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Simulations

(https://quijote-simulations.readthedocs.io)

* Aset of 44,100+32768 full N-body simulations

* Around 40,000 cosmologies in
{er Qbf h, Ng, Og, Mw Wy, 6bl fNLr INL, f(R)}

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

 Catalogues with billions of halos, voids (Gigantes),
galaxies (Molino & Sancho). WL maps (Ulagam)

* 50+ Million CPU hours; 1+ Petabyte of data
* 140+ papers written using this data

 All data publicly available (binder & globus)







C jﬂ S osmology and Astrophysics with
°\ 1 J achinE Learning Simulations

https://www.camel-simulations.org

... Asetof 10,000+ simulations:
WAk © ) e 5,000+ N-body sims
e i e 5,000+ state-of-the art hydrodynamic sims

Hydrodynamic simulations run with 7 different
codes/subgrid models:

1) lustrisTNG, 2) SIMBA, 3) Astrid, 4) Magneticum,
5) SWIFT-Eagle, 6) Ramses, 7) Enzo

Variations in cosmological & astrophysical parameters
2 & 4 (LH set) 5 & 23 (SB set)

Hundreds of thousands of snapshots

Designed for machine learning applications







IllustrisTNG SIMBA
Ramses

Astrid Magneticum




More than 5,000 cosmologies & astrophysics models; more than 500,000 snapshots




CAMELS Multifield Dataset

EVN et al. 2021c https://camels-multifield-dataset.readthedocs.io

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

e Several redshifts: 0,0.5, 1, 1.5, 2

* Three different resolutions

e 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 Asni
9. Stellar mass density
10. Gas velocity Asno
11. Dark matter velocity
12. Magnetic fields

13. Mg/Fe

e 70 Tb of data; Publicly available
* The MNIST of cosmology

;4_\(;N1 — 1_)8

4’4.\(1\"_’ =0.66



https://camels-multifield-challenge.readthedocs.io/en/latest/index.html

CAMELS-SAM

Lucia Perez Rachel Somerville Shy Genel Gabriella de Lucia Natali de Santi Pablo Araya Fabio Fontanot Robert Yates
(Princeton/Flatiron) (Flatiron) (Flatiron) (Trieste Observatory) (Flatiron/Sao Paolo) (Sao Paolo) (Trieste Observatory) (Hertfordshire)

* Thousands of galaxy catalogs created from semi-analytic models:
e 100 Mpc/h boxes
* 25 Mpc/h boxes

e Different models:

 SC-SAM
 GAEA

* L-Galaxies
* Galform

* Varying cosmological and astrophysical parameters
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Dark CAMELS

Thousands of hydrodynamic simulations varying ,
o Cosmology Jonah Rose

(Florida/CCA)
* Astrophysics
e Dark matter properties
CDM WDM ETHOS SIDM ADM
HustrisTNG SIMBA Astrid Ramses

25 Mpc/h boxes Milky-way zoom-ins Dwarf zoom-ins




Graphs and Graph neural networks
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CAMELS graphs

Results from 2302.14101

Natali de Santi
(Flatiron/Sao Paolo)

* 1,000 graphs
* 1 graph per simulation (Astrid)
* 1000 galaxies/graph
* 25 Mpc/h boxes at z=0
0 * Each graph is characterized by a value of (),,,and og
* C(Catalogs only have galaxy positions and z-velocities

10 * 2 galaxies are linked if their distance is smaller than 7y,

* Field-level and no cut on scale: k,,4,~100 h/Mpc

* By construction, rotational and translational invariant




Robust field-level inference with GNNs
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0.5

0.4

Prediction
o
w

0.2

0.1

0.5

0.4

Prediction
o
w

0.2

0.1

« LH
* Qv

} RMSE = 0.043
R2=0.835
PCC = 0.923
b = -0.0091
; £=11.818%
X2 =1.647
0.1 0.2 0.3 0.4 0.5
Truth
Trained on Astrid - Tested on SB28
« WH r,Vv;
* RMSE = 0.047
} R? =0.821
PCC = 0.917
} b = 0.0070
} € =13.096 %
x?=2.383
01 02 0.3 0.4 05

