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How will Astronomy and Astrophysics advance in coming years?

Data Science
‘ML + AI Astrophysics’

Data Mining
Computational + Simulations

Understanding
Learn about evolution of structures

across cosmic time and scales

Survey Data
Large-scale structure

High-resolution
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Where we stand: Data revolution and cosmic evolution

z ~1100 6 2 0

We are here!
D = 28 Gpc

Our goal:
Learn about astrophysical & cosmological evolution

across cosmic time and scales

Understanding
Cosmic evolution

Toolkit
AI astro

Data
Surveys

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste
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Where we stand: Data revolution and cosmic evolution

z ~1100 6 2 0

JWST, HST

‘small galaxy surveys’ , wide-field line mapping

SKA-Low SKA-Mid

large galaxy surveys

Euclid, DESI

We are here!
D = 28 Gpc

4MOST, Gaia

Our goal:
Learn about astrophysical & cosmological evolution

across cosmic time and scales

Understanding
Cosmic evolution

Toolkit
AI astro

Data
Surveys
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… what does 80% of the observable Universe mean?
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Advances in Data Science, for Science 

Learn about astrophysical & cosmological evolution
across cosmic time and scales

… types of data

… datarates, scales, signal-to-noise

* non-comprehensive list

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste
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Why ML/DL for Astrophysics?
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Where we stand: ML and AI for Astronomy and Astrophysics

We need a versatile ML/AI toolkit, for:

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste
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Where we stand: ML and AI for Astronomy and Astrophysics

We need a versatile ML/AI toolkit, for: Examples:

Few sec: Classification 40.000 spectra


Few sec: 7-parameter inference ~100MB cube

Few sec: detection, segmentation & flux 


measurement O(100-1000) sources

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste
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Survey Data
Large-scale structure

High-resolution

Data Science
‘ML + AI Astrophysics’

Data Mining
Computational + Simulations

Understanding
Learn about evolution of structures

across cosmic time and scales

How will Astronomy and Astrophysics advance in coming years?

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste
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Astronomical and Astrophysical Machine Learning

Simulations
& Modelling

Observations

In practice: From pyramid to cycle New
Scientific Life Cycles

Inference

Toolkit*

Toolkit*

Toolkit*

*The Toolkit: Statistics, Machine & Deep Learning, Data Mining 

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste



14

z ~1100 6 2 0

JWST, HST

‘small galaxy surveys’ , wide-field line mapping

2b) SKA-Mid

large galaxy surveys

2a) Euclid, DESI

We are here!
D = 28 Gpc

1) 4MOST, Gaia

Highlights in this Lecture 

1) Classification / Triggering

2) Source detection & characterisation

3) Simulation-based inference (SBI) in 3D

4) Generative methods

5) Data-driven Discovery

3), 4) Intensity Mapping (SKA-Low)

5) Data-driven Discovery?

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste

Astronomical and Astrophysical Machine Learning
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z ~1100 6 2 0

JWST, HST

‘small galaxy surveys’ , wide-field line mapping

2b) SKA-Mid
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D = 28 Gpc
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Highlights in this Lecture 
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Simulations 
& Modelling

Observations

Inference
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Astronomical and Astrophysical Machine Learning
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1) Classification and triggering for large astronomical surveys

4MOST: On-the-fly classification of spectra (1D)

Goal: Data-driven classification pipeline layer (galactic & extragalactic sources) 

Classification infrastructure working group, led by: N. Napolitano & C. Heneka

@SDSS

Benchmark with
SDSS archival spectra:

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste

See also our tutorial!
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1) Classification and triggering for large astronomical surveys

4MOST: On-the-fly classification of spectra (1D)

Goal: Data-driven classification pipeline layer (galactic & extragalactic sources) 

Classification infrastructure working group, led by: N. Napolitano & C. Heneka

@SDSS

Benchmark with
SDSS archival spectra:

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste

Galactic vs. Extragalactic
See also our tutorial!
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1) Classification and triggering for large astronomical surveys

4MOST: On-the-fly classification of spectra (1D)

Goal: Data-driven classification pipeline layer (galactic & extragalactic sources) 

