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https://arxiv.org/abs/2103.04158
https://arxiv.org/abs/2301.12890

The issue of model misspecification in Bayesian inference
and in simulatiofbased inference (SBI)

arises when model Typical cosmological example: the galaxy
differs from actual datagenerating power spectrumat large scales.
proceSS. — PRussetaI - Pstars+dsigmab\obs
Field-based inference techniques have a P ot L ot
successful track record at handling model 1o P vamovi T Praay

misspecification, e.g. automatically “Z 120000
reporting unknown data contaminations. m 100000
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Model misspecification: a major challenge HE
particularly for approaches that LI
marginalise over latent variables, such as &l "
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Porgueres RamanahJasche& Lavaux 1812.05113
Bl | ovaux Jasche& FL, 1909.06396 Kalus Percivakt al., 1806.02789
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A general class of Bayesian hierarchical models (BHMSs):
Complex observations of a latent function controlled by ttgvel parameters

P(w) Example from cosmology:

Target parameters —> @ <—— Cosmological parameters

Cheap (deterministic) : E Solver of the Boltzmann equation
simulator 7 (CAMB, CLASS)

Latent function ——> o <—— Matter power spectrum

Complex probabilistic
observational process

Raw data —> <—— Galaxy survey data

N-body simulation, galaxy formation,
OOOOAU 1 AAT T ET C8

v

9 [Mpc/h

Compressor ——> C | <——— Score compression
+ oo 0 T

~— o~ A~

@ <—— Quasi maximurdikelihood estimators—> €),.. Q). Hy, ng, 0g, T

Compressed
summary statistics
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Key idea: a twestep SBI process that recycles simulations

Inference of the latent functio® , to
check for model misspecification:

A SELFI algorithm

Prior on the
latent function

Latent function ——> <_

Complex probabilistic

observational process [ SELFI ]

Raw data ——>
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Key idea: a twestep SBI process that recycles simulations

? ‘” Inference of the latent functio® |, to

check for model misspecification:
Target parameters ——> Q A

A SELFI algorithm

Cheap (deterministic)

simulator
Simulationbased inference ofv
Latent function ——> <— A Approximate Bayesian Computation
(ABC), LikelihooeFree Rejection Sampling
SSS”;F:\'/ZE(E’;ZFSEA'SSZ% [ SELFI ] [ SBI ] A Density/ratio estimation (DELFI / NRE)
A Bayesian optimisation (BOLFI)

Raw data ——> AT OEADOS

Compressor——> | € Important the simulations necessary for
Compressed @ step L. are recycled for data compression
summary statistics which is required for sten
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Latent function inference:
the SELFI approackimulator Expansion for LikeliHo®@ Inferenge

We aim at inferring the latent functio® , which
usually onw .

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

This requires doing SBI ih= O(100) — O(1, 000)

Latent function —> <_ If we trust the results of earlier experiments, we
canTaylorexpand the blackboxaround an
expansion poin®,

,. 1
Py ~ fy + Vi - (9 — 90)—|—§(9 = 9())T . H(E) = 9(_))+...

Prior on the
latent function

Complex probabilistic

observational process [ SELFI ]

Raw data ——>
o

Gradients, Hessian matrix, etc. of the blalbkx
can be evaluated vianite differencesin
0, h parameter space.

FL, EnziJasche& Heavens, 1902.10149
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https://arxiv.org/abs/1902.10149

Galaxy clustering additional probes pipeline: diagnostics of the lineariseebbobadata model

Blackbox mean Blackbox covariance Blackbox gradient
Cy Vi
— &y il £2t i
Dy, /’ 107!
RGN 7 /’
2 \/diag(Cy) | ] 110~ ; 10-2
1 & |== 1|1 103
| f d ’ 0
e —10-%
§ g—10-‘ .
08k | i —107*
: T ; ~1072 i
k [h/Mpc] 102 I T/

E [h/Mpc] k [h/Mpc]

Using only here the (final, nelnearly evolved) power as summary statistics.
Any additional probe can go in the data vector, since we need the simulations anyway!

