairs of texts (i.e.
sentences, paragraphs) where each text in the pair expresses the same meaning,
but in a different style. Non-parallel datasets, on the other hand, have no paired
examples to learn from, and simply exist as mono-style corpora. For parallel da-
tasets, TST can be formulated in such a way that instead of translating between
languages, one can translate between styles following machine translation. Howe-
ver, obtaining suitable, sufficient parallel data for each desired style attribute is the
biggest challenge.

Style and content are hard to separate

Style transfer text generation implies the need to distinguish content from style. In
some scenarios, the line between content and style can be blurry. This is since the
subject on which an author is writing can also influence their choice of words and
style. This interweaving of the style and semantics makes TST challenging.

No Standard Evaluation Measures

Evaluating the quality of the style-transferred text is hard. Human evaluation is
regarded as the best indicator of quality, but unfortunately, it is expensive, slow,
and hard to reproduce [42], making it an infeasible approach to use on a daily
basis to validate model performance. For this reason, we often rely on automated
evaluation metrics to serve as a cheap and quick proxy for human judgment.

In the case of automatic evaluation of TST, it has been noticed that when sty-
le transfer accuracy increases, the content preservation scores decrease, and vice
versa [43]. The main reason behind this is the entanglement between the content
and style (see above). This trade-off between style transfer accuracy and content
preservation poses a very big challenge for evaluating TST tasks.

In order to effectively evaluate a TST output, one must pay attention to how se-
mantically accurate the output text is and how fluent it is. The comprehensive TST
evaluation also considers three criteria: transferred style accuracy, semantic preser-
vation, and fluency, which often require human evaluation as automated metrics
alone do not adequately identify these complex properties. Further discussion on
evaluation measures is in Section 4.7.

4.5 Datasets and Benchmarks

To evaluate TST models, many datasets have been proposed over the years. We
discuss a few popular datasets by individual subtasks as follows:
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Politeness Transfer

Politeness transfer aims to control the politeness of a text [44, 45]. A compiled da-
taset with automatically labeled instances from the raw Enron e-mail corpus [46]
was presented by [45]. This dataset mainly focuses on politeness in North American
English.

Sentiment Transfer

Another common task in TST is sentiment transfer (transferring text’s polarity
from positive to negative or vice-versa) [43, 47]. There are three popular datasets
proposed for this task.

• Yelp – This is a corpus consisting of restaurant reviews from Yelp collected
by [38].

• Amazon – This is Amazon’s product reviews that were collected by [39].
• IMDb – This is a movie review dataset constructed by [40].

Formality Transfer

Formality transfer is yet another task in TST which is not only complex but also
involves multiple attributes that affect text formality. Grammarlys Yahoo Answers
Formality Corpus (GYAFC) is the largest human-labeled parallel dataset that was
proposed for formality transfer tasks by [37]. The authors extracted informal sen-
tences from the Entertainment & Music and Family & Relationship domains of the
Yahoo Answers L6 corpus for preparing the dataset.

Author’s Style Re-writing

The task of paraphrasing a sentence to match a specific author’s style is called
author imitation. To tackle such tasks, [48] collected a parallel dataset that captu-
red line-by-line modern interpretations of 16 Shakespeare’s plays, with the help of
the educational site Sparknotes.1 The objective behind collecting the dataset was
to imitate Shakespeares text style by transferring modern English sentences into
Shakespearean-style sentences. This dataset has been used in other TST studies as
well [49, 50].

Image Captions Transfer

The task of transferring image captions from factual formal ones to romantic
and humorous styles was proposed by [9]. Following this, a caption dataset was

1 https://www.sparknotes.com

https://www.sparknotes.com
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collected by the authors where each sentence was labeled as factual, romantic, or
humorous.

Text Simplification

Another important use of TST is to lower the language barrier for readers, which in-
cludes tasks like converting general English into Simple English, based on a dataset
collected from Wikipedia [51]. Another task is to simplify medical descriptions to
patient-friendly text [52].

Political-slant Transfer

Political slant transfer is a task that modifies a writer’s political affiliation writing
style while preserving the content. Comments from Facebook posts from 412 mem-
bers of the United States Senate and House who have public Facebook pages were
collected by [11] and further annotated with each congresspersons political party
affiliation, i.e., Democrat or Republican.

Fixing offensive texts

Correcting offensive and abusive language [53] is another important task of TST
which is a major problem in today’s world, due to the prevalence of abusive com-
ments on social media. Posts from Twitter and Reddit were collected by [54] and
then classified into offensive and non-offensive classes using a classifier pre-trained
on an annotated offensive language dataset.

4.6 Text Style Transfer Approaches

Standard data-driven TST approaches can be classified based on the data used for
training (parallel vs. non-parallel). Recently, new approaches using large language
models (LLMs) emerged that do not specifically need in-domain training data.

4.6.1 Supervised Training on Parallel Data

For situations where style-parallel data is available, like most supervised methods,
a standard sequence-to-sequence model [47, 55, 56] with the encoder-decoder
structure is typically used [24]. This process is similar to machine translation and
text summarization. The encoder-decoder architecture can be implemented by
either LSTM [57] or the Transformer [58] architecture. For example, [49] trained
a sequence-to-sequence model on a parallel corpus and then applied the mo-
del to translate modern English phrases to Shakespearean English. However, the
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application of basic sequence-to-sequence approaches is quite limited due to the
lack of parallel data (see Section 4.4).

4.6.2 Non-parallel Approaches

Methods applicable to non-parallel data can broadly be divided into three
unsupervised approaches:

Prototype Editing

This process works by deleting only the parts of the sentences which represent the
source style and replacing them with words with the target style while making sure
that the resulting text is still fluent. The advantage of this approach is its simplicity
and explainability. For example, [9, 59] found that parts of a text that are associated
with the original style can be replaced with new phrases associated with the tar-
get style. The text was then fed into a sequence-to-sequence model to generate a
fluent text sequence in the target style. However, these approaches are not suitable
for TST applications where simple phrase replacement is not enough or a correct
way to transfer style. The style marker retrieval might not work if the datasets ha-
ve confounded style and contents. This is because they may lead to the incorrect
extraction of style markers, affecting some content words.

Disentanglement

This approach aims at disentangling the text into its content and style in an em-
bedding latent space, then applies generative modeling. TST models first learn the
latent representations of the content and style of the given text. The latent repre-
sentation of the original content is then combined with the latent representation
of the desired target style to generate text in the target style. Techniques such as
back-translation [11, 43, 60] and adversarial learning [13, 38, 61] have been propo-
sed to disentangle latent representations into content and style. In general, total
disentanglement is impossible without inductive biases or some other forms of
supervision [62].

Pseudo-Parallel Corpus Creation

This process is used to train the model in a supervised way by generating pseudo-
parallel data. One way of constructing pseudo-parallel data is through retrieval,
i.e., extracting aligned sentence pairs from two mono-style corpora. [63] construc-
ted pseudo-parallel corpora by matching sentence pairs in two style-specific cor-
pora according to cosine similarity over pre-trained sentence embeddings. The
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constructed pseudo-parallel corpora must reach a certain level of quality to be
useful for TST.

4.6.3 Using Large Language Models

LLMs have revolutionized the field of natural language processing by generating
coherent and contextually relevant text e.g., [64,65]. By learning from vast amounts
of text data, LLMs capture various linguistic styles and nuances. This capability is
particularly beneficial for TST tasks.

A distinctive feature of LLMs is their ability to perform valuable tasks without
fine-tuning, showcasing zero- and few-shot capabilities [66]. Style transfer has been
framed as a sentence rewriting task, enhancing LLMs’ zero-shot performance for
arbitrary TST by using task-related exemplars [67]. A reranking method has been
proposed to select high-quality outputs from multiple candidates generated by the
LLM, thereby improving performance [68]. Additionally, dynamic prompt genera-
tion has been introduced to guide the language model in producing text in the
desired style [69].

While prompt engineering is the prevalent approach [70, 71], LLMs are highly
sensitive to prompts [72, 73] and may not always guarantee optimal performan-
ce [69]. Despite good results for prompting, finetuning the LLMs still leads to
significant performance improvements [74].

4.7 Evaluation Measures

A successful style transfer output is one that portrays the correct target style along
with preserving the original semantics of the text and maintaining natural language
fluency.

4.7.1 Automatic Evaluation

Automatic evaluation metrics provide an economic, reproducible, and scalable way
to assess the quality of generation results. There are several automated evaluation
metrics that have been proposed to measure the effectiveness of TST models [75–
78]. They can be divided into three different categories based on the aspect of TST
they focus on:

Style Transfer Strength

The ability to transfer the text style or the transfer strength of a TST model is mea-
sured using Style Transfer Accuracy [13, 30, 38, 79, 80]. Mostly, a binary style classi-
fier [81] is pre-trained separately to predict the style label of the input sentence and
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is then used to estimate the style transfer accuracy of the transferred style sentence.
This is done by considering the target style as the ground truth.