Classification infrastructure working group, led by: N. Napolitano & C. Heneka

For class:
Convolutional
network variants

For class uncertainties:
Bayesian neural networks 
and contrastive learning 

++ competitive with template fitting

Zhong, Napolitano, Heneka+ arXiv:2311.04146Probabilistic multi-classifier

Examples:

Few sec: Classification 40.000 spectra 

Few sec: 7-parameter inference ~100MB cube

Few sec: detection, segmentation & flux 


measurement O(100-1000) sources

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste
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z ~1100 6 2 0

JWST, HST

‘small galaxy surveys’ , wide-field line mapping

2b) SKA-Mid

large galaxy surveys

2a) Euclid, DESI

We are here!
D = 28 Gpc

1) 4MOST, Gaia

Highlights in this Lecture 

1) Classification / Triggering

2) Source detection & characterisation 
3) Simulation-based inference (SBI) in 3D

4) Generative methods

5) Data-driven Discovery

3), 4) Intensity Mapping (SKA-Low)

5) Data-driven Discovery?

Simulations 
& Modelling

Observations

Inference

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste

Astronomical and Astrophysical Machine Learning
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2a) The deblending problem

Example: Optical source detection & characterisation

Boucaud, Huertas-Company, Heneka+ 20, 
arXiv:1905.01324

coindeblend

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste
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2a) The deblending problem

Example: Optical source detection & characterisation

Boucaud, Huertas-Company, Heneka+ 20, 
arXiv:1905.01324

coindeblend
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22

2a) The deblending problem

Example: Optical source detection & characterisation

Boucaud, Huertas-Company, Heneka+ 20, 
arXiv:1905.01324

coindeblend
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2a) The deblending problem

Example: Optical source detection & characterisation

Boucaud, Huertas-Company, Heneka+ 20, 
arXiv:1905.01324

coindeblend
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2a) The deblending problem

Example: Optical source detection & characterisation

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste



25Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste

2a) The deblending problem



Baseline fitting

Baseline fittingNetwork (CNN variant)

26

2a) Optical source detection and characterisation

Boucaud, Huertas-Company, Heneka+ 20

coindeblend

For irregular 
shapes

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste



Baseline fitting

Baseline fittingNetwork (CNN variant)
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2a) Optical source detection and characterisation

Boucaud, Huertas-Company, Heneka+ 20

coindeblend

..and do so 
bias-free

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste
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2a) Optical source detection and characterisation

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste
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z ~1100 6 2 0

JWST, HST

‘small galaxy surveys’ , wide-field line mapping

2b) SKA-Mid

large galaxy surveys

2a) Euclid, DESI

We are here!
D = 28 Gpc

1) 4MOST, Gaia

Highlights in this Lecture 

1) Classification / Triggering

2) Source detection & characterisation 
3) Simulation-based inference (SBI) in 3D

4) Generative methods

5) Data-driven Discovery

3), 4) Intensity Mapping (SKA-Low)

5) Data-driven Discovery?

Simulations 
& Modelling

Observations

Inference

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste

Astronomical and Astrophysical Machine Learning
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The Square Kilometre Array (SKA) in one slide
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The Square Kilometre Array (SKA) in one slide
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2b) Radio source detection and characterisation

Example: Source detection in 3D tomographic data

Hartley+ 23 (incl. Heneka), arXiv:2303.07943

Heneka 23, arXiv:2311.17553

@SKAO
Credit: SKAO, SDC2

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste
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2b) Radio source detection and characterisation

Example: Source detection in 3D tomographic data

Hartley+ 23 (incl. Heneka), arXiv:2303.07943

Heneka 23, arXiv:2311.17553

Network model: 
3D U-Net

Uncertainty?

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste
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z ~1100 6 2 0

JWST, HST

‘small galaxy surveys’ , wide-field line mapping

2b) SKA-Mid

large galaxy surveys

2a) Euclid, DESI

We are here!
D = 28 Gpc

1) 4MOST, Gaia

Highlights in this Lecture 

1) Classification / Triggering

2) Source detection & characterisation

3) Simulation-based inference (SBI) in 3D 
4) Generative methods

5) Data-driven Discovery

3), 4) Intensity Mapping (SKA-Low)

5) Data-driven Discovery?

