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Start from the beginning ...

What is learning?

“Learning is the process of converting experience into
expertise”

Experience

(data)

Shalev-Shwartz, S. and Ben-David, S., Understanding Machine Learning - from theory to algorithms, 2014, Cambridge University Press



Why do we need machines
to learn?

e Tasks there are too complex to explicitly
program

e Tasks dealing with too large data
volumes

e Tasks which require flexibility

Shalev-Shwartz, S. and Ben-David, S., Understanding Machine Learning - from theory to algorithms, 2014, Cambridge University Press



Why do we need machines
to learn?

e Tasks there are too complex to explicitly
program

e Tasks dealing with too large data
volumes

e Tasks which require flexibility NOT

OPTIONAL

Shalev-Shwartz, S. and Ben-David, S., Understanding Machine Learning - from theory to algorithms, 2014, Cambridge University Press



Supervised Learning

Training sample

Target sample

Feature
S

Features
_|_

Labels




Machine Learning:

(a ,ber§0ha/ favorite)
Supervised definition



X 4>| Nature |—> y

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



Hypothesis: X 4>| Nature |—> y

Physical Linear regression
. X Logistic regression
modeling: g

_>y

Statistical model

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



Hypothesis: X 4>| Nature |—> y

Physical Linear regression
: X Logistic regression
modeling: g

_>y

Statistical model

>| Nature I > Y

Algorithmic
modehngt Nearest Neighbor
Decision trees

Machine Learning model

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



X 4>| Nature |—>
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Statistical model
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X >| Nature I
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Machine Learning model

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



A controlled example:

Papaya tasting

Binary classification

Training sample
& e Tasty
‘0@ ? 4 A Not tasty
- & .
O s
O ® A
This is all the data
: we will input to the
A
& model about the
& T T T '
K & o papayas in the real
& s & world!
Softness

YouTube class on the papaya testing example: 1
https://www.youtube.com/watch?v=b5NIRg8SjZg&list=PL PW2keNyw-usgvmR7FTQ3ZR|fLs5]T4BO&index=2&t=0s



https://www.youtube.com/watch?v=b5NlRg8SjZg&list=PLPW2keNyw-usgvmR7FTQ3ZRjfLs5jT4BO&index=2&t=0s

A controlled example:

Papaya tasting

-
\0&04\ &
A
A
— o
9 e
Q e A
U \\Q>\° A °
A
o A
éez ! T T
S Q& N
& N 2
AN S
Softhess
HERIngSAple Empirical Risk
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a Not tasty Minimization

(ERM)
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X: setofall features,
x = [softness, color]
Y: set of possible labels,

y = [tasty, not tasty]
D: data generation model,

D = P(X)
True Labelling function: y = f(x)

S: training sample: [x, y [, i & training
m: number of objects for training
h learner: y _.=hJ(x)

S
/b metric: L (y, .-V ) i€
training ’ ’

r€D: hg(x x
Lohs) = HEED: st 2 1)
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Papaya tasting

X: set of all features,
& x = [softness, color]
QO & .
A 2 Y: set of possible labels,
o A y = [tasty, not tasty]
§ D: data generation model,
S o ® A D = P(X)
X & 2 . :
True Labelling function: y = f(x)
A
A S: training sample: [x, y [, i & training
S | : .
& . l , m: number of objects for training
&«b ®@ \{;@ h, learn.er: Vesti = h(x) |
& L metric: L [ymle;i “Yost Jie
Softness training
TraininTg s?mple Empirical Risk Lp(hs) {x € D: hg(x) # f(x)}]
@ asty C e . D\ILS) =
4 Not tasty Minimization m

(ERM) E



Definition
Represen

Probability distribution, P

f(x)

Sample, S1

tativeness

wp,0p

HS1505,
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Definition
Representativeness

Probability distribution, P

f(x)

wp,0p

Sample, S1

Hs,,08,
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Definition

Representativeness
Probability distribution, P
f(x)
(ruP yOP )
S, 1s
m—) representative
of P

(:usl y 054 )
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Definition
resentativeness

Probability distribution, P

i) Hp,o0p

Sample, S,
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Hs,,085; HSy, 08,




Definition
Representativeness

Probability distribution, P

=) (,MP, UP)

Sample, S,
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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
/Data generation model: N
X, ~ Px