FL, EnziJasche& Heavens, 1902.10149
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https://arxiv.org/abs/1902.10149

Latent function inference:
the SELFI approaclkimulator Expansion for LikeliHére@ Inferente

Prior on the
latent function > 2() The posterior is Gaussian and analogous to
a Wiener filter:
Latent function ——> <—
( expans\i‘on point Obser\fd summaries
Complex probabilistic
observational process 5 [ SELFI ] meany = 0o + ' (V{)T Cal((I)o — )
Raw data ——> .7 covariancel’ = [(VfO)T Cy Vi + S_\l}_l
covariance of sumrr{j:lrie&r \ SOl GOVENEITE
. L adient of the blackbhox
Linearisation of the blackox data model: \_ >
by ~ fy+ Vi - (6 —0)) fy,Cy an@’f, can be evaluated through
Eurther assume: simulations only.
A Gaussian prior?(8) = G(00,S) The number of required simulations is fixed
A Gaussian effective likelihood: a priori(contrary to MCMC).
P(®|0) = GIf(0), Cy] The workload is perfectly parallel.

FL, EnziJasche& Heavens, 1902.10149
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SELFL Euclid forecast (cosmic variance I|m|t)
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Gaussian random field data ,“ PR
model; 6,060 S|mulat|gns

100 parameters are
simultaneously inferred
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SELFL Euclid vs BOSS

Numerical data models
allow using the galaxy
power spectrum as
summary statistics up to at
leastOm @ "X- B éafely
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https://arxiv.org/abs/1607.03149

Systematic effects at large scales: mask and selection functions

Ao (o x OAQ cubic box, covering

one octant of the Sky The extracted region of the mask for the observed octant is delimited by the orange triangle

latitude, thetas
[an]

A Two models: e

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

A Model B: no such effects, lower resolution

longitude, phis

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

A Two models:
A Model A: lognormal selection functions, luminositiependent galaxy bias
A Model B:misspecifiedselection functions and galaxy biases

Selection functions
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Synthetic observations

A Generated using model A:
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Synthetic observations versus simulations and linearised data models
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SELFI posterior: reconstructed initial matter power spectrum

Model A
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Hoellinger& Leclercq, in prep.
Florent Leclercq
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SELFI posterior: reconstructed initial matter power spectrum

Model B

14

1.3

1.2

1.1

1.0

0.9

6(k) = P(k)/Po(k)

0.8

0.7

0.6

Misspecified model

1.0

== 0, (groundtruth) -

1 R 1 piol 1 1 1 T |

0o (prior)

—— v (reconstruction)

F0.2

0.0

Hoellinger& Leclercq, in prep.
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I Check for model misspecification and data compression for SBI

Qualitatively: the shape of the

reconstructed® is useful asla
(independent

theoretical understanding).

Quantitatively: we can use the
Mahalanobigdistance between the
reconstruction’y and the prior distributio
P(O):

(. 0018) = /(v ~00)7S (v~ 00) |

FL, 2209.11057

OB ORE ROSEINORH]

The score functiorV w/ wo

gradient of the loglikelihood at
fiducial pointw, Iin parameter space.

A guasi maximurvikelihood estimator

for the parameters is

IS the

C(®)=d=wy+Fy' [(Vef)C, '

Fisher matrix: Fy = (Vo fy)TC,

* VwQFI

(@ —[fo)]

V wio

Already computed Cheap via finite

for SELFI

differences

Score compression is optimal in the

sense that it

of the data.

Alsing& Wandelt, 1712.00012
Florent Leclercq Likelihood -free LSS inference with robustness to model misspecification

15/06/2023 18



https://arxiv.org/abs/1712.00012
https://arxiv.org/abs/2209.11057

Score compression of the observed and simulated statistical summaries

A For two (toplevel) cosmological parameters,, and h:

%1076 4+ 3.089 x 10!

. 0.677406

0.33 - 0.33 1
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] 3 C

0.677398
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0.29 - 0.29 A
0.677394
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h h

Hoellinger& Leclercq, in prep.
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Simulatiorbased inference of tofevel target parameters

? (#(w)] Any SBI algorithm can be used to
obtain the posterior?(w|wo)
Target parameters —> . .
Final inference:
Cheap (deterministic) A does not depend on the assumptions
simulator made to check for model

misspecification,

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

E@ Non-parametric approaches can use

Latent function —>

Complex probabilistic
observational process

the FisherRao distancédetween
Raw data ——> ’ simulated summarieso  and observed
summariesoo
Compressor —>
} [dm(fb~&)o): \/(&_JJO)TFO(GJ_G’O)J

Compressed -
s (@)
summary statistics
FL, 2209.11057
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FisherRao distance between simulated and observed summaries

X Ground truth

Prior mean

Hoellinger& Leclercq, in prep.
Florent Leclercq Likelihood -free LSS inference with robustness to model misspecification 15/06/2023