Simulations 
& Modelling

Observations

Inference

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste

Astronomical and Astrophysical Machine Learning



1), 2) Intensity Mapping (SKA-low)

4) 4MOST

3) SKA-mid

3) Simulation-based inference (SBI) for intensity mapping (3D)

21cm signal 

a tracer of neutral hydrogen:
Why care?

Tomography of >80% of the Universe

35Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste



1), 2) Intensity Mapping (SKA-low)

4) 4MOST

3) SKA-mid

21cm signal 

a tracer of neutral hydrogen:
Why care?

Tomography of >80% of the Universe

36Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste

3) Simulation-based inference (SBI) for intensity mapping (3D)



Why care?

Tomography of >80% of the Universe

Square Kilometre Array - true ‘Big Data’

non-linear, non-Gaussian signal

1), 2) Intensity Mapping (SKA-low)

4) 4MOST

3) SKA-mid

Move to full likelihood inference with networksExpected data SKA rate: 

TB/s, few EB/day

Archive: ~700 PB/yr 

@SKAO

37Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste

3) Simulation-based inference (SBI) for intensity mapping (3D)
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?

Schosser, Heneka, Plehn, arXiv:2401.04174
Neutsch, Heneka, Brüggen (2022), arXiv:2201.07587 

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste

3) Simulation-based inference (SBI) for intensity mapping (3D)
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SBI with flows/cINN
based on BayesFlow
(arXiv:2003.06281)

3D-21cmPIE-Net (public)
Neutsch, Heneka, Brüggen (2022) 

arXiv:2201.07587 

21cm-cINN (public when published)

Schosser, Heneka, Plehn, arXiv:2401.04174

+

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste

3) Simulation-based inference (SBI) for intensity mapping (3D)
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NN1: Dimension reduction

NN2: Learning of distribution

21cmFast
(Simulator)

21cm light cone

Model 
Parameters

(Prior)

Summary Vector

Base
Distribution

Model 
Parameters
(Posterior)

Training Inference

Summary Vector

Observed / simulated 
21cm light cone

Future 
SKA

Base
Distribution!! !̅! 

ℎ" ℎ"

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste

3) Simulation-based inference (SBI) for intensity mapping (3D)
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NN1: Dimension reduction

NN2: Learning of distribution

Network Model:

NN2: Invertible Network

NN1: 3D-CNN

21cmFast
(Simulator)

21cm light cone

Model 
Parameters

(Prior)

Summary Vector

Base
Distribution

Model 
Parameters
(Posterior)

Training Inference

Summary Vector

Observed / simulated 
21cm light cone

Future 
SKA

Base
Distribution!! !̅! 

ℎ" ℎ"

3D-21cmPIE-Net (public)
21cm-cINN (public when published)Neutsch, Heneka, Brüggen (2022) 

arXiv:2201.07587 Schosser, Heneka, Plehn, arXiv:2401.04174

Small networks, 
comparably few parameters
= fast training and convergence

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste

3) Simulation-based inference (SBI) for intensity mapping (3D)
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Summary vector versus summary statistics:
Free adjustment with scheduled training
= move away from ‘parameter interpretation’ of vector

Sim: Summary stays close to original
Mock: Heavy adjustment of summary vector

Key difference between Sim and Mock:

We profit from learned summary 
in presence of noise (more).

Schosser, Heneka, Plehn, arXiv:2401.04174

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste

3) Simulation-based inference (SBI) for intensity mapping (3D)



43

Performance validation via:

• Distribution of latent variables

• Simulation-based calibration

• Parameter recovery

Uniform distribution

Self-consistent sampling

Check Posterior vs. True label

Schosser, Heneka, Plehn, arXiv:2401.04174

Caroline Heneka, 30.05.2024, EuCAIconf, Networks Learning the Universe

3) Simulation-based inference (SBI) for intensity mapping (3D)
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Performance validation via:

• Distribution of latent variables

• Simulation-based calibration

• Parameter recovery

Uniform distribution

Self-consistent sampling

Check Posterior vs. True label

Likelihood contours:

Explore any model in prior range!

