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In astro, training means spectra...
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In astro, training means spectra

Real astro-learning situation
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Example science case:

Type Ia supernova cosmology

Standard candles used to measure cosmological distances

&

s
=

&
[S)

- M(G) + aX, - C
g 8

*2 36 ]
g °F

http.//supernovae.in2p3.fr/sdss_snls_jla/ReadMe.html

https://supernova.eso.org/exhibition/images/1111_E_549779main_pia14095 full/
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In astro, training means spectra C Q
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Real astro-learning situation

Samples: Il train (spec) I target (photo)
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Very common situation

amazon
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Strategy

Active Learning

Optimal classification, minimum training

Learn Machine Learning

a model /" - Model \

Unlabeled Pool

Labeled Pool -

Annotator

(Human or Machine)
Select

queries

Plot modified from Chowdhury et al.. 2021, SPIE Medical Imaging 10



https://www.spiedigitallibrary.org/conference-proceedings-of-spie/11603/2579537/Active-deep-learning-reduces-annotation-burden-in-automatic-cell-segmentation/10.1117/12.2579537.short?SSO=1&tab=ArticleLinkFigureTable

Strategy 2

CGIN AL for SN classification
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Static results
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[f only it were that simple ...

Window of Opportunity for Labelling
Evolving Samples
o  We must make query decisions before we
can observe the full LC

Multiple Instruments for labelling
Evolving budget
o Other people want to use the telescope

Evolving Costs
o  Observing costs for a given object
changes as it evolves.

Flux

.
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50 100
Days since first observation

Kennamer, Ishida et al., 2020 - arXiv:astro-ph/2010.05941 - The RESSPECT team: LSST-DESC and COIN,

IEEE Symposium on Computational Intelligence for Astroinformatics, 2020, Canberra, Australia 12


https://arxiv.org/abs/2010.05941

Take home message: Supervised Learning

Start from scratch, do not overcomplicate

RS = = BatchEntropy ==  BatchKL === USE

Initial training = 1103 Initial training = 10

0.3 1

0.2 1

FoM

0.1 1

20 60 100 140 180 20 60 100 140 180
Days since survey started (epochs)

Kennamer, Ishida et al., 2020 - arXiv:astro-ph/2010.05941 - The RESSPECT team: LSST-DESC and COIN,
IEEE Symposium on Computational Intelligence for Astroinformatics, 2020, Canberra, Australia
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https://arxiv.org/abs/2010.05941

What about science?

Cosmology results from
photometrically classified SN IA
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\ — SN la

2. Impacts
this
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What about science?

Perfect -

Fiducial 4

Random A

SN-1110% A

SN-I5% 4

SN-12% 4

SN-I1% 4

SN-Ibc 5% 1

SN-Ibc2 % 4

SN-Ibc1% 1

SN-lax 10 % A

SN-lax 5% 4

SN-lax 2 % 1

SN-lax 1% 4

Good classification might not be enough

P

-13 =12 =11 =10 -0.9

Stanla

WFD

I

FOM3 = 0.68 FOM3 = 0.82

c=0.10 c =0.05

FOM3 = 0.92 FOM3 = 0.96

SN II
SN Ibc
SN lax
SLSN
CART

c=0.02 c=0.01

e LSST DESC & COIN

RESSPECT

Malz et al., 2023 - arXiv:astro-ph/2305.14421 - The RESSPECT team: LSST-DESC and COIN,

Are classification metrics good proxies for SN la cosmological constraining power? -- submitted to A&A
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https://arxiv.org/abs/2305.14421

What about science?
LSST DESC & COIN

RESSPECT

The RESSPECT workflow

...
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https://qithub.com/COINtoolbox/RESSPECT
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https://github.com/COINtoolbox/RESSPECT

The difficult part is data treatment/gathering

e The power of machine learning is in its connection with
domain knowledge

e There are caveats in using machine learning and we should
avoid off-the-shelf and black bloxes applications

e ML for science must be personalized



The beauty of an observational science

“... telescopes that merely achieve their stated science
goals have probably failed to capture the most important
scientific discoveries available to them.”

