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s there an optimal way to infer the
cosmological parameters?
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Is there a mathematical structure that
naturally represents the cosmic-web?
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What are graphs?

» G = G (i, eij, 8)



How can galaxy catalogs be translated into graphs?
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What can we use graphs for?

Graph Classification Node Classification Link Prediction

Community Detection Graph Embedding Graph Generation
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https://images.datacamp.com/image/upload/v1658404112/Types of Graph Neural Networks fd300394e8.png



https://images.datacamp.com/image/upload/v1658404112/Types_of_Graph_Neural_Networks_fd300394e8.png

How can we learn cosmology with graph neural networks?

= | GNN




What is the mechanism behind the scenes?




Different Graph Neural Network Architectures

GRAPH CONVOLUTIONAL NETWORKS

GRAPH SAGE NETWORKS
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Different Graph Neural Network Architectures

GRAPH CONVOLUTIONAL NETWORKS

Designed to perform a convolution operation (matrix multiplication) on graphs using node attributes

Graph Convolutional Network Layer
P : Edge Convolutional Layer

"Edge”

Aggregation
Learnable Additive Function information
weight matrix bias



Different Graph Neural Network Architectures

GRAPH SAGE NETWORKS

Designed to update node information on graphs based on the neighborhood of each node

SAGE Convolutional Layer
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Meta Layer

Different Graph Neural Network Architectures

GRAPH NEURAL NETWORKS FOR COSMOLOGY

Edge model Node model

MLP Multi Pooling Operation MLP
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GRAPH NEURAL NETWORKS FOR COSMOLOGY

Moment Neural Networks
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Can we build a robust model?




Why do we need a robust model?

<l Ultimate goal!



https://www.nasa.gov/image-article/nasas-webb-delivers-deepest-infrared-image-of-universe-yet/
http://www.youtube.com/watch?v=wWrED1ekB1c
https://www.youtube.com/watch?v=wWrED1ekB1c

Lagrangian

formulation

Scheme of the range of scales into galaxy formation and evolution:

Hydrodynamical Simulations
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https://www.illustris-project.org/static/illustris/media/illustris_box_dmdens_gasvel.png
https://arxiv.org/abs/2309.17075
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o Parameters:
Cosmological: Qm, o8

Astrophysical: AsN1, ASN2, AAGN1, AAGN2

o Sets:
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https://camels.readthedocs.io/en/latest/
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Trained on Astrid
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Trained on Astrid - Tested on Astrid
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WHERE DOES THE INFORMATION COME FROM!
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Number of galaxies

Number of galaxies

WHERE DOES THE INFORMATION COME FROM!

|t is important to train the ML algorithm on a dataset which contain broader variations
in the galaxy properties: NUMBER OF GALAXIES
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—— TNG  —— SIMBA —— ASTRID

WHERE DOES THE INFORMATION COME FROM!

Broader variation in the galaxy population in the
ASTRID;
Asn parameters drive larger variations in

Asn2 modulates the speed of galactic winds;

Star formation in the ASTRID model turns out to be gt 5
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s there an universal equation to translate the GNNs?
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A UNTVERSAL EQUATION TO PREDICT €M FROM HALOS & GALAXIES

GNN Component Formula RMSE
Edge Model: e(ll) 1.32|v; — v; + 0.21| 4+ 0.12(v; — v;) — 0.12(~;; + Bi; — 1.73) 0.03
Edge Model: egl) |1.62(vs — v;) 4+ 0.45| + 1.9 —v;)+ 0}35 0.04
) e(1)
Node Model: v{" 1.21%(0.77° 2 Zien; 1/(Z ;) 012 0.02
Node Model: v{" + v{") 0.78 — \/log(0.16=1e%; 2 ffaen; 0105 4y 4 0.03
Final MLP: uq,, 4x1074- (=555, ;v +2.21%, v/ + (096" L vV +0.82%, o) —0.103  0.03
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A UNTVERSAL EQUATION TO PREDICT €M FROM HALOS & GALAXIES

GNN Component Formula RMSE
Edge Model: egl) 1.32|v; — v; + 0.21| 4+ 0.12(v; — v;) — 0.12(y;5 + Bi; — 1.73) 0.03
Edge Model: egl) |1.62(v; — v;) + 0.45| + 1.98(v; — v;) + 0.55 0.04
Node Model: v{V 1,217 (0.77° 2 Taen; 1 TTien; 3 ) 4 019 0.02
Node Model: v{" + vV 0.78 — \/ log(0.1624€N; 2T 2sen; 1 =0-41vi=1.05) 4 4 4q 0.03
Final MLP: uq,, 4x107* (=555 o vi) +221%, o) +0.965, o vs? +0.82%, o viV]) —0.103  0.03

Analytic Equations: Qp

N-body
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S-PLUS original image
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Can we take into account some systematics?
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TAKE AWAY MESSAGES
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We only need galaxy: positions and velocities;
We got the first robust model across:
> D different hydrodynamical simulations

> Different halo/subhalo finders
>

Equations show that the GNN make use of the phase-space information
The model can deal with:

> Masking effects

> and

> Different galaxy selections

These are the first steps before applying these techniques to real data!




=
Q
w
m
=
-
[0}
=y
o
o

Blelaly Michel H. John M.
Clarke Devoret Martinis

“for the discovery of macroscopic quantum
mechanical tunnelling and energy quantisation
in an electric circuit”
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