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 Learning algorithm

AN

htrain 16&1‘1161‘2 Y est;1 = htrain(xi)

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



Machine (earn ng
A/zal’/‘?f hm

Linear Regression

Logistic Regression

Decision Tree

SVM

Naive Bayes

KNN

K-Means

Random Forest

Dimensionality Reduction Algorithms

040 N G e W N

10. Gradient Boosting algorithms
1. GBM
2. XGBoost .
3. LightGBM + A” thnﬂgs ACﬁP
4. CatBoost

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



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

k-Nearest Neighbor (KNN)




Example of supervised ML algorithm

Decision Trees

w

0

Wio X

p 10

htto.://www.lewisqgavin.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 hidden [

put layer

input layer
hidden layer 1 hidden layer 2

Slide by Alexandre Boucaud, ADA IX, 2018l



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
/Data generation model: N
X, ~ Px

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



Classical use I:

Photometric Redshift

Random Forest

Neural Network

0.25 ! 1 i 1 1 3 [T ! ' ' '
' 2500 - r.m.s. = 0.0229
Y E ]
0.2 - - 2000 I
5 015 B = 1500 N _
& £
N (]
1000 5
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o -
+ 500
0.05 + -
- 0
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0.05 0.1 0.15 0.2 0.25 %
o L L L L 1 L L [ 1 I L " L | L L " L L " PR L
Zenec 0 0.1 0.2 0.3 0.4 0.5
(") Spectroscopic z
F1G. 2.— Spectroscopic vs. photometric redshifts for ANNz applied to

Carliles et al., 2010

10.000 galaxies randomly selected from the SDSS EDR.

Collister & Lahav, 2003



Symbolic Regression

Mathematical atoms:
+,-,X,/, pow

1 - Random construction of an
analytical expression

2 - find the best parameters

3 - if result is better than previous
keep it, otherwise discard it

thot

Final exprescion:

S 0.4436r — 8.261
POt T 44+ (g—1)2(g—i)2(r—i)2—g
+0.5152(r — 7).

0.25 0.50 0.75 100 1 3
Zspec density

Pre-COIN paper:
Krone-Matrtins, Ishida & de Souza, MNRASL 443 (2014)



Classical use 11:

SN Photometric classification

th

Thermonuclear Supernoyae
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http://rsta.royalsocietypublishing.org/content/370/1960/774



Classical use 11:

SN Photometric classification

Deep Neural Network

Nearest Neighbor
T(“S’;“cic) post—SNPCC * Ia test (photo) Conv 7 FC10
o] Pre-processing
:::; . complete training iS Su per
important!

Ishida e de Souza, 2013

Pasquet et al.,



In astro, training means spectra

Ideal Supervised learning
situation

Training sample

Images, colors,
light curves,

etC. E> Images, colors,
light curves,
+ etc.
Classes

(spectra)

31



In astro, training means spectra

Real astro-supervised learning
situation

Target sample

(earn




Representativeness

Samples: Il train (spec) Il target (photo)

30.0
. Spec (train) Photo (target)

Filter

N
N
(6)]

N
(6)]
o

N
N
(@)

Peak brightness

N
o
o

EX
N
(@)

1a

SN type

Ibc

Sample

From COIN Residence Program #4, Ishida et al., 2019, MNRAS, 483 (1), 2—18



Representativeness

Samples: Il train (spec) Il target (photo)

30.0
) Spec (train) Photo (target)

Filter

Peak brightness

N N N N
o N (@)} ~
(o) (@) ] o (@)}

EX
N
(@)

1a

Can machines learn 2
better, with fewer -
labelled examples, if ”
they are carefully
chosen?

