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“Não vai pra grupo, não, a cena é triste
Vamos estudar, respeitar o pai e a mãe e

viver, viver!
Essa é a cena”

Artigo 157 – Racionais MC’s

“Somos poeira de estrela, castelos de vento
Por aí, vagando no espaço-tempo”

Poeira de estrela – Maruson





Resumo

Com o rápido aumento do volume de dados na astronomia moderna, métodos
escaláveis para o processamento e a extração de informações físicas a partir de observações
tornaram-se essenciais. Nesse contexto, a inteligência artificial tem emergido como uma
poderosa abordagem orientada por dados. Nesta tese, desenvolvemos e aplicamos tais
métodos a dois problemas distintos em astrofísica observacional: a estimação de redshifts
fotométricos em levantamentos de campo amplo e a caracterização física de progenitores
de supernovas por meio de observações multicomprimento de onda. Para isso, a tese está
organizada em duas partes principais.

A primeira parte foca na estimação de redshifts fotométricos para o levantamento
DECam Local Volume Exploration Survey. Desenvolvemos um arcabouço de aprendizado
profundo que combina uma Rede Neural Recorrente com uma Mixture Density Network
para inferir funções de densidade de probabilidade completas para os redshifts de galáxias
ao longo da cobertura de � 20;000 deg2 do levantamento. Nosso método apresenta desem-
penho competitivo em comparação com abordagens bem estabelecidas na literatura. Além
disso, demonstramos o impacto dos redshifts fotométricos obtidos no contexto de ondas
gravitacionais associadas a sirenes escuras, e em estudos de aglomerados de galáxias.

A segunda parte apresenta uma análise abrangente da supernova do tipo II-P
SN 2022acko em NGC 1300, baseada em observações no ultravioleta, óptico e infraver-
melho, complementadas por espectroscopia em fases nebulares e imageamento pré-explosão.
Utilizando curvas de luz em fases iniciais, espectroscopia nebular e dados de arquivo pré-
explosão , restringimos as propriedades do sistema progenitor. Nossos resultados indicam
um progenitor supergigante vermelha, com estimativas indiretas sugerindo uma massa
inicial no intervalo de 10–15M�, enquanto restrições diretas a partir de imagens pré-
explosão favorecem uma massa menor de � 7:5M�. Investigamos essa tensão examinando
suposições de modelagem, cenários de evolução binária e incertezas sistemáticas na cali-
bração de fluxo, evidenciando limitações nas metodologias atuais. Por fim, apresentamos
um arcabouço baseado em inteligência artificial para a extração de parâmetros físicos
a partir de curvas de luz transientes esparsas no contexto do Vera Rubin Observatory
Legacy Survey of Space and Time. Embora ainda em estágios iniciais de desenvolvi-
mento, o método já fornece informações valiosas sobre as distribuições subjacentes de
parâmetros e mostra-se promissor como ferramenta para inferência física robusta na era
Rubin.

Palavras-chave: aprendizado profundo, aprendizado de máquina, funções de densidade
de distribuições de probabilidade, redshifts fotométricos, levantamentos de grande área,
supernovas, evolução estelar, astronomia transiente
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Abstract

With the rapidly increasing volume of data in modern astronomy, scalable meth-
ods for processing and extracting physical information from observations have become
essential. In this context, artificial intelligence has emerged as a powerful data-driven
approach. In this thesis, we develop and apply such methods to two distinct problems
in observational astrophysics: the estimation of photometric redshifts in wide-field sur-
veys and the physical characterization of supernova progenitors through multiwavelength
observations. To this end, the thesis is organized into two main parts.

The first part focuses on the estimation of photometric redshifts for the DECam
Local Volume Exploration Survey. We develop a deep learning framework that combines
a Recurrent Neural Network with a Mixture Density Network to infer full probability
density functions for galaxy redshifts across the � 20;000 deg2 footprint of the survey.
Our method achieves competitive performance compared to well-established methods in
the literature. We further demonstrate the impact of the produced photometric redshifts
on the fields of gravitational-wave dark sirens and galaxy cluster science.

The second part presents a comprehensive analysis of the Type II-P supernova
SN 2022acko in NGC 1300, based on ultraviolet, optical, and infrared observations, com-
plemented by late-time spectroscopy and pre-explosion imaging. Using early-time light
curves, nebular spectroscopy, and archival data, we constrain the properties of the pro-
genitor system. Our results indicate a red supergiant progenitor, with indirect estimates
suggesting an initial mass in the range 10–15M�, while direct pre-explosion constraints
favor a lower mass of � 7:5M�. We investigate this tension by examining modeling
assumptions, binary evolution scenarios, and systematic uncertainties in flux calibra-
tion, highlighting limitations in current methodologies. Finally, we present an artificial
intelligence-based framework for extracting physical parameters from sparse transient light
curves in the context of the Vera Rubin Observatory Legacy Survey of Space and Time.
Although still in the early stages of development, the method already provides valuable
insights into underlying parameter distributions and shows promise as a tool for robust
physical inference in the Rubin era.

Keywords: deep learning, machine learning, probability distributions, photometric red-
shifts, wide-field surveys, supernovae, stellar evolution, transient astronomy



Contents

List of Figures

List of Tables

List of Acronyms

Presentation 2

I Photometric Redshifts for the DELVE Survey 3

1 Introduction 5

2 Neural Networks Overview 11

2.1 The Concept . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.2 Machine Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2.2.1 Random Forest . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

2.3 Deep Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2.3.1 Multi-Layer Perceptron . . . . . . . . . . . . . . . . . . . . . . . . . 17

2.3.2 The Training . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.4 The Neural Net Zoo . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

2.4.1 Recurrent Neural Networks . . . . . . . . . . . . . . . . . . . . . . 30

2.4.2 Mixture Density Networks . . . . . . . . . . . . . . . . . . . . . . . 34

2.4.3 Bayesian Neural Networks . . . . . . . . . . . . . . . . . . . . . . . 35

3 Data 39

3.1 The Spectroscopic Sample . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

3.2 The DELVE Survey . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

3.2.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

3.3 Pre-Processing and Sample De�nitions . . . . . . . . . . . . . . . . . . . . 42

3.3.1 MCAT . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

3.3.2 SZCAT . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

3.3.3 DL Samples . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

3.3.4 The incomplete coverage . . . . . . . . . . . . . . . . . . . . . . . . 47



Contents

4 Methodology 49

4.1 Neural Network Architecture . . . . . . . . . . . . . . . . . . . . . . . . . . 49

4.1.1 Training . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

4.1.2 Computational Resources . . . . . . . . . . . . . . . . . . . . . . . 52

4.2 Other Methods and Surveys . . . . . . . . . . . . . . . . . . . . . . . . . . 53

4.2.1 Benchmarks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

4.2.2 The DESI Legacy Imaging Survey . . . . . . . . . . . . . . . . . . . 54

4.3 Evaluation Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

4.3.1 Point-Like Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

4.3.2 PDF Diagnostics . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

5 Evaluation 59

5.1 Point estimates . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

5.2 PDF evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

6 Applications and Extensions 67

6.1 Dark Sirens . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

6.1.1 Advances in Dark Sirens and Extension to LS-DR10 . . . . . . . . . 71

6.2 Galaxy Cluster Membership . . . . . . . . . . . . . . . . . . . . . . . . . . 71

7 Conclusion 77

II Transient Characterization 79

8 SN 2022acko and the Properties of Its Red Supergiant Progenitor 81

8.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

8.2 Observations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

8.2.1 Pre-explosion data . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

8.2.2 High-resolution imaging . . . . . . . . . . . . . . . . . . . . . . . . 86

8.2.3 Optical/UV observations . . . . . . . . . . . . . . . . . . . . . . . . 86

8.2.4 Spectroscopy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

8.3 Progenitor Mass from Pre-Explosion Imaging . . . . . . . . . . . . . . . . . 88

8.3.1 A pre-explosion counterpart to SN 2022acko . . . . . . . . . . . . . 89

8.3.2 Characterization of the Pre-explosion Counterpart . . . . . . . . . . 90

8.4 Progenitor Mass from Early Light Curve . . . . . . . . . . . . . . . . . . . 92

8.5 Progenitor Mass from Nebular Spectra . . . . . . . . . . . . . . . . . . . . 97

8.6 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

8.7 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104

9 PILCA: Physics-Informed ML Light Curve Analyzer 107



9.1 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

9.2 Network . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108

9.2.1 Training . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109

9.3 Preliminary Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110

9.4 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 112

Final Remarks 115

Bibliography 117

List of Figures

2.1 Example of a Decision Tree (DT) constructed from a dataset with 6 examples. 14

2.2 Schematic diagram of a Multi Layer Perceptron (MLP) with a single hidden

layer. The input vector x is mapped to the output vector y through a

hidden layer of neurons, each applying a linear transformation followed by

a nonlinear activation function. . . . . . . . . . . . . . . . . . . . . . . . . 18

2.3 Schematic diagram of an arti�cial neuron. The inputs x1; x2; : : : ; xD in are

combined through a weighted sum with a bias term, and passed through a

nonlinear activation function � to produce the neuron output z. . . . . . . 19

2.4 Activation functions: Linear, ReLU, Sigmoid, and Softmax. . . . . . . . . . 20

2.5 Schematic representation of a single-neuron, single-layer neural network

with sigmoid activation and scalar inputs and outputs. . . . . . . . . . . . 22

2.6 Illustration of generalization regimes in supervised learning. left panel:

over�tting. center panel: reasonable generalization. right panel: under�tting. 26

2.7 Examples of loss curves during training. (left): over�tting where the train-

ing loss continues to decrease while the validation loss increases. (center): a

well-behaved training process where training and validation losses decrease

and converge. (right) under�tting where both training and validation losses

remain high. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

2.8 Illustration of the K-fold cross-validation procedure. The dataset is divided

into K folds. A separate model is trained from scratch for each train/vali-

dation split, in which a di�erent fold is used as the validation set while the

remaining folds form the training set. . . . . . . . . . . . . . . . . . . . . . 29



List of Figures

2.9 Schematic representation of a simple Recurrent Neural Networks (RNN)

architecture. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

2.10 Schematic diagram of an Long Short-Term Memory (LSTM) cell. The cell

state s carries long-term memory across time steps and is modulated by

three gates � forget (f ), input (i), and output � which control the �ow of

information from the previous hidden state h(t�1) and current input x (t) to

the updated cell state and new hidden state h(t) . . . . . . . . . . . . . . . . 33

2.11 Structure of the LMU cell. Adapted from Voelker et al. (2019). . . . . . . . 34

3.1 Sky coverage of the Southern Hemisphere Spectrocopic Redshift Compila-

tion (SHSC) spectroscopic compilation used in this work. The �gure was

retrieved from https://github.com/ErikVini/. . . . . . . . . . . . . . . 40

3.2 DELVE second data release (DELVE-DR2) survey footprint in the g, r, i,

and z bands. Figure from Drlica-Wagner et al. (2022) . . . . . . . . . . . . 41

3.3 left pannel : the spectroscopic redshift distributions for the di�erent training

datasets. right pannel : the magnitude distributions in the griz bands for

the objects included in DLCAT. . . . . . . . . . . . . . . . . . . . . . . . . 45

4.1 Architecture of the proposed network. The input vector of magnitudes and

colors is processed sequentially by an Legendre Memory Units (LMU) layer,

whose output is fed into a simple MLP, and then forwarded to a Mixture

Density Networks (MDN) layer. . . . . . . . . . . . . . . . . . . . . . . . . 50

4.2 Training (solid lines) and validation (dashed lines) loss curves for the dif-

ferent model con�gurations. The shaded regions indicate the standard

deviation across the �ve cross-validation folds. The left panel compares

models trained with di�erent photometric band combinations (GRI, GRZ,

and GRIZ), while the right panel shows the results for the di�erent DLTRAIN

subsets (A, B, and C). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

4.3 Illustration of two common diagnostics used to evaluate photometric red-

shift PDFs. Left: schematic representation of the PIT, de�ned as the

cumulative probability of the PDF up to the spectroscopic redshift zspec.

