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Interpreting Cosmological
Large Scale Structure 

With Data Science



Astronomy is the ideal 
sandbox for data science.

• Minimal privacy concerns.
• Culture of sharing data.
• Well-posed questions.
• Public interest and support.
• Data are non-monetizable. (read: worthless)



How can cosmological measurements be 
improved with modern data science 
techniques? 



ΛCDM Cosmological Model

Image credit:  ESA/Planck



Large Scale Structure

Image and Movie Credit:  Andrey Kravtsov

This example simulation is “N-body” – it models dark matter – but we 
see galaxies, which are (biased) tracers of the dark matter large scale 
structure.



Constraining ΛCDM with Large Scale Structure

Garrison, Eisenstein, & Pinto 2019

• Spatial distribution and 
clustering of galaxies    
(via the power spectrum) 

• Cosmic shear
• Baryon acoustic 

oscillations
• Abundance of galaxy 

clusters 



ΛCDM Cosmological Model

Image credit:  ESA/Planck



Tensions in the current cosmological model: 
H0 (early vs. late Universe)

Wong+ 2019



Hildebrandt+ 2017





Tensions in the current cosmological model: 
S8 (CMB vs. LSS)

Ntampaka+ 2019b



Big Idea:
1.  There is a tension in S8. 2.  Can we use data science 

to move beyond simplifying 
assumptions and address 
this tension?



How can cosmological measurements 
be improved with modern data science 
techniques? 
1. Improve cluster mass estimates.
2. Classify transient objects (e.g., supernovae).
3. Constrain cosmological parameter S8 directly from 

galaxy cluster observations.
4. Constrain cosmological parameters from 3D galaxy 

distributions.
5. Develop interpretability schemes to understand ML 

results.
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Can we improve galaxy cluster mass 
estimates with deep ML models?



Galaxy Clusters

Image credit:  NASA Hubble



Chandra X-ray Observatory

Image credit:  NASA



Galaxy Clusters

X-ray image credit: NASA/CXC/MIT/E.-H Peng et al; Optical image credit: NASA/STScI



Galaxy Clusters

X-ray image credit: NASA/CXC/MIT/E.-H Peng et al; Optical image credit: NASA/STScI



Galaxy Clusters

Image credit:  NASA/CXC/Zhuravleva+ 2014   



IllustrisTNG Chandra Cluster Mocks
• 329 clusters
• M500 ≥ 1013.6M¤

• Augmented with many 
views of each cluster

• Chandra instrument 
response

• 100ks observation
• Simplifying 

assumption: neglect 
Chandra’s superb 
spectral and spatial 
resolution

Ntampaka+ 2019a



M-Lx Power Law

Maughan 2007

1. Luminosity at <0.15 R500 has a large scatter with M500
(e.g. Maughan 2007, Mantz+ 2018).

2. Subtle morphological signals correlate with mass error 
(e.g. Marrone+ 2012).



Convolutional Neural Network (CNN) 

Architecture

input	image	
128x128x1	

convolution	 pool	 fully	connected	

feature	extraction	

output	

global	pool	

convolution	 convolution	pool	 pool	

• Start with an input image.

• Goal:  predict mass (at the output neuron).

• Learn a system of convolutional filters, weights, and biases to predict 

answers with low mean squared error.

• Implemented with 10-fold crossvalidation.



Error PDF

Ntampaka+ 2019a



Can we extract astrophysics 
from deep ML models?



Deep CNN Architecture

input	image	
128x128x1	

convolution	 pool	 fully	connected	

feature	extraction	

output	

global	pool	

convolution	 convolution	pool	 pool	











Change in Luminosity Profile

Ntampaka+ 2019a



Typical Cluster

Ntampaka+ 2019a



Typical Cluster

Ntampaka+ 2019a



Perturbing noise

Credit:  ai.googleblog.com



Perturbing noise

Credit:  ai.googleblog.com



ML Cluster Mass Estimates
• Reduce errors by 20-50% compared to traditional 

methods, saving money and telescope time in the 
process.  Furthermore, the technique can be interpreted 
(Ntampaka+ 2019).

• ML can also be used to probe how much information is in 
interesting summary statistics such as morphological 
parameters (Green, Ntampaka+ 2019).



What are some other 
successes of ML applications to 

cosmological questions?



Cluster Dynamical Mass Estimates

MN et al 2015 (1410.0686), MN et al 2016 (1509.05409) 

• Method:  Support 
Distribution 
Machines 
(distribution-to-
scalar regression)

• Results:  reduce 
errors by a factor of 
two



Cluster Dynamical Mass Estimates

Ho et al 2019 (1902.05950)

• Method:  
Convolutional 
Neural Network

• Results: Factor of 3 
improvement in 
error, factor of 30 
improvement in 
computation time, 
robust to galaxy 
sampling



Supernova Classification

Villar et al 2020 (2008.04921) 

• Method:  semi-
supervised encoder

• Results:  
outperforms 
classifiers built on 
synthetic data sets



Constraining Cosmological Models

Ntampaka et al 2019 (1909.10527)

• Method:  hybrid 
CNN with simulated 
data

• Results:  unbiased 
results despite 6 
galaxy formation 
(confounding) 
variables & small 
observational 
volume



Constraining Cosmological Models

Ntampaka et al 2019 (1906.07729)

• Method:  test 

statistic that probes 

cluster dynamics 

with observational 

data

• Results: constraints 

consistent with other 

LSS probes, but 

with new 

systematics



What are the barriers to widespread 
ML adoption in astronomy?



Statistics & 
Astrostats

Applied Math

Computer 
Science

Machine 
Learning

• big data
• data storage
• data dissemination
• data analysis

Data Science is     but is often misinterpreted

Barrier #1:  Missing common vocabulary.



Barrier #2:  Distrust of the unknown.



Barrier #3:  Steep learning curve.



Barrier #4:  Unmet demand for 
interdisciplinary leadership.



Barrier #5:  Need to establish standards 
for interpretability and failure modes.
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Summary
• Astronomy is the ideal sandbox for data science, and the 

two fields can and should move forward together – ML will 
play an important role in the future of astronomy.

• ML can be used to improve galaxy cluster mass estimates 
(Ntampaka+2019)

• The astronomy community needs to establish standards 
for interpretability as an essential step in moving toward 
ML acceptance in the field.


