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Recipe for Cosmological Inference

P(6|d) : Posterior
Data |

P(k): Rsibhalos = 11.6£3.3

i \_/

P(G) Prior

0

P(d|0) A Likelihood

d Hgubhalos



Modelling Likelihoods
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Bayes' Theorem
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SBI: Neural Density Estimation

Ensemble of NDEs
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Masked Autoregressive Flows

P(6,d) > Learn transformations > Gaussian
from simulations to distribution
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Masked Autoregressive Flows

Validation loss vs number of simulations
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In collaboration with K. Lin, N. Tessore, B. Joachimi, A. Loureiro, R. Reischke, AH. Wright

von Wietersheim-Kramsta, Lin et al. (2024), A&A 694, A223.




ESO VLT Survey Telescope

Credit: A. Tudorica
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Harnessing the Photometric Uncertainties
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Simulating Large-Scale Structure

GLASS: Generator for Large Scale Structure

5 Credit: Arthur Loureiro
matter density contrast

Tessore, et al. (2023), OJA 6 (March).
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Cosmic Shear Systematics
Modelled at field level:
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Survey mask (2-point level)

Shape & shot noise



Realistic Selection and Systematics
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von Wietersheim-Kramsta, Lin et al. (2024), A&A 694, A223.

15



Depth and Galaxy Redshift
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Shell
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PSF Residuals

Pixel

EabS(P: mfe) = (1 + M(p))ﬁlensed(e) + Q(F,’)\EPSF(W) +
0

Tomographic bin PSF shear bias
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Pixel

Eabs(p: mfe) = (1 + M(p))ﬁlensed(e) + a(’?)\EPSF(m) +
0

Tomographic bin
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Cosmic Shear Systematics

e e

Modelled at field level:
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SBIl: Sequential NDE
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Forward simulations
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SBI: Neural Likelihood Estimation

data (summaries), d
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5 cosmological 4+ 7 nuisance + 25 pre-marginalised parameters

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 W Flat [0.019, 0.026] 0.026
Scalar spectral index N Flat [0.84, 1.1] 0.901
Intrinsic alignment amp. Ala Flat [-6, 6] 0.264
Baryon feedback amp. Avpary Flat [2, 3.13] 3.1
Redshift displacement o, Gaussian N(@,C,) 0
Multiplicative shear bias ~ M®  Gaussian N m”, crf.%’}) "
Additive shear bias ::'(]"3 Gaussian N (E'f g, c.-',[;?_ ) E(IPE]
PSF variation shear bias {r[l{’ g Gaussian N (Eﬁf’ 2), u'f;‘ﬂ) Eﬁf’ 2:'




SBIl in Cosmic Shear

Weak lensing
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von Wietersheim-Kramsta, Lin et al. (2024), A&A 694, A223.

KiDS-SBI PC;: Anisotropic sys. model —r—
KiDS-SBI PC;: Std. isotropic sys. model 1
—
DES-Y3 &, ——
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(Dalal et al. 2023)
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(Planck Collaboration et al. 2020)
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KiDS-SBI:
Parameter-Dependent
Likelihood

=== Mock standard Gaussian likelihood
—-=+  Mock learned Gaussian SBI
I Mock full neural density SBI

von Wietersheim-Kramsta, Lin et al. (2024),
ARA 694, A223.

Gaussian likelihood
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SBI: Accuracy Testing

Agreement between learnt posterior &

forward model
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Extensions to KiDS-SBI

KiDS-SBI with KiDS-Legacy

+ extra 350 deg?

+ 1 extra i-band pass

+ 1 tomographic bin

+ new images sims for calib.

+ new redshift calibration

Mg, , + new baryon feedback model

,,,,, | + new mass-dependent IAs model
| + new var. depth tracer

+ new compression

555555555

55555555555555

Lin, von Wietersheim-Kramsta, et al. (in prep.)

3x2pt analysis (shear x clustering)

Forward simulating field-level galaxy bias
on the sphere

True map Mock map

B
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von Wietersheim-Kramsta, et al. (in prep.)