Right: illustration of the ODDS metric, corresponding to the integrated

probability within a �xed interval around the most probable redshift zphot . 57

4.4 Illustration of highest density regions (HDRs) for di�erent probability masses.

The shaded areas represent HDRs of increasing probability mass, while the

vertical line indicates the true value zspec. In this example, the true value

lies within the 50% HDR. . . . . . . . . . . . . . . . . . . . . . . . . . . . 58



List of Figures

5.1 Performance metrics as a function of spectroscopic redshift for MDN mod-

els trained on the DLTRAIN-A, DLTRAIN-B, and DLTRAIN-C datasets.

From left to right, we show the bias (�z), the normalized median absolute

deviation (� NMAD ), and the outlier fraction (�). The curves are computed

in bins of zspec using all �ve cross-validation folds. Solid lines represent the

mean across folds, while shaded regions indicate the corresponding stan-

dard deviation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

5.2 Performance metrics as a function of spectroscopic redshift for MDN models

trained with di�erent photometric band con�gurations (griz, gri, and grz)

using the DLTRAIN-A dataset. From left to right, we show the bias (�z),

the normalized median absolute deviation (�NMAD ), and the outlier fraction

(�). The curves are computed in bins of zspec using all �ve cross-validation

folds. Solid lines represent the mean across folds, while shaded regions

indicate the corresponding standard deviation. . . . . . . . . . . . . . . . . 60

5.3 Distribution of photometric versus spectroscopic redshifts for MDN models

trained with di�erent band con�gurations using DLTRAIN-A. The color

scale represents the density of objects. The metrics shown in each panel

correspond to the full test sample. . . . . . . . . . . . . . . . . . . . . . . 61

5.4 Performance metrics as a function of spectroscopic redshift for four di�erent

methods evaluated on the test set. The dark blue solid lines show results

for DELVE-DR2 using our MDN model. Light blue and violet lines show

results for the same data using the RF and MLP methods described in

Section 4.2, respectively. Orange lines correspond to the publicly available

zphot from the LS-DR10 catalog. In the left panel, dashed lines indicate the

bias computed over the full sample within each spectroscopic redshift bin,

while solid lines show the bias after excluding objects classi�ed as outliers. 62

5.5 PIT (left) and Odds (right) distributions for the MDN model in bins of

zspec. A uniform PIT distribution indicates perfect calibration, while Odds

values close to unity re�ect highly informative PDFs. . . . . . . . . . . . . 64

5.6 Contribution of low-Odds PDFs to the deviation from uniformity in the

PIT distribution. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

5.7 Coverage test comparing nominal credibility levels with empirical coverage

for the MDN model, its AE-decoded PDFs, and LS-DR10-derived PDFs.

The dashed line indicates perfect calibration. . . . . . . . . . . . . . . . . . 65



List of Figures

6.1 Posterior distributions of the Hubble constant for the dark siren events

GW190924_021846 and GW200202_154313, obtained using full photo-

metric redshift Probability Density Functions (PDFs). The individual pos-

teriors are shown in green and blue, the bright siren measurement adapted

from Nicolaou et al. (2020) is shown as the shaded region, and the com-

bined posterior distribution is shown in black. Image from Alfradique et al.

(2024) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

6.2 CMDs for the A85 cluster, illustrating the selection of cluster member

candidates using di�erent photometric redshift estimators. Blue points in-

dicate galaxies selected as members according to Equation 6.4, while gray

points correspond to all background galaxies within 5�R200. Yellow points

represent spectroscopically con�rmed cluster members: circles denote those

selected by the respective method, while crosses indicate con�rmed mem-

bers that were not selected. Figure adapted from Méndez-Hernández et al.

(2026) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

6.3 Architecture of the proposed model. Colors and magnitudes are processed

independently through dedicated MLP branches to extract latent repre-

sentations. These are then concatenated and passed through an additional

dense layer, followed by a mixture density output layer with six Gaussian

components. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

8.1 Apparent and absolute magnitudes of SN 2022acko over the �rst 350 days

of observation. The left panel highlights the early-time evolution (�rst 20

days), while the right panel displays the later phases. Apparent magnitudes

are shown on the left y-axis, and the corresponding absolute magnitudes

are overlaid on the right y-axis. The y-axes labels and the legend include

o�set values for a better visual representation of the data. . . . . . . . . . 87

8.2 The site of SN 2022acko from 1 January 2023 as observed in high-resolution

GSAOI H-band imaging (left) compared with the same site in pre-explosion

ACS F814W imaging from 26 September 2004 (right). We identify a single,

unblended, point-like source in the pre-explosion emission (shown at the

position of the red crosshairs) that is astrometrically consistent with the

supernova. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89



List of Figures

8.3 Photometry of the SN 2022acko pre-explosion counterpart in HST F814W

and F160W (red circles) as described in Section 8.2.1. Upper limits from

other HST and Spitzer bands are shown in pink. We �t these data using two

models described in Section 8.3.2; a pure blackbody with a temperature of

2380 K and luminosity of log(L= L� ) = 4:27 and a more realistic MARCS

RSG with added circumstellar reddening from a shell of 1500 K dust and

a total luminosity of log(L= L � ) = 4:3. . . . . . . . . . . . . . . . . . . . . 91

8.4 Upper panel : Best-�t models from MSW23 (solid lines) and SW17 (dashed

lines) compared to the observed early-time light curve. Lower panels:

Residuals (biases) between the models and the observed data, shown as

a function of MJD. Points represent the mean residuals within MJD bins.

All models are plotted only within their respective validity time ranges. . . 95

8.5 Corner plots for the best-�t parameters of SN 2022acko obtained from

model MSW23 (left) and model SW17 (right). . . . . . . . . . . . . . . . 96

8.6 The terminal radius and luminosity from stars evolution tracks in function

of the stars initial masses . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97

8.7 SN 2022acko Keck spectra (grey lines) from September 2023 (a), January

2024 (b), and August 2024 (c), at 275, 396, and 612 days from the rest-

frame explosion date, respectively. We compare all spectra to nebular mod-

els from Jerkstrand et al. (2018) and Jerkstrand et al. (2014) (upper pan-

els), and Dessart et al. (2021) (lower panels). Within each panel, we show

an inset zoomed in on the [O i] ��6300,6364 lines, which are the primary

features used to match models of SN II nebular spectra. . . . . . . . . . . . 99

8.8 Posterior estimation for the Morag et al. (2023) model over the early light

curve of SN 2021yja. The blue distributions represent the results using the

full multi-band light curve, compatible with the original estimates from

Hosseinzadeh et al. (2022). The golden distributions correspond to the

estimation where the �rst day of observation was omitted from the light

curve. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 102

9.1 Schematic overview of the Physics-Informed Machine Learning Light Curve

Analyzer (PILCA) framework. . . . . . . . . . . . . . . . . . . . . . . . . . 108

9.2 Network architecture of Physics-Informed Machine Learning Light Curve

Analyzer (PILCA). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109

9.3 Synthetic multi-band light curves in the ugrizy �lter set generated with

the physical parameters of SN 2022acko (points), compared to the model

light curves reconstructed from 1000 samples of̂� (semi-transparent lines).

An o�set of 2 was added to each �lter for a better visualization. . . . . . . 110



9.4 Density estimations of the shock-cooling physical parameters recovered by

Physics-Informed Machine Learning Light Curve Analyzer (PILCA) from

1000 samples of̂�. Vertical dashed lines indicate the true (red) input values

and the predicted distribution mean (blue). . . . . . . . . . . . . . . . . . . 111

List of Tables

2.1 Main hyperparameters of a Random Forest. . . . . . . . . . . . . . . . . . 16

3.1 Morphological classi�cation criteria based on the SPREAD_MODEL parameter

and its uncertainty. Table adapted from Drlica-Wagner et al. (2018). . . . 43

3.2 Description of the di�erent training datasets used to quantify the general-

ization capacity of our model. . . . . . . . . . . . . . . . . . . . . . . . . . 45

4.1 Architecture and training con�guration of the LMU-MDN network used

for photometric redshift estimation. . . . . . . . . . . . . . . . . . . . . . . 51

4.2 Hyperparameters adopted for the Dense Neural Network and Random For-

est models. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

6.1 Overall and faint low-z performance metrics for LS-DR10-CBPF and LS-DR10

photo-z estimates. Table from Méndez-Hernández et al. (2026) . . . . . . . 75

8.1 Photometry of the pre-explosion counterpart to SN 2022acko from Hubble

Space Telescope (HST) and Spitzer Space Telescope (Spitzer) imaging. . . 86

8.2 Parameter priors and best-�t values obtained with the shock-cooling model

of (Morag et al., 2023) for the SN 2022acko. . . . . . . . . . . . . . . . . . 94

8.3 Summary of progenitor mass estimates for SN 2022acko. . . . . . . . . . . 101



List of Acronyms

4MOST 4-metre Multi-Object Spectroscopic Telescope

Adam Adaptive Moment Estimation

ACS Advanced Camera for Surveys

AI Arti�cial Intelligence

ATLAS Asteroid Terrestrial-impact Last Alert System

BAO Baryon Acoustic Oscillations

BASS Beijing�Arizona Sky Survey

BBH binary black hole

BNN Bayesian Neural Networks

BPASS Binary Population and Spectral Synthesis

BPZ Bayesian Photometric Redshifts

CCSNe core-collapse supernovae

CfA Center for Astrophysics

CGM circumgalactic medium

CHANCES Chilean Cluster Galaxy Evolution Survey

CMB Cosmic Microwave Background

CMD color�magnitude diagram

CNN Convolutional Neural Networks

CSM circumstellar material

CTIO Cerro Tololo Inter-American Observatory

DECaLS Dark Energy Camera Legacy Survey

DECam Dark Energy Camera

DELVE DECam Local Volume Exploration Survey

DELVE-DR2 DELVE second data release

DES Dark Energy Survey



List of Acronyms

DESI Dark Energy Spectroscopic Instrument

DESI-EDR Dark Energy Spectroscopic Instrument Early Data Release

DL Deep Learning

DT Decision Tree

ELBO Evidence Lower Bound

EM electromagnetic

GeMS Gemini Multi-conjugate Adaptive Optics System

GPU Graphics Processing Unit

GSAOI Gemini South Adaptive Optics Imager

GW gravitational wave

HDR Highest Density Region

HEASARC High Energy Astrophysics Science Archive Research Center

HMC Hamiltonian Monte Carlo

HST Hubble Space Telescope

IAU International Astronomical Union

IRAC Infrared Array Camera

LAB-IA Laboratory of Arti�cial Intelligence for Physics

LMU Legendre Memory Units

LRIS Low Resolution Imaging Spectrometer

LS DESI Imaging Legacy Sirvey

LS-DR10 Legacy Surveys Data Release 10

LSS Large-Scale Structure

LSST Legacy Survey of Space and Time

LSTM Long Short-Term Memory

LVK LIGO-Virgo-KAGRA



MCMC Markov Chain Monte Carlo

MDN Mixture Density Networks

MESA Modules for Experiments in Stellar Astrophysics

ML Machine Learning

MLP Multi Layer Perceptron

MSE Mean Squared Error

MzLS Mayall z-band Legacy Survey

NLL Negative Log Likelihood

NLP Natrual Language Processing

NLTE Non-Local Thermodynamic Equilibrium

NLTERT non-local thermodynamic equilibrium radiative transfer

NN Neural Network

PCA Principal Component Analysis

PDF Probability Density Function

PILCA Physics-Informed Machine Learning Light Curve Analyzer

PIT Probability Integral Transform

PROMPT Panchromatic Robotic Optical Monitoring and Polarimetry Telescopes

PSF Point Spread Function

RF Random Forest

RNN Recurrent Neural Networks

RSG red supergiants

S-PLUS Southern Photometric Local Universe Survey

SC Shock Cooling

SDSS Sloan Digital Sky Survey

SED Spectral Energy Distribution



List of Acronyms

SGD Stochastic Gradient Descent

SHSC Southern Hemisphere Spectrocopic Redshift Compilation

SIMBAD Set of Identi�cations, Measurements, and Bibliography for Astronomical Data

