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Problem Setting Method Overview
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Weighted sampling reweights a base distribution using a
task-specific weight function. The goal is to reuse a pre-
trained score model for p and sample from g without re-
training.
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= Prior training-free methods often rely on Hessians or
resampling-heavy inference.

= We want the weighted target distribution while preserving
low inference cost on large diffusion models.

Core Idea: LAGS

LAGS uses a Hessian-free first-order correction with
time-adaptive guidance strength.

» Hessian-free correction:

Across these prompts, the highest PickScore samples
preserve object count, spatial relations, and style more
faithfully. The lower-PickScore samples show the typical
failure modes that the proposed guidance helps avoid.

= Better semantic fidelity to prompts such as object count,

relative placement, and style.
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= One extra score call instead of Hessian-vector

LAGS augments the pretrained base score with a lightweight guidance term derived from the weight function, then scales that

products: guidance according to diffusion-time uncertainty. No retraining, no Hessians, no resampling-heavy inference. _ _
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Key difference: instead of Hessian-vector products,

LAGS uses one extra score evaluation to form a finite-

difference correction, then increases its weight near the end
of reverse sampling.
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Stacking the rows makes the qualitative gap easier to read:
the proposed method better matches the requested blue fur
while preserving the glacier scene.
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(iii) DPS-based (iv) FreeDoM (v) DAS (vi) LAGS (Ours)
WD: 3.25, (0.55 sec) WD: 0.37 (1.14 sec) WD: 0.90 (12.69 sec) WD: 0.48 (0.42 sec)

(i) Base Distribution (ii) Target Distribution
WD: 0.90 (0.13 sec) WD: 0.00
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= Training-free: adapt a pretrained score model to a new
weighted target without fine-tuning.

= Efficient: avoid Hessians and resampling while preserving
strong target performance.

= Highest PickScore with the lowest runtime.

Across the heart, butterfly, and rings targets, L AGSconsistently matches structured multimodal targets while remaining fast.

» Lowest Wasserstein distance and fastest runtime on the main 2D task.
= 10* samples in 0.33 s.

= Scalable: gains become more pronounced on larger gen-
erators such as SDXL.