Norris, R. (2017). Discovering the Unexpected in Astronomical Survey Data. Publications of the Astronomical Society of
Australia, 34, E007. doi:10.1017/pasa.2016.63

18



Statistically,
Anomaly Detection
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“An anomal\/ is an observation which deviates so0 much from the other observations as to arouse
suspicions that it was generateé by 3 ditferent mechanism”



Anomaly Detection

“An anomaly is an observation which deviates so much from the other observations
as to arouse suspicions that it was generated by a different mechanism”
Hawkins, 1980
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https://arxiv.org/pdf/1303.0309.pdf

Example of an automatic search for anomalies,

Isolation tree

Qutlier

Normal uncommon
samples

Normal common
samples

Plot from https://donghwa-kim.github.io/iforest.html
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https://donghwa-kim.github.io/iforest.html

Example of an automatic search for anomalies,

Isolation forest

Scores
Qutlier
Normal uncommon |
samples 0.5°
[
Normal common
samples
\

Plot from https://donghwa-kim.github.io/iforest.html

IForest

ITree
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https://donghwa-kim.github.io/iforest.html
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Zwicky Transient Facility DR3

e Survey currently in operation,
telescope in California

e 3 fields from Dara Release 3 (DR3)

After selection cuts and feature
extraction, 2.25 million objects

o) ANOMALY
CANDIDATE

@ svap

Malanchev et al., 2021 - MNRAS - https.//arxiv.org/abs/2012.01419 Figure by Maria Pruzhinskaya



https://arxiv.org/abs/2012.01419

Example: nominal objects

Zwicky Transient Facility DR3
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expected to contain stars

and periodic variables
(no transients)

Visualization generated with the SNAD ZTF viewer: https://ztf.snad.space/
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https://ztf.snad.space/

Experiment

Zwicky Transient Facility DR3

e Feature extraction
e Anomaly detection algorithms:

O
O
O
O

Isolation Forest

Local Outlier Factor

Gaussian Mixture Model
One-Class Support Vector Machine

e Initial data: 2.25 million objects
e Expert analysis: 277 objects

SNIa, = ~0.09

MID Zr zi+1.5

Malanchev et al., 2021 - MNRAS - https.//arxiv.org/abs/2012.01419

aop= —— MJD=59083.9651 Ha
35 M)D=59165.7250 ‘
- Call\ K Calll H H‘ﬁ HIV "jﬁ H
. : "\"H“"”"\,-’“w
51.5 é ! A\ N 4
10 : /\/\/\f«/“rq //\/ 4\/
NN
Wavelength, A
e 1 RS Canum Venaticorum sta
e 1 red dwarf flare
4 Supernova candidates
Results:
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o 249%(66) -previously cataloged
e 8% (23) -discoveries


https://arxiv.org/abs/2012.01419
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Zwicky Transient Facility DR3

Experiment
e Feature extraction
e Anomaly detection algorithms:
o Isolation Forest
o  Local Outlier Factor
o  Gaussian Mixture Model
O  One-Class Support Vector Machine
e Initial data: 2.25 million objects
e Expert analysis: 277 objects
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Malanchev et al., 2021 - MNRAS - https.//arxiv.org/abs/2012.01419
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Results:
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e 249%(66) -previously cataloged
e 8% (23) -discoveries



https://arxiv.org/abs/2012.01419

It is about Discovery

“An anomaly is an observation which deviates so much from the other observations as to arouse suspicions that it was generated by
a different mechanism”

Stages of discovery in astronomy: Which mechanism?

Is it something we are familiar with but fail

e Detection to proper model or recognise?

e Interpretation Is it something we have never seen before?
e Understanding

e Acceptance Is there something new for us to learn?

In order to identify the unusual we need to have a clear ideal of what is usual ...

.. and that is a social construct. It changes and adapts with time!

Discovery and Classification in Astronomy - by Steven Dick - Cambridge University Press (2013) 27



Human-oriented search

Active Anomaly Detection

Anomaly Detection Algorithm

L] .‘:“. .'.7 ® ®
> N ®
Object with highest
Data anomaly score
. Yes/No ar
1 - e |

Annotator

Start Here (Human or Machine) ,
%./ : Show to the expert:

Ie thic an anama/y.?

