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Introducao
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Inteligéncia Artificial

O que vem d sua mente quando
falamos de inteligéncia artificial?



https://wall.sli.do/event/gxi3zMekWQHmrPBam126yK?section=832b48aa-662f-464c-b61a-10ef39f90f4d

® Voting closed 33&

O que vem a sua mente quando falamos de Inteligéncia Artificial?

Respostas dos participantes da Escola de Inverno do ON 2025:
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Inteligéncia Artificial

Machine
learning

\

Machine learning algorithms

e.g., support vector machine, decision tree, k-nearest neighbors, ...

— Artificial neural networks

e.g., shallow autoencoders, ...

Deep neural networks|~--------"--mmmommeeee

e.g., convolutional neural networks,
recurrent neural networks, ...

s

oodfellow et al. 2016, p. 9). Source: Janiesch, Zschech & Heinrich, 2021

>

/

Shallow

> machine

learning

Deep
learning

Diagram of Machine learning algorithms learning concepts and classes (inspired by

RN
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Nao € um conceito novo!

- O termo “Inteligéncia Artificial” surge em 1956 em uma conferéncia
- Proposicdo de redes neurais artificiais (Rosenblatt, 1957)

- Primeiro uso de redes neurais em artigo na Astronomia (Jeffrey & Rosner,
1986)

Por que o “boom” da IA s aconteceu recentemente?

-«
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Original data up to the year 2010 collected and plotted by M. Horowitz, F. Labonte, O. Shacham, K. Olukotun, L. Hammond, and C. Batten
New plot and data collected for 2010-2019 by K. Rupp



John J. Hopfield Geoffrey E. Hinton

"for foundational discoveries and inventions
that enable machine learning
with artificial neural networks”

THE ROYAL SWEDISH ACADEMY OF SCIENCES

PaysW(3 SepiIN :suoke.snij|

Demis John M.
Baker Hassabis Jumper

“for computational “for protein structure prediction”
protein design”

THE ROYAL SWEDISH ACADEMY OF SCIENCES
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IA na Astronomia

Um contexto histérico
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Quantidade de submissées por MES no arXiv:astro-ph cujos resumos contém os termos

“machine learning”, “ML", “artificial intelligence”, "Al", "deep learning”, ou “neural network”
(Smith-& Geach, 2023)
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IA na Astronomia

(Smith & Geach)
£0_12 onda 1990~2010 £_22 onda 2010-
Surgem os primeiros Ascensdo das redes
levantamentos do céu neurais convolucionais e
(ex: SDSS) redes neurais
recorrentes

£2_32 onda hoje

Deep learning
auto-supervisionado e
generativo

......
------
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IA na Astronomia

(Smith & Geach)

£0_12 onda 1990~2010 £_22 onda 2010-
Surgem os primeiros Ascensdo das redes
levantamentos do céu neurais convolucionais e
(ex: SDSS) redes neurais

recorrentes

£2_32 onda hoje £ .. préxima onda?
Deep learning Foundation models
auto-supervisionado e (ex: GPT)

generativo

......
------
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E sera que estamos preparados?

Data volume over lifetime [TB]
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Fundamentos

®

Mostrando o fundamento matematico por trds do conceito
de “aprendizado” algoritmico em poucos slides..



Linear Regression

Consider an one-dimensional input and output, i.e., (x, y') € R?,i=1, 2, ..., N.
We want to find a function f that relates each x to v in the best way possible:

f:xX-=>)

A family of hypothetical functions h : R = R can be written as:

hw(x) = W, + W, X

How can we find W, and W, ?

Answer: by minimizing a loss function £

L(wo,wr) = Yi (wo +wiz® — y@)?2



Linear Regression: Analytical Solution (OLS)

Minimizing a loss function £ means taking its derivative:
W = arg min,, £(wp, w1 )
For a 2-dimensional case:
’lﬁ() = Y — le'

S (2 -X)(y"-Y)

Zfil(m(i)—X’f
Analytical solution for any size of w (Ordinary Least Squares estimator):

~ T —1 T There are some advantages of having
w = (X X) X Yy this analytical solution, but | won't
dive into these details here!