Content Preservation

In order to measure the amount of original content preserved after the style transfer
procedure, some automated evaluation metrics from other NLG tasks have been
adopted for TST. For instance, the BLEU word-n-gram-overlap metric [82] is com-
puted similarly as with machine translation. Match against a target-style sentence
can be computed when parallel TST datasets or target-style human references are
available. Since most of the TST tasks assume a non-parallel setting and matching
references of style transferred sentences are not always a feasible option, evaluation
using source-BLEU (sBLEU) is adopted. In this method, a transferred sentence is
compared to its source. The overlap with the source is considered a proxy for con-
tent preservation. Cosine Similarity [83] can also be calculated between the original
sentence embeddings and the transfer sentence embeddings [13]. This methodo-
logy follows the idea that the embeddings of the two sentences should be close if
most of the semantics are preserved.

Fluency

One of the most common goals for all NLG tasks is producing fluent outputs. A
common approach to measuring the fluency of a sentence is using a language mo-
del [84]: A pre-trained language model is used to compute the perplexity scores of
the style-transferred sentences to evaluate the sentences’ fluency.

4.7.2 Human Evaluation

Human evaluation stands out from automatic evaluation due to its flexibility and
comprehensiveness. However, this evaluation approach is very challenging since
the interpretation of text style can be subjective and vary from individual to indivi-
dual [75, 76, 78]. In spite of this shortcoming, human evaluations still offer valuable
insights into how well the TST algorithms can transfer style and generate sentences
that are acceptable according to human standards.

In terms of evaluation types, there is point-wise scoring, wherein humans are
asked to provide absolute scores of the model outputs (e.g. on a 1-5 Likert scale),
and pairwise comparison, wherein they are asked to judge which of two outputs is
better, or by providing a ranking for multiple outputs.

4.8 Applications

TST has a wide range of downstream applications in various NLP fields that inclu-
de stylized chatbots [85], stylized writing assistants, automatic text simplification,
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debiasing online text and even fighting against offensive language. A few very
popular examples are discussed below.

[86] carried out a study that showcased the impact of chatbot’s conversational
style on users. [87] encoded personas of individuals in contextualized embeddings
that helped in capturing the background information and style to maintain con-
sistency in the generated responses. [88] focused on generating polite personali-
zed dialog responses in agreement with the user’s profile and consistent with their
conversational history.

Another important application of TST is enhancing the human writing expe-
rience [89–91]. This application aids in people restyling their content to appeal to
a variety of audiences, i.e., making a text polite, humorous, professional, or even
Shakespearean.

Another inspiring application of TST is automatically simplifying content for
better communication between experts and non-expert individuals in certain kno-
wledge domains, thus lowering language barriers. For example, complicated legal,
medical, or technical jargon is transferred into simple terms that a layman can
comprehend [92].

TST can also offer a means to neutralize subjective attitudes for certain texts
where objectivity is strongly needed. For example, in the domains of news, ency-
clopedia, and textbooks. Such applications can help in reshaping gender roles that
are portrayed in writing [93]. TST can also help in transforming hateful sentences
into non-hateful ones. For instance, [94] propose an extension of a basic encoder-
decoder architecture by including a collaborative classifier to deal with abusive
language redaction.

4.9 Ethical Concerns

An essential part of research is to consider the ethical implications of the project
through its potential benefits and risks.

For example, TST has the potential to reduce toxicity, hate speech, sexist and
racist language, aggression, harassment, trolling, and cyberbullying [95]. This task
is beneficial for modeling non-offensive text to help reduce toxicity on social media
platforms [54,96]. It can also be used on social chatbots to make sure there is no bad
content in the generated text [97]. TST is also able to neutralize subjective-toned
language, which can be helpful for certain types of publications such as textbooks
[98].

However, the same technology can also be misused to purposely generate the
opposite attribute, i.e., generating hateful, offensive text, that counters any inten-
ded social benefit [99]. Furthermore, as TST is now generally performed using trai-
ned language models, these inherit all the potential risks associated with this tech-
nology in general, such as reflecting unjust, toxic, or oppressive speech present in
the training data [100].
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The goal of a discussion on ethics is to take into account various concerns like
how a system should be built, who it is intended for, and how to assess its socie-
tal impact [99] [101]. Instead of abandoning the whole idea of building such tools,
one must explore the concerns and find ways to deal with them [102]. This should
be viewed as an opportunity to increase transparency by surfacing the risks and
finding the best ways to its strategy into practice.

4.10 Conclusion

The main goal of this work is to offer an introductory overview of Text Style Trans-
fer (TST), highlighting key components such as subtasks, datasets, evaluation me-
thods, and the challenges inherent to TST. Additionally, we discussed the ethical
considerations surrounding this area of research. We aim for this overview to serve
as a useful guide for those new to the field.
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5.1 Abstract

Coded Aperture Imaging (CAI) has been proposed as an alternative collimation
technique in nuclear imaging. To maximize spatial resolution small pinholes in the
coded aperture mask are required. However, a high-resolution detector is needed
to correctly sample the point spread function (PSF) to keep the Nyquist-Shannon
sampling theorem satisfied. The disadvantage of smaller pixels, though, is the re-
sulting higher Poisson noise. Thus, the aim of this paper was to investigate if suffi-
ciently accurate CAI reconstruction is achievable with a detector which undersam-
ples the PSF. With the Monte Carlo simulation framework TOPAS a test image with
multiple spheres of different diameter was simulated based on the setup of an expe-
rimental gamma camera from previous work. Additionally, measured phantom da-
ta were acquired. The captured detector images were converted to low-resolution
images of different pixel sizes according to the super-resolution factor k. Multiple
analytical reconstruction methods and a Machine Learning approach were com-
pared based on the contrast-to-noise ratio (CNR). We show, that all reconstruction
methods are able to reconstruct both the test image and the measured phantom
data for k ≤ 7. With a synthetic high-resolution PSF and upsampling the simulated
low-resolution detector image by bilinear interpolation the CNR can be kept ap-
proximately constant. Results of this simulation study and additional validation on
measured phantom data indicate that an undersampling detector can be combined
with small aperture holes. However, further experiments need to be conducted.

5.2 Introduction

Accurate localization and visualization of radioactive sources is an essential task
in nuclear medicine [1], high-energy astrophysics [2] and in monitoring of nuclear

Figure 5.1 The basic principle of planar Coded Aperture Imaging: A mask with pinholes
projects the source image onto the detector, where multiple overlapping projections emerge.
Decoding or image reconstruction is necessary to obtain the original source image.
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Figure 5.2 Super-resolution is referred to the process to combine multiple low quality images
to reconstruct an image of the underlying high-resolution scene.

waste [3, 4]. Recently, small handheld gamma cameras for localizing sentinel lym-
ph nodes in breast cancer patients are under investigation [5–8]. Due to the high-
energy photons involved refractive lenses cannot be used for producing an image
of the scene and instead parallel or pinhole collimators are employed to capture
the necessary spatial information [1]. However, the size of the opening is usually
subject to a balanced trade-off between the number of captured photons (photon
efficiency) and the spatial resolution as the former increases and the latter decrea-
ses with the size of the pinhole. A high photon efficiency is desired since the guiding
principle in the medical domain is to reduce the exposed radiation to As Low As
Reasonable Achievable (ALARA). Thus, photon flux is limited and achieving high
quantum yield is of major importance.

To improve the mentioned trade-off Coded Aperture Imaging (CAI) has been
introduced [9, 10]: A mask between object and detector consisting of a radiopaque
material with pinholes encodes the directional information of incoming gamma
rays. As Figure 5.1 shows, each pinhole in the mask generates a projection of the
source image on the detector resulting in a multitude of overlapping projections.
Therefore, image reconstruction (also referred to as decoding) becomes necessary.
If the distance between source and collimator is large and the extension in dep-
th is small relative to the distance, CAI can be considered as an image-to-image
mapping and is denoted as planar Coded Aperture Imaging [11]. In this paper, the
captured detector image is denoted as p(x, y), the original source image and its
reconstruction as f (x, y) and f̂ (x, y), respectively.

The term super-resolution refers to the process of combining several low re-
solution, noisy, slightly shifted observations [12] to reconstruct an image of the
underlying high resolution scene, as Figure 5.2 illustrates.

