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y = x − α(x)

∇ ⋅ α = 2 κ
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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



The data

37Simulated HST data



38

Real JWST lensing dataHST synthetic data

Instrument response
The likelihood
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The reconstruction

41Lensed source light
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The problem

-> allow for non-trivial degeneracies!

Fields!

χ2
red ≃ 1.01 χ2

red ≃ 1.02

M1(θ1) M2(θ2)
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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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Credits @ Frank, P.; Leike, R.; Enßlin, T.A. Geometric Variational Inference. Entropy 2021, 23, 853.
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DKL(qϕ ∥ p) = ∫Θ
qϕ(θ) log

qϕ(θ)
p(θ ∣ d, M) dθ

= 𝔼qϕ[log
qϕ(θ)

p(θ ∣ d, M) ]
= 𝔼qϕ[log qϕ(θ)] − 𝔼qϕ[log p(θ ∣ d, M)]
= 𝔼qϕ[log qϕ(θ)] − 𝔼qϕ[log p(θ, d ∣ M)

p(d ∣ M) ]
= 𝔼qϕ[log qϕ(θ)] − 𝔼qϕ[log p(θ, d ∣ M)] + log p(d ∣ M)

= − 𝔼qϕ[ℋq(θ)] + 𝔼qϕ[ℋp(θ, d ∣ M)] + log p(d ∣ M) .
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−𝔼qϕ[ℋq(θ)] + 𝔼qϕ[ℋp(θ, d ∣ M)]
−ELBO

+ log p(d ∣ M)

log p(d ∣ M) ≤ ELBO

DKL(qϕ ∥ p) = − 𝔼qϕ[ℋq(θ)] + 𝔼qϕ[ℋp(θ, d ∣ M)] + log p(d ∣ M)
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Model choice in high dimension is possible!

Applications:

• Astrophysics

• Causal inference

• …
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matteani@mpa-garching.mpg.de
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