SNe II Type II supernovae

SNe II-P Type II-P supernovae

SNR Signal to Noise Ratio

Spitzer Spitzer Space Telescope

STEP S-PLUS Transient Extension Program

TF template �tting

UVOT Ultraviolet/Optical Telescope

VizieR VizieR Catalog Service

WFC3 Wide Field Camera 3

WFPC2 Wide Field Planetary Camera 2



Presentation

This Ph.D. thesis presents part of the work developed during my doctoral studies

at the Centro Brasileiro de Pesquisas Físicas (CBPF). Over the past years, I have worked

across di�erent areas of astrophysics and cosmology, with my main contributions spanning

two broad domains: Large-Scale Structure (LSS) and Time-Domain Astronomy. Within

these areas, I led two peer-reviewed papers, one in each �eld.

The �rst paper, which represents the main project of the �rst half of my Ph.D.,

focuses on the development of photometric redshifts for the DECam Local Volume Explo-

ration Survey (DELVE) using probabilistic neural networks. My involvement with photo-

metric redshifts began during my undergraduate internship at CBPF, when I worked on

redshift estimation for the Southern Photometric Local Universe Survey (S-PLUS) � an

early experience that shaped my technical and methodological foundations in the �eld.

Subsequently, my supervisor and I became members of the DELVE collaboration, where

I further applied and expanded these skills in the context of a large, ongoing survey.

Alongside this main e�ort, I continued working on redshift-related projects for

other surveys, adapting methods similar to those developed for DELVE to larger DECam-

based catalogs, which were later used for dark standard sirens analysis and galaxy cluster

target selection for spectroscopic measurements.

In parallel, about halfway through my Ph.D., I became involved in more obser-

vational activities within the group through the S-PLUS Transient Extension Program

(STEP). This marked my entry into time-domain astronomy, with a strong focus on

transient characterization.

My participation in STEP culminated in an in-depth analysis of a single event,

the Type II supernova SN 2022acko. This work led to the second paper I authored,

in which we characterize both the supernova and its progenitor system using a diverse

dataset that includes pre-explosion imaging, early- and late-time light-curve photometry

(including original data from STEP), and nebular spectroscopy. This project also moti-

vated new ideas on applying deep learning to time-domain astronomy, particularly the

development of physics-informed neural networks for �tting light curves to di�erentiable

physical models.

Given the interdisciplinary nature of my research, I chose to separate this thesis

into two parts. Part I focuses on the development of photometric redshifts for DELVE,

published in Teixeira et al. (2024), along with a concise � but not too concise � overview of

the deep learning foundations needed to follow this thesis, and a description of extensions

of this work to other DECam-based surveys and their impact on di�erent areas of astro-

physics. Part II is devoted to time-domain astronomy and details the multi-wavelength,

multi-epoch characterization of the nearby Type-II supernova SN 2022acko published in

Teixeira et al. (2026), from pre-explosion photometry to the nebular phase spectra, as well

as our perspectives on an ongoing e�ort to develop a physics-informed machine learning

1
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framework for transient characterization.

In Part I, as it corresponds to my �rst paper � written by a very inexperienced

Ph.D. student � I expand upon, and in some parts completely rewrote, most of the content.

In Part II, particularly Chapter 8, the text is largely based on the published paper, with

more detailed descriptions of a few methods only; I also removed some analyses that I did

not consider crucial to the narrative.

Presentations and disclaimers being made, let us get to the science.



Part I

Photometric Redshifts for the DELVE

Survey
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1 Introduction

In the context of special relativity, when a light source moves relative to an ob-

server, the light detected by the observer has a di�erent wavelength than that emitted in

the source rest frame. This e�ect is known as the relativistic Doppler e�ect, and becomes

signi�cant as the source velocity approaches the speed of light c (Rindler, 2006). With �

being the detected wavelength in the observer frame, �0 being the rest-frame wavelength

of the light emitted by the source, and vr being the radial component of the velocity of

the source with respect to the observer, the relativistic Doppler e�ect can be written as

� = � 0

s
1 + v r =c
1 � v r =c

: (1.1)

The relative shift of � 0 is commonly denoted by z, and takes the form

z =
� � � 0

� 0
: (1.2)

When z < 0, the light source is approaching the observer, and z is referred to as blueshift.

When z > 0, the source is receding from the observer, and z is called redshift. Combining

Equations 1.1 and 1.2, one can explicitly relate the (blue) redshift to the radial velocity

of the source as

1 + z =

s
1 + v r =c
1 � v r =c

: (1.3)

This measurement plays a critical role in astronomy. In the early 20th century, as-

tronomers used the relations described above to estimate the radial velocities of galaxies

by measuring the Doppler shift of their spectral lines (Carroll and Ostlie, 2017). Pioneer-

ing measurements by Vesto Slipher (Slipher, 1913, 1915, 1917) revealed that most galaxies

exhibited redshifted spectra, indicating that they were receding from the observer. This

result was unexpected, as the prevailing assumption was that galaxy motions should be

randomly distributed.

This picture changed with Edwin Hubble (Hubble, 1929), who measured distances

to nearby galaxies using Cepheid variable stars as standard candles, following the period-

luminosity relation established by Leavitt and Pickering 1912. Combining these distance

estimates with radial velocity measurements, Hubble (1929) demonstrated that the re-

cession velocity of the observed galaxies increases proportionally with distance. This

observational evidence converged with the theoretical frameworks independently devel-

oped by Friedmann (1922), who applied Einstein's �eld equations of general relativity to

5



6 Chapter 1. Introduction

a homogeneous and isotropic universe and showed that they naturally predict a dynamic

universe, and by Lemaître (1927), who independently reached the same conclusion and

additionally derived a linear velocity-distance relation � both in contrast to the static

universe interpretation of Einstein (1917). Together, these contributions culminated in

the Hubble-Lemaître law,

v = H 0 d; (1.4)

where v is the recession velocity of the galaxy, d is its distance from the observer, and

H0 is the Hubble constant1. This result was revolutionary, providing for the �rst time

observational evidence that the Universe is expanding. In an expanding universe, the

observed redshift of galaxies is not a consequence of the Doppler e�ect from motion

through space, but arises from the expansion of spacetime itself, which stretches the

wavelengths of photons as they travel through the Universe, giving rise to a cosmological

redshift (Carroll and Ostlie, 2017). For small recession velocities (z � 1), the cosmological

redshift reduces to the approximation v � cz, upon which the Hubble-Lemaître law can

be written as

cz � H 0 d; (1.5)

providing a direct mapping from redshift to distance.

The general redshift-distance relation, valid at higher redshifts, depends on the

expansion history of the Universe. Equation 1.5 holds in the regime z � 1 because the

expansion rate can be approximated as constant and equal to H0. In general, however,

the expansion rate of the Universe is not constant throughout its history, but is itself a

function of redshift, H(z), which depends on the assumed cosmological model.

The �CDM model, the standard cosmological framework most consistent with

current observations (Perlmutter et al., 1999; Riess et al., 1998), assumes a spatially �at

Universe whose energy budget is dominated by a cosmological constant � � interpreted as

the dark energy driving the accelerated expansion � and cold dark matter, a pressureless

non-relativistic component that drives structure formation (Planck Collaboration et al.,

2020). Within this framework, the redshift-distance relation is given by

dC =
c

H0

Z z

0

dz0

E(z0)
; (1.6)

where dC is the comoving distance and E(z) � H(z)=H 0 is the dimensionless Hubble

parameter, encoding the contributions of the di�erent energy components of the Universe

to H(z).
1In his original formulation, Hubble expressed the relation as v = Kd, referring to K simply as

a proportionality constant. The term �Hubble constant� was introduced later, and is now commonly
denoted as H0. Notably, Lemaître (1927) had independently derived an equivalent relation two years
prior to Hubble (1929) observations, a contribution formally recognised by the International Astronomical
Union (IAU) in 2018, which led to the renaming of the �Hubble law� to the �Hubble-Lemaître law� (Kragh,
2018)
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By the late 20th century, redshift measurements had proven their relevance to our

understanding of the Universe, and large community e�orts emerged to provide redshift

catalogues for increasingly large samples of galaxies. Pioneering initiatives such as the

Center for Astrophysics (CfA) Redshift Survey (Huchra et al., 1983; Davis et al., 1982)

opened the way for unprecedented advances in observational cosmology, later followed by

larger e�orts such asthe Sloan Digital Sky Survey (SDSS) (York et al., 2000) and the 2dF

Galaxy Redshift Survey (Colless et al., 2001), which together mapped the positions of

millions of galaxies across large fractions of the sky. These surveys opened the way for

unprecedented advances in observational cosmology, most notably the study of the Large-

Scale Structure (LSS) of the Universe � the web-like distribution of galaxies, �laments,

voids, and clusters on scales of tens to hundreds of megaparsecs (Bond et al., 1996).

Among the many surveys dedicated to measuring redshifts and mapping the LSS,

the aforementioned SDSS (York et al., 2000) has been one of the most in�uential. Using

a dedicated 2.5 m wide-angle optical telescope at Apache Point Observatory, the SDSS

imaged more than 200 million galaxies in �ve photometric bands while obtaining spectra

for roughly 2 million of those (Beck et al., 2016). The survey achieved a median spectro-

scopic redshift of z � 0:1 for its main galaxy sample, with coverage extending to z � 0:7

for luminous red galaxies (Eisenstein et al., 2011).

Today, one of the most remarkable redshift surveys is Dark Energy Spectroscopic

Instrument (DESI). From its �rst year of observations already, DESI measured Baryon

Acoustic Oscillations (BAO) (Bassett and Hlozek, 2010) using over 5:7 million unique

galaxy and quasar redshifts spanning 0:1 < z < 2:1 (Adame et al., 2025a), achieving a

combined BAO precision of �0:52% across six redshift bins. These results, combined with

Cosmic Microwave Background (CMB) (Durrer, 2015) data, provide tight constraints on

cosmological parameters including the Hubble constant and the dark energy equation of

state (Adame et al., 2025b).

The surveys described so far are dedicated to precise redshift assessment obtained

from spectroscopy. Brie�y, spectroscopic redshifts (spec-z, zspec) are estimated by applying

Equation 1.2 to calibrated spectra, identifying the shift of prominent spectral lines � such

as H�, the Ca II H&K doublet, or the [O II] doublet � relative to their known rest-frame

wavelengths. However, acquiring spec-zs is both time-intensive and resource-demanding,

as strong spectral features must be clearly identi�ed (D'Isanto and Polsterer, 2018). For

instance, using a single slit on a 4 m-class telescope can require tens of minutes per object

at r & 20 (Bolton et al., 2012; Dawson et al., 2012). For these reasons, obtaining zspec

for the full population of photometrically detected galaxies is infeasible: the SDSS, for

example, obtained spectra for only �1% of the galaxies it detected in imaging.