Because the spatial resolution in CAI is mainly influenced by the mask’s pinhole
diameter [13], increasing the MURA rank and thus the amount of pinholes whi-
le reducing its diameter would increase the spatial resolution. So far, the pinhole
diameter has been chosen such that the utilized detector can properly sample the
resulting PSF [7, 8].
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To the best of the authors’ knowledge, no research group has investigated the
combination of small pinholes and a low-resolution detector. Therefore, the inve-
stigated hypothesis is as follows: Existing CAI reconstruction methods are capable
of reconstructing point sources from an undersampling detector, and thus achie-
ving super-resolution, at reasonable quality even though the detector cannot re-
solve the higher spatial resolution of the aperture. This is due to the shifted but
overlapping projections caused by the coded aperture.

5.3 Methods

5.3.1 Simulating a coded aperture test image

For simulating a test image the Monte Carlo simulation toolkit TOPAS [14], a wrap-
per library around Geant4 [15], is deployed. Unlike ray-casting simulations, TOPAS
accounts for photon-mass interactions like scattering and mask penetration, and
is therefore considered to be the gold standard in gamma imaging [16].

The geometrical components and dimensions were simulated according to the
experimental gamma camera from Rozhkov et al. [16]. The main characteristics can
be summarized as follows: A 2×2 mosaicked, 1 mm thick Tungsten not-two-holes-
touching (NTHT) MURA mask of rank 31 with pinholes of 0.34 mm in diameter
(denoted as d) was placed 42 mm (a) in front of a 2 mm thick 256×256 pixelated
CdTe semiconductor detector coupled to a Timepix© readout circuit. The detector
has a side length of 14.1 mm and hence a single pixel size s = 0.0551 mm. The virtual
object plane is 172 mm (b) in front of the mask plane, resulting in a field of view
(FoV) of 57.75×57.75 mm.

The test image consists of three spherical sources with diameters d1, d2 and d3 of
1, 2 and 3 mm distributed within the FoV as Figure 5.8 shows. 109 gamma photons
with a photon energy of 140.5 keV (corresponding to the photon peak of 99mTc the
most commonly used radiotracer in nuclear medicine [1]) were distributed to the
three sources according to their area. Every photon hitting the detector was collec-
ted and stored in a so called phase space file. In addition to the coded aperture a
single pinhole collimator with the same diameter was simulated to serve as a refe-
rence for the reconstructed images. The captured pinhole image was smoothed by
Gaussian blurring with a σ of 2 pixels.

The ground truth image was generated from the geometrical model and
remains binary: 1 for where a source is located and 0 everywhere else.

5.3.2 Measured data from the experimental gamma-camera

Captured images from an experimental gamma-camera also used in previous
work [16, 17] was used to validate the effect of super-resolution on real-world mea-
surement data. The camera set-up was the same as for the simulation of the test
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Figure 5.3 The utilized phantom with its three tubes (red) filled with 99mTc of which 120
images where captured.

image. The phantom has the basic form of a cylinder with a height of 80 mm and
50 mm in diameter, where tubes along the vertical axis were filled with 99mTc. The-
se three tubes have a diameter of 1.1 mm, and two of them are 15 mm long while
the central one is 20 mm long. The total activity at the beginning of the measure-
ments was 83 MBq. A depiction of the geometric computer model can be seen in
Figure 5.3. The phantom was exposed to the gamma-camera for 2 min and after-
wards rotated by 3 degrees. This way, a total of 120 images were captured. Outlier
replacement as described in [17] was applied afterwards.

5.3.3 Generating low-resolution detector images

To analyze the effect of different pixel sizes low-resolution images of different re-
solutions were produced as follows: The captured photons from the phase space
file and from the measured phantom data respectively were binned into images of
different low resolution. The actual detector served as reference with a resolution
of 256×256 pixels, which corresponds to the resolution of the final reconstructed
image. Therefore, the super-resolution factor k is introduced. It means that k × k
high-resolution pixels are reconstructed from a single low-resolution pixel. Note
that the absolute detector size remains the same: 14.1×14.1 mm. The single pixel
size s changes proportional to k: s = k ·14.1mm/256. Finally, all low-resolution ima-
ges were upsampled by bilinear interpolation to 256×256 pixels in order to fit the
synthetic high-resolution PSF and to fit into the CED-IN respectively. The process
of generating low-resolution images is shown in Figure 5.4 for k = 8.

5.3.4 Analytical reconstruction methods

Three different methods for super-resolution reconstruction are analyzed and
compared in this paper: MURA decoding [18], a convolutional Maximum Like-
lihood Expectation Maximization algorithm (MLEM) [19] and a convolutional
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Figure 5.4 Pixels of the high-resolution detector image from the TOPAS simulation are accu-
mulated (here with k = 8 into 32×32 pixels) to form the low-resolution detector image. After-
wards this image is upsampled by bilinear interpolation to the high-resolution of 256×256
pixels.

encoder-decoder network (CED) from previous work [17]. MURA Decoding is
the most commonly used reconstruction method. It consists of a single circular
convolution of the detector image p(x, y) with the decoding pattern g (x, y):

f̂ (x, y) = p(x, y)~ g (x, y) (5.1)

with ~ denoting the circular convolution operator. All circular operations in this
paper are carried out by periodically padding the second operand to twice its size,
i.e. to 512×512 pixels, and cropping the result to its central 256×256 pixels.

The decoding pattern g (x, y) is based on h(x, y) and its definition can be found
in [20]: It is equivalent to changing all 0 to -1 and adding a positive pixel to the
center of the PSF [20].

The MLEM algorithm works in iterations and is derived from a random Poisson
process. It consists of a combination of forward and backward projections, where
ten iterations were deployed in this paper:

f̂ k+1(x, y) = f̂ k (x, y)⊙
[

p(x, y)

f̂ k (x, y)~h(x, y)
⊗h(x, y)

]
(5.2)

where ⊙ denotes point-wise multiplication and ⊗ is circular cross-correlation.
Instead of the real measured PSF with round pinhole projections, the two-holes-

touching (THT) version of the PSF without gaps between neighboring pinholes is
used for reconstruction, since it suppresses periodical noise [17]. Both the THT-PSF
and its corresponding decoding pattern are of rectangular structure and a square of
8 bright pixels represents the position and bounding box of each projected pinhole.
They also define the reconstructed resolution of 256×256 pixels. Figure 5.5 depicts
the measured PSF, the THT-PSF and the decoding pattern.

Additionally, MURA Decoding with low-resolution THT-PSF was implemented,
where the synthetic high-resolution THT-PSF was not used, but the down-sampled
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Figure 5.5 Left: The measured point spread function (PSF) of the experimental gamma ca-
mera, where the pixel intensity represents photon counts. Center: The two-holes-touching
(THT) version of the used rank 31 MURA mask h(x, y) fundamental for MURA Decoding and
MLEM. Right: The respective decoding pattern g (x, y) for MURA Decoding. Note the additio-
nal positive square at the center of g (x, y) [20]. Both patterns were resized to 256×256 pixels
by nearest neighbor interpolation to maintain the original shape.

THT-PSFs emulating a low-resolution detector. Since the reconstructions come in
low-resolution, the reconstructed images were upsampled to 256×256 pixels by
bilinear interpolation.

5.3.5 Reconstruction by Machine Learning

A Convolutional Encoder-Decoder (CED) is a widely used form of Convolutional
Neural Networks (CNN). A CED consists of trainable parameters that transform
an input into an output image. However, this transformation is not derived from
a mathematical description but by providing a sufficient amount of paired training
images. First experiments were conducted on the application of CNNs to CAI re-
construction, but its validation exclusively relied on simulated and low-resolution
images [21] or were only visually compared on few images [13]. While the two ana-
lytical reconstruction methods solely rely on the PSF of the gamma camera, which
acts as a linear approximation of the imaging system, the CED-IN is in theory capa-
ble of more complex mappings [22]. Recent advances in Machine Learning in the
field of image reconstruction [23–25] underline the potential of CEDs for CAI recon-
struction. The CED used in this paper is denoted as CED-IN because it was trained
with a convolutional simulation based on natural photographs from the ImageNet
database [26]. Its architecture is presented in Figure 5.6 and for more information
on the training process and data simulation the reader is referred to [17].

After reconstructing all images, the contrast-to-noise ratio (CNR) is calcula-
ted based on the reconstructed and the ground truth image. The binary ground
truth image enables a separation of the reconstruction into the signal part S and
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Figure 5.6 The convolutional encoder-decoder network architecture deployed in this paper.
The top row represents the number of filters per layer and the bottom row the feature map size
in pixels.

background part B . The following definition of CNR is employed [27]:

CNR =
∣∣S̄ − B̄

∣∣
σB

, (5.3)

where S̄ denotes the mean intensity of the signal, B̄ the mean intensity and σB the
standard deviation of the background.