+ similar performance 
Mock vs. Sim 

    (except for E0)

Schosser, Heneka, Plehn, arXiv:2401.04174

Caroline Heneka, 30.05.2024, EuCAIconf, Networks Learning the Universe

3) Simulation-based inference (SBI) for intensity mapping (3D)



45

Performance validation via:
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Performance validation via:

• Distribution of latent variables

• Simulation-based calibration

• Parameter recovery

Uniform distribution

Self-consistent sampling
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Likelihood contours:
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Mock vs. Sim 

    (except for E0)

Schosser, Heneka, Plehn, arXiv:2401.04174
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3) Simulation-based inference (SBI) for intensity mapping (3D)
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SBI with flows/cINN
based on BayesFlow
(arXiv:2003.06281)

3D-21cmPIE-Net (public)
Neutsch, Heneka, Brüggen (2022) 

arXiv:2201.07587 

21cm-cINN (public when published)

Schosser, Heneka, Plehn (2024), arXiv:2401.04174

+

‘Optimal, fast, and robust inference of reionization-era cosmology with the 21cmPIE-INN'

Explore any model 
in prior range!

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste

3) Simulation-based inference (SBI) for intensity mapping (3D)
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z ~1100 6 2 0

JWST, HST

‘small galaxy surveys’ , wide-field line mapping

2b) SKA-Mid

large galaxy surveys

2a) Euclid, DESI

We are here!
D = 28 Gpc

1) 4MOST, Gaia

Highlights in this Lecture 

1) Classification / Triggering

2) Source detection & characterisation

3) Simulation-based inference (SBI) in 3D

4) Generative methods 
5) Data-driven Discovery

3), 4) Intensity Mapping (SKA-Low)

5) Data-driven Discovery?

Simulations 
& Modelling

Observations

Inference

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste

Astronomical and Astrophysical Machine Learning
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3) Generative methods for simulation

Reionization simulations are costly

Is there a fast way to emulate whole simulations?
Simulation 

Cost
Hydrodynamical

+ Radiative transfer

Semi-numerical

Semi-analytical

Empirical scaling

Example: Lyman-alpha

Multi-line  
modelling
Heneka+17


Heneka, Mesinger 20

Heneka, Cooray 21

Hutter, Heneka+23

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste
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3) Generative methods for simulation

Reionization simulations are costly … and model a rich signal

Is there a fast way to emulate whole simulations?
Simulation 

Cost
Hydrodynamical

+ Radiative transfer

Semi-numerical

Semi-analytical

Empirical scaling

Example: Lyman-alpha to 21cm

Multi-line  
modelling
Heneka+17


Heneka, Mesinger 20

Heneka, Cooray 21

Hutter, Heneka+23

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste
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3) Generative methods for simulation (of the 21cm signal)

Our DL solution: Generation of slices of the 21cm brightness temperature using diffusion models

xHI

Z

Range of reionization 
models the network is 

trained on

Credit: Lara Alegre (Postdoc @ ITP) 

Ho et al. 2020

xHI

Reionization simulations are costly

Is there a fast way to emulate whole simulations?

Trained on 21cmFAST 
(Mesinger+12, Murray+20)

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste
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z ~1100 6 2 0

JWST, HST

‘small galaxy surveys’ , wide-field line mapping

2b) SKA-Mid

large galaxy surveys

2a) Euclid, DESI

We are here!
D = 28 Gpc

1) 4MOST, Gaia

Highlights in this Lecture 

1) Classification / Triggering

2) Source detection & characterisation

3) Simulation-based inference (SBI) in 3D

4) Generative methods

5) Data-driven Discovery

3), 4) Intensity Mapping (SKA-Low)

5) Data-driven Discovery?