Nevertheless, studies of the LSS of the universe � as well as investigations of cos-

mic shear and the distribution of dark matter � demand redshift estimates for volumes

of galaxies far larger than spectroscopic surveys can provide (Chang et al., 2013). An
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alternative approach arises from the use of photometry: instead of measuring redshifts

directly from spectra, one maps an empirical relation between the observed broad-band

magnitudes and the redshift. Redshifts obtained this way are called photometric redshifts

(photo-z, zphot ).

Estimating photo-zs can be approached through two main families of methods:

template �tting (TF) and Machine Learning (ML). TF methods model the Spectral Energy

Distribution (SED) of an object by �tting it to a library of galaxy templates � which can

be synthetic or empirical � at di�erent redshifts (Benítez, 2000; Crenshaw and Connolly,

2020; Ilbert et al., 2006; Brammer et al., 2008). This approach requires well-calibrated,

unbiased templates together with explicit assumptions for each observed galaxy, such as

dust extinction and galaxy type. Furthermore, the available template set fundamentally

constrains its applicability to galaxy types and redshift ranges represented within the

library.

ML, and particularly Deep Learning (DL) (overview in Chapter 2), has emerged

as a promising avenue for estimating zphot (e.g., Newman and Gruen, 2022; Duncan, 2022;

Schuldt et al., 2021; Pasquet et al., 2019), primarily due to its capacity to learn intricate

patterns within large datasets. Additionally, Graphics Processing Unit (GPU) paralleliza-

tion makes ML methods computationally e�cient at scale. It is a viable alternative to

TF, since it learns a direct mapping from photometry to redshift, bypassing the need for

physical assumptions and avoiding errors from unrepresentative templates (Lima et al.,

2022) � still, ML-based methods are also constrained by the representativeness of their

training data, which are typically much larger in volume than template libraries (Salvato

et al., 2019).

Early implementations of ML techniques for photo-z estimation were limited to

point estimates of zphot (Henghes et al., 2021), which cannot adequately represent the

full uncertainty in the measurement. Beyond simple error characterization, the complete

Probability Density Function (PDF) of the photo-z p(z) carries additional statistical infor-

mation that is lost when only a point estimate is retained. The relevance of p(z) has been

demonstrated across several �elds. A few examples are: weak lensing tomography, where

redshift distributions must be accurately characterised to recover unbiased shear power

spectra (e.g., Mandelbaum et al., 2008; Hu and Tegmark, 1999); dark siren analyses,

where p(z) information improves the statistical association between gravitational-wave

events from binary black hole mergers and their potential host galaxies (Alfradique et al.,

2024; Bom et al., 2024); and galaxy cluster membership, where p(z) information improves

the discrimination of cluster members from foreground and background galaxies (Sifón

et al., 2025; Méndez-Hernández et al., 2026).

In certain scenarios, PDFs from ML algorithms may exhibit inconsistencies when

interpreted, necessitating careful inspection or re-calibration to ensure their reliability

(D'Isanto and Polsterer, 2018; Dey et al., 2022). Common calibration problems arise
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from the (under-)overcon�dence of PDFs. For example, if a model is trained to achieve

the best predicted mean over the PDF of zphot , it may result in unbiased values for zphot ;

however, this does not directly re�ect the reliability of the PDFs, since one could obtain

an excessively broad or narrow symmetric PDF centred close to the target value. To

ensure that the PDFs are meaningful, we need to assess them using diagnostic tools such

as the Probability Integral Transform (Polsterer et al., 2016) and the coverage test (Zhao

et al., 2021), which reveal trends towards (under-)overcon�dence of the model, as well as

possible biases.

Although several modern ML algorithms can produce PDFs (Mucesh et al., 2021;

Schmidt et al., 2020; Desprez et al., 2020; Sadeh et al., 2016), the use of more recent

probabilistic DL techniques across di�erent network architectures has not yet been fully

explored. Recent e�orts by Ren et al. (2026) introduced nflow-z, a photo-z estimation

method based on normalising �ows, an advanced DL technique that explicitly models

the photo-z PDFs as a sequence of bijective transformations conditioned by the magni-

tudes and colors. In their work the authors demonstrate its e�ectiveness across multiple

datasets, outperforming several state-of-the-art algorithms, with particularly strong re-

sults for faint galaxies with sparse spectroscopic training data. In Zhou et al. (2022),

the authors explore Bayesian Neural Networks (BNN)s to estimate photo-z PDFs from

both galaxy �ux and image data for the China Space Station Telescope, using Bayesian

Multi Layer Perceptron (MLP) and Bayesian Convolutional Neural Networks (CNN) ar-

chitectures, respectively, as well as a hybrid network combining both inputs via transfer

learning (Zhuang et al., 2020). The authors demonstrate that BNNs can yield reliable

PDFs with competitive photo-z accuracy, however at the cost of increased computational

complexity relative to traditional neural networks. Closely related to the present thesis,

Lima et al. (2022) combined Mixture Density Networks (MDN) and MLP to estimate

photo-z PDFs for Southern Photometric Local Universe Survey (S-PLUS), outperforming

well-established methods in the literature such as Bayesian Photometric Redshifts (BPZ)

and GPz (Almosallam et al., 2015). The resulting PDFs account for the redshift-color

degeneracy through their multi-peaked nature, and since they take the form of closed

analytical expressions � linear combinations of Gaussians � the full PDF information is

readily accessible in the �nal catalogues. This work was further extended by combining

BNN with MDN, leading to the latest photo-z catalogue of S-PLUS (Lima, 2025).

In this �rst part of the thesis, we present the development of photo-zs for the DE-

Cam Local Volume Exploration Survey (DELVE) survey, a deep optical imaging program

designed to map the southern sky and enable studies of the Milky Way, nearby galaxies,

and LSS. Our aim is to explore novel DL techniques for photo-z estimation and to assess

the reliability of DELVE photometry for this purpose. We estimate redshifts, and their

respective PDFs using a combination of Recurrent Neural Networks (RNN) and MDN.

Chapter 2 provides a concise introduction to neural networks, with particular focus
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on the architectures employed in this thesis. In Chapter 3 we describe the main datasets

used in this work and provide a detailed description of the DELVE survey. Chapter 4

details the photo-z methods we explored, which are then validated and discussed in Chap-

ter 5. We present the main applications of this work in Chapter 6 and o�er concluding

remarks in Chapter 7.



2 Neural Networks Overview

The "Arti�cial Intelligence" in the title of thesis may sound somewhat overpromis-

ing. This is because the use of Arti�cial Intelligence (AI) in this work is restricted only

to a subset of techniques within the �eld, namely DL. What, then, distinguishes these

two terms? And how does ML �t into this context? In this chapter, we brie�y address

these questions and provide a concise overview of the fundamental principles of ML and

DL, as well as the main algorithms employed throughout this thesis.

2.1 | The Concept

Among many de�nitions, AI can be described as �the art of creating machines that

perform functions that require intelligence when performed by people.� (Kurzweil, 1990).

I choose this speci�c de�nition of AI because it does not mention computers explicitly. In

fact, some of the earliest AI systems were designed to mimic human behavior long before

the existence of modern computers. A classic example dates back to 1739, with Jacques de

Vaucanson's automatas: machines capable of reproducing human actions, such as playing

tambourines or �utes (Kang, 2011).

Although the concept of intelligent machines is at least hundreds of years old, the

term AI was o�cially coined in 1956 at the Dartmouth Conference (McCarthy et al.,

2006), marking the establishment of AI as a distinct research �eld. This conference

brought together key �gures, such as John McCarthy1 and Claude Shannon2, who would

become leading contributors to major breakthroughs in the �eld in the following decades

(Russell and Norvig, 2010).

ML was introduced even before the o�cial coining of the term AI. In 1950, Alan

Turing3 introduced a method to assess whether a computer system could be considered

intelligent, now known as the Turing Test (Turing, 1950). The simplest version of the

Turing Test � originally called "the imitation game" � lists several capabilities that a ma-

chine should exhibit to be considered intelligent: natural language processing, knowledge

1John McCarthy (1927�2011) was a computer scientist who is widely considered the father of arti�cial
intelligence; he organized the Dartmouth Conference and contributed fundamental concepts such as the
Lisp programming language.

2Claude Shannon (1916�2001) was an electrical engineer and mathematician, known as the father of
information theory; his work on information, computation, and logic in�uenced the foundations of AI.

3Alan Turing (1912�1954), British mathematician and logician, widely considered athe father of com-
puter science.

11
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representation, automated reasoning, and machine learning. In this context, ML refers

to the ability to detect patterns in data and extrapolate from them (Russell and Norvig,

2010).

Even without a precise naming date, after the Dartmouth Conference several early

works in AI were already laying the foundations of ML (Rosenblatt, 1958; Samuel, 2000;

Breiman et al., 1984; Russell and Norvig, 2010). Mitchell (1997) de�nes ML as �the study

of computer algorithms that improve automatically through experience.� By that time,

ML had already become a scienti�cally recognized family of statistical methods. Most

ML algorithms consist of producing an output (answer) y for a given input (question)

x. The input x typically represents observed data, and the output y is a property to

be inferred from x. When the mapping from x to y is too complex to be explicitly

programmed or analytically tracked, ML provides a valuable alternative by learning the

mapping intrinsically from the observed data, or, following the de�nition of Mitchell

(1997), from experience.

2.2 | Machine Learning

There are three main paradigms of learning in ML: supervised learning, unsuper-

vised learning, and reinforcement learning (Goodfellow et al., 2016; Russell and Norvig,

2010).

� Supervised learning refers to problems where examples of inputs x are paired with

their corresponding outputs (labels) y obtained from reliable observations. This

framework is widely adopted when a large amount of input data is available, but

only a subset has associated labels. The goal is to learn a mapping from x to y that

generalizes to new, unseen inputs. Its broadly used for regression and classi�cation

tasks .

� Unsupervised learning occurs when only the input data x is available, and the objec-

tive is to discover patterns or structures directly from the data. A classical example

is clustering, where the algorithm automatically groups similar data points to reveal

underlying patterns or relationships (Yin et al., 2024).

� Reinforcement learning addresses problems in which an agent interacts with an

environment and learns to take actions that maximize a cumulative reward. Unlike

supervised learning, explicit input-output pairs are not provided. Instead, the agent

learns from feedback in the form of rewards or penalties, improving its strategy

through trial and error. This paradigm is particularly useful for dynamic decision-
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making tasks, such as game playing, robotics, or autonomous control (Sutton and

Barto, 2018).

The methods used in this part of the thesis primarily concern supervised learning

(the reader may refer to Goodfellow et al. (2016) for a comprehensive overview of the

di�erent learning paradigms). In this paradigm, we generally consider a dataset D =

fX; Yg, where X is an N � D in matrix containing N examples of Din -dimensional input

vectors x 2 X, and, analogously, Y is an N � D out matrix of corresponding outputs

y 2 Y. Here we assume matrices for simplicity; however, the following discussions can be

extended to tensors, as in the case of images.

Given a dataset D, ML methods aim to learn the function f that maps the mea-

surements in X to properties in Y. This function is likely unknown, or very hard to

compute. ML methods, then only approximate f by learning~f : X ! Y, parametrized

by a set of parameters �, such that for a given example x, the output y is approximate

by
~f � (x) � f (x) = y: (2.1)

The learning process consists of �nding the set of parameters � that best approximates

Eq. 2.1, enabling the application of~f to unlabeled data.