5.3.6 Nyquist-Shannon sampling theorem

The Nyquist-Shannon sampling theorem states that the sampling frequency of a pi-
xelated representation must be larger than twice the maximum frequency of the pe-
riodic image [28]. Thus, when the smallest occurring structure is sampled by two pi-
xels or less, an image is not represented unambiguously which leads to aliasing and
hence signal degradation [28]. Since the aforementioned analytical reconstruction
methods MURA Decoding and MLEM consist of one or more convolutions of two
discretized signals, a reconstruction without aliasing artefacts is only possible when
both images were sampled by enough pixels. Thus, critical super-resolution factors
k̃ were determined both for the coded aperture test image and the THT-PSF h(x, y).
The smallest point source of the test image is 1 mm wide and therefore much larger
than the pinhole diameter: d1 ≫ d . Hence, the smallest structure on the detector
caused by the small point source can be approximated by t = d1 · m = 1.244 mm.
For h(x, y) the smallest structure t is 8 pixels wide, i.e. t = 8 · s (Figure 5.5). For the
given gamma camera with its magnification factor m = (1+a/b) = 1.244, the smallest
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depicted structure t and the single pixel side length of s = 0.0551 mm k̃ can be
defined as follows:

k̃ =
⌊

1

2
· t

s

⌋
(5.4)

where ⌊·⌋ denotes rounding off to the next smallest integer value.

5.4 Results

5.4.1 Critical super-resolution factors

The following critical super-resolution factors k̃ were obtained from the Nyquist-
Shannon sampling theorem: The THT-PSF h(x, y) must be sampled by at least
64×64 pixels leading to the following critical super-resolution factor: k̃THT-PSF = 4.
This means that the synthetic high-resolution THT-PSF in this paper is 4-times
oversampled. However, the test image with the 1 mm point source results in a hi-
gher critical super-resolution factor of k̃1 = ⌊11.29⌋ = 11. The tubes of the phantom
captured by the experimental gamma-camera have a diameter of 1.1 mm, that are
magnified to approximately 1.37 mm and thus 24.83 pixels. This results in a critical
super-resolution factor for the measured data of k̃measurement = ⌊12.42⌋ = 12.

5.4.2 Results on the test image

Figure 5.7 shows the CNR of the four reconstruction methods over the super-
resolution factor k. The red dotted line at CNR = 7.63 denotes the smoothed ima-
ge captured with a pinhole collimator where no reconstruction was required. It is
depicted central on the right-hand side together with the ground truth image and
the coded aperture test image in Figure 5.8. The left-hand side shows exemplary
reconstructions for k = 1,3,6,11 and 16.

Clearly visible, the CNRs of the reconstruction methods with the synthetic high-
resolution THT-PSF increase until k = 3 and steadily decline afterwards. The CED-
IN is an exception, where the CNR increases further until falling below its baseline
at k = 13. For all reconstruction methods using the synthetic high-resolution THT-
PSF the smallest point source starts to disappear for k > 11 and is hardly visible for
k = 16.

MURA Decoding with the respective low-resolution THT-PSF does not exceed
its baseline CNR and falls beneath the pinhole reference at k = 5 and again for all
k > 9. The reconstructions for k ≥ 11 fail entirely and resemble no similarity to the
ground truth anymore.
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Figure 5.7 Measured phantom data: Error bars represent the standard deviation at each data
point. The vertical dotted lines denote the critical super-resolution factors k̃THT-PSF = 4 and
k̃measurement = 12. Top: Simulated test image: The black dotted vertical lines mark the criti-
cal super-resolution factors k̃THT-PSF = 4 and k̃1 = 11.The red dotted line represents the CNR
of the smoothed image captured by a pinhole collimator and serves as reference. Bottom:
The contrast-to-noise ratio (CNR) for reconstructions of different reconstruction methods
depending on the super-resolution factor k.
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Figure 5.8 On the right-hand side the coded aperture detector and the ground truth (GT)
images are shown The CNR are printed in the top right corner of each reconstruction. Top:
Exemplary reconstructions of the test image generated by MC simulation at different super-
resolution factors k. For reference, the coded aperture simulation in 256×256 pixels, the smoo-
thed pinhole collimator simulation in the same resolution and the ground truth is shown on
the right-hand side. Bottom: super-resolution evaluated on the SRP data captured with our
experimental gamma camera.
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5.4.3 Results on the measurement data

Analogously to the test image Figure 5.7 shows the CNR for the presented recon-
struction method at different super-resolution factors k. However, because 120 re-
constructions were analyzed the marker represents the average CNR and additional
error bars represent the standard deviation for each reconstruction method and
super-resolution factor k.

In general, compared to the test image, lower CNRs can be observed. Similarly,
all methods except for the MURA Decoding with low-resolution THT-PSF, slightly
rise for small k and then fall after approximately k = 7. This behavior can also be
seen in the exemplary images in Figure 5.8. The maximum median CNR is reached
by the CED-IN with 3.42 at super-resolution factor k = 6. Visually, a higher back-
ground noise is present compared to the test image and the three line sources are
prominent until they start to disappear for larger k.

5.5 Discussion

5.5.1 Simulated test image

For the given setup the Nyquist-Shannon sampling theorem states, that for super-
resolution factors above k = 4 the PSF is not sufficiently sampled anymore. If the
THT-PSF is undersampled it loses its characteristic to properly function for CAI re-
construction. The simulation study of this paper shows this behavior where CNRs
of MURA Decoding with low-resolution THT-PSF drop notably for k ≥ k̃THT-PSF and
the reconstruction of k = 11 show major artefacts rendering the three sources un-
recognizably. But, when upsampling the low-resolution detector image to a high-
resolution of 256×256 pixels and using a synthetic high-resolution THT-PSF for re-
constructions, the CNRs drop slower, as MURA Decoding and MLEM demonstrate.
For k ≤ 6 the CNRs even stay approximately constant.

Additionally, the reconstructed images are visually closer to the expected out-
put. For k > k̃1, as predicted by the Nyquist-Shannon sampling theorem, the
smallest point source cannot be reconstructed properly and starts to dissolve.

In this simulation study super-resolution with small k and upsampling by bili-
near interpolation even had a positive impact on the CNR and the reconstructions
look smoother.

5.5.2 Measured phantom data

Similar behavior was observed for the measured phantom data. For all reconstruc-
tion methods, the CNR does not decrease until approximately k = 7, even thou-
gh undersampling of the THT-PSF starts at k = 4. However, the gain in CNR for
the measured phantom data is far less for small k compared to the simulated test
image.



main MEIEC2 27 febbraio 2026 21:31

Chapter 5. Bibliography 77

Interestingly, the CED-IN, even though not trained on processing upsampled
low-resolution images, performs better than all other reconstruction methods for
super-resolution factors of k ≥ 4. For the measured phantom data it is the best re-
construction method for all k. This indicates that the CED-IN generalized from the
training domain of natural photographs to discrete sources on a dark background,
even when the low-resolution input image was upsampled by bilinear interpola-
tion. Especially the background is reconstructed more uniform compared to all
other methods.

This implies that the CED-IN was taught to compress the inputted detector ima-
ge into a robust representation of the image, suppressing noise and dead pixels, like
in the top right corner of the coded aperture image in Figure 5.8.

The test image generated by Monte Carlo simulation shows in theory that super-
resolution in CAI is possible and the simulated low-resolution detector images ba-
sed on phantom data captured by an experimental gamma-camera strengthen this
hypothesis. However, the question remains as to how a real low-resolution detector
would affect the reconstruction. Erroneous pixels on a low-resolution detector will
have a higher impact since it is supposed to capture a larger fraction of the co-
ded aperture pattern. Another point not investigated in this paper are other types
of gamma sources. Especially extended sources are known to cause problems in
CAI [29].

5.6 Conclusion

The conducted simulation study indicates that super-resolution reconstruction for
planar CAI is possible even if the detector is not capable of sampling the PSF wi-
th a sufficient amount of pixels. Instead, a synthetic high-resolution THT-PSF is
combined with upsampling the captured low-resolution detector image by bilinear
interpolation. This way, established reconstruction methods were able to recon-
struct the simulated test image. However, for large super-resolution factors, the
smallest point source could not be reconstructed as the Nyquist-Shannon sam-
pling theorem predicted. Applying the same technique to simulated low-resolution
detector images from data of a hot-rod phantom captured with an experimental
gamma-camera strengthen these findings. For future research, though, further ex-
periments with a more realistic undersampling detector including erroneous pixels
are needed.
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6.1 Abstract

Particle physics experiments like those at the LHC produce massive, high-
dimensional datasets, making machine learning essential for efficient data proces-
sing and analysis. Traditional methods, based on engineered features and machine
learning techniques, often discard valuable information. The rise of deep learning
and accessible high-performance hardware has enabled models to learn directly
from raw detector data, improving performance across various tasks. With support
from labeled Monte Carlo simulations, deep learning has become increasingly pro-
minent in particle physics. This article reviews key applications in collider physics,
jet physics, tracking, fast simulation, anomaly detection, and recent advances in
neutrino physics.

