
Luminance-Aware Statistical Quantization: Unsupervised 
Hierarchical Learning for Illumination Enhancement

Author: Derong Kong1, Zhixiong Yang1, Shengxi Li2, Shuaifeng Zhi1, Li Liu1, Zhen Liu1, Jingyuan Xia1,*  

Affiliation: 1College of Electronic Science and Technology, National University of Defense Technology

                    2College of Electronic and Information Engineering, Beihang University

kongderong@nudt.edu.cn  

 

http://arxiv.org/abs/2511.01510 https://github.com/XYLGroup/LASQ 

https://openreview.net/forum?id=MoMXPzwVMb 

 



Methodology

Background & Motivation1

2Contents

Experiments & Results3



1. Background & Motivation

1. Pixel-mapping paradigms show poor cross-domain generalization.
Current LLIE models rely on deterministic pixel-wise mappings between paired low-/normal 

light data, making them heavily dataset-dependent, which neglects the continuous, hierarchical 
nature of real-world luminance transitions.

2. Physics priors are oversimplified and disconnected from learning.
Most gamma-based or Retinex-style priors apply uniform global corrections, failing to 

represent the power-law distributed and layered structure of natural illumination. So, learned 
models fit appearance-level brightness changes but not the underlying luminance statistics.

3. DM-based methods improve fidelity but lack adaptive luminance control.

Existing diffusion models simulate denoising from dark to bright without dynamic, 
hierarchical sampling of illumination layers. This prevents adaptive balancing between global 
consistency and local detail recovery, especially in unseen domains.
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2. Methodology

   LASQ: An unsupervised low-light enhancement framework that eliminates 

dependency on reference images by modeling illumination as a hierarchical statistical 

process.



2. Methodology

1. A novel luminance variation coordinate system.
Redefines enhancement from pixel-level mapping to distribution-domain fitting, capturing 

the continuous power-law relationship between low- and normal-light luminance. This 
formulation makes the enhancement process physically grounded and less dataset-dependent.



2. Methodology

2. A dynamic sampling mechanism for luminance operators.
We introduce a hierarchical statistical sampling process that generates and refines 

luminance adaptation operators following power-law distributions. This sampling allows the 
model to statistically explore illumination operators instead of learning fixed mappings, 
achieving adaptive global-to-local control.
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2. Methodology

3. A diffusion-driven framework with embedded sampling.
The sampled luminance operators are integrated into the diffusion forward process, 

guiding the model to traverse luminance layers in a coarse-to-fine, physics-aligned manner. 
This design enables hierarchical, reference-free illumination recovery while maintaining 
strong generalization across unseen domains.
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3. Experiments & Results

1. Visual Comparisons
LASQ delivers natural brightness restoration and fine structural fidelity comparable to 

supervised methods, while maintaining robust color consistency across domains. Unlike existing 
approaches that suffer from underexposure, overexposure, or artifacts, LASQ achieves clean, 
balanced illumination and superior generalization in both laboratory and real-world scenes.

Qualitative comparison on the LOLv1 and LSRW test sets Qualitative comparison on the LIME and VV datasets



3. Experiments & Results

2. Quantitative Results
Across diverse benchmarks, LASQ achieves state-of-the-art performance among 

unsupervised methods and matches leading supervised models on paired datasets. It maintains 
strong cross-scenario robustness without domain-specific tuning, confirming the effectiveness 
of its reference-free luminance modeling and diffusion-driven sampling.

Quantitative comparison results of partial experiments Quantitative comparison results of additional experiments



3. Experiments & Results

3. Ablation Studies
Removing the adaptive luminance mechanism or reducing hierarchical depth significantly 

degrades performance. Static, fixed operators lead to poorer reconstruction fidelity, while 
limiting the hierarchy weakens smooth illumination transitions. These results verify that 
adaptive multi-scale luminance sampling is crucial for balancing global consistency, local detail, 
and cross-scenario generalization in LASQ.

Quantitative results of ablation studiesQualitative results of ablation studies
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