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Cosmological (field
level) Inference for Galaxy
Surveys

Hybrid ML -
Physics Simulators

Unsupervised searches
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A forward model samples the likelihood

Parameters

0

’wo,’wa,fNL

Dark Inflation
energy

N4

Forward Model

Observable

\ 4

T
p(z)0) = [ dzp(z, z|0)

Observed galaxy pointcloud



https://s3.amazonaws.com/media-p.slid.es/videos/993552/CF1vi08K/cosmological_n-body_simulation.mp4

1024x1024

(‘
‘&' A 2D animation of a folk music band composed of anthropomorphic autumn leaves, each playing
traditional bluegrass instruments, amidst a rustic forest setting dappled with the soft light of a harvest moon

Image credit: DALL-E 3


https://openai.com/dall-e-3
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"A point cloud approach to generative modeling for galaxy surveys
at the field level"
Cuesta-Lazaro and Mishra-Sharma

arXiv:2311.17141 Siddharth Mishra-Sharma,



Fixed Initial Conditions

Varying Cosmology
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Trained on only 5000
positions!
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"Your diffusion model is secretly a certifiably robust classifier"
Chen et al

arXiv:2402.02316
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arXiv:2312.09271 1 to Many: p¢(5Z:127|5Z:0)
arXiv:2307.09504




Stochastic Interpolants: Bridging arbitrary densities

"Stochastic Interpolants: A Unifying Framework for Flows and Diffusions"
Albergo, Boffi, Vanden-Eijnden

arXiv:2303.08797
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Regress the velocity field
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Stochastic Interpolants: Bridging arbitrary densities

"Stochastic Interpolants: A Unifying Framework for Flows and Diffusions"
Albergo, Boffi, Vanden-Eijnden

arXiv:2303.08797

Lo
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~True z :27 Sample z = 127
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T = 0.00
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https://s3.amazonaws.com/media-p.slid.es/videos/993552/SfQhsSSO/interpolant-ezgif.mp4
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All this works depends on simulations, but...

Can we run larger simulations? (DESI volumes)
Thousands of them?

At high resolution?

Faster?

GIVE ME MORE!__
- (} \ @ : I"l“

— B\ o,

Hybrid Physical / ML simulators
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Gravitational evolution ODE

dx 1
da — a,?’E(a,)V
dv 1
da — a’E(a) F(X7 a’)
o
Particle-mesh -
o
302, PM
F(x,a) = 52 VeV (x) L

"Nbodyify: Adaptive mesh corrections for PM simulations" Cuesta-Lazaro, Modi in prep
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Particle-mesh

Full Nbody
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Gravitational evolution ODE
dx 1
da — a3E(a)V
dv 1
da = a’E(a) F(X’ CL)

Hybrid Simulator - on the fly
F@(X, a) _ ?)QTmV [ngM(X) + ¢§OH(X, a, quM’ 5PM)}

Trained to match particle velocities and positions:
DIFFERENTIABLE
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Density 2. Read features at position (x)
using attention

Feature maps

1. CNN

Learn features h
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3. Compute force
correction

Fo(x,a) = fo(hy(x),a)
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Particle-mesh Hybrid ML-Simulator Full Nbody

"Nbodyify: Adaptive mesh corrections for PM simulations" Cuesta-Lazaro, Modi in prep
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Gas density

I1lustrisTNG SIMBA

Astrid Magneticum
Video credit: Francisco Villaescusa-Navarro



https://s3.amazonaws.com/media-p.slid.es/videos/993552/Hw_VN1VE/illustristng_vs_simba_vs_astrid_vs_magneticum.mp4

THELIST OF FORWARD MODELS

I TRUST

Are there problems in cosmology that bypass a forward
model?
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"Could sample variance be responsible
for the parity-violating signal seen
in the BOSS galaxy survey?"

Philcox, Ereza arXiv:2401.09523

Parity violation cannot be
originated by gravity

"Measurements of parity-odd modes in the large-scale 4-point function of SDSS..."
Hou, Slepian, Chan arXiv:2206.03625
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- Mirror(x)

max (fg(z) — fo(Mirror(z)))
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Parity Violation Detection Score (7)
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Me: I can't wait to work with observations

Me working with observations:
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Conclusions

1. There is a lot of information in galaxy surveys that ML methods

can access

2. We can tackle high dimensional inference problems so far
unatainable

3. Our ability to simulate will limit the amount of information we

can extract
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