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Example: Deep Learning 
Driven by ability to improve 

with large datasets  
Conventional MLPe
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Amount of Data

Large/Deep NN

Driven by large-scale + high-resolution surveys

Credit: SKAO Credit: ESA
SPHEREx 

Credit: NASA, ESA, CSA Credit: ESO

Efficient data reduction 
Automation

Extract more & less biased (?) information 
Data mining

Example: Intensity Mapping

 Lyα emission < 1 billion years after Big Bang

Complementarity to 
previous probes + methods

Learning the Universe: Advances



 Lyα emission < 1 billion years after Big Bang

Astrophysics & Cosmology AI and Computer Vision 

Intensity Mapping  Deep Learning

1D, 2D, 3D treatment pixel-by-pixel

novel 
scientific life 

cycles
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Regressive 

 full-sky multi-line mappings pixel-by-pixel

https://wccftech.com/nvidia-demo-skynet-gtc-2014-neural-
net-based-machine-learning-intelligence/
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https://medium.com/@umerfarooq_26378/from-r-
cnn-to-mask-r-cnn-d6367b196cfd

Learning the Universe: Intensity Mapping (IM)
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The duck example of (Non-)Gaussianity

The duck: highly non-Gaussian The Gaussian duck

randomise phases

Same 2D  
power spectrum

Credit: G. Bernardi

1. Detect the duck (or galaxy, or signature) 
2. Inference (what duck? what properties? what shapes?)

Applications:

parameters "
(size, color, background)
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• Picks up non-Gaussian information  
• Representation learning

Moving on from summary statistics. Why deep learning?
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Learning the Universe: Setting sail to the first galaxies

What properties do the very first stars and galaxies have?

ionisedneutral

3D imaging to track the history of the Universe

21-cm* 3D imaging**

** blue = emission  
red / yellow = absorption

* neutral hydrogen line

reionisation EoR 
‘the last big phase transition’

cosmic dawn CD 
‘first stars and galaxies’

Credits: Planck, ESA

redshift z 7101520

‘Big Bang’ We are here

1

(look-back time)

Ouchi, Ono, Shibuya ‘20

galaxy surveys 
e.g. LAEs at z~6

+ multi-line intensity mapping  
(21cm + Hα, Lyα, OIII, Hβ, CII, ..)

SKA - 21cm signal (neutral hydrogen)

SKA EoR working group, synergies sub-group
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!
‘standard’ 2D CNN, residual (skip connections) ResNet 
LSTM network 
3D CNN:

Inference from 3D tomographic cubes

Various Options:"
- Slicing and treatment with 2D CNN as image 
- Time series (frequency) of co-eval images 
- Full 3D convolution

Moving from 2D to full 3D convolution

Tailor the ‘right’ algorithm

6

Direct likelihood-free inference from 3D tomographic cubes (21cm IM)

[see e.g. Prelogovic+ 
arXiv: 2107.00018, 
Gillet+2019] 
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!
‘standard’ 2D CNN, residual (skip connections) ResNet 
LSTM network 
3D CNN:

Inference from 3D tomographic cubes

Various Options:"
- Slicing and treatment with 2D CNN as image 
- Time series (frequency) of co-eval images 
- Full 3D convolution

Moving from 2D to full 3D convolution

Tailor the ‘right’ algorithm
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Output

ReLu

Convolutional andPooling Layers

Best-performing: simple Conv3D architecture

Direct likelihood-free inference from 3D tomographic cubes (21cm IM)

Database of ~5000 lightcones  
140x140x2350 pix, 1.4 Mpc resolution 
Training (single K80 GPU): ~20min/epoch, ~30 epochs

[see e.g. Prelogovic+ 
arXiv: 2107.00018, 
Gillet+2019] 

Neutsch, Heneka, Brüggen 
MNRAS (2022) 
arXiv:2201.07587
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Direct likelihood-free inference from 3D tomographic mock cubes (21cm IM)
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<latexit sha1_base64="3jTT6B31QG926mLdbg7Pv9ydKdI="></latexit>

(⌦m, ⇣, Tvir, LX, E0, mWDM)

Cosmology

Reionisation

Cosmic Dawn
high E0, difficulty to escape

Directly constrain cosmology, CD & EoR 
astrophysics

Inference from 3D tomographic cubes

Mostly: small scatter, unbiased

arXiv:2201.07587
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Direct likelihood-free inference from 3D tomographic mock cubes (21cm IM)
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<latexit sha1_base64="3jTT6B31QG926mLdbg7Pv9ydKdI="></latexit>

(⌦m, ⇣, Tvir, LX, E0, mWDM)

Cosmology

Reionisation

Cosmic Dawn

~results from other studies 
(e.g. Lyman-forest)

mWDM >4 keV

mWDM !
< 4 keV
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All, except mWDM, robust to increasing 
levels of foreground

red

blue

green

Inference from 3D tomographic cubes

arXiv:2201.07587
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Testing robustness & interpretability
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1) Transfer learning Sims & Mocks
2) Gradient-based saliency maps

