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The bias expansion
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Inferring the cosmological parameters: challenges

Analytical approximations

Measurements

ModellingEstimation
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Simulation-based inference
(SBI)

Part I



SBI: the main idea

Explicit likelihood → implicit likelihood



SBI: the main idea

Explicit likelihood → implicit likelihood

Higher-order moments of the distribution beyond the covariance

Parameter-dependent covariance

Use data with non-tractable likelihood



Cosmological inference with SBI

We are free to choose more informative summary
statistics, independently of their distribution
No need of cumbersome covariance calculations
Modelling of observational systematics and survey
mask at the simulation level

Explicit likelihood → implicit likelihood
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Simulation-based inference



Approximate Bayesian Computation (ABC)

ABC



NPE

Neural Posterior Estimation (NPE)



Posterior

Neural Posterior Estimation (NPE)

NPE



Summary statistics emulators

A parenthesis on emulators
Explicit likelihood inference



How do NDEs work in practice?

Neural Density Estimators
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Neural Likelihood Estimation (NLE)
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neural network 
trainable parameters

target density

How to train the model? (For example, NLE)

the loss function we
wish to minimize is
independent of the

target density form!

Neural Density Estimation



neural network 
trainable parameters

target density

How to train the model? (For example, NLE)

Neural Density Estimation



Normalizing Flows

f is a diffeomorphism:
f is invertible
f and its inverse are differentiable

Tucci & Schmidt (2023)



Easy to evaluate: triangular Jacobian
Expressive: composition of transforms

Normalizing Flows

Tucci & Schmidt (2023)



Normalizing Flows

Credits: PointFlow (Yang+19)

Credits: Eric Jang

https://www.guandaoyang.com/PointFlow/
https://www.guandaoyang.com/PointFlow/


samplessimulatorparameters

_____

_____

_____

summary
statistics

data

_____

Simulation-based inference

... ... ...

density
estimator

posterior



On the Gaussianity assumption of the n-point functions

power-spectrum

large scales



On the Gaussianity assumption of the n-point functions

power-spectrum

large scales

breaking of central limit theorem on large scales induces
deviation from the Gaussian likelihood assumption!



On the Gaussianity assumption of the n-point functions

power-spectrum

large scales

breaking of central limit theorem on large scales induces
deviation from the Gaussian likelihood assumption!



power-spectrum

On the Gaussianity assumption of the n-point functions

bispectrum

trispectrum



The forward model
based on the EFTofLSS & the bias expansion
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Testing SBI on Euclid-like mock data
Breaking degeneracy between       and bias parameters

with the galaxy power-spectrum and bispectrum

Tucci & Schmidt (2024)
JCAP



Gaussian-likelihood
NPE

Cosmological constraints
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Simulation-based calibration Convergence

Tests of inference



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

with the galaxy power-spectrum and bispectrum

Nguyen, Schmidt, Tucci et al. (2024)



Inference setup: halo samples

UchuuSNG

Two scale cuts:
&
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SBI on halos



What if we add the galaxy trispectrum?
Breaking degeneracy between       and bias parameters
with power-spectrum, bispectrum and trispectrum on

dark-matter halos

Tucci & Schmidt (in prep.)



Jung+23, Coulton+23, Goldstein+24

Trispectrum: the estimator
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SBI with LEFTfield: Conclusions
Robust analysis with EFTofLSS and bias expansion
LEFTfield allows for fast analysis in cosmological volumes with
convergence and posterior diagnostics tests
Need order of 10^5 simulations for convergence (investigating how
we can improve that)
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
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SBI

where to stop?
is there a better way?



Field-level Bayesian inference
(FBI)

Part II



Credits: Julia Stadler



Field level Likelihood

Full posterior
including initial

conditions!

HMC

Mode by mode
data and theory

comparison!



How much information is retained at
the galaxy density field?

Breaking degeneracy between       and bias parameters
on dark-matter halos 

Nguyen, Schmidt, Tucci et al. (2024)



Fabian Schmidt
(MPA)

Nhat-Minh Nguyen 
(IPMU)

3rd order bias expansion

https://minhmpa.github.io/


Apples-to-apples comparison

Same model

Same halos
Same scale cuts



A lot of reliable information at the field-level!

3.5 improvement
factor!

SNG halos



SNG



UchuuSNG



What if we add the trispectrum?

Tucci & Schmidt (in prep.)



Trispectrum: preliminary results

Uchuu halos at z=1

Brute force approach: 
10^6 simulations



SBI with LEFTfield:
final thoughts



MCMC



Comparison to MCMC
SNG (z=0.5) halos

SBI and MCMC
do match



PB (tree + parts of loops) P (tree + 1loop) + B (tree)

SBI on halos Fisher

Third order bias Second order bias + bg3

Non-Gaussian likelihood Gaussian likelihood

Full covariance Analytical, diagonal cov.

... ...

Comparison to Spezzati, Marinucci, Simonović (2025)

Spezzati et al.Nguyen et al.



Comparison to Spezzati, Marinucci, Simonović (2025)

PB on SNG (z=0.5)-like
mock data



Talk by Ivana Nikolac
next week

Nikolac, Schmidt, Tucci (in prep.)

Fiducial values of bias parameters matter



Conclusion & Next Steps
We demonstrated to have unbiased and accurate results from halo
catalogs using LEFTfield for SBI and FBI
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:
Include more observational effects
Expand the cosmological parameter space
Explore summaries in SBI

Beatriz Tucci
tucci@mpa-garching.mpg.de