Plot modified from Chowdhury et al.. 2021. SPIE Medical Imaging
Algorithm from Das, S., et al., 2017, in Workshop on Interactive Data Exploration and Analytics (IDEA’17), KDD workshop, arXiv:cs.LG/1708.09441
Try the SNAD implementation: https.//coniferest.readthedocs.io/en/latest/tutorial.html



https://www.spiedigitallibrary.org/conference-proceedings-of-spie/11603/2579537/Active-deep-learning-reduces-annotation-burden-in-automatic-cell-segmentation/10.1117/12.2579537.short?SSO=1&tab=ArticleLinkFigureTable
https://arxiv.org/abs/1708.09441
https://coniferest.readthedocs.io/en/latest/tutorial.html
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Ishida et al., 2021, Astronomy & Astrophysics, Volume 650, id.A195, 9 pp, arXiv:astro-ph/1909.13260


https://arxiv.org/abs/1909.13260

$ SUAD

AAD on real data: ZTF data releases

75° le6

.— 1.200

= 1.051
— 0.901
— 0.751
— 0.602

— 0.452

— 0.302
Galactic plane

=3 found SN 0.153
A Galactic center

® Andromeda 0.003

Pruzhinskaya et al., 2023, A&A, 672, id.A111, arXiv:astro-ph/2208.09053

s123lqo Jo JaquinN

e March - December/2018

e 70 fields

e 30 objects/field

e Total 2100 objects inspected
Found:

e 100 SN-like objects
o 46 already catalogued
o 54 newly discovered

e The SNAD catalog:
https://snad.space/catalog/

30


https://snad.space/catalog/
https://arxiv.org/abs/2208.09053

AAD on real data: ZTF DR3 $ SUAD

“There are no new supernova-like objects in ZTF DR”

Basically everyone to whom we mentioned we were looking for them.
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Initial data set: 26.5 million objects
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Catalog of lost transients: https://snad.space/catalog/ Pruzhinskaya et al,, 2023, A&A - arXiv:astro-ph/2208.09053
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https://arxiv.org/abs/2208.09053

Lost treasures $ SUAD

Interesting SLSN candidates
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Pruzhinskaya et al., 2023, A&A 672, A111 (2023), arXiv:astro-ph/2208.09053 32



https://arxiv.org/abs/2208.09053

AAD is very expensive

Algorithm 2 Active Anomaly Discovery (AAD)

Input: Dataset H, budget B
Initialize the weights w©® = {
Sett =0
SetHy =HnN =0
while ¢t < Bdo

t=t+1

!

-
o

Seta = H- w (i.e, a is the vector of anomaly scores)
Let z; = instance with highest anomaly score (where i =

arg max;(a;))
Get feedback { ‘anomaly’/ ‘nominal’} on z;
if z; is anomaly then
Hp = {zi} UH4
else
Hy = {z;} UHN
end if
15 w(t) = compute new weights; normalize ||w*)|| = 1
end while

g, w;zi,yi) =
0 if w-z; >qg and y; = anomaly
0 if w-z; <qg and y; =normal
qg-—w-z; if w-z; <g and y; =anomaly
w-zi—q if w-z; 2qg and y; =normal

wit) —argmln |I(-:l l( Z f(ér(W(t_”),W;(Zi,yi)))

z;€H

. N )
+W( D b@w l>,w,(z.,y,)))

z;€HN

Ce (t-1) ST
+m( Z {(z; W,W,(Zz,yl)))

Zi EHA

+u%( >, e w,w;(z,-,yi)))

z;€HN

+[lw = wp|? @

Das S Wona W-K Dietterich T Fern A and Emmott A (2016) /ncorporatina Expert Feedback into Active Anomalv Discoverv
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Aiming at bigger data

e Requires optimization

e Smooth incorporation of expert knowledge

34



Filtering only interesting trees $ SUAD

Pine Forest

@ Scientifically interesting anomalies

[llustration and algorithm by Vladimir Korolev 35

@ Statistical outliers



Filtering only interesting trees

Pine Forest

$ SUAD

@ Scientifically interesting anomalies

@ Statistical outliers

[llustration by Vladimir Korolev

36



$ SUAD

Pine Forest

Generate new random trees
and filter again

@ Scientifically interesting anomalies

[llustration and algorithm by Viadimir Korolev 37

@ Statistical outliers



Break
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Active Anomaly Detection tutorial

Remember to: File — Save a copy to drive

https://colab.research.qoogle.com/drive/1LvC a80E705MECL5uOAdze xGgRSS4bm?usp=sharing



https://colab.research.google.com/drive/1LvC_a8QE7Q5MECL5uOAdze_xGgRSS4bm?usp=sharing

