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Dark Matter

ΛCDM

Credit: Cirelli et al. (2024), arxiv:2406.01705



Dark Matter

Credit: Rubin et al. (1970), ApJ, vol. 159, p. 279

Credit: Clowe et al. (2006), ApJ, vol. 648, p. L109



Dark Matter

Credit: Planck Collaboration (2018)

Credit: B. Ménard & N. Shtarkman, Johns Hopkins University



Dark Matter
Large scale observations

Credit: B. Ménard & N. Shtarkman
Johns Hopkins University
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Dark Matter
Small scales?
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Pm(k) ∝ k Pm(k) ∝ k−3



Dark Matter
Substructure

Cold Dark Matter Warm Dark Matter

Credit: D. Gilman (2020)
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Gravitational Lensing
Dark matter in the line of sight

α̂



Can we use machine learning?
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Can we use machine learning?

Traditional method

Schuldt et al. (2019)

ML method

Adam et al. (2023)



Can we use machine learning?
Yes and no

• Not precise enough to detect small substructures
• No notion of uncertainty
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Thomas Bayes (1763)

Posterior ∝ Likelihood× Prior



Score-Based Models
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Score-Based Models
The score is local

∇ log p(x)

Gibbs Measure p(x) = 1
Z e

−βE(x)

log p(x) = −βE(x)− logZ

∇ log p(x) = −β∇E(x)

Local and easier to learn



Score-Based Models

p(x) ∇ log p(x)



Score-Based Models
Score Matching

∇ log p(xt | x0)



Score-Based Models
Score Matching

∇ log p(xt | x0)

Hyvarinen (’05)
Vincent (’11)

Song+ (’19,’20,’21)

Lθ ∼
∫
dtE∥sθ(t,xt)−∇ log p(xt | x0)∥2



Diffusion Models



Diffusion Models

MCMC proprosals often
struggle to jump between modes
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Diffusion Models

Simple
distribution

Learn ∇x log pt(x)

Sampling

Target
distribution
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Solving inverse problems
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Solving inverse problems

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

Noé Dia



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

∇x log p(x | y)︸ ︷︷ ︸
posterior

= ∇x log p(y | x)︸ ︷︷ ︸
likelihood

+∇x log p(x)︸ ︷︷ ︸
prior



"Raw" HST images
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"Raw" HST images 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



Conclusion