From COIN Residence Program #4, Ishida et al., 2019, MNRAS, 483 (1), 2—18



Active Learning

Optimal classification, minimum training

Learn Machine Learning
a model Model

Unlabeled Pool

Labeled Pool

Annotator

(Human or Machine)
Select

queries

35




AL for SN classification

0.4 : :
<«— Active Learning
. 035
)
£ 03
(T
® 025
o 0.
S M
2 i
= 02 |
! Canonical
0'15’W~W <+
” strategy

0 200 400 600 800 1000
Number of queries

Ishida et al., 2018 - arXiv:astro-ph/1804.03765 - from CRP #4



Time Domain

Samples: 4 Target Query 1. Feature extraction
20000 done daily with available
17500 f observed epochs until
15000 ‘fM then.
8
§§12500 Py .
o A 2. Query sample is also
S 10000 —- . :
3 o re-defined daily:
7500 . .
E I objects with r-mag < 24
5000
w [ ] [ ] [ ]
2500 3. No need for an initial

training sample
%O 40 60 80 100 120 140 160 180
Survey duration (days)

Ishida et al., 2018 - arXiv:astro-ph/1804.03765 - from CRP #4



Do we even need a training set?

015 i~

' i.\‘r w_ Active Learning
- A
5 . N - Canonical strategy
c | m
qa "- r. ;’ ;
GLJ -d o‘l?' .‘:‘.‘.ﬁ. 3
0,05 Jo e
i_lg_) o n A The arrow
:"'_"'" shows
i.."’ | traditional
i I o Full light-curve
Y20 40 60 80 100 120 140 160 180 resultswith full
Survey duration (days) SNPCC spec

1103 spectr(%8
From COIN Residence Program #4, Ishida et al, 2019, MNRAS, 483 (1), 2-18



The queried sample

Partial LC, no training, time domain, batch

SNPCC spec: Queried sample: Telescope time:
1103 objects 800 objects Queried/spec = 0.999
@Qe >
2.0 ==== SNPCC spec OQ 60 SNPCC phot
18 0""“ == SNPCC photo S
' 4 K = queried by AL:semi
1.6 :
1.4 . ‘
i 1.2 :
o 1.0
()]
0.8 g—
0.6 é’
0.4 \
0.2 /.

Sample

Ishida et al., 2018 - arXiv:astro-ph/1804.03765 - from CRP #4



Take home messages:

Astronomy needs
optimized training samples

for

Machine Learning
applications

Given the volume and complexity of upcoming data
Machine Learning is not optional

However, it should be used with parsimony ...
Using off-the-shelve algorithms is not advisable!
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Extra slides



Clustering and Anomaly
Detectionx- %

clusters

O

y

\ \ 5

O
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O
O
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X4
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O
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6 @
X4

"An anomal\, is an observation which deviates so much from the other observations
3s t0 arouse suspicions that it Was generateé b\/ 3 different mechanism’”

Hawkins, 1920



Active Anomaly Detection
A strategy

If yes: check next obj in the
anomaly score board

If no: update the weights to Isolation
accommodate the new Forest

information

1

Spec. check object List of
with highest anomaly anomalies
score

Das, S., Wong, W-K., Dietterich, T., Fern, A. and Emmott, A. (2016). Incorporating Expert Feedback into
Active Anomaly Discovery in the Proceedings of the IEEE International Conference on Data Mining

44



Active Anomaly Detection
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What comes next?

The Large Synoptic Survey Telescope

Photometric obs: ‘ﬁk
~minute ‘
Spectroscopic obs:
>= 1 hour (e.g. SDSS) N3
Multi-fiber spec.

Pointing is not trivial

Camera: 3.2 Giga pixels and 1.65m
Primary mirror: 8.4m

Field of view: 3.5 deg, 40x full moon
Data production :15 TB/night

(3yr LSST=internet today)

~10 million alerts/night

30.000 type Ia SN/yr (today ~1000)
Expected ~ 1000 spectra/yr (~ 3%)

46




Typical journey of an alert

The LSST alert stream

Confirmed sources
0 New source!
Spectroscopic

Observations g
Organise follow-up C Match
e ross-Matc

Correlate to other experiments
and catalogs

Process Alerts
Broker core algorithms (2]

© LSST raw alert data

Difference image analysis
~1TB/night expected.

Diagram by Julien Peloton, LAL



What comes next?

Fink: a community broker based on
Active Learning and Spark

Spectroscopic Observations @

Confirmed
sources

Cross-Match@®

Process Alerts ©

LSST Raw
alert data

Diagram by Julien Peloton, LAL

https.//fink-broker.readthedocs.io/en/latest/

48



https://fink-broker.readthedocs.io/en/latest/
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Spec-z
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Spec-z

Happy catalogue

The effect of coverage +
photometric errors

Beck et al., astro-ph:1701.08748, MNRAS 2017



