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THE DATA-DRIVEN ASTRONOMY ERA
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Evolution of keywords frequency in astro-ph papers
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BEFORE 2012....ML WINTER

w CAT?

4 DOG?

TRIVIAL HUMAN TASKS REMAINED
CHALLENGING FOR COMPUTERS



2012+: the deep learning era

grilie musnroom cnerry adagascar ca

vertible agaric dalmatian monkey
grille mushroom grape spider monkey

pickup jelly fungus elderberry titi

beach wagon gill fungus ire bullterrier indri
fire engine | dead-man’s-fingers currant howler monkey

IT HAS BECOME TRIVIAL....



“Incremental Science”

“Potentially New?”

A decade of deep learning, Six years in astronomy...

what type of applications?

1. Deep Learning for low level data processing

2. Deep Learning for galaxy properties

3. Deep Learning for emulation of simulations

4. Deep Learning for assisted discovery

5. Deep Learning for hidden correlations

6. Deep Learning to constrain cosmology

close to standard computer vision applications for
natural images with no or reduced domain specific
content

used to replace existing algorithms with a faster and
more efficient solution

similar to 8 but forward modelling - learning the
galaxy-halo connection

data exploration and visualization of complex
datasets, identification of new objects

properties of galaxies which are not directly
accessible with known observables

bypass summary statistics and constrain models
using all available data



1. Deep Learning for low level data processing

Rare events, valuable to
constrain cosmology.
Future surveys will
increase the samples by
orders of magnitude.

LENS NON-LENS

Jacohs+1]
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“Pre Deep Learning”
Approach

Gavazzi+17




1. Deep Learning for low level data processing

Rare events, valuable to
constrain cosmology.
Future surveys will increase
the samples by orders of

magnitude.
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2. Deep Learning for galaxy properties (inference)
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3. Deep Learning for emulating (cosmological) simulations
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4. Deep Learning for assisted discovery
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4. Deep Learning for assisted discovery
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5. Deep Learning for hidden correlations
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5. Deep Learning for hidden correlations

Hybrid neural network
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6. Deep Learning to constrain cosmology
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How deep learning techniques penetrate the community ?

gt CNNs| Enc. | Gene.| BNNs| RNNs| Trans; GNNs
Application
Data Processing Classification ~ Morphology v’ v’
Strong Lenses Vv'¥
Transients A B
Segmentation v'¥ Br®
Galaxy Properties Photoz v’ v’
Structure v ¥
Stellar Populations | v *
Lensing Vv X v *
Discovery Visualization v’ v’ v’
Outliers v’ v’ v’ v’
Laws V¥
Un-observables Galaxy Evolution v *
Dark Matter v'* e v ¥
Emulation o e B S
Cosmological Model ¥ WA ok

- Supervised

The community uses in general
state-of-the art ML techniques
quickly after they become
popular in the ML community:
Good transfer of knowledge

Unsupervised *

Training with simulations

However, little domain specific

adaptation, in general

Training on simulations is very

common in many applications




Number of Papers

Measuring the impact of deep learning publications for galaxy surveys
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Possible reasons for limited impact




Current Challenges (and possible solutions)

Challenge 1 Small labeled datasets

Solution 1.A Transfer Learning

Solution 1.B Simulated dataset

Solution 1.C Self-supervised learning

Dominguez Sanchez et al. (2019) Samudre et al. (2022)
Lukic et al. (2019)

Jacobs et al. (2017) Vega-Ferrero et al. (2021)
Hayat et al. (2021)

Challenge 2 Uncertainty

Solution 2.A Bayesian approximations
Solution 2.B Density Estimators

Challenge 3 Interpretability

Walmsley et al. (2020) Perreault Levasseur et al. (2017)
Kodi Ramanah et al. (2020)

Solution 3.A Saliency maps and similar

Huertas-Company et al. (2018)

Solution 3.B Symbolic regression

Cranmer et al. (2020)

Challenge 4 Domain Shift

Solution 4.A Transfer Learning

Tuccillo et al. (2018)

Solution 4.A Domain Adaptation

Ciprijanovié et al. (2021)

Challenge 5 Robustness

Solution 5.A Out of distribution detection

Lee & Shin (2022)



Summary: Revolution or Incremental Science?




