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Can ML methods help?
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Can ML methods help?

Traditional method

Schuldt et al. (2019)

ML method

Adam et al. (2023)



Dark Matter

α̂





Bayesian Inference

Thomas Bayes (1763)

Posterior ∝ Likelihood× Prior





Score-Based Modeling
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Sampling from the posterior

posterior︷ ︸︸ ︷
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Sampling from the posterior
Gravitational lensing

Ground Truth x ∼ p(x | y) x ∼ p(x | y) µ σ (GT− µ)/σN

σN = 10−2
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Mispecified prior

Ground
truth

Likelihood less informative



Mispecified prior
Interferometric imaging

Feng et al., ICCV 2023, arxiv:2304.11751



Mispecified prior
Interferometric imaging

Noé Dia Michael J. Barth Micah Bowles



Mispecified prior
Interferometric imaging
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Bayesian Inference

Thomas Bayes (1763)

Posterior ∝ Likelihood× Prior



Learning the likelihood



Learning the likelihood

p(noise)



Learning the likelihood
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Sampling from the posterior
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"Raw" HST images
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"Raw" HST images Traditional method
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"Raw" HST images

Bayesian inference

Traditional method
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Using JWST as ground truth

HST JWST



Connor Stone

Connor Bottrell

HST WFC3IR/F105W
HST Drizzled JWST F160W



HST WFC3IR/F105W
Drizzled Posterior median JWST F160W


