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The challenge

(time-domain + SN cosmology)
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The challenge

(time-domain + SN cosmology)

How can we maximise our science output with LSST?

Data: Limited resources: Science analyses:
- Nature - Spectroscopic - Robustness

- Size - Photometric - Selection effects
- Timeliness - Human
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How can we maximise our science output with LSST?
photometric classification
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How can we maximise our science output with LSST?
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photometric classification
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Early classification :
brokers see next talks
follow-up: spectroscopic, multi wavelength

(not a new idea, we already do some selection for spectroscopic fup)
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How can we maximise our science output with LSST?
photometric classification
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Complete light-curve classification: science samples

for statistical analyses
Does not need spectroscopic classification, larger samples, probing new parameter space
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Results from the Supernova Photometric Classification Challenge
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P. Belov and S. Glazov Belov & Glazov yes/no no 90 light curve x2 test against Nugent templates (2)
S. Gonzalez Gonzalez yes/yes no 120  cuts on SiFTO fit x? and fit parameters (1)
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J. Newling, M. Varuguese, JEDI-KDE yes/yes no 10 Kernel Density Evaluation with 21 params (4) 1 21l ,4
B. Bassett, R. Hlozek, JEDI Boost yes/yes no 10 Boosted decision trees (4) and DOVI POZl’lanSkl
D. Parkinson, M. Smith, JEDI-Hubble yes/no no 10 Hubble diagram KDE (3) ‘
H. Campbell, M. Hilton, JEDI Combo yes/no no 10 Boosted decision trees + Hubble KDE (3+4)
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D. Poznanski Poz2007 RAW yes/no yes 2 SN Automated Bayesian Classifier (SN-ABC) (2) :
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S. Rodney Rodney yes/yes yes 230 SN Ontology with Fuzzy Templates (2)
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Photometric samples 101
(e.g. SN la cosmology)
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Photometric samples 101
(e.g. SN la cosmology)
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Photometric samples 101
(e.g. SN la cosmology)

+l‘ > classifier >  pP(SN la)
1ol
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Photometric samples 101
(e.g. SN la cosmology)

» classifier >  pP(SN la)
select v
photometric < cut on p(SN la)

SN la

A. Moller
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SuperN Nova

°+ ¢, open source photometric
) classification

Moller & de Boissiere arXiv: 19071.06384
github: supernnova/SuperNNova

A. Mdbller LSST-France Clermont 2019


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://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

SuperN Nova

:+ #, oOpen source photometric
’ classification

e Core algorithm: Recurrent Neural Networks (RNN)

e Recurrent Neural Network:
e |STM
e GRU

e Bayesian RNNs
e Variational (Gal+2016)

e Bayes by Backprop
(Fortunato+2017)

e Convolutional NN (soon!)

e Trained & tested with supernovae simulations (DES based)

A. Mdbller LSST-France Clermont 2019



SuperN Nova

:+ #, oOpen source photometric
) classification

SN la (ID: 10403277, redshift: 0.734)

input:
40 -
o fluxes + errors
. time X 20 -
. Lo
. (redshift)
0
0 10 20 30 40 50 60 70
> 10
E 0.8 -
(@)
S 0.6
S
if available 5 0.4
from host-galaxy catalogues S 05
g
U 0.0 T T L L T Ll Ll
0 10 20 30 40 50 60 70
time
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SuperN Nova

:+ #, oOpen source photometric
) classification

SN la (ID: 10403277, redshift: 0.734)

input:
40 -
e fluxes + errors
. time X 20 -
o=

. (redshift)

0 10 20 30 40 50 60 70
5 10
3 038 -
e
5 0.6 -
S
if available 5 0.4
from host-galaxy catalogues S 05
©
D S 0.0 : : : : : :
Classification speed: 0 10 20 30 40 50 60 70
2,000 light-curves/ ume
second!
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SuperN Nova

¢ » open source photometric
classification

SNe la vs. Non la accuracy
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SuperN Nova

:+ ¥, open source photometric
) classification

SNe la vs. Non la accuracy

Early classification

redshift

86.47+0.16 &87.59+0.13 88.68 +£0.11
93.56 £ 0.06 94.25+0.07 94.84 +£0.06

93.36 £0.15 94.09+0.14 94.66 +0.14

50
40
30 -

20
10 t

-10 4,
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SuperN Nova

:+ #, oOpen source photometric
) classification

SNe la vs. Non la accuracy

Early classification Complete

redshift =) 0 42 all

None 86.47+0.16 &87.59+0.13 88.68+0.11 = 96.97 +£0.06
zpho 93.56 £ 0.06 94.25+0.07 94.84+0.06 98.83 +0.02

zZspe 93.36 £0.15 94.09+0.14 94.66+0.14 98.43 £ 0.07

+ purities up to 98%!/
- ¢

-10

A. Mdbller LSST-France Clermont 2019



.-.ouperNNova

e« ¢ %, open source photometric
) classification

accuracy

redshift

57.2+0.31 60.08 £0.34  62.99+0.32  86.89+0.2
64.69 £0.21 67.32+0.26 69.96+0.25 90.02+0.14
63.99 £0.58 66.74+0.62 69.43+0.65 90.14 + 0.47

True label
=

2}

O > P

\\\/

Predicted label

fl/
\\\/
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SuperN Nova

:+ ¥, open source photometric
) classification

Bayesian RNNs

implementations: variational (Gal+2016), Bayes by Backdrop (Fortunato+2017)
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SuperN Nova

« ¢ 4 Open source photometric

classification

Bayesian RNNs

implementations: variational (Gal+2016), Bayes by Backdrop (Fortunato+2017)

SN CC (ID: 20156618, redshift: 0.373)

0 20 40 60 80

o
(o0} o

o o
4 (@)
1 |

o
N

classification probability

o
o
o 4

20 40 60 80
time

Posterior that provides |
epistemic uncertainties §

Epistemic uncertainties:

express our ignorance about the
model that generated the data.