6.2 Introduction and motivation

Particle physics produces huge datasets. For example, the Large Hadron Collider
(LHC) collects data from protons, organized in bunches colliding at ∼40MHz fre-
quency, with O108 sensors. Each collision generates a large number of particles,
whose properties must be measured and stored. Gathering this enormous amount
of data might give physicists enough statistics to study interesting rare events.
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These facts highlight that not only the quantity of collected data is immense, but
also its dimensionality. Therefore, machine learning is a set of techniques of para-
mount importance in this scenario, providing automation in data processing and
dimensionality reduction of such information.

For years, physicists in the High-Energy Physics (HEP) domain investigated ma-
chine learning techniques like neural networks, support vector machines, genetic
algorithms and predominantly boosted decision trees (BDTs) implemented in the
TMVA framework [1]. This approach was based on the idea of engineering high-
level low-dimensional quantities from raw detector data to be fed as multiple inpu-
ts to multivariate analysis (MVA) and provided important boosts in many data ana-
lysis tasks. However, it was clear that reducing the input dimensionality consisted
in discarding a large part of potentially interesting information, leading to inhe-
rently limited algorithms. As a consequence, these tools often struggled to provide
competitive performance in applications where the dimensionality gap between
raw data and extracted features grew large.

Starting in 2012, the computer science community achieved important results
in training big neural networks [2–4], converging to models able to provide outper-
forming solutions against traditional approaches. These publications set the stage
for further investigation of deep learning techniques in many other research fields,
including particle physics. Moreover, this explosion of research activity was helped
by the recent technical improvements in hardware accelerators and their spread as
consumer-grade products, granting high-quality computational power at afforda-
ble prices. In HEP, this wave mostly translated into the idea that engineered fea-
tures, designed at cost of time and great intellectual effort, could have been repla-
ced by high-dimensional low-level raw information if processed by deep enough
models.

Besides producing large datasets, the particle physics field is especially suited
for the proliferation of deep learning applications thanks to the availability of labe-
led datasets from Monte Carlo event generators. These programs aim to simulate
the physics world employing probabilistic laws, accurately describing particle inte-
ractions hierarchically from the sub-atomic scales, all the way up to include the ma-
croscopic long-range effects of physics theories. [5–9] represent modern examples
of Monte Carlo event generators. The role of the artificial intelligence tools in this
picture is often to grasp the probability laws of nature from sets of observations (like
particle momenta and charge) and estimate the corresponding Monte Carlo truths
(such as the type of a particle or even an interaction between particles in the event).

The article is dedicated to an overview of the main results in particle physics
obtained with deep learning models. We split the plethora of models proposed in
the literature by their sector of application. Among physics at colliders, we iden-
tify four main areas: jet physics, tracking, fast simulation and anomaly detection.
Conversely, in dealing with non-collider physics, we restrict our attention to the
advancements in deep learning tools for neutrino physics only, given its prominent
role in the present thesis work.
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Regarding physics at colliders, we develop a detailed discussion on jet physics
and tracking, while mentioning the AI applications to fast simulation and anomaly
detection only briefly in this section. We remark that the fast simulation of detector
data is mainly achieved with the implementation of Generative Adversarial Net-
works (GAN) [10]: the model generates the specific detector response with a fast in-
ference pass of the GAN generator, producing physical distributions from synthetic
random numbers.

The anomaly detection applications, instead, are mainly devoted to searches of
new physics, which is not described by the current theories, i.e. the Standard Model
(SM) [11, 12]. Physicists acknowledge that SM is not the ultimate theory of nature
and contains many problems and inconsistencies [13,14]. Therefore, the search for
evidence of the existence of Beyond Standard Model (BSM) theories is currently an
active field of research. In this picture, machine learning algorithms aim to identi-
fy rare events or tensions between data and theoretical predictions that signal the
presence of some new physics mechanism. In this area, model-dependent searches
aim to identify new kinds of particles or interactions through classification, such as
in [15–18], while model independent approaches [19, 20] design ad-hoc strategies
to look for new physics with a model agnostic approach.

The remainder of the article is organized as follows. First, in Section 6.3, we de-
scribe the application of machine learning and deep learning to jet physics from a
historical point of view. Then, Section 6.4 illustrates the methods developed within
the neutrino oscillation research field. In particular, we categorize the reviewed ap-
proaches by the specific neutrino experiment which proposed each solution. Sec-
tion 6.5 is devoted to the problem of tracking at colliders. Finally, we present our
conclusions in Section 6.6.

6.3 Jet physics

In this section, we deal with deep learning applications to jet physics focusing on
how the different ways of encoding the available data dramatically changed the
physicists’ approach to the problem: new kinds of data encoding opened the pos-
sibility to implement several models to try to solve the problems of jet tagging and
pileup mitigation, two central issues in this research field.

Events at HEP colliders are associated with a hierarchical picture of subsequent
particle splittings called parton showering. This mechanism consists in recursive
branchings, where each particle in the event involved in the main interaction un-
dergoes multiple subsequent splittings in a 1 → 2 fashion, resulting in a tree structu-
re. At this stage, a large number of particles is created and eventually, their momen-
ta directions are mostly focused in a collimated region around the particle initiating
the shower, called a jet. These concepts are key ingredients for Monte Carlo event
generators, which are tools that manage to link the predictions of physics theories
with the outcomes of the measuring experiments at colliders.
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Machine learning applications to jet physics mainly involve classification al-
gorithms and include flavor tagging, jet substructure tagging, quark-gluon tagging
and pileup removal. All the tagging tasks are related to the identification of the
shower initiating particle from the knowledge of the properties of either the final
particles representing the tree leaves of the jet or the whole tree nodes itself. Fla-
vor tagging classifies the jet among heavy (c, b, t) or light (u, d , s) quarks, gluons
or W/Z/H bosons. Jet substructure tagging, instead, discriminates between W/Z/H
and t jets. Finally, quark-gluon tagging is the ability to distinguish between the two
kinds of particles contributing to the main source of background in HEP events,
sometimes named QCD background.

Pileup is a concept that roots in the design of accelerators machines: in order
to increase the probability to produce interactions, at colliders, bunches of protons
tightly packed together are smashed against each other, rather than individually.
The luminosity L is a quantity measuring such compactness: the the higher the lu-
minosity, the more many protons are squeezed together in the bunch and increase
the expected number of collisions. As a consequence, it is likely that for each beam
crossing, more than one couple of protons scatters, emitting low-energy radiation
at wide angles named pileup (PU), as opposed to the interesting high-energy in-
teraction often referred as the leading vertex (LV). Pileup is extensively studied at
colliders and depends on the machine operative setup.

The data collected by the two major experiments at LHC, Atlas and CMS, esti-
mated a number of pileup collisions per event nPU∼20 during the LHC run II from
2015 to 2018, while for run III (2021−2023) and the High Luminosity LHC phase
(HL-LHC, from 2026), this quantity is expected to increase to nPU∼80 and nPU∼200,
respectively.

Pileup interactions modify the shape of the quantities measured in the events,
affecting jet properties like its overall momentum and mass, rather than jet multi-
plicity in the event. Being able to design automatic tools to mitigate those effects is
expected to be one of the biggest data analysis challenges during the forthcoming
LHC phases. These considerations justify the importance given to pileup mitigation
strategies at colliders.

The next paragraphs will review the proposed techniques in the literature con-
cerning the described two areas of jet tagging and pileup removal. Both of them try
to present the advancements in the research activity as it evolved during the last
decades. from the point of view of the different data representations of jet objects
used as inputs of the several neural network architectures proposed.

6.3.1 Tagging

Jet tagging mainly concerns classification algorithms. Since the early ′90s, shal-
low artificial neural networks have been used to detect the type of jet-initiating
particles. In these initial years, the predominant approach was to feed neural
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networks, comprised of just a few layers, with event features tailor-made for the
specific task or, sometimes, by packing jet information into small vectors of fixed
size, containing the most representative characteristics of the object.

Following this idea, [21] exploited a neural network with 3 fully connected hid-
den layers with 6 neurons each, to process the 4−momenta of the four leading par-
ticles within a jet, to discriminate between quarks and gluons. [22], instead, imple-
mented a neural network to distinguish between b and c jets al LEP, with the help of
the Fortran77 JETNET 3.0 library [23], which represented the de facto standard for
machine learning in HEP physics during those early years.