W =



Numerical solution (Gradient descent)

Why do we care about a numerical solution for linear regression if we have an
analytical one?

w=(X'X)'X"y

\) inverting X™X can be very computationally
expensive! OLS works well for small

datasets

Plus, OLS only works for linear models. If you have very large dataset, many features
and wants to fit a nonlinear model, you need a numerical solution method.
This will be very important for neural networks!



Visualization of Gradient Descent (1-dimensiona

Imagine that the curve in this
illustration is the loss function

L(wo,wi) = Yiy (wo +wrzl® — y®)?2

The idea of applying a numerical
solution method is to find the
minimum by iterative calculations
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source: https://medium.com/@msong507/gradient-descent-intuitive-overview-43e7869e1545



Numerical solution (Gradient descent)

Iterative algorithm:

Initialize parameters w(0) with randoms

Compute the gradient of £, i.e. V£ (w(0))

Update the parameters w as follows:
w(1) = w(0) - n V£ (w(0))

. learning rate: arbitrary value

Repeat until convergence



Numerical solution (Gradient descent)

Iterative algorithm:
- Initialize parameters w(0) with randoms
- Compute the gradient of £, i.e. V£ (w(0))
- Update the parameters w as follows:
w(1) = w(0) - n V£ (w(0))

. learning rate: arbitrary value

- Repeat until convergence

o] = |
A e
Seg

Source: https://livebook.manning.com/book/grokking-machine-learning/appendix-b/v-14/13



Visualization of Gradient Descent (2-dimensiona

Source:
https://www.researchgate.net/publication/322203555_Memri
stive_crossbar_arrays_for_machine_learning_systems



Em resumo..

Algoritmos de machine learning e deep learning séo, em esséncia:

- Minimizagcdo de uma funcdo de perda
- Operagées matriciais (e tensoriais) em alta dimensdo

GPUs sé@o 6timas pra isso!
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Aplicacoes

Um pouco do meu trabalho
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Tipos de problemas

Classificacao Regressao



®
Tipos de problemas
Classificacao Regressao
Exemplo: Que objeto celeste é este? Exemplo: Conseguimos estimar redshift

apenas com dados fotométricos?

SDSS J014052.80+010142.2
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Y = {star, galaxy, quasar, ...} Y=R
Valores discretos™r™ Valores continuos



Regressao

- Estimativa de redshift fotométrico de quasares usando redes neurais
bayesianas e FlexCoDE

SDSS J023950.51-005725.9 Monthly Notices o)
’ 2 &-l

Sk

MNRAS 531, 327-339 (2024) https2/doi.org/10.1093/mnras/stac971
Advance Access publication 2024 April 9

The Quasar Catalogue for S-PLUS DR4 (QuCatS) and the estimation of
photometric redshifts

- - - -

0 .
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Classificacao

Estrela/quasar/galdxia para o
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Classificacao

- Estrela/quasar/galéxia para o S-PLUS desde 2020 usando Random Forest
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MNRAS 507, 5847-5868 (2021) https://doi.org/10.1093/mnras/stab1835
Advance Access publication 2021 July 12

On the discovery of stars, quasars, and galaxies in the Southern
Hemisphere with S-PLUS DR2
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Relembrando um dos primeiros slides...

IA na Astronomia

(Smith & Geach)

£_12 onda 1980~2000 £0_22 onda 2000-
Surgem os primeiros Ascensdo das redes
levantamentos do céu neurais convolucionais e
(ex: SDSS) redes neurais

recorrentes

£2_32 onda hoje £ .. préxima onda?
Deep learning Foundation models
auto-supervisionado e (ex: GPT)

generativo

......
------



Classificacao

Testamos se Deep Learning

_auto-supervisionado treinado com as
imagens nos daria uma performance
melhor que o modelo de Random Forest
para o nosso problema

Experimento

Acuricia (%)

F-Score (%)

NW_RF

96.87 +0.05

95.38 £0.13

WW_RF

98.44 +0.03

97.78 £0.05

UF_RF

98.43 +0.04

97.79 +0.08

» CNN

95.45 +0.18

94.01 +0.24

e concluimos que ndo.