{

{

Sim

Mock

<latexit sha1_base64="zzJZrMI2JiRQTWYyZQmEIcc/LQA=">AAAB8nicjVDLSgNBEJz1GeMr6tHLYBA8LbtBNB6EoBePUcwDNmuYncwmQ2ZnlpleISz5DC8eFPHq13jzb5w8DioKFjQUVd10d0Wp4AY878NZWFxaXlktrBXXNza3tks7u02jMk1ZgyqhdDsihgkuWQM4CNZONSNJJFgrGl5O/NY904YreQujlIUJ6Usec0rASsHNXQWfY889qxa7pbLvelPgv0kZzVHvlt47PUWzhEmgghgT+F4KYU40cCrYuNjJDEsJHZI+CyyVJGEmzKcnj/GhVXo4VtqWBDxVv07kJDFmlES2MyEwMD+9ifibF2QQV8OcyzQDJulsUZwJDApP/sc9rhkFMbKEUM3trZgOiCYUbEr/DKFZcf0Tt3J9XK5dzOMooH10gI6Qj05RDV2hOmogihR6QE/o2QHn0XlxXmetC858Zg99g/P2CRJpjyo=</latexit>

R2 = 0.98
<latexit sha1_base64="uwHYXBKw82EzNhhebN5XPoOyHIQ=">AAAB8nicjVDJSgNBEK1xjXGLevTSGARPw0xwPQhBLx6jmAUmY+jp9CRNerqH7h4hDPkMLx4U8erXePNv7CwHFQUfFDzeq6KqXpRypo3nfThz8wuLS8uFleLq2vrGZmlru6FlpgitE8mlakVYU84ErRtmOG2liuIk4rQZDS7HfvOeKs2kuDXDlIYJ7gkWM4KNlYKbuwo6R557dlTslMq+602A/iZlmKHWKb23u5JkCRWGcKx14HupCXOsDCOcjortTNMUkwHu0cBSgROqw3xy8gjtW6WLYqlsCYMm6teJHCdaD5PIdibY9PVPbyz+5gWZiU/DnIk0M1SQ6aI448hINP4fdZmixPChJZgoZm9FpI8VJsam9M8QGhXXP3Yr14fl6sUsjgLswh4cgA8nUIUrqEEdCEh4gCd4dozz6Lw4r9PWOWc2swPf4Lx9Ag3ajyc=</latexit>

R2 = 0.95

<latexit sha1_base64="OvqS+AoNfHV/hyoH0evQFGV7pW8=">AAAB8nicjVDLSgNBEJz1GeMr6tHLYBA8LbtBjRch6MVjFPOAzRpmJ7PJkNmZZaZXCEs+w4sHRbz6Nd78GyePg4qCBQ1FVTfdXVEquAHP+3AWFpeWV1YLa8X1jc2t7dLObtOoTFPWoEoo3Y6IYYJL1gAOgrVTzUgSCdaKhpcTv3XPtOFK3sIoZWFC+pLHnBKwUnBzV8Hn2HOrJ8Vuqey73hT4b1JGc9S7pfdOT9EsYRKoIMYEvpdCmBMNnAo2LnYyw1JCh6TPAkslSZgJ8+nJY3xolR6OlbYlAU/VrxM5SYwZJZHtTAgMzE9vIv7mBRnEZ2HOZZoBk3S2KM4EBoUn/+Me14yCGFlCqOb2VkwHRBMKNqV/htCsuP6pW7k+Ltcu5nEU0D46QEfIR1VUQ1eojhqIIoUe0BN6dsB5dF6c11nrgjOf2UPf4Lx9AgrOjyU=</latexit>

R2 = 0.75
<latexit sha1_base64="yDecIsykYc3LsN8vFwAhV6LBmME=">AAAB9HicjVDLSsNAFL2pr1pfVZduBovgxpCkom6EohuXVewD2lgm00k7dDKJM5NCCf0ONy4UcevHuPNvnD4WKgoeuHA4517u4QQJZ0o7zoeVW1hcWl7JrxbW1jc2t4rbO3UVp5LQGol5LJsBVpQzQWuaaU6biaQ4CjhtBIPLid8YUqlYLG71KKF+hHuChYxgbST/5s5D5+gIObZXLnSKJdd2pkB/kxLMUe0U39vdmKQRFZpwrFTLdRLtZ1hqRjgdF9qpogkmA9yjLUMFjqjys2noMTowSheFsTQjNJqqXy8yHCk1igKzGWHdVz+9ifib10p1eOZnTCSppoLMHoUpRzpGkwZQl0lKNB8ZgolkJisifSwx0aanf5ZQ92z3xPauj0uVi3kdediDfTgEF06hAldQhRoQuIcHeIJna2g9Wi/W62w1Z81vduEbrLdPwziPfw==</latexit>

R2 = �0.23

‘transitions’ also seen for Fisher forecasts: 
Heneka & Amendola 2018!
Liu, Heneka, Amendola 2020

(✔)

✔ ✔

✗

Mock -> SimSim -> Mock

✔ Robust to foregrounds & systematics arXiv:2201.07587
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Moving on from summary statistics. Why deep learning?

