Early Classification of Explosive Transients using Deep Learning

Daniel Muthukrishna'*, Gautham Narayan?, Kaisey Mandel*3, Rahul Biswas®*, Renee HlozZek>

Institute of Astronomy, University of Cambridge. *Space Telescope Science Institute, Baltimore. >StatsLab, DPMMS, University of Cambridge.
“The Oskar Klein Centre for CosmoParticle Physics, Department of Physics, Stockholm University.
°Department of Astronomy and Astrophysics & Dunlap Institute, University of Toronto.

*daniel.muthukrishna@ast.cam.ac.uk

Paper submitted to PASP. Go to https://www.ast.cam.ac.ukR/~djm241/rapid
for an audio description of this poster and for figure animations.

Introduction

Deep
Learning

Preprocessing Input Matrix
Z: Training Set

B The Zwicky Transient Facility (ZTF) and the
Large Synoptic Survey Telescope (LSST) are ex-

T . Light Curves I o NN | S |
pected to observe millions of new transients W mows g . r o
as multi-wavelength time series light curves. Sotection = ' 3 T |
. L e —>
B To meet this demand, we present RAPID (Real- T MWDust  Survey oa b bl mm 1 . ,
time Automated Photometric IDentification), Clasees p=2 » “ 'MW | “lﬁ _1| ClassiMatrix .
a novel time-series classification tool capable passbands . L | Pre'eiﬁl:ff;'f!j::: 3 A
of automatically identifying transients from DaySSI“Cthlgff<festm}@_|_’S:'Nb.ZZ N ,_,
within a day of the initial alert, to the full life- Simulations it Giess . =;(:+=1)= L, Measure

time of a light curve.

DE*: Performance

Example light curves The RNN is trained on 60% of the dataset and is validated on the remaining
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The performance of the classifier on the validation set at an early and late time
in the light curve is shown in the confusion matrices and ROC curves below.
Some transient classes are embargoed for the PLAsTICC science challenge.
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(https://antares.noao.edu). See session 214.05 for more details.