Combinacdo de Dados Tabulares e Imagens para a
Classificagdo de Objetos Astrondmicos

G. Jacob Perin®, L. Nakazono!, C. Mendes de Oliveira ! e N. S. T. Hirata®
*Instituto de Matemdtica e Estatistica
TInstituto de Astronomia, Geofisica e Ciéncias Atmosféricas
Universidade de Sdo Paulo

Resumo—No contexto do S-PLUS (Southern Photometric Lo-
cal Universe Survey), um projeto de imageamento do céu do
hemisfério sul em 12 bandas fotométricas, foram desenvolvidos
anteriormente métodos bascados em aprendizado de miquina
para a classificagio de trés tipos de objetos (estrelas, galixias e
quasares). Um dos trabalhos utilizou dados de catdlogo, incluindo
objetos com dados faltantes, enquanto o outro utilizou imagens,
sem objetos com dados faltantes. Neste trabalho apresentamos
dois avangos: avaliamos os dois métodos em condigdes de igual-
dade e propomos a utilizagio de tecmuu dt mwmblz para
combinar os dois tipos de classil
com o quarto Data Release do S-PLUS mostram que o ensemble
proposto supera ambos os métodos anteriores com respeito aos
objetos mais dificeis de serem classificados.

Abstract—In the context of S-PLUS (Southern Photometric
Local Universe Survey), a 12-band photometric sky survey of the
southern hemisphere sky, two machine learning based methods
were previously developed for the clasification of three types of
objects (stars, galaxies and quasars). One of these works has
used catalog data, including objects with missing information,
while the other has used images, removing objects with missing
information. In this work we present two advances: we evaluate
the two methods under equal conditions and we propose the use
of ensemble techniques to combine the two types of classifiers.
Experiments performed with the fourth Data Release of the
S-PLUS show that the proposed ensemble outperforms both
previous methods with respect to the most difficult objects to
be classified.

L. INTRODUCAO

porém utilizando uma selecio de dados mais conservadora e
restritiva [3].

Neste trabalho, comparamos ambos os métodos propostos
em condigdes de igualdade e propomos um ensemble que
combina classificadores que utilizam dados tabulares e classifi-
cadores que utilizam imagens. Os resultados indicam que clas-
sificadores que utilizam dados de catdlogo sdo superiores aos
que utilizam imagens, e que o ensemble apresenta desempenho
superior para os objetos mais dificeis de serem classificados
do S-PLUS".

Nas segdes a seguir, explicamos inicialmente alguns con
ceitos de ia. Em seguida, a
adotada (selegdo dos dados e treinamento dos modelos) e os
resultados obtidos. Por fim, apresentamos as conclusdes.

II. CONCEITOS DE ASTRONOMIA

Diversos tipos de objetos podem ser observados no céu.
Nesse trabalho, trés tipos de objetos sdo considerados para a
classificagio: estrelas, galixias e quasares.

Nesse contexto, duas formas de se realizar medigoes desses
objetos sdo chamadas de espectroscopia - que gera um espec-
tro relacionando fluxo luminoso com comprimento de onda -
e fotometria, que consiste em capturar imagens de compri-
mentos de onda especificos. Enquanto a primeira carrega mais
informagdes e ¢ mais demorada de ser realizada, a segunda
¢ mais rdpida, porém torna a classificacio dos objetos mais

https://doi.org/10.5753/sibgrapi.est.2023.27472

Conference on Graphics, Patterns and Images
(SIBGRAPI)



https://doi.org/10.5753/sibgrapi.est.2023.27472

Deep Learning o]

a melhor alternativa!

As vezes € como matar uma
formiga com uma bazuca!

®

Exige um bom conhecimento do problema e
dos dados para escolher algoritmos ou
métodos de andlise

“Domain expertise” vai ser necessario
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Conteldo extra

Iniciativas

®

Grupos de pesquisas interdisciplinares no Brasil com énfase
em Astronomia
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Astronomy Data Portal
Smart System for Cosmic Exploration

The Astronomical Data Smart System (ADSS) is designed to
maximize the efficiency of astronomical data distribution by
integrating state-of-the-art technologies and artificial
intelligence.