$ SUAD

Active Anomaly Detection tutorial

e The coniferest package: https://coniferest.readthedocs.io/en/latest/tutorial.html

e To use with your own data:
o Features (called data in the tutorial) = 2D pandas dataframe
1 line per object, 1 column per feature

m Ifyou are using light curves, you might want to check the 1light curve
package for optimized feature extraction:
https://github.com/light-curve/light-curve

o Metadata = 2D array
1 line per object: it may contain any information that will identify the
candidate so you can make a decision.


https://coniferest.readthedocs.io/en/latest/tutorial.html
https://github.com/light-curve/light-curve

For ZTF (26.5 million light curves) we need more infrastructure

The SNAD viewer

S SUAD

ert
S

G
Transient Name Server

v’% TRANSIENT NAME SERVER
\&

User

ZTF DR

hitps://rsa.ipac caltech.edulfrontpage

NASA/IPAC Infrared Science Archive

FITS cachlng

& = I@ EN

s % ZTFFITS
IRSA IPAC ZTF FITS archive ﬂ

redirect proxy
FITS cachmg

proxy

OGLE Ill ZTF Periodic
mirror catalog mirror database

Malanchev et al., 2023, PASP, Volume 135, Issue 1044, id.024503, 18 pp, arXiv:astro-ph/2211.07605

ALERCE: Automatic Learning for the
Rapid Classification of Events

http//simbact cds.unistra.fr/simbads

Simbad Astronomical Database

SiEAD

hetpsisreds.u strasby fe/

Centre de Données Astronomiques
de Strasburg

éDd

htps:/ffink-broker.org/

FINK

el

hetps:/fantares.noirlab,edu/
ANTARES

AN\

ANTARES

hitpi/argonaut. skymaps.info/

Argonaut Dust Maps

Argonaut Dust Maps

hitps://aladin.u-strasbg fc/

Aladin Sky Atlas

hiips://gea.esac.esa.nt/archive!

Gaia Archive

C‘ Gaia Archive
Archive

ps://arxiv.org/abs/1804.10887

Open Astronomy Catalogs

Open Astronomy Catalogs

hitps:archive stscl.ecu/

Mikulski Archive for Space Telescopes

Mikulski Archive
for Space Telescopes
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https://arxiv.org/pdf/2211.07605.pdf

Preparing for the future:

The knowledge database

SNAD160 — 821207100004043

Dartefact [J column [J bright_star [J cosmic (] defocusing [ ghost [ M31 [ spike (] track [ frame_edge
O vAR Otransient [JAGN [J QS0 [J STAR [ Galaxy

SN OsNiaJccsN CJsLsSN

OEeclipsing Oea O EB OEW

Opulsating Jcep CJpcep L OLpv MO RR CORRAB [JRSG ISR
OpbscTt
O cataclysmic JAM N O uc JuGss CJucz

= At 55 = = Tags Description Changed by Changed at
[JEruptive JINS JsSDOR JTTs JYso [JM_dwarf_flare

O Rotating CJBY CJRSCVN SN, uncertain SNAD160 maria 2021-11-11T11:07:27.753Z

uncertain (Jnon-catalogued [J 1-point (J TNS_candidate ; .

Point tag name to see its description. See instructions and tag editor here AGN, SN, uncertain SNAD160 maria 2621-11-09721:42:36.314Z
SNAD160 AGN, SN, uncertain, non-catalogued maria 2021-11-08T13:33:49.098Z

RESET

More than 2000 objects already tagged by experts

Malanchev et al., 2023, PASP, Volume 135, Issue 1044, id.024503, 18 pp, arXiv:astro-ph/2211.07605 42



https://arxiv.org/pdf/2211.07605.pdf

Explore the boundaries of your knowledge

e In the era of Rubin, serendipitous discoveries will not happen

e Domain experts must be included in the development of new techniques
from the first stages. They should supervise the first prototypes.
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Explore the boundaries of your knowledge

e In the era of Rubin, serendipitous discoveries will not happen

e Domain experts must be included in the development of new techniques
from the first stages. They should supervise the first prototypes.

[t is crucial to know what you are looking for
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What do you want
to see?



THANK
YOU



