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Lc there an optimal way fo do

parameter inference?



https://arxiv.org/pdf/2302.14101.pdf

Galoxy field-level likelihood-free inference
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o Different models:

25 Mpc/h

L=

e Parameters:
o  Cosmological: Qm, o8

o Astrophysical: AsN1, ASN2, AAGN1, AAGN2
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Trained on Astrid - Tested on IllustrisTNG
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e We have a broader variation in the number of galaxies in Astrid catalogs
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e Astrid produces larger variation in some galaxy properties given the parameter variations
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® The methOd need tU be ShUW“ rObUSt to Changes In 0.20 Trained on Astrid (without PBC) - Tested on IllustrisTNG300 (without PBC)
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o Take care of selection effects




@
A universal equation to predict Qm from halo and galaxy catalogues

Shao+2023 arXiv: 2302.14591

~

e We can use Symbholic Regression from GNNs to constrain Qm
e Training on halo catalogs: velocity modulus and positions

e Astepin the direction for a physical interpretation behind the
success of the GNNs

e The model is robust and works on galaxy catalogs too!


https://arxiv.org/abs/2302.14591

Jakeaway messages

The most important galaxy properties for the GNN
constrain Qm:

galaxy positions and velocities (z component)
SIMBA

We can constrain Qm for:

We are giving the first steps to applying this machinery to real data!
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