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Why I decided to go șlikelihood-freeȚ for galaxy clustering additional probes

ÅA question of accuracy: first, avoid biases. ÅSome WL additional probes also have a 
non-Gaussian distribution.

ÅA question of precision: can numerical 
forward models be used to push further 
than ὯṃπȢρυὬȾ-ÐÃ? The full field 
contains much more information.

FL & Heavens, 2103.04158 Euclid HOWLS-KP paper 1, Ajani et al., 2301.12890
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Note: likelihood-ÆÒÅÅ ÉÎÆÅÒÅÎÃÅ Є ÓÉÍÕÌÁÔÉÏÎ-ÂÁÓÅÄ ÉÎÆÅÒÅÎÃÅ Є ÉÍÐÌÉÃÉÔ ÌÉËÅÌÉÈÏÏÄ ÉÎÆÅÒÅÎÃÅ

https://arxiv.org/abs/2103.04158
https://arxiv.org/abs/2301.12890
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The issue of model misspecification in Bayesian inference
and in simulation-based inference (SBI)

ÅModel misspecificationarises when model 
differs from actual data-generating 
process.

ÅField-based inference techniques have a 
successful track record at handling model 
misspecification, e.g. automatically 
reporting unknown data contaminations.

ÅModel misspecification: a major challenge 
particularly for approaches that 
marginalise over latent variables, such as 
simulation-based inference(SBI).

ÅTypical cosmological example: the galaxy 
power spectrumat large scales.

Kalus, Percival et al., 1806.02789
Porqueres, Ramanah, Jasche& Lavaux, 1812.05113
Lavaux, Jasche& FL, 1909.06396

Map of unknown 
foreground 

contaminant

https://arxiv.org/abs/1806.02789
https://arxiv.org/abs/1812.05113
https://arxiv.org/abs/1909.06396
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Example from cosmology:
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A general class of Bayesian hierarchical models (BHMs):
Complex observations of a latent function controlled by top-level parameters

Target parameters

Cheap (deterministic)
simulator

Latent function

Complex probabilistic
observational process

Raw data

Compressor

Compressed
summary statistics

Solver of the Boltzmann equation
(CAMB, CLASS)

Matter power spectrum

N-body simulation, galaxy formation,
ÓÕÒÖÅÙ ÍÏÄÅÌÌÉÎÇȣ

Galaxy survey data

Score compression

Cosmological parameters

Quasi maximum-likelihood estimators
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Prior on the
latent function

Latent function

Complex probabilistic
observational process

Raw data
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Key idea: a two-step SBI process that recycles simulations

1. Inference of the latent function    , to 
check for model misspecification:

ÁSELFI algorithm

SELFI
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Key idea: a two-step SBI process that recycles simulations

1. Inference of the latent function    , to 
check for model misspecification:

ÁSELFI algorithm

2. Simulation-based inference of      :

ÁApproximate Bayesian Computation 
(ABC), Likelihood-Free Rejection Sampling

ÁDensity/ratio estimation (DELFI / NRE)

ÁBayesian optimisation (BOLFI)

ÁÏÔÈÅÒÓȣ

Important: the simulations necessary for 
step 1. are recycled for data compression, 
which is required for step 2.

SBISELFI
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Latent function inference:
the SELFI approach (Simulator Expansion for Likelihood-Free Inference)

FL, Enzi, Jasche& Heavens, 1902.10149

ÅWe aim at inferring the latent function    , which 
usually contains most/all of the informationon      .

(initial power spectrum in cosmology, prey/predator 
population functions in ecology)

ÅThis requires doing SBI in 

ÅIf we trust the results of earlier experiments, we 
can Taylor-expand the black-box around an 
expansion point       :

ÅGradients, Hessian matrix, etc. of the black-box 
can be evaluated via finite differencesin 
parameter space.

Prior on the
latent function

Latent function

Complex probabilistic
observational process

Raw data

SELFI

SELFI-2 (second order): coming soon!

https://arxiv.org/abs/1902.10149
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Galaxy clustering additional probes pipeline: diagnostics of the linearised black-box data model

ÅUsing only here the (final, non-linearly evolved) power as summary statistics.

ÅAny additional probe can go in the data vector, since we need the simulations anyway!

