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Simulation-Based Inference (SBI)

A.k.a. likelihood-free or implicit likelihood inference

e Signal and noise modelling as complex as simulations can be.

® Likelihood can take an arbitrary form (non-Gaussian).

e Full Bayesian uncertainty propagation from measurements to parameters.

® Number of simulations required similar to the number needed for numerical
covariances [Lin et al. 2022; arxiv:2212.04521].
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SBI: Density Estimation
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Weak Gravitational Lensing




Kilo-Degree Survey: KiDS-1000

Credit: A. Tudorica




Previous KiDS-1000 Cosmic Shear Results
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Forward-Simulation Pipeline

von Wietersheim-Kramsta et al. 2024
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Geometry of the simulations & tomography
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Geometry of the simulations
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Figure: [Tessore et al. 2023; arxiv:2302.01942]
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Non-Limber Projection: Levin
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GLASS: Generator of Large Scale Structure
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Galaxy Positions & Survey Characteristics

Shell Tomographlc bin

<N()(p)>(9)_wm(ﬂsmey) [1+b()5()(9 @)] Pom(p|i) ntP)

\
Pixel
Mask

gal,m

Apix, m

]Ill.["!lﬂnﬂ“--ll

KiDS-North
e eSS RIA B bk S SEH O B BT e
BT B S S P *‘.an.mm R '
-125° -130" -135° -140" -145° -150° -155° -160" -165° -170° -175 180 175° 170 165" 160° 155° 150° 145° 140° lSl;
KiDS-South 25°
P ™ o 0 O SRS v

[von Wietersheim-Kramsta et al. 2024; arXiv:2404.15402]

13



Galaxy Positions & Survey Characteristics
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Galaxy Positions & Survey Characteristics

Shell

Tomograph|c bin

(N(: PY(O) = WinlQuurvey) |14 6960 (0m; ©)] P(pli) 0], Apism

Pixel

Galaxy density (variable depth) 20

3.5
1006ms
[von Wietersheim-Kramsta et al. 2024; arXiv:2404.15402]

15



Variable Depth
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Figure: Orange: theory [Heydenreich et al. 2020; arXiv:1910.11327]. Blue: forward-simulations.
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Cosmic Shear & Galaxy Shapes
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Galaxy Shapes & Survey Characteristics
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Galaxy Shapes & Survey Characteristics
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Galaxy Shapes & Survey Characteristics
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Measurement: Pseudo Angular Power Spectra
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Forward-simulations Speed

I Non-Limber projection
KiDS-SBI Levin + GLASS + SALMO + C(£) I Log-normal fields

I Galaxy sampling
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KiDS-SBI

Forward simulations
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KiDS-SBI: Parameters and Priors

Parameter Symbol Priortype  Priorrange  Fiducial
Density fluctuation amp. Sg Flat [0.1, 1.3] 0.76
Hubble constant ho Flat [0.64, 0.82] 0.767
Cold dark matter density W, Flat [0.051, 0.255] 0.118
Baryonic matter density Wy Flat [0.019, 0.026] 0.026
Scalar spectral index ng Flat [0.84, 1.1] 0.901
Intrinsic alignment amp. Ala Flat [-6, 6] 0.264
Baryon feedback amp. Abary Flat [2,3.13] 3.1
Redshift displacement o, Gaussian NQO,C,) 0
Multiplicative shear bias ~ M® Gaussian N (M(p), P u”
Additive shear bias ¢y Gaussian NP, agf"i) e
PSF variation shear bias  a%) Gaussian N/ (5(1{’ ), ol a¥)

[von Wietersheim-Kramsta et al. 2024; arXiv:2404.15402]



KiDS-SBI: Score Compression

Further massive compression from summary statistics to reduce dimensionality via score
compression [Alsing et al. 2018]

1
L=L,+060TVL, - 550TJ*60, (7)

t=vu CYd—p). (8)

The score compression is repeated after an initial SBI which refines the fiducial parameter
estimate.
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KiDS-SBI: Neural Likelihood Estimation (DELFI)

An ensemble of six independent Masked Autoregressive Flows (MAFs) is combined to
characterise the likelihood

NNDEs
p(t0;w) = ] Bapaltlt;w) (9)
a=1
/ 6 X MAFs
(1) learn p(6, t)
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Internal Consistency & Goodness-of-Fit
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KiDS-SBI: Mock Analysis

