PELICAN

Johanna Pas-
quet

(cPPM) deeP architecturE for the Light Curve ANalysis

Johanna Pasquet (CPPM)

LSST France

8 November, 2018
»

/

e Aix:-Marseille ‘
CPPM universite S



PELICAN
Johanna Pas-

i Current cosmology questions

(CPPM)

General
Introduction

e What is the nature of dark
matter ?

e What is the nature of dark
energy 7

Architecture and
data

Results
SPCC
LSST

e Is it "dark energy" arising
from quantum fluctuations
in the vacuum, or is it new
gravitational physics?

SDSS

Credit : NASA



PELICAN

Johanna Pas- Supernovae la as cosmological probe

quet
(CPPM)

General

Introduction History of the Universe . WANTED
= R

The problem of
representativeness

2 Accelerating \ —
§|  expansion DARK ENERGY
Architecture and a St S lipeoys First proof with supernovae la
data = expansion
Results =i B T T
iy
spPcc 4 .. y a4k
Expanding universe
LSST ®High-Z SN Search Team
SDSS 42 e Supemova Cosmology Project
9 40f ]
) o
o Dark energy causes the universal E a8k 2:”
h ]
expansion to accelerate E ar 0,203,007
) 361 — 0,703,000 ]
o Recent observations of supernovae %
34F prs --0,=1.0,Q=0.0 ]
have produced a value for an A
: R f g .
acceleration that implies a universe “
that is about 70 % dark energy 0.01 0.10 _1.00
z High-z



PELICAN

Johanna Pas-
quet
(CPPM)

General
Introduction

The era of Big Data
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Difficulties for the classification

Many factors degrade the performance of machine learning
algorithms:
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limiting i-band magnitude of 23.5

The problem of
representativeness

1.0 000000000000000000,,
.
Architecture and
data
Results 0.8
SPCC >
o
LSST c .
2
s
SDSS § 0.6 Im ibl
S possible
2z > spectroscopy
3
S 0.4
=1 .
v}
o}
aQ
a .
0.2 Py
)
.
0.0 Cec0ccccccccce

19 20 21 22 23 24 25 26 27
i-band magnitude



PELICAN
Johar Pas- Non-representativeness between
the training and test databases

(CPPM)

General
Introduction

[0 training database [ training database
Issues for the
classification test database test database
175
The problem of 020
representativeness

Classification
of light curves

Architecture and
data

Results
SPCC
LSST
SDSS

Conclusion

15 0 22 2 26 28 30 2 3 ¥ 04

median r-band mag

s

redshift

The non-representativeness of the databases, which is a

problem of mismatch, is critical for machine learning process.
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The main survey and the deep
fields of LSST

[ Wide Fast Deep fields (WFD)
I  Deep Drilling Fields (DDF)
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PELICAN: a deeP architecturE for the Light Curve ANalysis

(Johanna Pasquet, Jéréme Pasquet, Marc Chaumont and Dominique Fouchez)

Key elements :

@ a complex Deep Learning architecture to classify light
curves of supernovae

@ trained on a small and biased training database
©® overcome the problem of non-representativeness between
the training and the test databases

O deal with the sparsity of data and the difference of
sampling and noise

The ability of PELICAN to deal with the different causes of
non-representativeness between the training and test databases,
and its robustness against survey properties and observational
conditions, put it on the forefront of the light curves
classification tools for the LSST era.
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Different databases

@ The Supernova Photometric Classification Challenge in 2010 (SPCC, Kessler et al.)

- Spec.confimed
~ firmea

= Small training database (1,103 light curves)

- = Non-representativeness between the training and the test
databases due to the limitation of the spectroscopic follow-up

peak I-band mag

training database
test database

@ LSST simulated data

= Small training database (until 500 light curves)
m Non-representativeness between the training and the test
databases due to the limitation of the spectroscopic follow-up

= Non-representativeness of the sampling and noise between
main survey and deep fields

median rbandmag
© SDSS-Il Supernova Survey Data (Frieman et al. 2008; Sako et al. 2008)

= Non-representativeness between the training (simulated data) and the test databases (real
data)



