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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
• …



The LCDM model
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The Quijote Simulations
(https://quijote-simulations.readthedocs.io)

• A set of 85,000 full N-body simulations

• More than 42,000 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

• 170+ 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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Cosmic Graphs
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Graph neural networks
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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
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Robust field-level inference with GNNs



Robust field-level inference with GNNs:
Interpretability
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The DREAMS project
DaRk mattEr with AI and siMulationS
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Neuro HOD
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𝑃 𝑝3 345,7,…9 𝜃⃗

Where 

𝑝3 	= 𝑥⃗3 , 𝑣⃗3 , 𝑀∗, 𝐿3 , 𝑀3 , …
𝜃⃗ = {Ω; , Ω< , ℎ, … 𝑆𝑁, 𝐴𝐺𝑁, 𝐼𝑀𝐹 … }
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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