2.2.1 | Random Forest

One of the most successful ML methods is the Decision Tree (DT). They were

originally build to address classi�cation problems. The simplest family, the Boolean DTs,

provides a clear example to explain the concept. In this type of classi�cation, you have

features that lead to a decision (Breiman et al., 1984; Russell and Norvig, 2010), and both

the features and the �nal output are boolean.

For instance, if Ph.D students want to decide whether to register for a conference,

they might analyze important features such as:

"Will them need �nancial support from the organization?"

"Is the conference outside their institution's country?"

"Does their advisor have funds to support the travel?"

The DT is a logical sequence of decisions that guides you to the �nal answer. The trees

themselves are constructed from a given example dataset D. In this context, the input

vectors xi = X i;: represent the features, with Xi;: being the vector given by the i-th row

(column) of the matrix X. In the binary classi�cation case, the output reduces to a vector

y = (y 1; y2; :::; yN ), where N is the number of examples and Xi;j ; yi 2 fFalse; Trueg.
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The components of a DT and their role during training are:

� The root: contains all the data at the start of the tree.

� The nodes: perform feature tests, spliting the data depending on the value of a

given feature.

� The branches: connect nodes and indicate the outcome of a feature test.

� The leaves: contain the �nal answer of a given decision path.

We call training the process of presenting the examples in D to build the model

before applying it to unseen data. Figure 2.1 shows an example of the DT training

process for a dataset with 6 examples. In this case, the branches test the value of the

binary features Ai (1 � i � D in ) and split the examples according to the outcome of

the test. When all examples in a given branch of the split have the same output, a leaf

node is created corresponding to this output. If the examples contain mixed classes, the

algorithm continues recursively, selecting another feature to test. In this example, the

algorithm tested A1 after A2.

Figure 2.1: Example of a DT constructed from a dataset with 6 examples.

This resulting tree does not imply that the dataset contains only two features;

rather, it indicates that these two features were su�cient to classify all examples in this
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particular dataset. The algorithm always starts from the most important feature down

to the less important ones, where importance is based by the choice of the split criterion

adopted. The split criterion is the metric used to evaluate the quality of a candidate split

at each node, such as Gini impurity or entropy for classi�cation, and variance reduction

for regression (Russell and Norvig, 2010).

This example relies on a very speci�c case of binary classi�cation with binary

features. However, DTs can be applied to a much wider range of problems, including

those involving continuous or categorical features and outputs. For instance, if we want

to extend this example into a regression problem with continuous features, the changes

are roughly:

� Nodes: Instead of binary tests, each node performs a conditional test based on a

threshold for a given feature. For example, instead of checking whether Ai = True,

the node would test Ai < threshold. The choice of the threshold at each node

depends on the split criterion.

� Leaves: Once the path reaches a leaf, instead of returning the most common class,

the leaf predicts the average of the yi values associated with the input vectors xi
that reached that leaf.

Recall that, in this example, there may be additional features that in�uence the

classi�cation, but the limited number of examples provided to the model is insu�cient

to capture their e�ect. This illustrates a key limitation of simple DTs: they are highly

sensitive to the training data. Small changes in the training examples can lead to sub-

stantially di�erent trees. This implies poor generalization to unseen data (Russell and

Norvig, 2010).

Formalized by Breiman (2001), the Random Forest (RF) is a DT-based ML algo-

rithm designed to address key weaknesses of traditional DTs. The method is rooted in

the principle of ensemble learning, according to which the combined prediction of multiple

models is typically more accurate and more stable than the prediction of a single model

(Russell and Norvig, 2010).

A RF consists of a collection of DTs. Each tree is trained on a subset of the original

dataset D, and the �nal prediction is obtained by combining the individual predictions of

all trees in the ensemble � commonly by taking their mean in regression problems. The

process of sampling uniformly from D while allowing repetitions is known as bootstrapping

(Efron and Tibshirani, 1994), whereas the process of combining the predictions of multiple

models is referred to as aggregation. The combination of these two procedures de�nes

bagging, which constitutes the foundation of RFs.

In its original formulation, the RF introduces an additional source of randomness

by selecting, at each tree node, a random subset of the available features to consider when
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making splits. Together, bootstrapping and random feature selection signi�cantly reduce

the sensitivity of the model to �uctuations in the training data, thereby lowering variance

and mitigating the instability that characterizes individual DTs.

DTs, RFs, and all the ML/DL algorithms we will visit in this chapter depends on

initial parameters to de�ne the general structure of the resulting model. For example,

we have to initially de�ne the number of trees in our RF, or the maximum number of

leaves in each DT. These parameters are called hyperparameters and impact directly on

the e�ciency and interpretability of your model. Di�erent sets of hyperparameters in the

same algorithm leads to di�erent models. In the case of RFs, the main hyperparameters

are shown in Table 2.1.

Table 2.1: Main hyperparameters of a Random Forest.

Parameter Symbol Type
Number of trees Ntrees integer
Maximum depth Dmax integer or None
Minimum samples per split Nsplit

min integer
Minimum samples per leaf Nleaf

min integer
Number of features per split Dsplit integer or fraction
Bootstrap � boolean
Split criterion � categorical

This special focus on RFs is motivated by their wide range of applications in

astronomy, particularly in photo-z estimation. In Carliles et al. (2010) and Carliles et al.

(2008) the authors use RF to estimate photo-z values for SDSS (York et al., 2000) galaxies,

as well as to model the associated uncertainties. Henghes et al. (2021) compare RF with

other ML-based photo-z estimators and show that RF achieves the lowest Mean Squared

Error (MSE), although its performance is comparable to that of the other methods.

Later in this thesis, we compare RF-based photo-z estimation with the other algorithms

proposed in this work.

2.3 | Deep Learning

The discussion on RF so far highlights one of the main limitations of traditional

ML: feature engineering. Taking a single DT as an example, its performance heavily

depends on how well the algorithm de�nes the importance of the input features. In

many practical cases, the raw observed features (e.g. pixel values, magnitudes, sensor

readings) are not directly related to the desired outputs; instead, properties derived from

correlations among these features can be more informative � ratios, di�erences. For many

ML methods to succeed, pre-processing and careful adjustment of the input representation
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is necessary, often requiring human expertise or dimensionality reduction methods such

as Principal Component Analysis (PCA) (Shlens, 2014).

When the dimensionality of the data is very high, extracting a su�ciently informa-

tive representation for traditional ML algorithms becomes di�cult. In Rosenblatt (1958),

the perceptron was introduced, a simple algorithm capable of binary classi�cation that

later served as a building block for more complex models. Combining perceptrons in mul-

tiple layers led to the development of MLP, which provided an alternative for classi�cation

and regression tasks. However, training MLPs with many layers remained challenging for

decades due to computational limitations.

Around 2006, it was demonstrated that a deep enough network of perceptrons could

automatically learn hierarchical representations from input data (Hinton et al., 2006; Ben-

gio et al., 2006; Ranzato et al., 2006). This realization coincided with the rapid increase in

computational power, particularly through GPU, enabling practical applications of DL.

These technological improvements triggered the modern boom of AI, opening a plethora

of opportunities to exploit the power of DL techniques for high-complexity tasks.

It is worth noting that DL, as originally conceived, can be regarded as a subset

of ML, inheriting many of its paradigms and formalism. What distinguishes DL from

traditional ML methods is its ability to automatically learn hierarchical representations

from high-dimensional data. This distinction relates not only to the depth of the networks

but also to the complexity of the algorithms themselves.

Although many ML algorithms perform well for photo-z estimation, DL has emerged

as a promising alternative, particularly in the context of uncertainty estimation(Lima

et al., 2022; Ren et al., 2026; D'Isanto and Polsterer, 2018). In this thesis, we investigate

DL approaches for this task, benchmarking their performance against traditional reference

photo-z methods, and also develop a DL-based approach for transient characterization in

Part II.

2.3.1 | Multi-Layer Perceptron

To introduce the main algorithms behind DL, we consider the very �rst DL ar-

chitecture as an example: the MLP4. Recalling the discussion in Ÿ 2.2, in the realm of

supervised learning our goal is to construct a function~f(X) that best approximates Y

while generalizing to unseen x. The function~f is parametrized by a set of parameters �.

4The original perceptrons, introduced by Rosenblatt (1958), were actually di�erent from this for-
mulation. Initially designed for classi�cation, they had step functions as outputs, therefore failing to
generalize to non-linear mappings. MLPs, while established as a ML algorithm since their early formu-
lation, are considered here in the context of the �rst deep networks architectures that emerged with the
DL revolution of the 2000s.
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In the case of RF regression, � corresponds to the number of nodes and leaves, as well as

the splitting thresholds within each node.

In the case of an MLP, the function ~f is parametrized by the network weights

and biases. Instead ofsplitting the data as its done in tree-based methods, the network

processes the input by performing linear transformations followed by nonlinear activation

functions. These transformations propagate through the layers, producing outputs at

each neuron, until the �nal output layer is reached. Figure 2.2 schematizes the algorithm

�ow.

The input vector x = (x 1; x2; :::; xD in ) corresponds to the input layer. It undergoes

a linear transformation weighted by the network parameters, producing an intermediate

vector z. Each element of z is then passed through an activation function, producing

the neuron outputs. In a single hidden layer network with H neurons, this produces z =

(z1; z2; :::; zH ), which is subsequently mapped to the output vector y = (y1; y2; :::; yD out ).

More generally, for a network with L > 1 hidden layers, we denote the output of

the i-th hidden layer as zi = (z i;1 ; zi;2 ; :::; zi;H i ), with 1 � i � L. At this point, it may be

clear how easily the notation can become overwhelming, even for a network with just a

few layers. Therefore, we will restrict most examples to a single hidden layer.

Figure 2.2: Schematic diagram of a MLP with a single hidden layer. The input vector x is mapped to
the output vector y through a hidden layer of neurons, each applying a linear transformation followed by
a nonlinear activation function.
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2.3.1.1 The Neuron

To better understand the process, let us examine the main unit of an MLP, the

arti�cial neuron 5. Figure 2.3 shows a schematic diagram.

Figure 2.3: Schematic diagram of an arti�cial neuron. The inputs x1; x2; : : : ; xD in are combined through
a weighted sum with a bias term, and passed through a nonlinear activation function � to produce the
neuron output z.

Each neuron computes a weighted sum of all outputs from the previous layer (or

the input vector in the �rst hidden layer) and adds a constant term, called the bias, to

allow more �exible a�ne transformations. To enable the network to represent non-linear

mappings, we apply an activation function �, which determines how the neuron's output

z is transformed and propagated to the next layer.

After propagating the inputs through the hidden layers, the network produces an

output vector ŷ = (ŷ 1; ŷ2; : : : ; ŷD out ), where each component is computed as

ŷi = � out

 
X

j

wj;i �(z j ) + bout
i

!

; (2.2)

with w j;i denoting the weight connecting hidden neuron j to output neuron i, bout
i the

output bias, and � out the activation function applied at the output layer. In the simplest

case of a single hidden layer (Figure 2.3), the hidden neuron outputs are given by zj =
P

k wk;j xk + bj and transformed by the hidden activation function �. Hereafter, we will

denote by � a general activation function, except when it is explicitly assigned to the

sigmoid function.
5Originally perceptron. Inspired by the natural neuron (McCulloch and Pitts, 1943).



