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Abstract

Computational Super-Resolution (CSR) fundamentally relies on learning a prior to extrapolate unobserved high-frequency details from low-resolution micrographs. With modern
data-driven methods, stronger priors can be learned, improving CSR performance. We introduce ResMatching, a CSR approach based on guided conditional flow matching to
learn such priors. Evaluated on 4 biological structures from the BioSR dataset against 7 baselines, ResMatching consistently achieves the best trade-off between data fidelity
and perceptual realism. It is particularly effective in challenging settings with noisy low-resolution inputs, where learning strong priors is difficult. Furthermore, ResMatching
enables sampling from an implicitly learned, well-calibrated posterior, providing pixel-wise uncertainty estimates to help identify unreliable predictions.

Background of the Problem

(Typical) one-shot restoration approaches
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Regression-to-Mean Effect (Blurry Structures) [1]

Uncertainty leads to
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Super-Resolution (Inverse Problem)
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Typical approach makes the prediction smooth

GT

Iterative Prediction reduces averaging effect
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lterative approaches restrict the space ﬁ

Iteratively predicting from less degraded images can be thought of as a step-wise reduction in
uncertainty thereby restricting averaging!

Can we restrict
the averaging space?

Distortion
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The marginal velocity field Velocity

: 2
m;n E || vy(t, x,, XMo) — (Xpy, — Xp) |

Our method iteratively produces crisp structures and allows for posterior sampling

CSR on BioSR Data [ 4] under strong noise
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