PELICAN

sohama P The SPCC challenge

(CPPM)
Non representative training database
Training database
Testing database
0.90
v 0.85
The problem of [
-, v >
representativeness g Slo.s0
2 e
8 3
g Zos
v
2
=
Architecture and i 070
data 02 —— PELICAN (0.934)
o =~ PELICAN with redshift (0.937)
Results —— SALT2+BDTs (0.818) 0.65
- SALT2+BDTs with redshift (0.855)
SPCC o
) 0.0 02 04 06 08 o) 00 02 4 06 08 10 12
LSST False positive rate Redshift
SDSS

e We compared our results to BDTs classifier + SALT2 features
as it is the best combination in Lochner et al. (2016)

e PELICAN obtains an accuracy of 0.856 and an AUC of 0.934

which outperforms BDTs+SALT2 method which reaches 0.705
and 0.818
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Two methodologies:

@ A training and
a test on deep
fields (DDF)

® A training on
deep fields
and a test on
the main
survey (WFD)

LSST simulated data

DDF light curve
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—— PELICAN - Train 10k Test 14k (0.998)

- SALT2+BDTS - Train 10k Test 14k (0.899) -

—— PELICAN - Train 5k Test 5k (0.994)
SALT2+BDTs - Train 5k Test 5k (0.886)

Results on DDF

—— PELICAN - Train 2k Test 2k (0.984)
- SALT2+BDTS - Train 2k Test 2k (0.882)

Training database

Testing database
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False positive rate Redshift
Training database Test database Recall,, Recall,,
(spec only) (phot only) Accuracy | precision, >0.95 | Precision,>0.98 | AUC
500 1,500 0.849 0.617 0.479 0.937
(0.746) (0.309) (0.162) (0.848)
D 2,000 2,000 0.925 0.895 0.818 0.984
D (0.783) (0.482) (0.299) (0.882)
F 2,000 22,000 0.934 0.926 0.851 0.986
(0.793) (0.436) (0.187) (0.880)
10,000 14,000 0.979 0.992 0.978 0.998
(0.888) (0.456) (0.261) (0.899)
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—— PELICAN - Train 2k Test 15k (0.974)

Results on WFD

—— PELICAN - Train 3k Test 40k (0.984)

—— PELICAN - Train 10k Test 80k (0.992)

Training database
=== SALT2+BDTs - Train 2k Test 15k (0.765)  ----- SALT2+BDTs - Train 3k Test 40k (0.752)  ----- SALT2+BDTs - Train 10k Test 80k (0.760) "= Testing database
o 10
J
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¢ o F:i;e positivzsrate o e Reg:hift o
Training database Test database Recall Recall,,
(spec only) (phot only) Accuracy | precision, > 0.95 | Precision,>0.98 | AUC
DDF Spec : WEFD : 15, 000 0.917 0.857 0.485 0.974
w 2, 000 (0.650) (0.066) (0.000) (0.765)
F'| DDF Spec: WFD : 40, 000 0.940 0.939 0.729 0.984
D 3, 000 (0.650) (0.111) (0.000) (0.752)
DDF Spec : WEFD : 80, 000 0.962 0.977 0.889 0.992
10, 000 (0.651) (0.121) (0.010) (0.760)
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Further analysis of the behaviour
of PELICAN

—— Accuracy
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FLUX

Real Light Curve

SDSS data

Simulated Light Curve
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Era of Big data Many issues for the classification
— - algorithms ‘
The future surveys will deliver multi-band
photometry for billions of sources m Small size of the training database due to the
The pr "‘ of limitation of the spectroscopic follow-up
B Several problems of representativeness
e B Nature of data : sparse with an irregular
X o \_sampling 4
F ults
shec New solutions for the classification of light curves
LSST
RS PELICAN obtained the best performance ever achieved with a non-representative training
Conclusion database of the SPCC challenge

PELICAN is able to significantly remove several types of non-representativeness between the
training and the test databases due to :

B the limit in brightness and redshift of the spectroscopically confirmed data
B the different observational strategies

B the difficulty of simulated data to reproduce perfectly real data

PELICAN can deal with the data that are sparse, with an irregular sampling
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The Light Curve Image (LCI)

Time
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Projection of features
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