Forward modelling UNIONS
survey for Implicit Likelihood
Inference
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Cosmological context: ACDM/wCDM
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Cosmological probes and history of the g SR, Galaxy
Universe £ Sl clustering
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Cosmological probes and history of the
Universe
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Weak gravitational lensing

Unlensed sources

Weak lensing

) ... Matter in between the

background galaxies
and us

Distorted galaxy
images (exaggerated)

Credit: EAS

Percent-level
effect.
Polluted by
shape noise.
Requires a
large number
of galaxies.



Cosmology with cosmic shear

Credit: Samuel Farrens
Raw images Reduced images Masking Source detection Photometry
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Cosmology with cosmic shear

Credit: Samuel Farrens
Raw images Reduced images Masking Source detection Photometry
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Implicit Likelihood Inference

Parameters

Simulater-

(Q,9)

Observation
X

Q): cosmological parameters
0: nuisance parameters
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Normalizing Flow
G (neural net)
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Implicit Likelihood Inference

Advantages:

e No closed form of the
likelihood.

e No theoretical model.

e Systematics can be forward
modeled.

Drawback:

e One has to trust the
simulations.

e The learned distribution can
be overconfident/biased.




UNIONS - the last Stage-lll survey

Technical specifications of

UNIONS:
e Target area ~5000 deg?
e Depth of 24.5 (r-band)
e Seeing ~ 0.69” (r-band)
e Processing done with

ShapePipe (Farrens+2022)
~100 million galaxies
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UNIONS forward model

e Gower Street simulations
wCDM with massive neutrinos
791 N-body simulations

L=1250 h”*{-1} Mpc, N=1080
HEALPIx pixelization: nside=2048
Prior on the cosmological parameters informed by Planck and SHOES.

“Active learning” in Q_m - o_8 plane

e Goal: “UNIONS-ize” the lightcones to account for (survey specific)

systematics

Intrinsic Alignment
PSF systematics
Mask and shape noise
Source clustering
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Jeffrey+2024
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http://star.ucl.ac.uk/GowerStreetSims/README.html

Galaxy
UNIONS forward model | S58

~A |A
~n_IA

Mask and PSF sys. -
ray-racing NLA Save

: GLASS " :
map y_tot map

weighted
y_tot map

GS sims
lightcones
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https://github.com/sachaguer/UNIONS_forward_model

UNIONS forward model - shear map

e Rotated the footprint to fit
many simulations in a
full-sky map

e ~39k pseudo-independent
simulations are produced.

e Pixel resolution: 7’
(nside=512)

-0.99283

Shear map el

0.523564
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UNIONS forward model - Full-sky power spectrum
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Pixelisation effects that need further understanding.



UNIONS forward model - Pseudo-Cl’s

e (Good agreement with
the theory.
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PDF

UNIONS forward model - PDF at z ~ 1

K PDF, z~ 1, Bsmooth = 20 arcmin
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Intrinsic alignment

e NLA model:

kappa ia bar

Qp (142
kia(¢,2) = _AIACchrltm Tz

"™ 5(.72)

Convergence power spectrum
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UNIONS forward model - PSF systematic map

T, — 1T,
sys - * model
5emodel = (X €podel +5 (e* - emodel) +77 €.
N——— e — T* Systematic map el
Leakage Ellipticity error N ~~ d

Size error

e PSF systematic maps
sampled using
Rho-/Tau-statistics analysis.

e Sampled at star positions.

-0.0864686 0.0634657
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Plan for UNIONS

Perform an analysis of:

Pseudo-Cl's | 2-pt statistic

Peak counts (See Andreas/Filippo talk)
Wavelet I1-norm (See Vilasini/Andreas talk)

CNN optimal compression (Intern: Matthis Maupas)

Higher-order statistics

“Full-field” inference
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Implicit Likelihood Inference pipeline - JaxILI

e Train your normalizing inference = E()

inference inference.append_simulations(theta, x)

fIOWS in a feW |ineS Of learning_rate = ... “hoose your learning rate

num_epochs = ... 00 e f epochs

batch_size = ...
COde checkpoint_path = C
. checkpoint_path = #Beware, this should be an absolute path.
e Implement different
] metrics, density_estimator = inference.train(
neural CompreSSIOn training_batch_size=batch_size,

learning_rate=learning_rate,
checkpoint_path=checkpoint_path,

methods. gy —
e \alidated against
existing code.
e Getintouch if i

. observation = ... #The o ion should have the shape [1, data > size
|nterested| samples = posterior.sample(x=observation, num_samples=..., key=...) #You hz to give a PRNGKe\

>

You can then fetch the posterior to sample from it.
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https://github.com/sachaguer/jaxili

Neural compression - Mean Squared Error
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MSE(Fy(z),0) = || Fp(z) — 9||2
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Applied on simulations with cosmology +
Gaussian noise
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Neural Density Estimation

e Optimistic setup ran on
convergence with gaussian noise

(no systematics).

1.0 1 -@- Distance to Random Points (DRP) ‘.9
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CNN neural compression (Credit: Matthis Maupas)

e Cut the footprint in patches.
e Select the ones with most
information.

0
e Compress the pixel information to -
a lower-dimensional data vector. 500 e
0
500.
0 500

deep artificial neural network
1

cosmological
parameters

observed data
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CNN neural compression (Credit: Matthis Maupas)
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Conclusion and next steps

Implicit Likelihood Inference is a useful tool for cosmological analysis with
higher-order statistics that require accurate forward modelling of the
observations.

Check that systematics are correctly implemented with UNIONS-like
simulations.

Validation on simulations.

Comparison of neural compression methods.

Analyse UNIONS cosmic shear data with higher-order statistics.

Lookout for the shared datasets on HuggingFace (%
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https://huggingface.co/sachaguer