20 Chapter 2. Neural Networks Overview

2.3.1.2 The activation functions

The choice of activation function has a signi�cant impact on network performance.

It controls the �ow of information through the network, enhances the representational

capacity of the model, and shapes the range of possible outputs. Figure 2.4 shows four

common activation functions. Among them, the ReLU function is generally preferred for

hidden layers due to its simplicity and lower computational cost during training (Glorot

et al., 2011).

For the output layer, the activation function should be chosen according to the

task. For binary classi�cation, the sigmoid function is appropriate, whereas for multi-

class classi�cation, the softmax6 function is typically used. For regression tasks such

as single-point photometric redshift estimation, a linear activation is generally suitable.

Alternatively, ReLU may be used if negative predictions are physically meaningless or

undesired.

�1 1

f(x) = x

x

(a) Linear

�1 1

f(x) = max(0; x)

x

(b) ReLU

�1 1

f(x) = 1
1+e�x

x

(c) Sigmoid

1 2 3 4 5

f(x i ) = exiP
i exi

i

(d) Softmax

Figure 2.4: Activation functions: Linear, ReLU, Sigmoid, and Softmax.

6Unlike other activation functions, softmax operates on the entire layer simultaneously, normalizing
the neuron outputs into a probability distribution.
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2.3.2 | The Training

2.3.2.1 The Loss Function

The learning consists of adjusting the network parameters to minimize the discrep-

ancy between the predicted outputs and the true labels. The loss function7, denoted by

L, quanti�es this discrepancy.

The speci�c form of L depends on the nature of the problem. For regression tasks,

a common choice is the MSE. For a sample of N outputs, the MSE is de�ned as

L MSE =
1
N

NX

i=1

(ŷ i � y i )2; (2.3)

For classi�cation tasks, an appropriate choice is the cross-entropy loss, which originates

from information theory (Shannon, 1948) and quanti�es the divergence between the true

and predicted class distributions. If the output is one of m classes and y is represented as

a one-hot vector (1 for the correct class, 0 otherwise), the cross-entropy loss for a single

example is

L CE = �
mX

i=1

yi log(ŷi ); (2.4)

where, in this case, ŷi is a probability assigned to the i-th class � typically coming from

a softmax-activated output layer. Minimizing LCE is equivalent to maximizing the log-

likelihood of the true labels given the predicted distribution.

These are standard loss functions for many supervised learning tasks. In this part

of the thesis, the developed models predict full probability distributions over the redshift

space rather than a single point estimate of the photometric redshift. For this purpose,

we adopt the Negative Log Likelihood (NLL) loss. If the network output is a probability

distribution function p̂(z), the loss for a single observation is

L NLL (p̂; y) = � log p̂(y): (2.5)

This encourages the model to assign high probability density at the true redshift y, and

is minimised when p̂(y) is maximised. Note that, unlike the cross-entropy loss, the NLL

does not require y to be a distribution � it evaluates the predicted density at a single

observed value, making it the natural loss function for continuous probabilistic regression

tasks.

7This function acctually attends for many di�erent names: cost function, objective function, criterion,
error function.
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2.3.2.2 The Optimization

Once the data �ow through the network and the objective function is well de�ned,

an essential question remains: how do we optimize the model? The optimization algorithm

is a core component of DL. Its goal is to �nd the optimal set of parameters �� that

minimizes the chosen loss function L:

� � = arg min
�

L( ~f � (X); Y): (2.6)

In practice, exact minimization is rarely possible due to the high dimensionality

and non-convexity of L. As a result, the optimization of L is performed using iterative

methods. In DL, these are typically gradient-based. Given a �xed dataset D, the loss

function L depends only on the network parameters. We can therefore de�ne L : Rn ! R;,

where n denotes the number of trainable parameters of the network8.

The foundational gradient-based optimization method in DL is gradient descent

(Goodfellow et al., 2016). In this approach, the parameters are updated iteratively by

moving in the direction of steepest decrease of the loss function. Consider the weight

matrix W of a given hidden layer of the network. At iteration t, the parameter update

rule is given by

W t+1 = W t � �r W Lj t ; (2.7)

where r W L denotes the gradient of the loss with respect to the parameters in W, and �

is the learning rate, which controls the step size of each update.

Let us consider an example network, schematized in Figure 2.5, with a scalar

input x, a scalar output ŷ, and target label y. For simplicity, this is a single-layer, single-

neuron network, and we assume a sigmoid activation function �, with derivative �0(x) =

�(x)[1 � �(x)] for both the hidden and output layers. The hidden neuron transforms the

input as z1 = xw 1 + b1, and the output layer transforms this as z2 = w 2�(z 1) + b2, so that

ŷ = �(z 2).

Figure 2.5: Schematic representation of a single-neuron, single-layer neural network with sigmoid acti-
vation and scalar inputs and outputs.

8The number of parameters n is often used as an indicator of the network complexity.
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Following the gradient descent method and assuming a MSE loss function (Equa-

tion 2.3), the update expressions for the weights and biases are:

wt+1
1 = w t

1 � �
@L
@y

@y
@z2

@z2
@z1

@z1
@w1

; (2.8)

= fw 1 � �2(ŷ � y)� 0(z2)w2� 0(z1)xgj t : (2.9)

And following the same reasoning, we would have

b1 = fb 1 � �2(ŷ � y)� 0(z2)w2� 0(z1)gjt ; (2.10)

wt+1
2 = fw 2 � �2(ŷ � y)� 0(z2)�(z 1)j t ; (2.11)

bt+1
2 = fb 2 � �2(ŷ � y)� 0(z2)j t : (2.12)

This example illustrates a key concept: the further a layer is from the output,

the larger the number of terms (and therefore the computational cost) in the gradient.

However, due to a property of the chain rule, most of the terms used to update the last

layer are also reused when updating earlier layers. This motivates the de�nition of

� (2) =
@L
@y

@y
@z2

= 2(ŷ � y)� 0(z2);

which is called the error, in the sense that it measures the sensitivity of the loss with

respect to the output, and does not explicitly contain information about the weights.

Similarly, we can de�ne

� (1) =
@L
@y

@y
@z2

@z2
@z1

= � (2) w2� 0(z1):

The quantity � (l) measures the sensitivity of the loss up to layer l, so that the gradient

can be interpreted as the sensitivity of the loss to the information multiplied by the

information itself. It is therefore more computationally e�cient to start the gradient

computation and perform weight updates from the last layer to the �rst, backpropagating

the gradient information through the layers. This algorithm, which is central to enabling

the learning process in deep learning, is called backpropagation (Goodfellow et al., 2016;

Russell and Norvig, 2010).

To conclude our toy example, using the de�nition of error, the weights are updated
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as follows (hereafter omitting the evaluation at time t)

wt+1
1 = w t

1 � � � (1) x;

wt+1
2 = w t

2 � � � (2) �(z 1);

bt+1
1 = bt

1 � � � (1) ;

bt+1
2 = bt

2 � � � (2) :

(2.13)

In a more general formulation with arbitrary number of layers a weight matrix

W (l) corresponding to the layer l would be updated following

W (l)
t+1 = W (l)

t � �� (l) �(z (l�1) )> ; (2.14)

where the term � (l) �(z (l�1) )> is the outer product between the activated output of the

layer l �1 and � (l) is the error vector that can be obtained recursively from the subsequent

layers by

� (l) =
�
W (l+1)

� >
� (l+1) � � 0(z(l) ); (2.15)

where � represents elementwise multiplication between two vectors.9

The learning phase of a deep learning method is therefore strongly dependent on

the gradients of the network. When the network is very deep or highly complex, this

dependence can lead to two well-known problems: vanishing gradients and exploding

gradients (Goodfellow et al., 2016; Russell and Norvig, 2010).

Vanishing gradients occur when the gradients become extremely small as they are

backpropagated through many layers, e�ectively preventing the weights in early layers

from being updated and slowing or even halting learning. In contrast, exploding gradients

happen when the gradients grow exponentially during backpropagation, which can cause

unstable updates and numerical over�ow.

Depending on how the backpropagation algorithm is implemented in terms of com-

putational e�ciency, some of the numerical challenges encountered during training can be

mitigated. The algorithms responsible for performing backpropagation, thus enabling the

learning of a neural network, are called optimizers. Each optimizer has its own character-

istics. For instance, the �rst widely used optimizer, Stochastic Gradient Descent (SGD),

updates the network weights directly along the negative gradient of the loss. Currently,

one of the most popular optimizers is the Adaptive Moment Estimation (Adam) (Kingma

and Ba, 2017), which combines momentum with adaptive per-parameter learning rates,

making it robust to issues such as vanishing and exploding gradients. Adam is our choice

of optimizer for all the models developed in this work.

9Equations 2.14 and 2.15 illustrate how the backpropagation algorithm reduces to matrix operations,
which became computationally feasible with advances in graphics hardware in the early 2000s, contribut-
ing to the rise of DL.
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2.3.2.3 Data Separation

Let us now recall our old friend D. So far, we know that the dataset D is used

during the training process, and evaluating the network's performance on labeled data

allows us to extrapolate outputs to unseen data. However, the training process does not

always optimize the network using the entire available dataset, nor does it process all the

data at the same time.

The �rst concept we need to understand is that, in supervised learning, we typically

split the dataset D into three main subsets in order to build a ready-to-use network. These

subsets are:

� The training set: used to �t the network parameters by minimizing the loss function.

� The validation set: used to monitor the network's performance during training and

to tune hyperparameters.

� The test set: used to evaluate the �nal performance of the trained network on unseen

data, providing an unbiased estimate of generalization.

At this point, the concept of a training set10 may sound familiar, since all the

discussion regarding network learning has implicitly relied on it. However, an important

component that has not yet been addressed is the validation set.

To motivate the role of the validation set, we must �rst understand two key sce-

narios that can arise in terms of the network's generalization capability: under�tting and

over�tting. Figure 2.6 (left) qualitatively illustrates the intuition behind these scenarios.

Over�tting occurs when the network is complex enough to memorize the patterns within

the training set. In this case, the network achieves very high accuracy on the training

data, but fails to generalize to unseen points.

On the other hand, under�tting, illustrated in Fig. 2.6(right), occurs when the

network model is too simple to capture the underlying mapping. The predicted line may

be close to the training data, but it does not represent the main behavior and will also

fail to generalize.

The validation data is used to assess the network's generalization performance

during training. At each iteration, we evaluate the loss function on both the training and

validation sets. If the losses diverge over the iterations, this indicates that the model may

be under�tting or over�tting. It is worth emphasizing that the validation data is not used

to update the network parameters; it serves exclusively for monitoring.

The iterations described above have a speci�c name. Each time the model processes

the entire training dataset, it is counted as an epoch. The training process consists of
10We will interchangeably use the terms training set, training data, and training sample, as well as the

corresponding terms for the validation and test sets.
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Figure 2.6: Illustration of generalization regimes in supervised learning. left panel: over�tting. center
panel: reasonable generalization. right panel: under�tting.

repeatedly presenting the examples from the training set over many epochs, until the loss

function converges.

Depending on the size of the training dataset, it may be computationally expensive

to process all the data at once. This is because, during training, the optimizer must store

the outputs of all neurons for each input in order to perform backpropagation, which can

lead to unmanageable memory requirements. Moreover, updating the weights only once

per epoch may result in very slow learning process.

To address this, the data is presented to the network in batches, which are smaller

subdivisions of the training set. Many optimizers, such as Adam, compute the loss and

update the network parameters after each batch. The batch size is therefore an impor-

tant hyperparameter in model development. The optimal batch size depends on both

the computational resources available and the nature of the task. Very large batches can

increase training time, overload the RAM, and may fail to capture nuances in the loss land-

scape, leading to suboptimal learning. Conversely, very small batches can produce noisy

updates, potentially slowing convergence and reducing the stability during the learning.

