Astronomy ESFRI & Research Infrastructure Cluster
ASTERICS - 653477

3'd ASTERICS-OBELICS International School

8-12 April 2019, Annecy, France.

Astronomy ESFRI & Reseqrch Infrastructure Cluster

H2020-Astronomy ESFRI and Research Infrastructure Cluster
(Grant Agreement number: 653477).

ASTERICS-OBELICS School 2019 / Annecy



CZJIN

Cosmostatistics Initiative

Machine Learning Tutorial
I - Introduction

3rd ASTERICS-OBELICS International School
8-12 April 2019, Annecy - France

Emille E. O. Ishida

Laboratoire de Physique de Clermont - Université Clermont-Auvergne
Clermont Ferrand, France

and

Alexandre Boucaud

Laboratoire AstroParticule & Cosmology (APC)
Paris, France Lm

p ortlcules
pLasmas :
nivers UNIVERSITE
l - — oppllcotlon Clermont

Auvergne

Loborotowe de Physique de Clermont



Lm
UNIVERSITE

Clermont
Auvergne

Clermont Ferrand,

Cosmostatistics Initiative

Belgié Frankfurt
“Belgique am Main
Belgium o
Luxembourg
N\
Paris
@®

‘Schweiz -

‘ ﬁ/ Suisse /it
rance L. Svizzera v
: ,‘ _Swn}erland.‘;,‘z
4 '”‘; .;;_‘."_M‘::‘E i

4155 Milanoo

>
-

BLAISE PASCAL

162316

Puy-deQDome 2



Summary

I. Introduction to Machine Learning

II. Introduction to Neural Networks by Alexandre

Boucaud

III. Deep Learning by Alexandre Boucaud

IV: Beyond textbook Machine Learning
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Beware of Black Boxes!!!

Input —) Black Box

Output
—>

W



for now ...



What is learning ?

(real question, google it!)



What is learning ?

“A relatively permanent
change in behaviour due to
past experiences.”

D. Coon, Introduction to psychology: exploration and application (1983)



What 1s Machine Learning ?

(you know what to do)



Machine Learning:
a definition

computer program L
experience E
tasks T performance
measure P

Mitchell, T. (1997). Machine Learning. McGraw Hill. p. 2



Example 1: the Iris dataset

Presented by R. A. Fisher (1936)

50 samples of each class

Petal Petal | Sepal | Sepal

length | width | length | width | C'@SS

51 3.5 14 0.2 Setosa

6.5 1.0 4.5 1.3 Versicolor

5.9 3.0 5.1 1.8 Virginica

Setosa

Virginica

https.//en.wikipedia.org/wiki/lris_flower _data_set



Example 1: the Iris dataset

Presented by R. A. Fisher (1936)

50 samples of each class

Petal Petal | Sepal | Sepal

length | width | length | width | C'@SS

51 3.5 14 0.2 Setosa
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Example 1: the Iris dataset

Presented by R. A. Fisher (1936)

50 samples of each class .
experience E — data

task T —

Petal Petal | Sepal | Sepal
length = width | length | width

51 | 35 14 | 02 | Setosa classification
6.5 1.0 4.5 1.3 Versicolor

Class

5.9 3.0 5.1 1.8 Virginica performance P — accuracy

program .  — strategy

What are your
foec tations?



Example 1: the Iris dataset

Presented by R. A. Fisher (1936)

50 samples of each class .
experience E — data

Iris Data (red=setosa,green=versicolor,blue=virginica)
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Example 2: SDSS

Notebook 1
EDA_ SDSS.ipynb

(Disclaimer




Supervised Learning



Supervised Learning
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Supervised Learning
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Categories of Machine Learning:

Supervised Learning

Classification

X
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Categories of Machine Learning:

Supervised Learning
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Categories of Machine Learning:

Supervised Learning

Regression




Supervised Learning




What Is the
difference
between

machine learning
and a traditional
data modelling?




X 4>| Nature |—> y

Breiman, L., Statistical Modeling: The Two Cultures, Stat. SciVolume 16 (2001)



X 4>| Nature |—> y

Physical model
X —» and/or —> Y
Statistical model

Breiman, L., Statistical Modeling: The Two Cultures, Stat. SciVolume 16 (2001)



X 4>| Nature |—> y
Physical model
X —» and/or —> Y
Statistical model
|
% >| Nature | >y

Machine Learning model

Breiman, L., Statistical Modeling: The Two Cultures, Stat. Sci, Volume 16 (2001)



Supervised ML model

data  training, target

X set of all samples, x
Y set of possible labels, y

htrain learner: Y est;1 = htrain(xi)
L loss function

Goal: minimize L

Shai and Shai, Understanding ML: From Theory to Algorithms, 2014, CUP



Supervised ML model

data training, target

X set of all samples, x
Y set of possible labels, y
htrain learner: Y est;1 = htrain(xi)

