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transient lightcurves
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future surveys: large synoptic survey telescope

In numbers:
* 10-year survey, starting 2022
* 1,000 images/night = 15 TB/night

* 10,000 alerts/30 seconds=1GB /30 s




photometric classification
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photometric classification
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Early classification spectroscopic/photometric follow-up
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photometric classification
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Complete light-curve classification
larger & more reliable samples,
probing new parameter space

" A. Méller CNRS/LPC Clermont AlA Garching 2019 '



photometric classification

Results from the Supernova Photometric Classification Challenge Classification of Multiwavelength Transients with Machine TIME SERIES CLASSIFICATION CHALLENGE (PLASTiCC)

5 Learning R. KessLer'?, G. Naravan®, A. Averino’, E. BacHeLeT’, R. Biswas®, P. J. BRown’, D. F. CHERNOFF®
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Semi-supervised learning for photometric supernova classification®

Csed SN Joseph W. Richards,!?t Darren Homrighausen,’ Peter E. Freeman,® Chad M. Schafer?
Participants Abbreviation® +7ZP /noz¢ zp_hd CPU®  Description (strategy classf) . -1.4
P. Belov and S. Glazov Belov & Glazov yes/no no 90 light curve x? test against Nugent templates (2) and DOVI POZHanSkl ’
S. Gonzalez Gonzalez yes/yes no 120 cuts on SiFTO fit x? and fit parameters (1) :
J. Richards, Homrighausen, InCA#® no/yes no 1 Spline fit & nonlinear dimensionality . . . . . .
C- Schafer. . Treeman____— reduction (4)_____ Photometric classification and redshift estimation of LSST Supernovae
J. Newling, M. Varuguese, JEDI-KDE yes/yes no 10 Kernel Density Evaluation with 21 params (4)
B. Bassett, R. Hlozek, JEDI Boost yes/yes no 10 Boosted decision trees (4)
D. Parkinson, M. Smith, JEDI-Hubble yes/no no 10 Hubble diagram KDE (3)
g. Sampbﬁl,l\l\f.}i{ilton, JEDI Combo yes/no no 10 Boosted decision trees + Hubble KDE (3+4) Mi Dai’l* Steve Kuhlmal’lll,2 Yun Wang3 and Eve KOVaCSZ
. Lampeitl, M. Kunz, .
P. Patel (JEDI group") _
S. Philip, V. Bhatnagar, MGU+DU-T! no/yes no <1 light curve slopes & Neural Network (2) CrossMark
A Singhal, A Ral, ~ MGUDU-2 nofyes  mo <1 light curve slopes & Random Forests (2) Machine-learning-based Brokers for Real-time Classification of the LSST Alert Stream
. Mahabal, K. Indulekha 1 1
H. Campbell, B. Nichol, Portsmouth x? yes/no no 1 SALT2—x? & False Discovery Rate Statistic (1) 1,13 .12 . . 3 4 . 5.,6,7 3 A recurrent neural network for ClaSSIﬁcatlon Of
p : ¥ ~ o5 siati i ; Gautham Narayan , Tayeb Zaidi”, Monika D. Soraisam®, Zhe Wang", Michelle Lochner™”" @, Thomas Matheson” @, .
H. Lampiet]l, M .Smith Portsmouth-Hubble yes/no no 1 Deviation from parametrized Hubble diagram (3) 3 4 4 Py 4 4 3 unevenl sam led Varlable StaI'S
D. Poznanski Poz2007 RAW yes/no  yes 2 SN Automated Bayesian Classifier (SN-ABC) (2)  Abhijit Saha” @, Shuo Yang", Zhenge Zhao", John Kececioglu®, Carlos Scheidegger”, Richard T. Snodgrass”, Tim Axelrod”®, y P
Poz2007 OPT yes/no yes 2 SN-ABC with cuts to optimize Crom—1a (2)- . 9,10 PSRN . 3 12 . . 4 . 4
S. Rodney Rodney yes/yes  yes 230 SN Ontology with Fuzzy Templates (2) Tim Jenness ", Robert S. Maier s §tephen T. Rldgway ,4R0bf3n L. Seilman , Eric Mlchail Evans™, Navdeep Singh”™, ) )
M. Sako Sako ves/yes yes 120 x? test against grid of Ia/II/Tbe templates (2) Clark Taylor®, Jackson Toeniskoetter”, Eric Welch®, and Songzhe Zhu Brett Naul, Joshua S. Bloom, Fernando Pérez, Stéfan van der Walt
S. Kuhlmann, R. Kessler SNANA cuts yes/yes yes 2 Cut on MLCs fit probability, S/N & sampling (1) (The ANTARES Collaboration)
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Deep-Learnt Classification of Light Curves A PROBABILISTIC APPROACH TO CLASSIFYING SUPERNOVAE USING PHOTOMETRIC INFORMATION
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Deep Recurrent Neural Networks for Supernovae Classification

PHOTOMETRIC SUPERNOVA CLASSIFICATION WITH MACHINE LEARNING Johanna Pasquet!, Jérome Pasquet?, Marc Chaumont’ and Dominique Fouchez!
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Moller & de Boissiere 2019 arXiv: 1901.06384

github: supernnova/SuperNNova


https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=2ahUKEwiYzcjVicPhAhWFxYsBHVx6DJkQFjAAegQIBBAB&url=https://arxiv.org/abs/1901.06384&usg=AOvVaw3sWCkTk85RTb0-7-XhTi1f
https://github.com/supernnova/SuperNNova

