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Supernova Cosmology

Measuring the accelerated expansion of the Universe
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Supernova Cosmology

2. photometry
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Type Ia Supernovae — how to identify them?
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Supernova Cosmology

2. photometry

1, detection
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Big Data (in astronomy) — Large Scale Sky Surveys

year e / 2 million alerts/day
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ML for Supernova classification

Traditional strategy

Pre-processing

Dimensionality Reduction

Classifier

Parametric

fit



ML for Supernova classification

The Supernova Photometric Classification Challenge

Kessler et al,, 2010, PASP, Volume 122, Issue sdg, pp. 1415
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Spectroscopy

High qualit
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methods do not
extrapolate!
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ML for Supernova classification

Representativeness

Samples: Bl train (spec) Il target (photo)
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From COIN Residence Program #4, Ishida et al., 2018 — in prep 10

The Data: post-SNPCC simulations — Kessler et al., 2010



ML for Supernova classification

Representativeness

Spec (train) Photo (target)

SN type

Ibc

Sample

From COIN Residence Program #4, Ishida et al., 2018 — in prep 1

The Data: post-SNPCC simulations — Kessler et al., 2010



ML for Supernova classification

Representativeness
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The Data: post-SNPCC simulations — Kessler et al., 2010



How to construct

optimal training
samples ?




Active Learning

or Optimal Experimental Design

*Can machines learn with fewer labeled training instances
it they are allowed to ask guestions?
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Active Learning in Astronomy

the case for Supernova Classification
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Active Learning in Astronomy

the case for Supernova Classification

Full sample - full LC

Strategy — Current Passive learning = Uncertainty sampling = QBC
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Active Learning in Astronomy

the case for Supernova Classification
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Active Learning in Astronomy
the case for Supernova Classification

Full sample - epoch < +5 days since maximum - Batch 20

Strategy = Vanilla Passive learning =+ N-least certain = Semi-supervised
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Active Learning in Astronomy
the case for Supernova Classification

Full sample - 5d - Time domain
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Summary
Active

Learning
designed for
astronomical data

What we need

CHow do we optimize
machine learning results
What we have with a minimum number
of labeled
Training instances?*
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COIN

Cosmostatistics Initiative

https.//github.com/COINtoolbox
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Extra slides
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Big Data — Machine Learning

Probably
Hanging Out

Watch Out!

Credit: Stan Bileschi - CBCL

http://www.nviso-insights.com/en
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sackaround: ACtIVE Learning in Astronomy

ACTIVE LEARNING TO OVERCOME SAMPLE SELECTION BIAS: APPLICATION
TO PHOTOMETRIC VARIABLE STAR CLASSIFICATION

Josepa W. RictArDs! 2. DAN L. STARR!. HENRIK BRINK". ADAM A. MILLER!. JosHUA S. BLoom!.

NATHANIEL R. BUTLER!. J. BERIAN JaMES! 3. JamESs P. LoNnG2. AND JoHN RicE?

Supervised classification THE ASTROPHYSICAL JOURNAL, 744:192 ( lgpp ), 2012 JI-I]]UEI['}-’ 10
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COIN products

Rafael S. de Soyza Alberto Krone-Martins Emille E. O. Ishida
(head) - statistics astrometry SN cosmology

60 researchers from 15 countries
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inference for cosmology Cpmm— CosmoABC  Ishida et al., 2015
DRACULA Sasdelli et al., 2016
AGNlogit de Souza et al., 2016
PhotoZ Beck et al., 2017

AGNgmm de Souza et al., 2017

DRACULA

Dimensionality Reduction And
Clustering for Unsupervised
Learning in Astronomy
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¢ 1 CosmoPhotoZ de Souza et al., 2014,
2 AMADA de Souza & Ciardi, 2015
3 CosmoABC Ishida et al., 2015
s 4 DRACULA Aguena et al., 2015
+ 1 galaxy cafalog
+ 1 GMM tutorial
COIN products are open source! + 2 photoz catalogs

Infographic by Rafael S. de Souza
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