Start Querying Explore Database
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COIN Projects Residence Programs Focus ~ Community Highlights

® The Cosmostatistics
Initiative

The Cosmostatistics Initiative (COIN) is a worldwide endeavor aimec

an interdisciplinary community around data-driven problems in Astronomy.

It was designed to promote innovation in all aspects of academic
The group is co-lead by Rafael S. de Souza (University of Hertfordshire

K), Emille E. O. Ishida (Universite Clermont A e, France) and Alberto
Krone-Martins (University of California Irvine, USA)

Researchers willing to join are welcome to contact any of the chairs

https://cosmostatistics-initiative.org/




(¥ ELEPHANT: Extragalactic alErt Pipeline for Hostless
AstroNomical Transients COIN Residence Program # 7

P.J. Pessi'*, R. Durgesh?, L. Nakazono?, E. E. Hayes*, R. A. P. Oliveira®, E. E shida®, 9-16 September 2023, Portugal

A. Moitinho’, A. Krone-Martins®, B. Moews”-'?, R. S. de Souza'!, R. Bec

: C
M. A. Kuhn'', K. Nowak'', and S. V an'? (for the COIN collaboration) =

' The Oskar Klein Centre, Department of Astronomy. Stockholm University, AlbaNova 106 91, Stockholm, Sweden
* Independent Researcher, |

CB3 OHA, UK
* Astronon 5 zdowskie 4, : Poland
" Université Clermont Auve:

Centre for Statistics, University of Edinburgh, Peter Guthrie Tait
' Centre for Astrophysics Research, University of Hertfordshire, College Lane, Hatfield, AL10 9AB, UK
* Independent Researcher, Budapest, Hungary
* School of Mathematical and Physical Sciences, Macquarie University, NSW 2109, Australia

April 30, 2024
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/ Curso-de IA em Astronomia e Geofisica
/ / Quando: inicio de 2026
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CIAC-ON

Esforco da diretoria, da diviséo de
tecnologia da informacgdo e de
pesquisadores da Astronomia e Geofisica
computacional para a criagcdo de um
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Programming Languages

i~ = sol

python’

Up to date, it is the most used In Astronomy, we use ADQL
programming language for (Astronomical Data Query
data science in Astronomy Language) to query structured data.

Syntax is very similar to SQL



Python packages

Astronomy-specific Data manipulation Imaage

'II d manipulation

Mathematical computing OpenCV
Data Vi lizati - T . M
ata Visualiza |o:1 ﬁ.{: NumPy @SCIP_V % lelOW
matpl=tlib
Machine Learning Statistical Modeling Deep Learning
@ seaborn

il plotly ‘ﬁn ~ W Keras 5

O PyTO rCh TensorFlow

statsmodels



Python packages

Astronomy-specific Data manipulation Imaage

—— manipulation
X
CQ&’Q

)

mlpandas

........

For distributed and parallel computing:
(essential for dealing with big datat)

matpl:tlib

Machine Learning Statistical Modeling
sea born -

I o®® Keras 1
1ls| PiOtly 0 .
(1] . Statsz] e O PyTorCh TensorFlow



Tools: code version control

@O git

Web-based platforms that hosts Git repositories: O V GitLab
GitHub




Tools: code editor

My personal recommendation:

3

Visual Studio Code

With these extensions installed: Python, Jupyter, Remote - SSH, GitHub Copilot (plus
others... Those make your programming life much much easier, trust me!)



Programming best practices

Your data science project starts with setting
up code environment (e.g. pyenv, conda)
and properly organizing your code files!

One of my repositories
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~ Obrigada!

Pexguntas?

Email: liliannenakazono@on.br
Website: marixko.github.io

GitHub: https://github.com/marixko

CREDITS: This presentation template was created by Slidesgo, and
includes icons, infographics & images by Freepik
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