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Cosmology

Branch of Astrophysics that studies the Universe’s:

• Origin and fate
• Composition
• Laws
• Structure
• Dynamics



Our Universe

Dark Matter

Dark Energy

Baryons (Ordinary matter)

• General relativity (Λ)

• Modified gravity

• …

• Cold dark matter
• Warm dark matter
• Atomic dark matter
• …
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Observations Theory
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Parameter inference
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The Quijote Simulations
(https://quijote-simulations.readthedocs.io)

• A set of 87,000 full N-body simulations

• More than 40,000 cosmologies in 
{Wm, Wb, h, ns, s8, Mn, 𝑤!, 𝛿" , 𝑓#$, 𝑔#$, 𝑓(𝑅)}

• 12+ trillion particles over a volume larger 
than entire observable Universe

• Catalogs with billions of halos, voids 
(Gigantes), and galaxies (Molino). WL maps 
(Ulagam)

• 50 Million CPU hours; 1+ Petabyte of data

• 180+ papers written using this data 

• All data publicly available (binder & globus)



Generic conclusion:   
Lots of information on 
small scales beyond P(k)

Benefits: Lots of information

Problems: Non-linearities &    
baryonic effects
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Example I: Gas temperature

Every map has 256×256 pixels, covers an area of 25×25 (ℎ#$Mpc)%, and
has a different cosmology & astrophysics. 15,000 images in total.



Likelihood-free inference: gas temperature
FVN et al. 2021a



Robustness: gas temperature
FVN et al. 2021a



CAMELS Multifield Dataset
https://camels-multifield-dataset.readthedocs.io

• Hundreds of thousands of labeled 
2D maps and 3D grids

• Several redshifts: 0, 0.5, 1, 1.5, 2
• Three different resolutions
• 13 different fields:

1. Gas density
2. Gas temperature
3. Gas metallicity
4. Gas pressure
5. Neutral hydrogen density
6. Electron number density
7. Dark matter density
8. Total matter density
9. Stellar mass density
10. Gas velocity
11. Dark matter velocity
12. Magnetic fields
13. Mg/Fe

• 70 Tb of data; Publicly available
• The MNIST of cosmology

FVN et al. 2021c

https://camels-multifield-challenge.readthedocs.io/en/latest/index.html
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Graphs and Graph neural networks
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E(3)-invariant GNN
𝒉! , �⃗�!

𝒉",�⃗�"𝒆!"

𝑒&' =
𝑑&'
𝑟
, 𝛼&' , 𝛽&' ∈ ℝ( 𝛼&' = 𝑛& ⋅ 𝑛'

𝛽&' = 𝑛& ⋅ 𝑠&'

𝑛& =
�⃗�& − �⃗�)
|�⃗�& − �⃗�)|

�⃗�#

𝑛! 𝑛" 𝑠&' =
�⃗�& − �⃗�'
|�⃗�& − �⃗�'|

𝑠!"

2204.13713

𝛼&' = 𝑠&' ⋅ 𝑠&'

Villar, Hogg et al. 2021
Scalars are universal



Galaxy catalogs as cosmic graphs

• 2 galaxies are linked if their distance is smaller than 𝑟%&'(

• Field-level and no cut on scale: 𝑘)*+~100 h/Mpc

• By construction, rotational and translational invariant

Natali de Santi
(Flatiron/Sao Paolo)

2302.14101



Robust field-level inference with GNNs



Robust field-level inference with GNNs:
Interpretability

Helen Shao
(Princeton)



Beyond graphs: Topological deep learning
Hajij et al. 2022



The DREAMS project
DaRk mattEr with AI and siMulationS
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Conclusions

• We want to know what are the laws 
and constituents of the Universe

• Traditionally, we have used analytic 
techniques for this

• Simulations allow us to make 
predictions over broader aspects

• Deep learning is a powerful tool to 
explore massive amounts of data