Considerations for Stage IV

e.g. Radiation Damage
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Considerations for Stage IV

e.g. Variable Depth

Angular Variation VS. Line-of-Sight Variation
« Shapes measured by * Photometry by partner
VIS surveys
« Single-visit survey « (Some) multi-epoch surveys
« Space-based « (Some) ground-based

e.g. depth variation in Rubin LSS

< E i;‘o‘_vp . _‘;;f;a.
§ } Euclid Collaboration 2024 255 Fband mg* 264

eUCTd (Q1 release) Hang et al. 2024



Galaxy-Scale Strong Lenses
for Subhalo Detection

In collaboration with R. Massey, Q. He, J. Nightingale, L. Makinen, A. Robertson, A. Amvrosiadis, L.
Fung, S. Lange, C. Frenk, S. Cole, R. Li, et al.
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Substructure & the Nature of Dark Matter

Bullock & Boylan-Kolchin (2017), ARA&A, 55:343-387.




Substructure & the Nature of Dark Matter

Self-Interacting Dark Matter Cold Dark Matter
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Number
densities of
perturbing
interlopers

and
subhaloes

Forward Modelling: Substructure
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Li et al. (2016), MNRAS, 468(2), 1426-1432.
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Mass-concentration relation
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Forward Modelling: Realism

Observational Effects
Source: Lens: (HST-like)

* Elliptical Core-Sersic  * Power law mass * Exposure =8000s

e z=1 e z=05 « Skybackground=0.1

* Axisratio€[0.3,0.85) * No external shear * Pixel scale =0.05"

* Axialtilte[30,70]° + Rg€[1.0,1.5]” * Opsr =0.05”
. * +Poisson noise

Perturbers:

Warm Dark Matter

* Truncated NFW mass

° th: 107

*  Ngybhatos € [0, 30]

* +Perturbinginterlopers

He et al. (2022), MNRAS, 511(2), 3046-3062. I



Forward Modelling

10%
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Forward Modelling

AutolLens: Mock Observation
Nightingale et al, (2021), JOSS, 6(58), 2825
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Compression/sum
mary statistic: P(k)
+ CNN
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SBI: Neural Posterior Estimation

Ensemble of 2 NDEs

2 X MAFs

5 x MADEs

2 hidden
layers

50 neurons
each

Varying 1 parameter
1,000 simulations

P{’“ ! Hsubhalos = 10.7+ 3.1

T
0 10 20

Rgubhalos

von Wietersheim-Kramsta, et al. (in prep.)
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SBIl: Coverage
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SBIl: Other Compressions

Other compression PUEY: Mapatos = 9.7 + 3.3
schemes/summary statistics: CNN: Nubhatos = 12,8753

Convolutional Neural Networks

O

Learn weights
based on all
simulated

i mages Nsubhalos

von Wietersheim-Kramsta, et al. (in prep.)

Convolutional layer
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von Wietersheim-Kramsta, et al. (in prep.)



SBI: IMNN Compression

+ extra info
C
S —

Makinen, T. L., et al. (2025), JCAP, 2025(01), 095.

existing info




P(k) alone
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Future Considerations (Stage 1V)

0 Euclid

Current
state-of-the-art

Strong Lenses Galaxy
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Questions?
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Appendix



Forward Simulations

KiDS
5Bl

Calculate 3D matter
power specirum

Levin [v.W-K. et al. 2024)

Non-Limber 2D projection

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

Generate
lognormal random
galaxy & shear

fields

VS
) SALMO

SALMO

Sampling galaxies &

their shapes
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NDE Committee

Qm

mm NDEO
B NDE 1
B NDE 2
B NDE 3
B NDE 4
Bl NDES
B NDEs Combined
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Og




Learned likelihood at Ss value: 0.694
Learned likelihood at Sg value: 0.724
Learned likelihood at Sg value: 0.754
Learned likelihood at Sg value: 0.784
Learned likelihood at Sg value: 0.814

0.06°
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£ 002
0.00-

-0.02+
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ho
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Ss
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SYs.

\TE,EE+lowE

isotropic sys.
tropic sys.

Nautilus Gaussian likelihood Aniso
niso!

—— SBI Std.

I SBI A

----- Nautilus Gaussian likelihood Std. isotropic sys.

B Planck 2018 TT
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