w-Diff: Physically-Inspired Low-Light Image Enhancement with Structure
Preserving Diffusion Priors

Supplementary Material

1. Additional Experimental Results

The additional qualitative comparisons in Fig. | further val-
idate the robustness and superior generalization of 7-Diff
across diverse challenging scenarios. These additional re-
sults reinforce our method’s performance advantages:

Structural Preservation and High-Frequency De-
tails. The critical advantage of our decoupled structural
proxy (P%) is most explicitly visible in regions containing
dense high-frequency textures and rigid geometric struc-
tures. Direct-generation diffusion models inherently entan-
gle structural denoising with illumination enhancement in
a single black-box mapping, leading to severe representa-
tion conflicts. Consequently, in the first and second rows
featuring complex bicycle spokes and sharp building fa-
cades, GDP[1] completely over-smooths the scenes, heav-
ily degrading fine structural details to compensate for the
extreme darkness. Furthermore, recent generative baselines
like QuadPrior[8] and AGLLDIff[5] introduce severe hal-
lucination artifacts, distorting straight edges and warping
geometric boundaries due to the lack of explicit structural
constraints. In stark contrast, by isolating the denoising pro-
cess from photometric calibration, our proxy acts as a noise-
less physical anchor. This ensures our method perfectly
preserves the sharp structural outlines, crisp high-frequency
edges, and the holistic integrity of the scene layout, closely
matching the Ground Truth.

INlumination Recovery and Color Restoration. Tradi-
tional methods like MBLLEN[7] and Zero-DCE++[4] con-
sistently struggle to provide sufficient illumination in ex-
tremely dark regions due to limited network capacity. Con-
versely, while EnlightenGAN[3] and RUAS[6] manage to
brighten the scenes, they suffer from severe color distor-
tion. This degradation occurs because these models indis-
criminately amplify pixel values without separating intrin-
sic object properties from environmental lighting. For in-
stance, in the bottom row, the natural cool tone of the indoor
floor is erroneously shifted to a highly unnatural orange and
yellow hue. Our framework elegantly resolves this by ex-
tracting and preserving the intrinsic reflectance map (R;).
By locking the scene’s true colors, our ISP-inspired mech-
anism can safely and accurately calibrate the exposure on
the decoupled illumination map (L;). This guarantees opti-
mal brightness while strictly maintaining the intrinsic scene
colors without arbitrary chromatic shifts.

Artifact Suppression in Complex Patterns. Regions
with complex, repetitive structures, such as the stadium
seating in the third row, pose a severe challenge for mod-

ern enhancement models. In these areas, the extremely
low signal-to-noise ratio often triggers uncontrolled seman-
tic hallucinations in standard diffusion priors, leading to the
noise-like artifacts, structural warping, and patchy color dis-
tribution that severely plague methods like PairLIE[2] and
AGLLDIff[5]. Our method cleanly enhances the image and
entirely avoids these generative flaws. By subjecting the
reverse sampling process to our physically-guided joint op-
timization, the gradients derived from the spatial and color
consistency losses strictly regulate the diffusion trajectory,
actively suppressing any non-physical structural deviations
and ensuring artifact-free restoration.

Overall, these supplementary comparisons definitively
prove that our physically-guided approach robustly avoids
the hallucination and color-shift pitfalls of existing base-
lines, producing structurally faithful, artifact-free, and vi-
sually pleasing restorations across diverse real-world envi-
ronments.
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Figure 1. More comparison with existing methods. Our method effectively recovers detailed structure and natural appearance while
other methods often struggle with detail preservation, denoising, color restoration, and illumination improvement.
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