The advent of deep learning and the improvements in hardware accelerator
technologies paved the way for new strategies to solve the jet tagging problem. [24]
processed for the first time entire events through neural networks: their insight
was to encode calorimeter information as an image. The image consisted of a two-
dimensional regular grid in the pseudorapidity η and azimuthal angle ϕ coordi-
nates, where each pixel value described the energy deposited by the particle, or,
equivalently, its transverse momentum pT .

The pixels of the image contained raw event information that could be used to
compute discriminative quantities. The authors implemented a recipe to compute
the Fisher linear discriminant [25] after some physics-inspired preprocessing of the
images. The algorithm was tested for W boson tagging against QCD background
(gluon tagged jets), providing performance improvements against the traditional
discrimination method based on the N-subjettiness (τ2/τ1) quantity [26, 27].

Raw inputs-based neural network tools started being investigated extensively
from that point onward. Examples can be found in top quark tagging tasks [28] and
jet substructure classification (namely, understanding if the considered jet is due
to a showering of a low-mass single particle or a massive particle decaying into
multiple fast-moving lighter objects producing overlapping jets in the calorimeter,
like for the W → qq process) [29]. Another application of this framework has been
presented by [30], who studied the dependency of trained models on the Monte
Carlo truths labels in the training datasets. The key observation pointed out that the
supervised learning algorithm might bias the model predictions following the QCD
approximations employed by the specific generator used to collect the dataset, ra-
ther than focusing on learning the underlying true laws of nature. The work raised
the problem of the interpretability of neural networks in the jet physics research
field for the first time, finding large discrepancies when testing the models on data-
sets produced by different generators. The authors’ final assertion underlined the
need to deeply understand how the input information is exploited to extract the
output and what assumptions a trained architecture relies on.

The calorimeter tower representation of [24] has then proven to be a power-
ful representation of jets events, mainly thanks to the success of Convolutional
Neural Networks (CNNs) [3]. Indeed, [31] exploited CNNs to inspect the (η,ϕ) pla-
ne deposited energy encoding of jet events. They proposed a network to identify
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highly boosted W bosons against the quark-gluon QCD background. The inputs
were initially cast to grayscale images (one channel only), however further deve-
lopments considered also multi-channel input images. In particular, [32] propo-
sed to build a three-channel RGB image tensor stacking information from charged
and neutral particles’ transverse momenta, plus the number of charged particles
measured within each pixel area.

The standard calorimeter tower images were not the only image-like encoding
that has been studied in the literature: an alternative strategy has been given by
the Lund Jet Plane [33]. It considers kinematic variables arising while rewinding
backward the Cambridge Aachen clustering algorithm [34, 35], attempting to re-
construct a de-clustering history of a jet. The output of this procedure is an or-
dered set of variables that characterizes a jet object and can be seen as an image
tensor. According to the authors, this description should provide greater output
interpretability as well as discrimination power when employed in classification
tasks.

Although the image based successfully tackled the jet classification problem
multiple times, CNNs rely on the assumption that pixels form a perfect grid, while
it is known that actual detectors’ geometry is not perfectly regular. Moreover, jet
images often contain sparse features which lead to inefficient processing by con-
volutional kernels. Hence, different data representation strategies have been inve-
stigated. A jet object is the result of a clustering algorithm1, which generates a list of
jet constituent particles. As a consequence, it can be represented as a sequence of
tracks and vertices, forming an acyclic-directed graph or, equivalently, a tree. The
complication arising from adopting this encoding scheme is mostly given by the
variable length size of the sequences, which cannot be handled by standard Feed
Forward Neural Networks.

[37] overcame this difficulty by proposing a Recursive Neural Network archi-
tecture comprised of Long Short Term Memory (LSTMs) [38] cells, able to deal
with variable-size inputs. The work takes into account other solutions involving
Feed Forward Neural Networks supported by input truncation and zero padding.
The authors presented a comparison of the different strategies applying them to
the problem of light (u, d , s, c) versus heavy quark (b) jet flavor classification,
achieving similar performance for the different models. Since then, several algo-
rithms based on RNNs have been proposed to become part of the Atlas [39, 40] and
CMS [41,42] software stack and many more have been published to exploit variable
size inputs [43, 44].

The introduction of RNNs allowed for the treatment of the jet as lists and trees
of particles. However, even if some natural ordering is obtained by clustering like in
the kt−algorithm, this is just an approximation. Imposing an ordering often means

1 A modern C++ implementation of jet definitions and clustering algorithms is given by the FASTJET
3.0 [36] library.
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Table 6.1 Summary of the proposed architectures for jet classification. The table is
inspired from [51].

quark/gluon W /Z H b/c t
Image [32, 52, 53] [29, 31] [54] [55, 56]

Sequences [53] [39]
Tree [44] [57, 58] [56]

Graph [45]
Unordered set [47]

Point Cloud [48] [48, 56]

establishing a spatio-temporal relationship between particles to be identified as a
history producing a specific final state. However, quantum mechanics principles
break down the causality concepts of space and time relying on probabilistic laws.
Therefore, the most natural way to represent a jet object would be to decouple from
this artificial ordering and process it like an unordered set of particles described by
their 4−momenta and quantum numbers. Designing an architecture with the abi-
lity to deal with unordered sets of particles would then be desirable. Graph neural
networks, deep sets and point clouds networks achieve this objective.

[45] implemented a RelNet [46] to accomplish W jet tagging against QCD back-
ground: particles are regarded as graph nodes and the adjacency matrix is lear-
ned to aggregate information between nodes through a message-passing opera-
tion. [47] constrained a network architecture acting on deep sets, to build infra-red
and collinear (IRC) safe observables: the information in each particle observable
is then aggregated with a global permutation-invariant operation. The authors im-
plement two different networks called EnergyFlow and ParticleFlow, which consi-
der IRC-safe and non-IRC-safe quantities, respectively. [48] proposed to to use the
EdgeConv operation [49] on the k-nearest neighbors points of each particle in a
point cloud. The point cloud jet representation encodes an event as a matrix where
each row represents a vector of properties associated with each particle.

Figura 6.1 shows how the neural network input representations for jet physics
evolved through time. Table 6.1, instead, summarizes all the relevant applications
of machine learning and deep learning to jet physics.

6.3.2 Pileup mitigation

Pileup contribution from charged particles can be removed almost completely
thanks to the excellent vertex resolution at the ATLAS and CMS detectors [59–61].
These particles are identified and removed from the event with the charged-hadron
subtraction (CHS) procedure [62]. The challenge comes from pileup radiation due
to neutral particles, which must be taken into account with specialized algori-
thms. The rich literature on traditional methods can be categorized on the level of
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Figure 6.1 The data structure timeline of physics jets: only engineered features were used as
input to neural networks before 2014; after [24], several encoding structures have been inve-
stigated to efficiently represent jets. The descriptive pictures in the chart are taken, in order of
appearance, from: [23, 31, 39, 44, 47, 50].

detail these tools act on. A first technique, known as jet areas subtraction [63],
relied on calibrating jet level information, scaling its 4−momentum by a relevant
factor. However, this procedure did not manage to mitigate the pileup contribution
effectively for the computation of several subjet observables.

Therefore, other algorithms have been proposed to act on the internal jet struc-
ture, namely at the subjet level. Examples of such tools are usually classified as jet
constituents pre-processing, jet or event grooming, subjet corrections and consti-
tuent corrections. Grooming, in particular, progressively removes jet constituents
contaminated by pileup, cutting the tree description of a jet arising from clustering
algorithms through filtering [64], pruning [65,66] and trimming [67]. SoftKiller [68],
instead, is a popular event-level grooming algorithm that equally divides the (η,ϕ)
plane in patches of a certain area and imposes a cut-off pcut

T on the transverse mo-
mentum cumulated on the patches, such that half of the patches are radiation free.
This tool has been used by several works as a benchmark to test the goodness of the
proposed models.

Finally, the most advanced pileup mitigating algorithms act at the deepest level,
working on a particle-by-particle basis [69–71]. Among those, an excellent example
is PUPPI, which evaluates a scaling factor for each particle 4−momentum in the
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event, by computing a local shape variable α, which collects information about
each particle neighborhood. The α distribution for charged particles, for which pi-
leup information is known thanks to the CHS method, can be exploited to extract
the scaling weight for each neutral particle. The net effect is to correct jet and su-
bjet observables of interest for physics analysis as if the pileup effects have been
switched off.