Truth

Truth - Inference

Prediction

Trained on Astrid - Tested on IllustrisTNG

Trained on Astrid - Tested on SIMBA

« LH -l', Vz « W r, vz
051 * v 051 * oV §
0.4 ) 0.4 L+ )
(= y: -
2
03 1 ﬂﬁY | Sos i ¢
0100 Trained on Astrid - Tested on CV L-galaxies ! "‘ [
i RMSE = 0.032 #
b = 0.0142
0.2 0.075 A £=18.416 %
2 =1137 RMSE = 0.030
] R? =0.934
0.050 PCC = 0.967
} + b = -0.0010
0.1 Y 0.025 P £=8.075%
5 X2 =1.049
g
01 PR okt I 0 3 O N G I A A YT o3 04 05
£ Truth
2 —0.025 +
Trainedon/ | s - Astrid on RAWSES
T ’ . 1P
. oo
0.15 —0.075 4
0.10 -0.100 l
L] | ‘ | \
0.05 1 i | ’ ’
0.00 ..._..4}_+_}>_|L _*_ }_+_r_ 4}_ > g -oos
—-0.05 1 } o0 With outliers:
-0.10 A RMSE = 0.015 -01s
b =-0.0029 |
—0.15 £=23.985% 020
X2 = 0'249 0 2 4 Orders 8 10 12
-0.20

Prediction

0.5

0.4

o
w

0.2

0.1

0.5

0.4

0.3

0.2

0.1

Trained on Astrid - Tested on Magneticum

BT r, vy
* oV
H
‘ }
t } RMSE = 0.034
+ R? = 0.914
PCC = 0.966
{ + b = 0.0161
t £=8789%
x2=12.208
01 02 03 0.4 0.5
Truth
Pred X True - Astrid on GAEA: # outliers = 6
—— True X True
% Fducial

With outliers:
RMSE = 0.03908
R? = 0.857
£=10.09 %
x?=3.903
Without outliers:
RMSE = 0.03401
R? = 0.885
£=9.91%
X?=1388




Robust field-level inference with GNNs:
Interpretability

[+1 l l l ’
( ) ¢ ([h( ) h( ) ( )]) Helen Shao
IL] (Princeton)
(I+1) _ (1) (1+1)
hi _ wH‘l([hi ) @ '1,_7 ,U])
JEN;
_ (L)
y = f([@ hz ’ U]) GNN Component Formula
1€ Edge Model: e!" 1.32|vi — vj + 0.21| 4+ 0.12(vi — vj) — 0.12(vi; + Bi; — 1.73)
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https://arxiv.org/abs/2302.14591

Work on thousands of halo and galaxy catalogs from 6 different N-body codes and 6
different hydrodynamic codes. Fundamental physics behind it; perhaps continuity equation.




Using Al to learn physics

Shao, FVN et al. 2021
(2109.04484)

Helen Shao
CAMELS-IllustrisTNG (Princeton)
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It works for any subhalo (central or satellite) containing any type of galaxy at any redshift from
simulations with different cosmologies, different astrophysics, different subgrid physics,
different resolutions, and different volumes. Some version of the virial theorem



Cosmology with 1 galaxy?

FVN et al. 2022b

Jupiter Ding, Shy Genel, Stephanie Tonnesen, Valentina La Torre, David Spergel,
Romain Teyssier, Yin Li, Caroline Heneka, Pablo Lesmos, Daniel Angles-Alcazar, Daisuke Nagai




Cosmology with one galaxy: setup

Properties

[ of one galaxy
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Cosmology with 1 galaxy




cosmological constraints from only the observed photometry of
22,338 NASA-Sloan Atlas galaxies

ChangHoon Hahn
(Princeton)
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Caveats:

* Galaxy formation
* SED model

We can be picky with galaxies.
E.g. only take low dust, well

constrained IMF...etc

Or marginalize over these parameters



Conclusions

* CAMELS

e Largest and most diverse set of cosmological hydrodynamic simulations ever run
* Designed to learn cosmology and astrophysics with artificial intelligence
* Most of the data publicly available via globus and binder: 1+ Petabyte

e Dark CAMELS

* Largest and most diverse set of simulations beyond CDM
* CDM, WDM, ETHQOS, SIDM, ADM...etc
* Cosmological volumes, Milky-way zoom-ins, dwarf zoom-ins

* Quijote
* Largest set of N-body simulations ever run: 77,000+ simulations
« ACDM, neutrinos, dark energy, primordial non-Gaussianities, parity violation, tails,
modified gravity
* Most of the data publicly available via globus and binder: 1+ Petabyte