FL, Enzi, Jasche& Heavens, 1902.10149

Black-box mean Black-box covariance Black-box gradient

https://arxiv.org/abs/1902.10149
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Latent function inference:
the SELFI approach (Simulator Expansion for Likelihood-Free Inference)

FL, Enzi, Jasche& Heavens, 1902.10149

ÅLinearisation of the black-box data model:

ÅFurther assume:

ÁGaussian prior:
ÁGaussian effective likelihood:

ÅThe posterior is Gaussian and analogous to 
a Wiener filter:

Å ,        and           can be evaluated through 
simulations only.

ÅThe number of required simulations is fixed 
a priori(contrary to MCMC).

ÅThe workload is perfectly parallel.

gradient of the black-boxcovariance of summaries

observed summaries

prior covariance

expansion point

mean:

covariance:

Prior on the
latent function

Latent function

Complex probabilistic
observational process

Raw data

SELFI

https://arxiv.org/abs/1902.10149
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SELFI-1 Euclid forecast (cosmic variance limit)

Åὠ σχψπ-ÐÃȾὬ
(volume of the Euclid 
flagship simulation)

ÅGaussian random field data 
model; 6,060 simulations

Å100 parameters are 
simultaneously inferred
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SELFI-1 Euclid vs BOSS

Data points from Beutleret al., 1607.03149

ÅNumerical data models 
allow using the galaxy 
power spectrum as 
summary statistics up to at 
least ὯṃπȢυὬȾ-ÐÃsafely

ÅὔÍÏÄÅÓθὯ: 5 times 
more modesare used in the 
analysis.

https://arxiv.org/abs/1607.03149
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Systematic effects at large scales: mask and selection functions

Åὠ σχψπ-ÐÃȾὬ cubic box, covering 
one octant of the sky

ÅTwo models:

ÁModel A: 10 masked stars and dust 
extinction close to the galactic plane

ÁModel B: no such effects, lower resolution

Hoellinger& Leclercq, in prep.
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Systematic effects at large scales: mask and selection functions

ÅTwo models:

ÁModel A: lognormal selection functions, luminosity-dependent galaxy bias

ÁModel B: misspecifiedselection functions and galaxy biases

Hoellinger& Leclercq, in prep.
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Synthetic observations

ÅGenerated using model A:

Hoellinger& Leclercq, in prep.
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Synthetic observations versus simulations and linearised data models

Hoellinger& Leclercq, in prep.

Model A Model B
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SELFI posterior: reconstructed initial matter power spectrum

Hoellinger& Leclercq, in prep.

Model A
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SELFI posterior: reconstructed initial matter power spectrum

Hoellinger& Leclercq, in prep.

Model B
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Check for model misspecification and data compression for SBI

Alsing& Wandelt, 1712.00012

ÅThe score function                 is the 
gradient of the log-likelihood at 
fiducial point         in parameter space.

ÅA quasi maximum-likelihood estimator 
for the parameters is

ÅScore compression is optimal in the 
sense that it preserves the Fisher 
information contentof the data.

ÅQualitatively: the shape of the 
reconstructed     is useful as a check for 
model misspecification(independent 
theoretical understanding).

ÅQuantitatively: we can use the 
Mahalanobisdistance between the 
reconstruction     and the prior distribution

: Fisher matrix:

Already computed 
for SELFI

Cheap via finite 
differences

FL, 2209.11057 

https://arxiv.org/abs/1712.00012
https://arxiv.org/abs/2209.11057
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Score compression of the observed and simulated statistical summaries

ÅFor two (top-level) cosmological parameters ɱm and h:

Hoellinger& Leclercq, in prep.
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Simulation-based inference of top-level target parameters

ÅAny SBI algorithm can be used to 
obtain the posterior                    .

ÅFinal inference:

Ádoes not depend on the assumptions 
made to check for model 
misspecification,

Áis unbiased (only more conservative) in 
case data compression is lossy.

ÅNon-parametric approaches can use 
the Fisher-Rao distance between 
simulated summaries       and observed 
summaries        :

SBI

FL, 2209.11057 

https://arxiv.org/abs/2209.11057
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Fisher-Rao distance between simulated and observed summaries

Hoellinger& Leclercq, in prep.