One of the most e�ective ways to visualize the training process of a model is by

recording the loss values at each epoch and plotting the resulting loss curve11. Figure 2.7

illustrates di�erent scenarios of loss curves corresponding to common training issues.

2.3.2.4 Regularization

So far, we have seen a variety of problems that can occur during the training of a

Neural Network (NN), such as over�tting, (vanishing or) exploding gradients, under�tting,

slow training, among others. The set of techniques used to prevent, or at least mitigate,

the e�ects of these problems with the aim of improving the model's generalization is called

regularization.

11Also known as training curve; however, this term can also refer to cases where the monitored metric
is not necessarily the loss.
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Figure 2.7: Examples of loss curves during training. (left): over�tting where the training loss continues
to decrease while the validation loss increases. (center): a well-behaved training process where training
and validation losses decrease and converge. (right) under�tting where both training and validation losses
remain high.

For example, one possible de�nition of over�tting in the context of neural networks

states that the models are "memorizing properties of the training set that do not serve

them well on the test set" (Goodfellow et al., 2016). This generally occurs when the size of

the network is too large relative to the number of data points in the training sample. There

is a balance between the size of the network and its ability to recognize patterns, which

means that making the network smaller does not always solve over�tting. Sometimes, the

network needs to be large enough to learn meaningful pattern representations, even when

the amount of data is limited. To address the issue of co-adaptive neurons, a widely used

technique is dropout (Srivastava et al., 2014a). Dropout roughly consists of setting the

activation of neurons in a given layer to zero12 with a probability p at each batch � p = 0:5

is a common choice for hidden layers. This prevents individual neurons from adapting

too speci�cally to the training data, forcing the network to extract representations from

the population of neurons rather than from individual examples.

Another common practice in regularization involves normalizing the numerical in-

puts of the data as well as the network weights. For example, the L1 and L2 regularization

approaches consist of introducing a term in the loss function that penalizes the network

when the weights become too large, which can lead to exploding gradients. These meth-

ods also contribute to smoothing the model, i.e., reducing the sensitivity of the network

to small variations in the input.

One technique that also contributes to preventing exploding gradients � although

this is not its main purpose � is batch normalization. As the name suggests, this technique

normalizes the input of each layer for every batch, usually using standard normalization

by setting the mean of the distribution to zero and the standard deviation to one. Batch

normalization primarily impacts the learning process, smoothing it and reducing sensitiv-

ity to the initial weights of the network. Beyond batch normalization, it is also common

12In standard implementations, dropout sets a fraction of activations to zero during training. Variants
exist, such as GaussianDropout, which applies multiplicative random noise to the activations instead of
zeroing them (Abadi et al., 2015; Srivastava et al., 2014b).
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practice to normalize the input distribution of the training dataset (and, in some cases, the

outputs) to reduce strong dependencies on early layers and further facilitate the training

process.

Even when these techniques are applied, the network can begin over�tting after a

certain number of epochs. Instead of retraining the model from scratch, we can retain

the version of the model corresponding to the point at which the training and validation

losses were still converging. This approach is called early stopping. Although it does

not directly regularize the model or the data, it prevents the deployment of an over�tted

model, preserving the highest possible generalization performance.

2.3.2.5 Cross Validation

If D is su�ciently small, the separation between training and validation data may

lead to a biased learning curve. This means that the model may appear to converge well for

that speci�c choice of training and validation split. In such cases, when applying the model

to unlabeled data that are not closely related to the training/validation domain, the results

may be unreliable. One way to address this issue is to evaluate the training convergence

across di�erent combinations of training and validation samples. This technique is called

cross-validation (Breiman and Spector, 1992; Stone, 1974).

Figure 2.8 illustrates one of the most commonly used cross-validation algorithms,

also employed in this work, namely K-Fold cross validation. The procedure starts by

splitting D into training and test sets. The training set is then further divided into K

equal folds. We train K separate models with identical architectures and hyperparame-

ters, each using one of the K folds as the validation set while the remaining folds form

the training data. If the model is robust with respect to the data, and the dataset is suf-

�ciently representative (i.e., no small random sample di�ers signi�cantly from the overall

distribution), the training curves will be similar. Conversely, if there is high variance

among the training curves, this indicates that the model is sensitive to the speci�c splits

used.
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Figure 2.8: Illustration of the K-fold cross-validation procedure. The dataset is divided into K folds. A
separate model is trained from scratch for each train/validation split, in which a di�erent fold is used as
the validation set while the remaining folds form the training set.

2.4 | The Neural Net Zoo

So far, we have covered most of the key basic concepts of deep learning. For

simplicity, all examples and derivations were based on the simplest type of NN, the MLP.

Although MLPs have a broad range of potential applications, they are naturally limited.

For instance, the input layer can only receive one-dimensional vectors. When dealing

with images, we have to �atten them (representing the image as a vector containing all

pixel values), which prevents traditional MLPs from e�ectively capturing complex spatial

correlations.

A class of models that has played a central role in the development of modern

computer vision are the CNN (LeCun et al., 1989). These networks process images by

convolving windows of the input across learnable �lters. The resulting feature maps

within the network retain a spatial structure, allowing them to capture important spatial

patterns. Although CNNs have been crucial for advances in AI and are widely used in

astrophysics (Bom et al., 2023; Pasquet et al., 2019; Monsalves et al., 2024), they are not

employed in this work. For a more detailed study, we refer the reader to Goodfellow et al.

(2016).

Another example arises when processing time series, particularly in the context of

Natrual Language Processing (NLP). Enabling computers to understand the meaning of

words has been a long-standing challenge since the foundations of AI. The problem with

using MLP is that, due to their structure, the network would treat the input words in a
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sentence as independent features. This is fundamentally incorrect, as the context � and

therefore the meaning of the sentence � depends on the order of the words. Analogous to

CNN for images, there is a speci�c family of networks designed to handle sequential data:

RNNs (Rumelhart et al., 1986).

The range of possible architectures extends even further when including probabilis-

tic models and, of course, the numerous variations derived from CNN, RNN, and other

base architectures. This wide variety of NN architectures, each designed for di�erent

types of problems that can potentially be addressed with DL, collectively forms a diverse

Neural Network Zoo (Leijnen and Veen, 2020).

In this section, we explore di�erent architectures of NN, with particular focus on

those employed throughout this thesis. The key DL concepts discussed in the previous

sections can be extended to the NN presented here with only minor conceptual adaptations

(although the implementation details may change substantially), so we will not go into

extensive detail. Our attention will instead be focused on the main structure of the

networks and how these structures relate to the problems we aim to solve.

2.4.1 | Recurrent Neural Networks

As introduced previously, RNNs were originally designed to address problems with

an inherent sequential structure. These architectures began to emerge in the late 1980s

and early 1990s, with foundational contributions such as Rumelhart et al. (1986), Elman

(1990), and Elman (1990).

The fundamental di�erence between RNN and MLP lies in the structure of the

inputs. In a standard MLP, the input is a �xed-size vector

x = (x 1; x2; : : : ; xn ): (2.16)

In contrast, in the sequential setting, a single input is a sequence of vectors:

x =
�
x (1) ; x (2) ; : : : ; x(� )

�
; (2.17)

where � denotes the length of the sequence.

In this context, the order of elements is crucial. Each element of the sequence

is indexed by a time step t, and the model processes the sequence while maintaining

an internal hidden state that carries information from previous steps. This temporal

dependency allows RNNs to capture sequential correlations that standard feedforward

MLPs cannot represent.

Figure 2.9 illustrates the simplest architecture of a RNN. Given an input sequence
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x, the network computes hidden states h(t) at each time step t, which depend on the

current input x (t) and the previous hidden state h(t�1) . In this way, the network can

capture dependencies across the sequence over time. This architecture also introduces the

concept of a network's memory, as information from the �rst elements of the sequence

are stored and propagated through the network.

Figure 2.9: Schematic representation of a simple RNN architecture.

At time step t, an activated hidden state h(t) is given by

h (t) = �
�
Uh (t�1) + W in x (t) + b

�
: (2.18)

In this formulation, the matrix W is the weight matrices that transform the input

information, U refers to the weights that propagate information across time within the

hidden layer, b is the bias vector, and � a general activation function (usually ReLU for

inner layers in vanilla RNN). One of the key concepts behind RNN are the shared wights.

Here U and W are �xed in a given layer, i.e., it does not change across time stamps,

therefore the di�erent hidden states shares the same transformation across time, so the

network can make predictions over sequences of di�erent lengths � .

The t-th element of the output sequence ŷ is then de�ned by

ŷ (t) = �
�
W out h (t) + b out

�
: (2.19)

RNNs elevate learning to a higher level of complexity because the gradient must

now be propagated through both layers and time. The backpropagation through time

(BPTT) algorithm is conceptually similar to the traditional backpropagation discussed in

Section 2.3.2.2, with the main di�erence being that the hidden layers must account for

two sources of the gradient: one from the subsequent layers, and another from subsequent

time steps. This additional computation makes learning in RNNs more complex and, in

some cases, numerically challenging.
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2.4.1.1 Legendre Memory Units

The previous example serves to introduce the fundamental components of RNNs.

However, when dealing with long sequences, the memory of relevant information from the

past (early time steps) may gradually degrade over time. Furthermore, because the same

weight matrices are repeatedly applied across many time steps, RNNs are particularly

susceptible to the vanishing (or exploding) gradient problem, depending on the magnitude

of the weights. This e�ect can severely hinder the learning process.

Around the late 1990s, several methods were proposed to address the main lim-

itations of RNNs. Among them, the architecture that most successfully mitigated the

vanishing gradient problem was the Long Short-Term Memory (LSTM) (Hochreiter and

Schmidhuber, 1997; Gers et al., 2000).

In short, the LSTM processes and propagates short-term information while pre-

serving longer term information across many time steps through two distinct pathways:

the hidden states h(t) and the cell state s(t) . This mechanism is enabled by the use of

gates, which regulate the �ow of information within the cell. There are three main gates

in the LSTM cell: the forget gate f , input gate i, and the output gate �13

Figure 2.10 illustrates the information �ow in an LSTM cell. The cell state s carries

the long-term memory across time steps, and is modulated by three gating mechanisms

driven by the previous hidden state h(t�1) and the current input x (t) . The forget gate f

controls how much of the previous cell state is retained. The input gate i determines how

much of the new information is added to the cell state. Finally, the output gate controls

how much of the updated cell state is exposed as the new hidden state h(t) .

The gates are represented by sigmoid activations �. Formally speaking, the cell

state s(t) is given by

s(t) = f (t) � s (t�1) + i (t) � �
�
Uh (t�1) + Wx (t) + b

�
; (2.20)

where the matrix U and W have the same meaning of 2.18. The gate vectors also make

use of idependent weight matrix like that. The gate vectors f(t) and i(t) , as well as �(t)

have a similar shape. In general, given gate vector g(t) is given by

g(t) = �
�
U gh (t�1) + W gx (t)

�
: (2.21)

The weight matrixs of each gate are independent, and are kept the same towards di�erent

time steps. Finally, the hidden state ht is given by

h (t) = � (t) � tanh(s (t) ): (2.22)

13The letter o is avoided for the output gate due to its potential ambiguity with other mathematical
symbols.
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Figure 2.10: Schematic diagram of an LSTM cell. The cell state s carries long-term memory across
time steps and is modulated by three gates � forget (f ), input (i), and output � which control the �ow
of information from the previous hidden state h(t�1) and current input x (t) to the updated cell state and
new hidden state h(t) .