[Loss function

L
/Data generation model: A

X ~ P
i X

f— true labeling function, y. = f(x.)
\ Ldataf (h) = Px~data (htrain (X) if (X)) /

Shai and Shai, Understanding ML: From Theory to Algorithms, 2014, CUP



Machine (earm‘ug a_/qarit/nm

A"

htrain learner: Yy est;1 - htrain(xi'*

Shai and Shai, Understanding ML: From Theory to Algorithms, 2014, CUP



Machine (earn ng
a/ga/f/‘t hm

Linear Regression
Logistic Regression
Decision Tree
SVM
Naive Bayes
KNN
K-Means
Random Forest
Dimensionality Reduction Algorithms
Gradient Boosting algorithms
1. GBM
2. XGBoost
3. LightGBM
4. CatBoost

https://www.analyticsvidhya.com/blog/2017/09/common-machine-learning-algorithms/
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https://www.analyticsvidhya.com/blog/2017/09/common-machine-learning-algorithms/

k-Nearest Neighbor (KNN)

H\/Pothes]sz
Objects from similar classes are clustered together

A

"R . (lass B data — {X . X2}
. Possible labels — {A, B}

X, * o

® / Learner — nearest
k=3." /@
k=6 ® neighbor
>

X, Loss-function — distance



Notebook 2
Classification.ipynb



Support Vector Machines (SVM)

S

Image from: https://www.quora.com/What-is-a-Support-Vector-Machine



Example of supervised ML algorithm

Decision Trees

w

0

Wio X

p 10

htto.://www.lewisqavin.co.uk/Machine-Learning-Decision-Tree/



Example of supervised ML algorithm

Random Forests

Ensemble method

Random Forest Simplified

Instance
Randomfy/ /' \
Tree-n
Class-A Class-B Class-B

L
I Majority-Voting " l

'Final-Class |

https://medium.com/@uwilliamkoehrsen/random-forest-simple-explanation-377895a60d2d



Example of supervised ML algorithm:

(Deep) Neural Network

All layers internal to the network (not input or output layer) are

considered hicden s Qee A/ex’c ta?‘ar/‘a/ fomorrow

put layer

input layer
hidden layer 1 hidden layer 2

Slide by Alexandre Boucaud, ADA IX, 2018



Supervised ML model

data training, target
X set of all samples, x
Y set of possible labels, y

‘ htrain 168.1'1161'2 Y est;1 — htrain(xl')
1.0SS Tunction

L
/Data generation model: A

X ~ P
i X

f— true labeling function, y. = f(x.)
Ldataf (h) = Px~data (htrain (X) if (X)) /

Shai and Shai, Understanding ML: From Theory to Algorithms, 2014, CUP

e




It also works for regression...



k-Nearest Neighbor (KNN)

Example: kNN regression in 1-d

6 ol TP T NP CE Y'Y N

- interpolation
extrapolation enko

https://www.youtube.com/watch?v=3lp5CmSwrHI



Example of supervised ML algorithm for classification

Decision Trees

w

0

p 10

htto.://www.lewisqavin.co.uk/Machine-Learning-Decision-Tree/



Example of supervised ML algorithm for regression

Random Forests

Ensemble method

Ensemble Model:
example for regression

Tree 1 Tree 2 Tree 3
-O 1

https://databricks.com/blog/2015/01/21/random-forests-and-boosting-in-mllib.html



Notebook 3
Regression.ipynb



Unsupervised Learning



Unsupervised Learning

Search for data structures

clusters
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Unsupervised Learning

data  features

X set of all samples, x
Y- setorpossthtetabels—+—
}Tltm.in 1Tef.I'IleI'I Yy est;1 - h-tna.m(xl)
/Data generation model: A
X, ~ Px

£ '|'1~11e Ia beh.n.g_ﬁa.ne‘t.}eﬂ_y__% 1 — g
J CA 4 , i .
\ “dataf V7 Rx~data Ctrain V7 jf ;) /




Unsupervised Learning

data  features
X set of all samples, x

h learner: Y, = h(xl.)

P(x)  joint probability density

Goal: characterize P



k-Means

1: assign centroids

2: each data point is attributed
to the closest centroid

3: the centroid is moved to the
center of the data points
attributed to it

Repeat 2 and 3 until
convergence

15

1.0

0.5

0.0

-0.5

https://mubaris.com/2017/10/01/kmeans-clustering-in-python/

0.5



Example of unsupervised ML algorithm

Isolation Forests

Outlier detection

[Forest
|
=
Scores see see ITree
Qutlier
Normal uncommon
samples 0.5
Normal common

samples O O

\ O @

https://towardsdatascience.com/a-brief-overview-of-outlier-detection-techniques-1eob2c19e561



Summary

What you should remember from this session

1. The definition of learning is different for machines

2. Supervised Machine Learning
U

Minimize loss function

3. The Machine Learning algorithm, or learner, is
only 1 element in a larger Machine Learning model
= you should pay attention to the other elements as
well!
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