Compare different types of inferences:
® "Standard” Gaussian likelihood assumption with a fixed covariance matrix

e SBI with a learned multivariate Gaussian (MDN)

= Gaussian likelihood with a parameter-dependent covariance matrix

= non-Gaussian likelihood with a parameter-dependent covariance matrix
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KiDS-SBI: Mock Analysis

= Mock standard Gaussian likelihood
- Mock learned Ga n SBI
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Sg-dependent Uncertainty

Learned likelihood at Sg value: 0.694
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Sg-dependent Uncertainty from Theory

scaled

Scaling of the analytical Gaussian likelihood in KiDS-1000 if C(”) (0) = a Clid(0)
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KiDS-SBI: Forward Models

Two main models:

® ”Standard” isotropic systematics model :
galaxy selection function isotropic in each tomographic bin

anistropic galaxy selection (position, shapes and redshift)

+ anisotropic PSF distortions
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Nautilus Gaussian likelihood Anisotropic sys.

Cosmological Results for Flat ACDM

SBI Std. isotropic sys.

SBI Anisotropic sys.
Planck 2018 TT,TE,EE+lowE
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Cosmological Results for Flat ACDM

KiDS-SBI PCy: Anisotropic sys. model —

KiDS-SBI PCy: Std. isotropic sys. model
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KiDS-SBI: Conclusions

® SBl is a powerful tool to rigorously conduct cosmological inference and model testing

We report Sg = 0.731 £ 0.033 which is in 2.90 tension with Planck 2020

Neglecting variable depth and shear biases can bias Sg by approx. 5%

Cosmic shear likelihood is consistent with a Gaussian

Its covariance is measurably cosmology-dependent (cosmic variance)

= uncertainty on Sg is 10% higher

[von Wietersheim-Kramsta et al. 2024; arXiv:2404.15402]
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Questions?
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Appendices A - Pipeline Setup

® Shear-shear weak lensing from KiDS-1000 using pseudo-Cls

® |atin hypercube of cosmology values as simulation input

Parameter Symbol  Prior type Prior range Fiducial
Density fluctuation amp. Sg Flat [0.1, 1.3] 0.76
Hubble constant hy Flat [0.64, 0.82] 0.767
Cold dark matter density W, Flat [0.051, 0.255] 0.118
Baryonic matter density Wy Flat [0.019, 0.026] 0.026
Scalar spectral index n Flat [0.84, 1.1] 0.901
Intrinsic alignment amp. Aja Flat [-6, 6] 0.264
Baryon feedback amp. Abary Flat [2,3.13] 3.1
Redshift displacement 0, Gaussian N(@©,C,) 0
Multiplicative shear bias M@ Gaussian N (M m”, s )) u”
Additive shear bias 6(112 Gaussian N/ (c(ll’%, a'cl 2) E(f ;
PSF variation shear bias a(lp % Gaussian N (Egpz), 0'0[1 ) 6(1{’ ;
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Appendices A - Pipeline Setup
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Appendices B - Compression and DELFI

e A stack of NDEs are used in DELFI

NNDEs
p(6;w) = J] Bapaltltiw), (10)
a=1
® A mixture of Gaussian Mixture Density Networks (MDNs) and Masked
Autoregressive Flows (MAFs) are employed in this ensemble
® Further massive compression from summary statistics to reduce dimensionality via
score compression

1
L=L,+00TVL, - 550TJ*50, (11)
t=vp' Cl(d - p), (12)
® Remap this to a MLE estimate via the Fisher matrix
0=0,+F VL, =0, + F 't,, (13)
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Appendices C - PyDELFI
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(14)

ABC Example posterior
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Appendices E - Score Compression

Linearly score compressed data vs. parameters
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Appendices F - Sensitivity to Compression
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Appendix G - Sensitivity to Fiducial Cosmology
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Appendix H - Active Learning
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Appendix | - Simulation Number Sufficiency
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Appendix J - Full Posterior

Nautilus Gaussian likelihood Std. isotropic sys.
Nautilus Gaussian likelihood Anisotropic sys.
—— SBI Std. isotropic sys.

W SBI Anisotropic sys

BN Planck 2018 TT,TE.EE +lowE

12
10
©08
0.6

0.70 0.78

49



Appendix K - Signal Test

SISt KiDS-1000 fiducial (19 shells, volume-weighted) vs. theory
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