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Astrophysics + high performance computing + signal processing
+ databases + machine learning + statistics
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(~0.5 TB / night) & classification & reaction
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Deep Learning

® Model data through multiple levels of abstraction using a hierarchical set of layers



Deep Learning

® Model data through multiple levels of abstraction using a hierarchical set of layers

Deep Learning learns layers of features
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Feed-forward Neural Networks

e Inspired by biological neural networks

e set of interconnected "neurons”
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Feed-torward Neural Networks

e Inspired by biological neural networks

e set of interconnected "neurons”

inp"lts Weights . hidden layer 1 hidden layer 2 hidden layer 3
input layer
output layer
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Deep Learning Architectures
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Deep Learning Architectures
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Deep Learning Architectures
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Convolutional Neural
Networks
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Convolutional Neural
Networks
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Recurrent Neural Networks
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Recurrent Neural Networks
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Variational Autoencoders

H -
It works as a D\ — RN
generative model - <
D/




Astronomy
Applications



CNN: Galaxy Morphologies

* Galaxy Zoo Challenge
2014

* Jop solutions used CNNs

Is the galaxy simply smooth and rounded,
with no sign of a disk?

)

Could this be a disk viewed edge-on?

How rounded is it?
Is there a sign of a bar feature through

e \WWinner: Rotation-invarian oe|=

convolutional Neural = " ]
Networks (Dieleman e re——

et.al., MNRAS, 2015

Does the galaxy have a bulge at its centre?

Is there any sign of a spiral
arm pattern?

How tightly wound do the spiral arms appear? <4—

How prominent is the central bulge,
compared to the rest of the galaxy?

Figure 1. Flowchart of the classification tasks for GZ2, beginning at the top centre. Tasks are colour-coded by their relative depths in
the decision tree. Tasks outlined in brown are asked of every galaxy. Tasks outlined in green, blue, and purple are (respectively) one, two
or three steps below branching points in the decision tree. 'l‘ablo@ describes the responses that correspond to the icons in this diagram.
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» Galaxy Morphologies
« GZ2/SDSS: Dieleman et.al., MNRAS, 2015

Is the galaxy simply smooth and rounded,
with no sign of a disk?

Could this be a disk viewed edge-on?

!

How rounded is it?

n n = l Is there a sign of a bar feature through

Does the galaxy have a bulge at its centre? the centre of the galaxy?

1f so, what shape?

v ceeeeeess P
Is lhere anything odd?
‘ : | .
|

Is there any sign of a spiral
arm pattern?

How prominent is the central bulge,
compared to the rest of the galaxy?

How tightly wound do the spiral arms appear? <4

Is the odd feature a ring, or is the
galaxy disturbed or irregular?

Ll
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Figure 1. Flowchart of the classification tasks for GZ2, beginning at the top centre. Tasks are colour-coded by their relative depths in
the decision tree. Tasks outlined in brown are asked of every galaxy. Tasks outlined in green, blue, and purple are (respectively) one, two
or three steps below branching points in the decision tree. 'l'ab]e[g describes the responses that correspond to the icons in this diagram.
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Astronomy Applications

» Galaxy Morphologies

e GZ2/SDSS: Dieleman et.al., MNRAS, 2015
« CANDELS: Huertas-Company et.al. ApJdS, 2015
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Astronomy Applications

» Galaxy Morphologies
« GZ2/SDSS: Dieleman et.al., MNRAS, 2015
« CANDELS: Huertas-Company et.al. ApJdS, 2015
 Radio: Aniyan & Thorat, APJS, 2017

FRI FRII bent-tail
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Astronomy Applications

« Transient Detection and Classification
« Supernovae detection using CNN: Cabrera-Vives et.al., IICNN, 2016
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Astronomy Applications

« Transient Detection and Classification

« Supernovae detection using CNN: Cabrera-Vives et.al., IICNN, 2016
* Deep-HiTS: Rotation Invariant CNN: Cabrera-Vives et.al., Apd, 2017

180 _2Ne in the 2014 and 2015 campaigns

160/ [ 1 CNN false negatives ||
[ 1 RF false negatives
[ 1 all positives
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Astronomy Applications

« Transient Detection and Classification

« Supernovae detection using CNN: Cabrera-Vives et.al., IICNN, 2016
* Deep-HiTS: Rotation Invariant CNN: Cabrera-Vives et.al., Apd, 2017
* Single-Epoch SN Classification: Kimura et.al., ICDCSW, 2017

[ Band-wise CNNs ]
: . 4
Joint network SNla or not
.

[ Fully connected NN |

Reference = .apsed 5
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Astronomy Applications

« Transient Detection and Classification

« Supernovae detection using CNN: Cabrera-Vives et.al., IICNN, 2016
* Deep-HiTS: Rotation Invariant CNN: Cabrera-Vives et.al., Apd, 2017
* Single-Epoch SN Classification: Kimura et.al., ICDCSW, 2017

« Combining human and CNN: Wright et.al., MNRAS, 2017

Does the source centred in the green crosshairs in the rightmost image
look like a detection of a real supernova?

® Yes

® No

FIELD GUIDE

Need some help with this task?

