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Bayes’ Theorem
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p(d|M) = Jp(d\H,M)P(H\M) do
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Inference

geometric Variational Inference

P(¢|d)

P(y|d) = [g x P(&|d)](y)

—_ g1 (y; )
o ¢

Credits @ Frank, P.; Leike, R.; EnBlin, T.A. Geometric Variational Inference. Entropy 2021, 23, 853.
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High-redshift galaxy reconstruction with LensCharm
SPT0418-47 (z=4.22) data

integration 1 integration 2
Rustig J., Guardiani M., et al., A&A 2024
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High-redshift galaxy reconstruction with LensCharm
SPT0418-47 (z=4.22) signal response

integration 1 integration 2
Rustig J., Guardiani M., et al., A&A 2024
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SPT 0418-47 (z=4.22)

”

4.5 kpc

Cathey et al.,
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