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Inferring the cosmological parameters:

standard techniques & challenges



Bayesian inference

Posterior Likelihood Prior

PO|D) x L(D|0)m(0)

E.g., assuming that the data vector is Gaussian distributed:
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Case study:

inferring the cosmological parameter gg



Inferring og with the power-spectrum
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Inferring og with the power-spectrum
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Bias parameter and 0g are degenerated in
the tree-level galaxy power-spectrum




Inferring og with the power-spectrum

T(6) 04(k) = b16(k) + (k)

Py(k) = (6,(k)d, (k")) Pi°(k) =y Pp(k) + P-
Py (k) = (0% (k)3 (K))
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Bias parameter and 0g are degenerated in
the tree-level galaxy power-spectrum

How to break this degeneracy?
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Degeneracy breaking with bispectrum
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Inferring the cosmological parameters: challenges

power-spectrum bispectrum trispectrum
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Inferring the cosmological parameters: challenges

power-spectrum bispectrum trispectrum

kmax = 0.12h Mpc ™1
Ak = 2k;
L = 2000h~ ' Mpc



Inferring the cosmological parameters: challenges

power-spectrum bispectrum trispectrum

D =18 D =714 D = 15093

kmax = 0.12h Mpc ™1
Ak = 2k;
L = 2000h~ ' Mpc



Inferring the cosmological parameters: challenges

power-spectrum bispectrum trispectrum
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Simulation-based inference
(SBI)



Simulation-based inference
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Simulation-based inference
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Simulation-based inference
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Simulation-based inference

Neural Posterior
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Simulation-based inference
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Simulation-based inference for galaxy clustering
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The forward model
based on the EFTofL.SS (& the bias expansion



e A fast forward model based on the EFTofLSS that solves the
gravitational evolution of all modes in a lattice up to the cutoff scale

e nLPT and incorporates bias and stochastic parameters,
marginalizing over reasonable models of galaxy formation

e Easier to deal with redshift space, masks and systematic effects

lattice
spacing



The forward model

EFT-based

forward model:
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An n-th order Lagrangian Forward Model for Large-Scale Structure

Schmidt (2021)


http://arxiv.org/abs/2203.06177
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Testing SBI on Euclid-like mock data

Breaking degeneracy between 0g and bias parameters
with the galaxy power-spectrum and bispectrum

Tucci & Schmidt (2024)
JCAP



Cosmological constraints
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Tests of inference

Simulation-based calibration Convergence
a — 1073P, R
— i — G —+— « —— 10-3P,
' —+— b ——
- btr[M[”Mm] T Ce? 5 1 ed
u.-‘ bm}‘ - bVES 4 [ _l_ IJ[F[M“?M“” + cé"j
3 - —~ bu —— e
23}
S iz
E (1
& CHl
= IS
ia
1 -
ko = 0. iMpc-! A=0.1hMpc~! /_\
DIJI 1 1 [ I | L 1 1 p ol

0 25 50 10° 10° w
Posterior rank N sim



=y N\ 2
O
), &

SBI on dark-matter halos

Breaking degeneracy between 0g and bias parameters
with the galaxy power-spectrum and bispectrum

Nguyen, Schmidt, Tucei et al. (2024)
PRL (accepted)



Inference setup: halo samples

SNG Uchuu

V [h~3Mpc?] 2000° 20003

Two scale cuts:
kmax = 0.1AMpc™ ! & kpax = 0.12hMpc™ !



SBI on halos
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What if we add the galaxy trispectrum?

Breaking degeneracy between 0g and bias parameters
with power-spectrum, bispectrum and trispectrum on
dark-matter halos

Tucei & Schmidt (in prep.)



Trispectrum: the estimator
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Jung+23, Coulton+23, Goldstein+24



Trispectrum: preliminary results

I,
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= PBT
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Uchuu halos at z=1

Brute force approach:

10”6 simulations

15

o(og)

OPBT — 0.13

OPRB — 0.17



SBI with LEFTfield: Conclusions

e Robust analysis with EFTofLLSS and bias expansion

o LEFTfield allows for fast analysis in cosmological volumes with
convergence and posterior diagnostics tests

e Need order of 10”5 simulations for convergence (investigating how

we can improve that)
e SBI allows for cosmological inference using trispectrum, which is

unfeasible with standard inference techniques
 No need to assume Gaussian likelihood, explicit loop or covariance

calculations



Inferring the cosmological parameters: challenges

power-spectrum bispectrum trispectrum
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Inferring the cosmological parameters: challenges

power-spectrum bispectrum trispectrum
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where to stop?
is there a better way?
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Part 11

Field-level Bayesian inference
(FBI)



forward
model

sampling

~_ EFT .
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Credits: Julia Stadler



Field level Likelihood

Mode by mode
data and theory
comparison!
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How much information is retained at
the galaxy density field?

Breaking degeneracy between 08 and bias parameters
on dark-matter halos

Nguyen, Schmidt, Tucel et al. (2024)
PRL (accepted)



3rd order bias expansion

Odet € (6,6, K*,6°, K%, 6K?, O4q, V9|
Ostoch < :'57 vzg}

Fabian Schmidt
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Field-level Bayesian Inference
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https://minhmpa.github.io/

Apples-to-apples comparison

Same model
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Simulation-Based Inference
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A lot of reliable information at the field-level!

SNG halos
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SNG halos
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What if we add the trispectrum?

Tucei & Schmidt (in prep.)



Trispectrum: preliminary results
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Conclusion & Next Steps

« We demonstrated to have unbiased and accurate results from halo
catalogs using LEFTfield for SBI and FBI

o Apple-to-apple comparison of field-level inference and SBI shows
that there is a lot of reliable information beyond 2+3(+4)-point
functions in the 3D maps of galaxies

Next steps to connect with observations:
e Include more observational effects

e Expand the cosmological parameter space
p g p p LEF.’f/ g [

e Explore summaries in SBI

MAX-PLANCK-INSTITUT
FUR ASTROPHYSIK

Beatriz Tucci
tucci@mpa-garching.mpg.de



On the Bispectrum stochasticity

Usual Perturbation Theory
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Neural Density Estimation

How to train the model? (For example, NLE)
%0 | Dxr [ p(x]0) || gs(x|0) ] /dBp /dxp (x]6) log (p(x‘g))
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PB vs PBT
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On the Gaussianity assumption of the n-point functions

power-spectrum
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SBI posterior diagnostics

Simulation-based calibration (as in Talts et al. 2018)
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FBI: posterior diagnostics
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The field-level galaxy likelihood

Schmidt et al. (2019)
Cabass & Schmidt (2020)
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P.(k) = (e(k)e(—k))

Schmidt et al. (2020)



Normalizing Flows

Tucci, Schmidt (2023)

zr = X ~ p(x)

Credits: Miles Cranmer




Simulation-based inference

Summary statistics
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This is not what we are doing!



Simulation-based calibration (SBC)

Underconfident
How to check if the obtained posterior

posterior uncertainty is correct?
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Krause, ..., Nguyen, Schmidt+ (2024)

Beyond 2-point mock data challenge

real-space snapshots (mean of 10 realizations), fixed wy,, wy,, ng, h
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