MCLC: Measurement Consistent Langevin Corrector for Stabilizing Latent Diffusion Inverse Problem Solvers
ICML

Infernational Conference
On Machine Learning

Lee Hyoseok Sohwi Lim Eunju Cha' Tae-Hyun Oh ' (+ Co-Corresponding Author )

Experimental Results

MCLC provides a plug-and-play solution to instability in LDM-based % LDM-based inverse solvers remain unstable as the Solver-induced Main Results (Quantitative/Qualitative)

*Normahzed performance relatlve to the base solver (Base = 100; hrgher 1S better)
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We characterize this instability as a distributional gap (Kullback-Leibler
divergence) between the solver-induced time-evolving distribution ¢/ and
the learned time-marginal distribution p, of the diffusion or flow model.

MCLC fixes it in a plug-and-play manner
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The theoretically derived sufficient condition, E|||Az||*| < k < 1,is
satisfied in real runs at A < 0.005 and remains robust to mild violations.
+ A 18 reparameterized MCLC step-size
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“* MCLC restricts the Langevin update to orthogonal complement of
measurement gradient, maintaining monotonic KL decrease and preserving
measurement-consistency up to contolled bound under a sufficient step-size
condition (A z, satisfies E[||Az.||?] < k < 1) :

— Denoising Step 0 (base) 0 35.34 25.04 0.421

V,.1(z¢) . — Measurement Gradient 0.005 0.89 35.28 25.14 0.405

z8 — 7z +n, P, Viogp(z) + /2n.P, ,, €, where g;:= v tr(z 0 and P, =U—-gg"). — Corrector Step 0.05 8.93 35.18 27.00 0.304

o *Figure adapted from [2] o Baseline Trajectory 0.15 26.17 34.73 26.27 0.389

—_— Denoising Gradient [1] Chung et al., Diffusion Posterior Sampling for General Noisy Inverse Problems A Z; 0.5 80 97 27 48 16.57 0.742

—%  Measurement Gradient [2] Zirvi et al., Diffusion State-Guided Projected Gradient for Inverse Problems