The duck example of (Non-)Gaussianity

The duck: highly non-Gaussian The Gaussian duck

randomise phases

Same 2D  
power spectrum

duck!

duck?

Credit: G. Bernardi

1. Detect the duck (or galaxy, or signature) 

Applications:
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• Picks up non-Gaussian information  
• Representation learning
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The challenging HI sources:"
!
- low S/N"
- small spatial size"
- systematics

Goal is both source finding and characterisation"
& test for new SKAO Regional Data Centers

Composite MeerKAT dishes and observations. 
Credit: South African Radio Astronomy Observatory (SARAO)

SKA -  
The Square Kilometre Array 

An international effort to build the 
world’s largest radio telescope 

!
Expected data rate in full 
operation: 1 TB/s 
!
Key science goals include: 
Galaxy Evolution, Reionisation, 
Cosmology, Astroparticles

Credit: https://sdc2.astronomers.skatelescope.org/sdc2-challenge/data

The brightest  
HI source

+ Gaussian filtering
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5 mJy

frequency [GHz]

Detection in 3D: SKA Science Data Challenge
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Machine learning and deep learning come together?

Pitfalls & Take-aways:"
- Pre-processing, noise model(s) 
- High sparsity 
- Choice of training set 

self-supervised"
- Multi-step and/or ensemble decision"
!

50:50 tp:fp

DL source detection & characterisation:"
!
!

Team: Michelle delli Veneri, Andrew Soroka, 
Bernardo Fraga, Fedor Gobanov, Clecio de Bom, 
Alex Meshcheryakov

Detection in 3D: SKA Science Data Challenge
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Why deep learning?

The duck example of (Non-)Gaussianity

The duck: highly non-Gaussian The Gaussian duck

randomise phases

Same 2D  
power spectrum

duck!

duck?

Credit: G. Bernardi

1. Detect the duck (or galaxy, or signature) 

Applications:
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• Picks up non-Gaussian information  
• Representation learning

duck! classify.
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Building a classifier for 4MOST  - Classification IWG9

- Basic target classification. 
Classes: star, galaxy, AGN, quasar, .. 

- Galactic & extragalactic source classification.  
Sub-classes matching L2 sub-pipeline!

! galactic: FGKM, OBA, WD sub-pipelines 
! supplement to metadata based decision  

- Feedback on a) targets, b) ‘unknown’ class"
" Currently set-up:  
! 4MOST explorer t-SNE  
! (Gregor Traven, Gal Matijevic) 
! arXiv: 1612.02242

Probabilistic multiclassifier

Probabilistic multiclassifier II !
(sub-classes)

a) match with expectation!
b) clustering, dimensionality reduction

also: lowres vs. highres 
(low S/N vs. high S/N)

Classification in 1D: Spectroscopy

Goal: Data-driven classification layer between L1 and L2 pipelines

• 5-year survey!
• wide-field, fibre-fed, optical spectroscopy!
• on ESO’s 4-m-class telescope VISTA !
• 2.5-degree diameter field-of-view, 2436 fibres!
• HRS R ≈ 18000 – 21000, LRS R ≈ 4000 – 7500!
• 20mio. (LRS), 3mio. (HRS) sources

Credit: ESO

https://www.4most.eu
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Training sets 
(not connected  

to daily data-flow, 
but subject to updates)

Convolutional network"
Random Forest 

Support Vector Machine  
Logistic Regression!

Gaussian Naive Bayes

Advantage:!
- complements template-based approaches!
- once trained, extremely fast evaluation!
- transfer of learning - training on archival data

2 convolutional + 2 dense  
Currently: softmax-output!
Ongoing: ‘true’ probablistic

Classification in 1D: Spectroscopy

Benchmark tests with SDSS spectra

A supervised classifier (to start with) relies on ‘good’ training data..!
Classification working group was re-activated in 2021, 
under discussion: focus sub-group for training data!
!
Options: 
SDSS, SDSS superset, GALAH, APOGEE, WEAVE (start ‘22) 
templates / synthetic spectra, OpR simulated spectra
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caroline.heneka@uni-hamburg.de

Learning the Universe from 3D to 1D

Main take-aways:!
!
• Exploit techniques and methods such as intensity mapping and deep learning!
•  Avenue to jointly constrain astrophysics and cosmology (at Cosmic Dawn and Reionization)!
• ..and more: exploit synergies and complementarity with e.g. galaxy surveys!
!
!
!
Ongoing:  

• Public on Github: !
• Test of posterior estimate, probabilistic inference!
• Test on data from e.g. SKA precursors!

Thank you!

Interesting open questions: "
When does ML improve over ‘traditional’ methods?!
What needs to be done in terms of architecture,!
reproducibility, interpretability?!
Training data vs. self-supervised?!
Knowledge of uncertainties (epistemic & aleatoric) 

Goals: "
Map-based approach to astrophysics 
Representation learning  
Beyond summary ‘let the net choose’  
Automated, fast, effective  
New signatures?!
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