Show the project tutorial

18



Astronomy Applications

Transient Detection and Classification

« Supernovae detection using CNN: Cabrera-Vives et.al., IICNN, 2016
* Deep-HiTS: Rotation Invariant CNN: Cabrera-Vives et.al., Apd, 2017
* Single-Epoch SN Classification: Kimura et.al., ICDCSW, 2017
 Combining human and CNN: Wright et.al., MNRAS, 2017

* RNN for SN classification: Charnock & Moss, ApdL, 2017
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Astronomy Applications

Transient Detection and Classification

« Supernovae detection using CNN: Cabrera-Vives et.al., IICNN, 2016
* Deep-HiTS: Rotation Invariant CNN: Cabrera-Vives et.al., Apd, 2017
* Single-Epoch SN Classification: Kimura et.al., ICDCSW, 2017
 Combining human and CNN: Wright et.al., MNRAS, 2017

* RNN for SN classification: Charnock & Moss, ApdL, 2017

« Enhanced R.l. CNN for SNe Detection: Reyes et.al., IJCNN, 2018

SNR: 17.896 - Label: SN candidat SNR: 1 896 Label SNca d
Predicted by DH : artifact Predicted by CAP: SN c:
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Astronomy Applications

- Gravitational Waves
 Zevin et.al. 2016; George & Huerta 2017

spectrogram

Normalized Strain
Frequency (Hz)
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Astronomy Applications

- Gravitational Waves
« Zevin et.al. 2016; George & Huerta 2017

« GAN for Deconvolution
e Schawinski et.al., MNRAS, 2017

Data Prep. Training of GAN

Original Image Original Image
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Astronomy Applications

- Gravitational Waves
« Zevin et.al. 2016; George & Huerta 2017

« GAN for Deconvolution
e Schawinski et.al., MNRAS, 2017

original degraded GAN recovered deconvolved

FSE=2.5""100
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Astronomy Applications

- Gravitational Waves
« Zevin et.al. 2016; George & Huerta 2017

« GAN for Deconvolution
e Schawinski et.al., MNRAS, 2017

- Image Differencing using CNN
e Sedaghat & Mahabal, MNRAS, 2017

- . T
[ $ Encoder | Decoder
: e =

! - t = B
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Deep Learning @ @ ALeRCE

1he Present

details in Pablo Estevez talk
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lransient detection

Deep-HITS

rotation invariant CNN

Cabrera-Vives et.al. 2016 & 2017
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lransient detection

Deep-HITS Enhanced Deep-HIiTS

rotation invariant CNN cyclic pooling layer
SNR: 17.896 - Label: SN candidate SNR: 17.896 - Label: SN candidate
PedtdbyDH artifact Pre dtedbyCAP SN candidate

eeeeeeeeeeeeeeeeeeeee

aaaaaaa

nnnnnnnnnnnnnn

(a) (®)

Cabrera-Vives et.al. 2016 & 2017 Reyes et.al. 2018
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L atent variable moaels
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L Ight curves

HITS light-curve
catalogue

Features + Random Forest
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L Ight curves

HITS light-curve Image Sequences
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e Transfer learning

* Tailored models for irregularly sampled light curves
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The future

e Transfer learning
* Tailored models for irregularly sampled light curves

* Novelty detection
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The future

Transfer learning
Tailored models for irregularly sampled light curves
Novelty detection

Generative models (e.g. VAE)
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The future

Transfer learning

Tailored models for irregularly sampled light curves
Novelty detection

Generative models (e.g. VAE)

Visualization tools

Database modeling
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The future is NOW

Zwicky Transient Facility Alert Distribution System Monitor (monitor.alerts.ztf.uw.edu)

System Health
IPAC Connection Disk Available System Load
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/TF alerts: ALeRCE is ready to
distribute!
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"‘ ALeRCE

Automatic Learning for the
Rapid Classification of Events
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/1 alerts: we got data!
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ALeRCE

Automatic Learning for the
Rapid Classification of Events

We are hiring!

e Full time engineer to work for the AleRCE project needed

e Funded by the Millennium Institute for Astrophysics and Center for Mathematical Modeling

® Experience in architecting, integrating, deploying, testing and maintaining computational systems

e Advanced knowledge of Linux system administration, proficiency in scripting languages such as python, good
understanding in compiling software libraries, and skills in integration of software via scripting interfaces are

required.

See http://alerce.science for more details
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summary

* ALeRCE: real-time classification of alert streams (e.gQ.
ZTF, HATPI, LSST)
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 (Classification models, infrastructure, data base,
visualization tools

29



':‘"\'\'f ALeRCE.science

summary

* ALeRCE: real-time classification of alert streams (e.gQ.
ZTF, HATPI, LSST)

 (Classification models, infrastructure, data base,
visualization tools

* Deep Learning: SOTA machine learning models
developed tor ALeRCE
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* ALeRCE: real-time classification of alert streams (e.gQ.
ZTF, HATPI, LSST)

 (Classification models, infrastructure, data base,
visualization tools

* Deep Learning: SOTA machine learning models
developed tor ALeRCE

We are currently able to redistribute alerts
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S u m m a ry ‘7)\,':‘ ALeRCE.science

* ALeRCE: real-time classification of alert streams (e.gQ.
ZTF, HATPI, LSST)

 (Classification models, infrastructure, data base,
visualization tools

* Deep Learning: SOTA machine learning models
developed tor ALeRCE

* We are currently able to redistribute alerts

Coming soon: distribution of labeled alerts
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ALeRCE science

Deep learning In Astronomy and its application to
transient detection within the ALeRCE system

THANK YOU

Guillermo Cabrera-Vives
guillecabrera@inf.udec.cl

Andrew Connolly, Pablo Estévez, Susana Eyheramendi, Francisco Forster, Matthew Graham, Pablo Huijse,
Ashish Mahabal, Juan Carlos Maureira, Karim Pichara, Giuliano Pignata, Pavlos Protopapas, Andrea Rodriguez
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