Machine learning applications for pileup removal mainly act at the particle le-
vel, since, as already discussed in this chapter, they can extract useful information
from the low-level description of events. The first application of this framework was
PUMML [72], a Convolutional Neural Network to inspect RGB images in the (η,ϕ)
plane. The three RGB channels convey information about the transverse momenta
of all neutral particles, all charged pileup particles and all charged leading vertex
particles, respectively. The architecture is trained in a supervised way to output the
missing pT of the neutral leading vertex particles. Performance comparisons were
presented against SoftKiller and PUPPI algorithms for the reconstruction of mass
and transverse momentum distributions of the LV jets.

Other models have been proposed in subsequent years, trying to take advantage
of the different technologies developed in the computer vision research field: [73]
introduced PUPPIML, a network working on a graph representation of the event.
After subtracting the charged pileup particles, the remaining ones are arranged in
a graph where all pairs of particles closer than a fixed radius R1 in the (η,ϕ) plane
(default value is R1 = 0.3) are connected by an edge. This graph is processed by se-
veral Gated Recurrent Units (GRU) [74] and outputs a binary score for each particle
to discriminate between leading vertex and pileup. The authors claimed perfor-
mance improvements up to ∼30% of PUPPIML against PUPPI on the resolution of
jet-related quantities and even higher ones with respect to SoftKiller.

PUMA [75] exploits the attention mechanism [76] to tackle the pileup miti-
gation task in realistic detector scenarios, corresponding to extreme setups with
nPU∼200. The performance was tested against classical benchmarks, like CHS and
PUPPI, showing large improvements in the key reconstructed jet variable distribu-
tions. The authors judged this work as an important achievement in showing the
usefulness of statistically-learned algorithms during the HL-LHC phase.

Beyond the supervised algorithms presented in the paragraphs above, some
alternative approaches have been proposed. [77] implemented a grooming pro-
cedure within a reinforcement learning (RL) framework: a jet is represented as a
binary tree graph where each node i is described by a Lund plane derived varia-
ble T (i ), containing the state vector observed by the RL agent as well as a pointer
to the the parent node and the two child ones. The algorithm concerns applying
recursively a policy function πg to all the nodes in the graph. The policy func-
tion outputs the probability to groom or not a node in the tree, which determi-
nes the action of the RL agent on the environment. The agent is trained through a
smooth reward function carefully designed to optimize the resolution of kinematic
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variables both at the graph and node level, such as the mass of the resulting jet or
the fact that a node contributes to the wide-angle soft radiation (PU) rather than to
the hard-collinear emission (LV), respectively.

A semi-supervised learning approach for Graph Neural Networks, named Graph
SSL, has been investigated by [78]. The main advantage introduced by this techni-
que is the possibility to train directly on real detector data, without the need of
Monte Carlo truth labels. The algorithm is based on supervised training to learn
charged particles’ properties, while inference is done on neutral particles, which
represents the main challenge in the identification of pileup. A careful masking
procedure is required to train effectively on charged particles as if they were neutral
ones. This method allows for avoiding the complex issues regarding the dependen-
ce of the models on Monte Carlo datasets and the high costs in terms of simula-
tion time to reproduce physics processes with Monte Carlo generators. The authors
benchmarked Graph SSL against PUPPI and observed performance improvements
both for the accuracy in the LV-PU identification at the particle level and regarding
the resolution of the reconstructed jet quantities.

6.4 Non-collider physics (neutrino)

This section presents the applications of deep learning in neutrino physics. For sake
of brevity, we restrict our attention to experiments focusing on neutrino oscillations
only: in fact, a large number of experiments are concentrating their efforts to im-
prove the understanding of such mechanism. In the field of neutrino physics, deep
learning is mainly investigated as a tool for event classification and automated re-
construction algorithms. The former task is well established in the physics commu-
nity since the end of the 20th century as a robust strategy to select signal and reject
background events, while the latter is still an open issue and many techniques are
currently being inspected.

The first neural network application to neutrino event classification is given
by [79] in the context of the SNO experiment. The network contains a modest O (700)
number of trainable parameters employing a shallow feed-forward neural network
with O (30) inputs engineered on detector hit patterns and count a single hidden
layer with 20 neurons, to distinguish between four classes of neutrino interactions:

• Charge current (CC): νe + 2H → p +p +e−;
• Electron scattering (ES): νx +e− → νx +e−;
• Chlorine neutral current (NC): n + 35Cl → 36Cl+γ;
• Deuteron neutral current (ND): n + 2H → 3H+γ.

The investigation of artificial neural networks eventually spread among neu-
trino physicists. The main cause of this success can be found in the detector
data format: most of the detectors built for detecting neutrinos produce image-
like data, which can be processed with the help of modern computer vision and
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convolutional neural network techniques. As a consequence, two decades after
the SNO paper, the NOνA collaboration [80] proposed to build a CNN to identify
neutrino background interactions [81]. The network, named Convolutional Visual
Network (CVN), is comprised of two GoogLeNet [82] separate branches inspecting
(x, y) and (y, z) hit projections, respectively. The two resulting feature embeddings
are concatenated and fed into a classifier to extract the desired multi-class score.
It is interesting to notice that the two views are not concatenated along the chan-
nel axis like in RGB images: the authors recognize that each coordinate pixel in
2D projection would overlap unrelated features, as they do not refer to the same
(x, y, z) spatial 3D point. The network is trained to compute the νe appearance and
νµ disappearance rates. This work marked a milestone in the field since it became
the first neural network-based analysis whose results were included in a physics
publication [83].

The GoogLeNet architecture has also been exploited by [84] to search for
neutrino-less double beta decay 0νββ [85] process at the NEXT experiment. In this
application, as opposed to the NOνA one, three 2D projections of event images are
concatenated like RGB images. The authors highlight an improvement against the
traditional blob discrimination method described in [84].

The techniques just reviewed try to process images with CNNs, achieving bet-
ter performance than baseline methods. In recent years, several other articles and
many experimental collaborations showed interest in developing CNN-based clas-
sifiers, showing the performance superiority of this approach compared to the
traditional methods of event classification [81, 86–90].

CNNs have also proved useful in several tasks of reconstruction. First, they have
been used to tackle regression problems, namely to predict the interacting neutrino
energy value [91] or its direction in the frame of reference of the detector [88, 92].
Then, they helped in identifying non-empty activity regions, drawing bounding
boxes around interactions to discard uninteresting parts of the input images: this
technique is called Faster-Region Convolutional Neural Network (Faster-CNN). Al-
ternatively, [93] exploit a model inspired by the U-Net architecture [94] to precisely
locate track end-points and shower vertices. Finally, [95–97] implemented CNNs
aiming at segmenting the input images to assign each pixel to a type of particle
drifting in the detector, detecting Region Of Interest (ROI) coordinates in raw data
in 2-dimensional planes and 1-dimensional channels, respectively.

Although Convolutional Neural Network models are the de-facto standard in
image processing, neutrino detectors often collect data with special features that
cause these techniques to be inefficient. The majority of the events recorded by
these experiments contain sparse long 1-dimensional tracks with locally dense fea-
tures. The result is that large portions of such images are empty, leading to a wa-
ste of computational resources when inspected with convolutional filters: those
filters, indeed, transform equally both the empty spaces and signal regions. Addi-
tionally, the huge quantity of sensors in these detectors gathers information into
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(a) Normal 2-dimensional convolu-
tion: single kernel transformation.

(b) Sparse 2-dimensional convolu-
tion: single kernel transformation.

Figure 6.2 The cyan pixel highlights the current convolution pixel. The normal convolution
kernel operates on all pixels within the kernel window, while the sparse one acts on non-zero
neighboring pixels only.

high-resolution images with O (106) of pixels, that barely fit the memory constraints
of modern hardware accelerating devices.

During the last few years, then, the neutrino community has dedicated a great
effort to design better encodings and experiment novel techniques to analyze such
data. In this picture, Sparse Convolutional Neural Networks (Sparse CNNs) [98] and
Graph Neural Networks (GNNs) [99] have been investigated. Two architectures ba-
sed on Sparse CNNs, acting with convolutional filters on non-zero pixels only, have
been implemented by [100, 101]. The operation, depicted by Figura 6.2b, allows to
store the event data in an efficient sparse format and dramatically decrease the
number of operations required by each convolutional layer forward pass.

On the other hand, GNNs provided performance improvements in processing
data from detectors with irregular geometry like IceCube [102] and JUNO [103]. Be-
sides this success, even if the data graph encoding is not always a natural choi-
ce when dealing with either image or point cloud data, several works [104–106]
showed good results implementing these architectures for event classification and
other reconstruction tasks.

