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Hubble Space Telescope
Lensed galaxy signal

Instrument response

Data on Earth

L(s) RL(s)

P(d |s) = 𝒢(RL(s) − d, σh)

The likelihood
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The Posterior P(s |d) = P(d |s) P(s)
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The Evidence P(s |d) = P(d |s) P(s)
P(d)
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p(d |M) = ∫ p(d |θ, M) p(θ |M) dθ

Evidence in HD

p(d |M) = ∫ p(d |θ, M) p(θ |M) dθ

dim(θ) ∼ 106 − 109
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• Causal inference
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• NIFTy (Numerical Information Field Theory)  
High-dimensional inference & Gaussian processes + ELBO

• J-UBIK (Universal Bayesian Imaging Kit) 
Sky models & astronomical instrument responses

• LensCharm 
Charming strong-lensing signal reconstructions

https://gitlab.mpcdf.mpg.de/ift/lenscharm

https://github.com/NIFTy-PPL/NIFTy

Some advertisement…

https://github.com/NIFTy-PPL/J-UBIK



Thank you!

matteani@mpa-garching.mpg.de

mailto:matteani@mpa-garching.mpg.de
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SPT0418-47

Cathey et al., arXiv:2307.10115 



Backup
SPT0418-47 (convergence)
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×=

×

α(x) + δ(x, ν)
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I(x, ν) I0(x)( ν
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⋅
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Let’s get real
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SPT0418-47 (z=4.22) data

Rüstig J., Guardiani M., et al., A&A 2024

High-redshift galaxy reconstruction with LensCharm

integration 1 integration 2
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SPT0418-47 (z=4.22) signal response

Rüstig J., Guardiani M., et al., A&A 2024
integration 1 integration 2

High-redshift galaxy reconstruction with LensCharm
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High-redshift galaxy reconstruction with LensCharm
SPT0418-47 (z=4.22) lensed signal

integration 1 integration 2
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SPT0418-47 (z=4.22) reconstruction

Rüstig J., Guardiani M., et al., A&A 2024

LensCharm

Cathey et al., APJ 2024

Lenstronomy



High-redshift galaxy reconstruction with LensCharm

85

SPT0418-47 (z=4.22) reconstruction

Rüstig J., Guardiani M., et al., A&A 2024

LensCharm

Cathey et al., APJ 2024

Lenstronomy
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LensCharm 2.0
SPT 0418-47 (z=4.22)

preliminary
Cathey et al.,

10.3847/1538-4357/ad33c9


