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Deep Learning
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http://engineering.electrical-equipment.org/
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Convolutional Neural 
Networks
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Recurrent Neural Networks
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Variational Autoencoders
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Variational Autoencoders
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Variational Autoencoders

μ
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It works as a  
generative model
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Astronomy 
Applications
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CNN: Galaxy Morphologies

• Galaxy Zoo Challenge 
(2014) 

• Top solutions used CNNs 

• Winner: Rotation-invariant 
convolutional Neural 
Networks (Dieleman 
et.al., MNRAS, 2015)
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Astronomy Applications
• Galaxy Morphologies

• GZ 2 / SDSS: Dieleman et.al., MNRAS, 2015
• CANDELS: Huertas-Company et.al. ApJS, 2015
• Radio: Aniyan & Thorat, APJS, 2017 

FRI                                           FRII                                  bent-tail
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• Gravitational Waves

• Zevin et.al. 2016; George & Huerta 2017

spectrogram
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Astronomy Applications
• Gravitational Waves

• Zevin et.al. 2016; George & Huerta 2017

• GAN for Deconvolution
• Schawinski et.al., MNRAS, 2017

• Image Differencing using CNN
• Sedaghat & Mahabal, MNRAS, 2017
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Deep Learning  @      ALeRCE 

The Present 
details in Pablo Estevez talk 
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Transient detection
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Transient detection

Cabrera-Vives et.al. 2016 & 2017

Deep-HiTS
rotation invariant CNN
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Transient detection

Cabrera-Vives et.al. 2016 & 2017

Deep-HiTS
rotation invariant CNN

Reyes et.al. 2018

Enhanced Deep-HiTS
cyclic pooling layer
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Latent variable models

Huijse et.al. 2018
Astorga et.al. 2018
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Latent variable models

Huijse et.al. 2018
Astorga et.al. 2018
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Light curves
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Light curves

Variable / non-
Variable

Martínez et.al. AJ, 
accepted

non-Periodic

Periodic

HiTS light-curve 
catalogue

Features + Random Forest
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Light curves

Variable / non-
Variable

Martínez et.al. AJ, 
accepted

non-Periodic

Periodic

HiTS light-curve 
catalogue

Features + Random Forest

Image sequences
Convolutional recurrent NN

Carrasco-Davis et.al. submitted
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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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ZTF alerts: ALeRCE is ready to 
distribute!
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ZTF alerts: we got data!
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We are hiring!
● Full	time	engineer	to	work	for	the	AleRCE	project	needed	

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

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

● 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	

!28
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Summary
• ALeRCE: real-time classification of alert streams (e.g. 

ZTF, HATPI, LSST) 

• Classification models, infrastructure, data base, 
visualization tools

• Deep Learning: SOTA machine learning models 
developed for ALeRCE

• We are currently able to redistribute alerts

• Coming soon: distribution of labeled alerts
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