The use of GNNs is subject to two major issues. First, there is no standard choice
of encoding neutrino data into a graph. Luckily, the sparsity of neutrino images
allows identifying detector hits as graph nodes, resulting in graphs of manageable
sizes (usually up to a few thousand nodes). Node connectivity, instead, is use-case
dependent. The majority of the authors reviewed in this paragraph use similar ap-
proaches with small modifications: they rely on some distance metric, computed
between each pair of nodes i and j in the graph, and a pre-defined cut-off value
dcut above which no edge between the corresponding nodes is drawn. Alternatively,
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they propose to weight each edge with a normalized version of the distance me-
tric value itself, such that distant nodes have a suppressed information flow in the
network. The second problem related to this approach is the additional overhead
represented by the graph construction operation: this is often done through dedi-
cated algorithms, like in [103, 104], and must be repeated for all events inevitably
increasing the pre-processing wall-time.

In table 6.2 we collect the main deep learning applications to neutrino oscilla-
tion experiments found in the literature. The table groups the works published by
several collaborations into five task categories:

• event classification, which encompasses event topology, interaction classifi-
cation and background rejection;

• regression, grouping neutrino energy reconstruction and neutrino direction
reconstruction;

• object detection, that collects interaction localization (vertex reconstruction,
bounding box drawing around pixel activity), track end-point localization
and shower starting-point localization;

• graph operations, that include background rejection (graph classification),
clustering (node classification), 3D reconstruction (graph cleaning through
node classification) and primary particle classification (edge classification);

• segmentation, receiving contribution from pixel-level particle identification,
instance segmentation and region of interest (ROI) finding.

6.5 Tracking

Tracking is a central process of reconstruction at colliders, it consists in grouping
detector hits within an event produced by a charged particle interacting in the inner
detector region and moving inside a static magnetic field. The traditional approach
is based on four different phases: hit clustering, track seed finding, track building
and track fitting. The present discussion gives a brief overview of the traditional
method employed to solve the tracking problem and it is inspired by specialized
reviews on tracking strategies at LHC, [113–115].

The tracking process consists in sequentially reducing with clustering algori-
thms the number of data from O (108) detector readout channels, to O (104) hits con-
taining energy depositions and finally to O (103) tracks per event. The hierarchical
approach starts with hit clustering, which consists in finding the 3−dimensional
locations of hits and the corresponding deposited energies from the pixel-level raw
data readouts.

After this first stage, the two most computationally expensive steps take place.
First, the hits in the inner detector are processed to identify triplets, which consist
of the minimum number of points to estimate two important track parameters,
namely the curvature and the perigee with respect to the center of the interaction
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Table 6.2 Review of the deep learning for neutrino physics publications. The fir-
st column identifies which detector the publication focuses on. PilarNet [107] is a
generalpurpose open dataset for LArTPCs data. Note: [100] was published before
the PilarNet [107] dataset but deals with similar data and objectives. The citations
are colorcoded based on the neural network type implemented in the relative work:
FFNNs, CNNs, GNNs, Hexagonal CNNs, Sparse CNNs, Quantum CNNs.

Detector
Event

classification
Regression

Object
detection

Graph Segmentation

SNO
[79]

– – – –

NEXT
[108]

– – – –

Daya Bay
[86]

– – – –

NOνA
[81] [91]

– – –

MicroBooNE
[87, 90]

–
[87]

–
[95] [109]

KM3NeT/ORCA
[88] [88]

– – –

DUNE/pDUNE
[89] [110] [92]

–
[106] [96]

JUNO
[111] [103] [103] [103]

–

SuperFGD
(T2K)

– – –
[105]

–

IceCube
[102] [112]

–
[102]

–

ArgoNeuT – – – –
[97]

PilarNet – –
[93] [104] [100, 101]

region. The three hits in each triplet form a seed for the final track. Therefore, this
step fixes the final track multiplicity.

Second, once the seeds are selected, the proper track construction process
starts: the trajectory is sequentially extrapolated from the triplet from the inner to
the outer layers of the detector. Many pattern recognition techniques have been
designed to tackle this problem, ranging from global methods, such as conformal
mapping and Hough transform [116], to local ones, like the track road methods.
However, the most efficient algorithm in use is the Kalman filter [117–119]. A more
refined version of the original algorithm, the Combinatorial Kalman Filter [120],
is leveraged to build tracks from seeds, including the possibility to keep track of
branching when multiple candidate points are identified within the same layer and
eventually, discard the fake tracks with high efficiency.

The final stage of the tracking problem, namely track fitting, requires estimating
the track parameters for each reconstructed trajectory. These include the location
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of the interaction vertex, the direction of the track along with its curvature and the
momentum associated with the interacting particle. Moreover, tests to remove ou-
tliers that do not belong to the track are performed in this final phase to further
refine the output. This technique achieves almost perfect performance, meaning
that the investigation of new methods is devoted to optimizing the existing software
implementation and trying to reduce CPU usage time.

However, the next generation High Luminosity LHC (HL-LHC) phase [121], star-
ting from 2026, will see an increase in the current luminosity setup of the Large
Hadron Collider by a factor of 10, putting these low-level reconstruction tools under
enormous stress. It is expected, in this collider configuration, a great improvement
in the hit detector occupancy and the particle tracking software should be able to
manage charged particles at a rate of O (50MHz). The traditional approach does
not scale at such regimes. A naive solution would be to limit the reconstruction
to detector regions around specific calorimetry depositions compatible with rare
signatures like leptons or jets with high pT . However, this approach will completely
neglect other phenomena that might hide in discarded regions, like low pT ones.
Hence, alternative methods are currently under investigation.

In this context, the HEP.TrkX project [122] aims to study deep learning solutions
to the particle tracking issue. The main outcome has been a model [123] combining
CNNs and Recurrent Neural Networks (RNNs), mainly employing Long Short Term
Memories (LSTMs) cells, to reconstruct tracks within a simplified detector simula-
tion. The generated data involve straight-line tracks and neglect all other kinds of
physical complexities, such as track curvature, material effects and detection inef-
ficiencies. The model is trained to solve two tasks in particular: a 2−dimensional
single-track reconstruction starting from seeded hits and an end-to-end estimation
of the track parameters without any seeding.

Detector data are projected onto two axes representing the detector layer and
the channel within each specific layer. The tool opens for the possibility of encoding
irregular layer geometries of varying size with two strategies: either zero padding
the input to retrieve a regular rectangular grid, or through an autoencoder-like ar-
chitecture that embeds each layer input into a fixed-size vector representation with
the help of a dense network, followed at the end of the pipeline by another fully
connected layer that projects back the output into the original layer dimensiona-
lity. The data encoding based on bi-dimensional images has also been exploited
by [124], the key idea is again to model the recursive track-following approach of
the Kalman filter through an LSTM, showing promising results in a semi-realistic
detector simulation.

Other approaches based on Graph Neural Networks (GNNs) have been intro-
duced by [125] driven by the observation that the image-like representation of the
data would not be able to manage realistic use cases matching the HL-LHC con-
ditions. Indeed, the collider and detector updates will provide high-dimensional
and sparse data due to the increased number of detector layers built with irregular
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geometries, which would probably cause inefficiencies in the standard approaches
with CNNs. The authors advocate the investigation of methods acting on the space-
point representation of data, instead, involving variable amounts of hits per event
and exploiting the full detector resolution.

In 2018, the TrackML competition [126] took off within the HEP community with
the intent of finding the best candidate for the future particle tracking algorithm.
The desired feature of such a tool would be to achieve the best performance score
across several metrics reflecting the need to target high reconstruction efficiencies
with the fastest algorithm in terms of inference time. Event examples from the
TrackML dataset highlight a large number of tracks to be reconstructed and the
complex detector design.

Following this competition, HEP.TrkX evolved into the Exa.TrkX project [127]
which investigated a wide variety of models to solve the task, mainly through
GNNs [128, 129]. The project finally published an article [130] summarizing the
GNN pipeline on the TrackML dataset, towards a first validation on ATLAS and CMS
real detector data. The potential of GNNs has also been exploited on implementa-
tions for specific hardware acceleration, mainly provided by Field Programmable
Gate Arrays (FPGAs) [131].

6.6 Conclusion

In this article, we reviewed the most important contributions to the literature con-
cerning the applications of deep learning in the high-energy and neutrino physics
fields. We presented an overview of different sectors of active research, including
both collider and non-collider physics. This work aims to show the huge success
of deep learning models when applied to problems in the physics domain. Althou-
gh the first implementations of machine learning techniques date back to some
decades ago, the popularity of such methods is constantly increasing. The main
challenge for the next decade is to demonstrate that such models provide a robust
generalization to unseen data, so that they can become the standard approach to
solve the complex problems we introduced in this work and many others. The inter-
pretability of their predictions is going to be another crucial point in the affirmation
of these solutions and will certainly be a hot topic in the research of the following
years.
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