A. Moller
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SuperN Nova

:+ #, oOpen source photometric
’ classification

Bayesian RNNs Representativeness

Model 2: train non-representative model

.

A. Moller
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SuperN Nova

:+ #, oOpen source photometric
’ classification

Bayesian RNNs Representativeness

“ classify representative sample

Model 2: train non-representative model

.

accuracy changes slightly (<prob> are not the most indicative)
non-representative models give larger uncertainties! ‘ A

Probability

A. Mdbller LSST-France Clermont 2019



SuperN Nova

°+ &, open source photometric
classification

-
<
O
P
|
—
-

Out-of-distribution
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SuperN Nova

:+ &, open source photometric
) classification

-
<
O
P
|
—
-

Out-of-distribution

low probability for any class

classification probability
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SuperN Nova

:+ &, open source photometric
) classification

-
<
O
P
|
—
-

Out-of-distribution

low probability for any class high probability for “less-known” class

but... BNNs can give us high-probability but
large uncertainty

classification probability
0.0 0.2 O.’4‘ 0.6 0.8
classification probability
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SuperN Nova

°+ &, open source photometric
classification

Selecting photometric samples for statistical studies

m I . — classifier — p(SN la) —— cut on p(SN la)

100 events:
- 50 SN la
- 50 other

Fraction of positives

Mean predicted probability

A. Mdbller LSST-France Clermont 2019



SuperN Nova

°+ &, open source photometric
) classification

Selecting photometric samples for statistical studies

R . — classifier — p(SN la) —— cut on p(SN la)

Perfectly calibrated
—e— Random Forest
Variational RNN
—¥— BBB RNN
—%¥— Baseline RNN

o
o3

o
o

©
IS

o
—
(V)]
)
=
+
(V)]
)
o
Y
O
C
©
4t
O
(©
| -
Y

o
N

Mean predicted probability
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.SuperNNova

*s & 4 oOpen source photometric
classification

TP residual

47274 1a > 0.5
46981 la > 0.7
[ 461711a> 0.9

FP residual

645 CC > 0.5
[ 393CC=>0.7
[ 165CC>0.9

O & A
0.0 02 04 06 0.8 1.0
simulated redshift
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Dark Energy Survey

JLA (2014) /40 0,054
Pantheon (2018) 1049 0,040
DES 3YR (2018) spec 334 0,057
DES 5YR spec ~500 ?
DES 5YR photo ~2000 ?
D

SuperN Nova

e photometric
classification

A. Mdbller LSST-France Clermont 2019



Photometric classification is an excellent option to maximise
our science output with LSST

Classification: early (brokers), complete (cosmology)

Fast, reliable, statistically sound.
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Photometric classification is an excellent option to maximise
our science output with LSST

Classification: early (brokers), complete (cosmology)

Fast, reliable, statistically sound.

SuperN Nova

+ open source photometric
classification

Accurate: Early >86%, complete > 97% SN la cosmology (<2% contamination)
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Photometric classification is an excellent option to maximise
our science output with LSST

Classification: early (brokers), complete (cosmology)

Fast, reliable, statistically sound.

SuperN Nova

+ open source photometric
classification

Accurate: Early >86%, complete > 97% SN la cosmology (<2% contamination)

Bayesian RNNs = classification model uncertainty

great to detect anomalies, asses representativity, select events poorly characterised
with current model
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Photometric classification is an excellent option to maximise
our science output with LSST

Classification: early (brokers), complete (cosmology)

Fast, reliable, can be statistically sound.

SuperN Nova

» & 4 open source photometric
classification

Accurate: Early >86%, complete > 97% SN la cosmology (<2% contamination)

Bayesian RNNs = classification model uncertainty

great to detect anomalies, asses representativity, select events poorly characterised
with current model

Real data: Dark Energy Survey 5-year supernova sample

A. Mdbller LSST-France Clermont 2019



github: supernnova/SuperNNova

A SuperNNova

latest

System configuration
Environment configuration
Quickstart guide (GitHub)
Quickstart guide (pip)

FAQ

Data walkthrough

Data documentation

Hyperparameters

Experiment Settings

Training walkthrough

Training documentation

Validation walkthrough

Validation documentation

Visualization walkthrough

& Read the Dacs

Docs » Welcome to SuperNNova's documentation!

Welcome to SuperNNova's documentation!

SuperN Nova

:+ ¥, oOpen source photometric
’ classification

Getting started

e System configuration

e Environment configuration
e Quickstart guide (GitHub)
e Quickstart guide (pip)

e FAQ

Building the database

e Data walkthrough
e Data documentation

Experiment Configurations

e Hyperparameters
e Experiment Settings

Training models

Avalilable algorithms:

e Recurrent Neural Network
e Bayesian RNNs
e Variational (Gal+2016)

e Bayes by Backprop
(Fortunato+2017)

e Convolutional NN (soon!)

A. Moller
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https://github.com/supernnova/SuperNNova