Simulations 
& Modelling

Observations

Inference

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste

Astronomical and Astrophysical Machine Learning
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5) Already now: Data-driven discovery

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste
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5) Already now: Data-driven discovery

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste
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5) Already now: Data-driven discovery

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste
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5) Already now: Data-driven discovery

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste
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5) Already now: Data-driven discovery

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste

Introspection via:


- Attribution, one-by-one retraining


- SHAP values (Shapley Additive exPlanations)


- Principal Component Analysis (PCA)


- Correlation strengths
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Summary: Where we stand

Simulations
& Modelling

Observations
& Data

Inference
& Analysis

Data-driven Discovery 
In astronomy & astrophysics

Goal: Understanding & discovery

Simulation
Produce large range of 
reionization topologies

Detection & Characterisation 
Unbiased measurements from 
diverse sources (galaxies)

Classification 
Online classifier and triggering

Inference
SBI in 3D from non-Gaussian 

tomographic data

Select publications: 
Neutsch, Heneka, Brüggen 22, arXiv:2201.07587  
Schosser, Heneka, Plehn, arXiv:2401.04174 
Hartley+ 23 (incl. Heneka), arXiv:2303.07943 
Heneka 23, arXiv:2311.17553 
Boucaud, Huertas-Company, Heneka+ 20, arXiv:1905.01324 
Zhong, Napolitano, Heneka+24,  arXiv:2311.04146

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste
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Simulations
& Modelling

Observations
& Data

Inference
& Analysis

Data-driven discovery 
In astronomy & astrophysics

Goal: Understanding & discovery Novel
Scientific Life Cycles

Online

Triggering

Transfer

Data-

Simulation


Gap

Active 

Learning

Optimal 

Summaries

Foundational

eXplainable 

AI

Self-supervised

(Masked,


Contrastive, ..)

Representation

Learning

‘What will bring our community forward’

Research plans: Where we are going

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste
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Generation & modelling

Mock observations LoTSS maps

LOFAR observations

3) Inference + jackknife + MCMC
<latexit sha1_base64="kVdtSnhx9LOu18VaWG1lZeATu7o=">AAAB+3icbVC7TsMwFHV4lvIKZWSxqJCYqgShwljRhbFI9CG1IXJcJ7VqO5HtIKoov8LCAEKs/Agbf4PTZoCWI1k6Oude3eMTJIwq7Tjf1tr6xubWdmWnuru3f3BoH9V6Kk4lJl0cs1gOAqQIo4J0NdWMDBJJEA8Y6QfTduH3H4lUNBb3epYQj6NI0JBipI3k27W2PyKMPYw40hPJsyjKfbvuNJw54CpxS1IHJTq+/TUaxzjlRGjMkFJD10m0lyGpKWYkr45SRRKEpygiQ0MF4kR52Tx7Ds+MMoZhLM0TGs7V3xsZ4krNeGAmi4hq2SvE/7xhqsNrL6MiSTUReHEoTBnUMSyKgGMqCdZsZgjCkpqsEE+QRFibuqqmBHf5y6ukd9Fwm43m3WW9dVPWUQEn4BScAxdcgRa4BR3QBRg8gWfwCt6s3Hqx3q2PxeiaVe4cgz+wPn8AXpuUrg==</latexit>

Cgg
`

1) simulations, 
mock catalogues + 
empirical relations

Augmentation, semi-supervised,

importance weighing

Simulation-based inference

Comparison to ‘random mocks’

Currently:

Optimal 

Summaries

2) Transfer

Data-

Simulation


Gap

Foundational

?

Example: Robust Foundational models for inference

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste
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Research plans: where we are moving towards

ML/DL/AI has come to stay when dealing with astronomical data.

Use data from astronomical surveys for data-driven discovery.

ML/AI

Novel
Scientific 

Life Cycles

Based on 
foundational models

Goals: 
Map-based, multi-channel, ‘3D’ 

approach to astrophysics

Representation learning, beyond summaries

Automated data mining, anomaly search

New signatures & discovery

Outcomes: 
Fast and expressive simulators

Reliable error estimates & inference

Interpretability

Active interaction and learning 

‘human in the loop’

New signatures & discovery

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste
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Summary and conclusions

Thank you for your attention! 

Astronomy & Astrophysics as ideal 
‘playground’ for DL-driven discovery 

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste

Thank you for your attention! heneka@thphys.uni-heidelberg.de

Some advertisement:

We have ‘endless’ open-source 


public data
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