Understanding the LSTM work�ow is crucial to gaining intuition about other long-

term memory architectures. Many natural processes evolve in continuous time, and it is

unclear how LSTMs perform in such situations, since the memory capacity required can

be very large. In other words, continuous-time problems often correspond to sequences

that are extremely long (on the order of thousands of time steps) (Arjovsky et al., 2016;

Le et al., 2015; Li et al., 2019).

Legendre Memory Units (LMU) (Voelker et al., 2019) are a type of recurrent cell

designed to capture long-range dependencies even when the input is nearly continuous.

The key idea is to represent the recent history of the input signal within a sliding time

window of length � using an orthogonal basis of Legendre polynomials.

Figure 2.11 illustrates the schematic of an LMU cell. Its structure is somewhat

similar to that of an LSTM, but with important di�erences: there are no gating units,

and the memory state vector does not store the input signal directly. Instead, it stores

the coe�cients of the Legendre polynomial expansion that approximates the input history

over the past � time units.

In this way, ut represents the input signal, while m(t) is the memory vector of length

d, containing the coe�cients of the expansion that allow reconstruction of the history of

u over the past � time units:

u(t � �t) =
d�1X

i=0

m(t)
i Pi

� �t
�

�
; 0 < �t < �; (2.23)

where Pi are the Legendre polynomials of order i. The memory is dynamically updated

according to
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Figure 2.11: Structure of the LMU cell. Adapted from Voelker et al. (2019).

m (t) = A m (t�1) + B u (t) ; (2.24)

where A and B are non-trainable, analytically derived matrices that satisfy the require-

ments of this dynamical system (Voelker et al., 2019).

The vectors eh, em, and ex are encoding vectors that form the input representation

ut at time t:

u(t) = (e h)T h (t�1) + (e m)T m (t�1) + (e x)T x (t) ; (2.25)

and the hidden states ht are computed as

h (t) = �(W mm (t) + W hh (t�1) + W xx (t) ; (2.26)

where the matrices W represent the network weights, and � is a non-linear activation

function (typically tanh).

Although photometric redshifts problem does not relate with continuous sequence,

the LMU composed one of the main methods developed in this thesis. The motivation

behind will be discussed in Chapter 4.

2.4.2 | Mixture Density Networks

The DL methods discussed so far are deterministic, i.e., after training, a given input

x will correspond to a single unique output y every time it is processed. When performing

regression, this leads to a major issue in modeling the uncertainty of the outputs. For

instance, this is one of the main challenges in photometric redshift estimation (Dey et al.,
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2022; D'Isanto and Polsterer, 2018).

Many DL models are designed to capture the probabilistic nature of problems by

estimating the PDF of y given x. This can be approached either by making the model

stochastic, producing a di�erent output for y each time x is forwarded, or by modeling

the PDF of y deterministically, where the model outputs the full probability distribution

for a given input.

Among the approaches for deterministically estimating PDFs are MDN (Bishop,

1994). MDN combine a neural network with a parametric mixture model (McLachlan

and Basford, 1988). Unlike traditional neural networks that predict a single value for

the target parameter, an MDN outputs a conditional PDF represented as a linear com-

bination of multiple individual distributions (kernels). This allows for a more complete

characterization of predictions, including uncertainty estimation.

The neural network outputs the parameters and weights (called mixing coe�cients)

of each distribution conditioned on the inputs, which are then combined to build the

mixture model. In principle, a mixture model can be �exible enough to approximate any

arbitrary distribution, making MDNs a powerful tool for regression problems (McLachlan

and Basford, 1988; Bishop, 1994).

In Lima et al. (2022) we showed that an MDN using a Gaussian Mixture Model

(Reynolds et al., 2009) outperformed both template �ting and traditional NN methods

when inferring zphot PDFs with S-PLUS data. In this work, we employ a similar model,

where the resulting PDF is given by a linear combination of C Gaussian kernels, with

mixing coe�cients f� kg, means f� kg, and standard deviations f�kg:

p(z) =
CX

i=1

� i N (zj� i ; � i ); (2.27)

with constraints
P C

i=1 � i = 1 and 0 < � i < 1. The training is performed by minimizing

the log-likelihood loss function de�ned in Equation 2.5. In the methods we developed,

the MDN is combined with LMUs and MLPs to estimate photometric redshifts. The

implementation of the MDN adopted here is purely deterministic; however, we acknowl-

edge that hybrid approaches combining deterministic and stochastic components are also

possible, as presented in Nakazono et al. (2024) and Lima (2025).

2.4.3 | Bayesian Neural Networks

Unlike their deterministic counterparts (including probabilistic models such as the

MDN), stochastic models produce probability distributions by explicitly introducing ran-

domness into the network parametrization � or, in some cases, into the inputs or outputs
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(e.g., through bootstrapping).

BNNs (Neal, 1996) form a class of stochastic models grounded in Bayesian infer-

ence, in which uncertainty is represented by placing probability distributions over the

network parameters rather than treating them as �xed values. As a consequence, for a

given input x, a single trained network yields di�erent outputs y.

Within the Bayesian framework, probability is interpreted as a degree of belief14.

In this formulation, we consider two fundamental sets: a set of hypotheses H describing

possible explanations of a system, and a dataset D containing observations of that system.

The data update our belief about the hypotheses according to Bayes' rule:

p(H j D) =
p(D j H) p(H)

p(D)
; (2.28)

where p(H) is the prior distribution, representing our belief about the hypotheses

before observing any of D. The term p(D j H) is the likelihood, which quanti�es how

probable the observed data are under a given hypothesis. The denominator p(D), known

as the evidence or marginal likelihood, ensures proper normalization and can be written

as

p(D) =
Z

H
p(D j H 0) p(H 0) dH 0; (2.29)

where H denotes the hypothesis space. Finally, the posterior distribution p(H j D)

represents the updated belief about the hypotheses after observing the data. In most

Bayesian inference problems, the primary objective is to characterize or approximate the

posterior distribution over H.

Let us recall the very early discussion on ML in Section 2.2. In this context,

the function ~f : X ! Y would represent hour hypothesis, and our goal is to �nd the

distribution of possible ~f that best describe the system from which D was measured. The

function ~f in case of NN is then represented by the weights w � for this discussion w

represents all the weights of the network. The BNN approach is then to �nd

p(wjD) =
p(Djw)p(w)

p(D)
: (2.30)

That way, we can asses the predictions y by sampling~f w (x). In this context, the likelihood

p(Djw) is de�ned by the choice of the network architecture and the loss function. For

instance, considering a given data example fx; yg of the network, a gaussian likelihood

would then be de�ned as

p(fx; ygjw) = N (yj� = ~f w (x); �); (2.31)

14In contrast, the frequentist interpretation de�nes probability as the limiting frequency of an event
over an in�nite number of repeated trials.
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where � represents the error in the network prediction.

Two major concerns arise when looking to the other terms: how to choose the

prior p(w), and how to compute the evidence p(D). For the former, indeed it is obscure

how to get any information about the weights of an arbitrary network before any contact

with D. In cases like that, we recognize our ignorance by setting uninformative priors,

typically gaussians with small deviation centered in zero. The idea behind that is that

with iterations after looking the data, the in�uence of the prior is minimal ("Goan and

Fookes, 2020).

Now, for the latter, this di�culty is not speci�c to BNN, but arises more generally

in Bayesian inference. Computing the evidence integral is computationally expensive and,

in most practical settings, intractable due to the high dimensionality of the parameter

space w. Moreover, when the prior is weakly informative, a signi�cant portion of the

probability mass may be spread over a large region of the parameter space, requiring

extensive exploration and further increasing the computational cost ("Goan and Fookes,

2020; Neal, 1996). Then, how do we access the posterior distribution? A solution to

this problem, and the core strategy behind the success of BNNs, arrises in the context of

variational inference (Jordan et al., 1999; Blei et al., 2017). In this context, rather than

computing the posterior directly, we aim to approximate it using a tractable parametric

distribution q � (w) parameterized by �. That way, our problem is framed by a minimization

of the di�erence between q� (w) and p(wjD). This di�erence is measured by the Kullback-

Leiber (KL divergence (Cover and Thomas, 2005)

KL(q � (w)jjp(wjD)) =
Z

dwq� (w)log
q� (w)

p(wjD)
(2.32)

=
Z

dwq� (w)
�
log

q� (w)
p(w)

� log p(Djw) + log p(D)
�

(2.33)

= KL(q � (w)jjp(w)) � E w�q � [log p(Djw)] + log p(D): (2.34)

This means that training the network to best approximate q� to the true prior � i.e.,

adjusting the parameters via gradient descent to minimize the KL divergence between

the distributions � does not require computing the evidence. Equation 2.34 then de�nes

what we call the Evidence Lower Bound (ELBO) loss function ("Goan and Fookes, 2020;

Blei et al., 2017). More explicitly:

L ELBO = KL
�
q� (w) k p(w)

�
� E w�q �

�
log p(D j w)

�
: (2.35)

Summarizing, a simple MLP-based BNN replaces the deterministic network weights

with probability distributions. At each iteration, the computations are the same as de-

scribed in Section 2.3.2, but the weights are sampled from the de�ned distributions. In
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this framework, what is actually optimized are not the weights w themselves, but the

parameters � of each parametrized distribution q� .

We will recall BNNs in the second part of this thesis in the context of variational

inference of physical parameters for supernova models.



3 Data

The photometric redshifts presented in this thesis were developed for the DELVE.

In this chapter, we will go into the main characteristic of the survey, its data aspects,

and how this in�uenced the proposed approaches for the photo-z estimation. We will also

visit the construction of the truth table sample, that consits on a large compilation of

spectroscopic redshifts.

3.1 | The Spectroscopic Sample

Recalling the discussion in 2.3, the models developed in this work rely on supervised

learning. Therefore, a dataset of spectroscopic redshifts is required to construct the

training, validation, and test samples for the network.

As described in the published version of this work (Teixeira et al., 2024), we ini-

tially combined three major spectroscopic redshift compilations: the spectroscopic sam-

ple described in Gschwend et al. (2018), the Dark Energy Spectroscopic Instrument Early

Data Release (DESI-EDR) catalog (DESI Collaboration et al., 2023), and the Southern

Hemisphere Spectrocopic Redshift Compilation (SHSC) (Lima, 2024). However, we later

veri�ed that the SHSC already incorporates the former two datasets.

The SHSC is a compilation of spectroscopic measurements gathered from several

public surveys and databases. The catalog is assembled through automated queries to

archival services such as VizieR Catalog Service (VizieR) (Ochsenbein et al., 2000), High

Energy Astrophysics Science Archive Research Center (HEASARC)1, and SDSS (York

et al., 2000), after which the retrieved catalogs are merged into a single spectroscopic

dataset. Figure 3.1 shows the sky coverage of the SHSC sample.

The compilation pipeline performs cross-matching between catalogs, applies ba-

sic quality checks, and assigns object classi�cations when available. It also includes an

additional cross-match with Set of Identi�cations, Measurements, and Bibliography for

Astronomical Data (SIMBAD) 2 to recover classi�cations for sources lacking this infor-

mation. In our analysis, we excluded objects classi�ed as stars or transient sources.

At the time of the publication of this work, no additional restrictions were imposed on

the spectroscopic catalog. However, in more recent versions of the photometric redshift

1https://heasarc.gsfc.nasa.gov/
2https://simbad.cds.unistra.fr/simbad/
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