Deep Learning 3‘.’.%22!,5'0!}!2:22

classification

SN la (ID: 12251706, redshift: 0.7)

Recurrent Neural Networks (RNN) _ |
 Recurrent Neural Network: 40
e LSTM f
e GRU :jg | | | | | |
e Bayesian RNNs prop— o %P 7
e MC dropout (Gal+2016) EZ:
 Bayes by Backprop f e
(Fortunato+2017) - 0.2
e Convolutional NN (soon!) [ S S— oW W
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lightcurve classification SupperNIEIorya

classification

SN la (ID: 12251706, redshift: 0.7)
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lightcurve classification SupperNIEIorya
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accurate classification SuperNNorya

classification

trained & tested with supernovae simulations: SNe type la vs. Non la
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accurate classification

SuperN Nova

open source photometric
classification

trained & tested with supernovae simulations: SNe type la vs. Non la

flux+time
early 87.59 +£0.13
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accurate classification

SuperN Nova

e d « open source photometric

classification

trained & tested with supernovae simulations: SNe type la vs. Non la

flux+time
early 87.59 +£0.13

flux+time+redshift
04.25 + 0.07
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accurate classification

SuperN Nova

e d + Open source photometric

classification

trained & tested with supernovae simulations: SNe type la vs. Non la

flux+time
87.59 +0.13
96.97 + 0.06

flux+time+redshift
04.25 + 0.07
98.83 + (.02
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bayesian NNs

Categorical distribution / \ \

Target data
(SN type) (lightcurves)

Network weights
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bayesian NNs

untractable for NNs

L@(W ‘ @) ~ Q(W ‘ H) variational distribution
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bayesian RNNs

Approximating the variational distribution

1. MC dropout
Gal & Ghahramani 2016
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(a) Naive dropout RNN (b) Variational RNN

SuperN Nova

e d « open source photometric
classification
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SuperN Nova

g e d « open source photometric
classification

bayesian RNNs

Approximating the variational distribution

1. MC dropout 2. Bayes by Backprop
Gal & Ghahramani 2016 Fortunato+ 2017
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T > > > > >
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(a) Naive dropout RNN (b) Variational RNN
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payesian RNNs + ouperNNova

oo o
classification

la (ID: 31577798, redshift: 0.374)
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SuperN Nova

‘ .2 ¢+ open source photometric
classification

bayesian RNNs

Current lightcurve classification limitations
Training sets are:
1. not representative

2. incomplete (we don’t know/can’t simulate)

3. ML probabilities as thresholds?
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1. representativity

Distribution of properties of SNe

Simplistic
simulation Bl
peak brightness j
data )

peak brightness i
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1. representativity
Su perNNova with BNNs

s ;; : « open source photometric
classification

Simplistic ; Model 1
simulation Bl
peak brightness j

. Model 2
representative

simulation _ ,
peak brightness
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1. representativity
Su perNNova with BNNs

s ;; : « open source photometric
classification

Simplistic (S =~ Model 1

simulation |
peak brightness / \ classify
Model 2
representative )
representative

simulation
peak brlghtness I simulation
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1. representativity
SuperN Nova with BNNs

s e d + open source photometric
classification

simulation

classify

peak brightness j

Model 2
representative -
representative

simulation
peak brlghtness I simulation

accuracy changes slightly (<prob> are not the most indicative) /\

non-representative models give larger uncertainties!
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2. Incompleteness

training set to classify
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2. Incompleteness
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2 incompleteness
SuperNNova with BNNs| .., !
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2. incompleteness
SuperNNova with BNNs| ..,

g -2 ¢+ open source photometric 2 o o
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2. incompleteness

Su perNNova with BNNs| ..,
; "0 8 » open source photometric - x ? ¢
classification § 10 - t + o
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low probability for any class high probability for “less-known” class

classification probability

but... BNNs can give us high-
probability but large
uncertainty
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3. ML probabilities as a threshold?

Selecting a transient sample:
cutting on “classification probabilities” for selection

10!
. i i
0.0

g G I e B e B e A

classification probability
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3. ML probabilities as a threshold?

1.0 -

0.8 -

Fraction of positives

0.0 -

De Groot+ 1983, Niculezcu-Mizil+ 2005, Guo+ 2017

0.6

0.4 -

0.2

100 events:
- 50 SN la
- 50 other

p(la) = 0.5

Mean predicted probability
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3. ML probabilities as a threshold?
SuperNNova

3 .2 i+ open source photometric
classification

104 Perfectly calibrated
—e— Random Forest

—o— Variational RNN
—%— BBB RNN
—%— Baseline RNN

Fraction of positives

0.0 -

Modller & de Boissiere 2019

Mean predicted probability
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take away

SU PerN NOV& Accurate: Early >86%, complete > 97%

. . :: $ . open source photometric Fast Up tO 2 OOO |CS/S

classification

Bayesian RNNs

- promising classification method - Representativity
-> classification model uncertainty - Anomalies
- Reliability

Can be applied to any lightcurves classification problem

Docs » Welcome to SuperNNova’s documentation!

Welcome to SuperNNova's documentation!

SuperN Nova

s .2 i+ open source photometric
: classification

Open source & documented
github: supernnova/SuperNNova

Getting started

¢ System configuration
¢ Environment configuration

Building the database

Experiment Configurations

eeeeeeeeeeeeeeee

Training models
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