The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

Zero-Reference Joint Low-Light Enhancement and Deblurring via Visual
Autoregressive Modeling with VLM-Derived Modulation

Wei Dong, Han Zhou*, Junwei Lin, Jun Chen

McMaster University
{dongw22, zhouh115, 1in523, chenjun} @mcmaster.ca

Abstract

Real-world dark images commonly exhibit not only low vis-
ibility and contrast but also complex noise and blur, pos-
ing significant restoration challenges. Existing methods often
rely on paired data or fail to model dynamic illumination and
blur characteristics, leading to poor generalization. To tackle
this, we propose a generative framework based on visual au-
toregressive (VAR) modeling, guided by perceptual priors
from the vision-language model (VLM). Specifically, to sup-
ply informative conditioning cues for VAR models, we de-
ploy an adaptive curve estimation scheme to modulate the di-
verse illumination based on VLM-derived visibility scores. In
addition, we integrate dynamic and spatial-frequency-aware
Rotary Positional Encodings (SF-RoPE) into VAR to enhance
its ability to model structures degraded by blur. Furthermore,
we propose a recursive phase-domain modulation strategy
that mitigates blur-induced artifacts in the phase domain via
bounded iterative refinement guided by VLM-assessed blur
scores. Our framework is fully unsupervised and achieves
state-of-the-art performance on benchmark datasets.

Code — https://github.com/LowLevel AI/VAR-LIDE

Introduction

The degradation of images captured in real-world dark en-
vironments can be formulated as: xro = vf(xng, k) + n,
with x g denoting the high-quality (HQ) image and x,¢ its
low-quality (LQ) counterpart. Here, n denotes sensor noise,
f is the convolution with the blur kernel k and v models
dynamic range compression and saturation from exposure.
Long exposure, a common strategy to improve photon cap-
ture, frequently leads to motion-induced blur and elevated
noise levels. These combined artifacts degrade image quality
and pose significant challenges for both human perception
and high-level vision systems (Xu, Dong, and Zhou 2022).
Similar to other image restoration tasks (Zhou et al. 2023;
Dong et al. 2024b,a, 2025b), deep learning has led to notable
progress in both low-light image enhancement (LLIE) (Cai
et al. 2023; Jiang et al. 2021; Li, Guo, and Loy 2022; Ma
et al. 2022) and deblurring (Pham et al. 2024; Guo et al.
2024; Dong, Roth, and Schiele 2022), most methods treat
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them as separate tasks. LLIE models primarily boost bright-
ness and reduce noise but often leave motion blur unad-
dressed. Conversely, deblurring algorithms typically assume
sufficient illumination and perform poorly under low visi-
bility. Although sequential pipelines may appear viable, they
often disrupt blur cues during enhancement or fail to recover
motion details when visibility is too low.

Although recent efforts explore joint LLIE and deblur-
ring, most rely on supervised pipelines that require paired
training data (Feijoo et al. 2025; Zhou, Li, and Change Loy
2022), which is difficult to obtain in real-world scenarios.
Though diffusion-based unsupervised methods (Lv et al.
2024) show promising results, their reliance on lengthy sam-
pling steps (e.g., 1,000 iterations) severely limits efficiency,
making them unsuitable for practical applications.

Recently, visual autoregressive (VAR) (Tian et al. 2024)
models offer a compelling alternative to diffusion meth-
ods by progressively generating high-resolution images via
scale-wise token prediction, achieving superior structural fi-
delity and significantly faster inference without relying on
costly iterative denoising. Technically, VAR models effec-
tively preserve bidirectional spatial correlations while align-
ing with the unidirectional nature of autoregressive mod-
eling, making them particularly suitable for image restora-
tion tasks (Qu et al. 2025; Wang et al. 2025), where LQ in-
puts serve as conditioning signals to guide the generation
process. As illustrated in Fig. 1(a), our preliminary experi-
ments indicate that pre-trained VAR models (Qu et al. 2025)
possess inherent capabilities for noise suppression and par-
tial blur reduction, making them a promising backbone for
reference-free joint LLIE and deblurring.

On the other hand, we observe that this VAR backbone
demonstrates insufficient capacity for illumination enhance-
ment and blur-compensated recovery, motivating the inte-
gration of specialized components to address visibility and
detail degradation more effectively. An intuitive way to en-
able VAR with illumination correction capability is to incor-
porate a lightweight enhancement module prior to the gen-
erative process, allowing the model to operate on visibility-
improved inputs while leveraging its inherent noise suppres-
sion properties. In our preliminary exploration, we adopt
Zero-DCE (Guo et al. 2020), a lightweight yet highly ef-
fective method for real-world LLIE, where deep neural net-
works are employed to predict the parameters of a differ-
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Figure 1: Motivations of our proposed method. (a) We observe that the pre-trained VAR model (Qu et al. 2025) exhibits a certain
degree of noise suppression and blur reduction, suggesting its potential for joint LLIE and deblurring. However, it struggles
to substantially enhance visibility and recover fine structural details, underscoring the need for task-specific modules to better
cope with real-world degradations. (b) Although the iterative illumination adjustment is generally effective, Zero-DCE (Guo
et al. 2020) fails to provide satisfactory results under diverse illumination conditions, often causing under- or over-exposure
artifacts due to its reliance on a fixed number of adjustment iterations.

entiable curve-based model that iteratively adjusts image il-
lumination. Once training converges, we observe that most
pixels in the predicted curve parameter maps exhibit positive
values, implying that increased iteration steps correspond
to stronger illumination enhancement. However, this intro-
duces two critical issues: (i) for moderately bright images,
the default setting of 8 iterations tends to cause overexpo-
sure; (ii) reducing the iteration number alleviates overexpo-
sure but leads to insufficient enhancement on extremely dark
images, as illustrated in Fig. 1(b). These observations indi-
cate that a fixed iteration setting cannot robustly handle the
diverse luminance conditions. This motivates further explo-
ration into mechanisms that enable adaptive brightness mod-
ulation, ensuring consistent and perceptually compelling en-
hancement across diverse lighting scenarios.

Building upon these observations and insights, we intro-
duce VAR-LIDE, a fully unsupervised generative frame-
work for joint LLIE and DEblurring, which leverages the
strengths of VAR models and perceptual guidance from the
vision-language model (VLM). To effectively condition the
VAR backbone, we develop a VLM-informed conditioning
module that predicts adaptive enhancement curves based on
VLM-assessed visibility, enabling robust performance un-
der varying lighting conditions. Furthermore, we augment
the pre-trained VAR backbone with dynamic and frequency-
aware Rotary Positional Encodings to better model spatial
structures degraded by motion blur. To mitigate motion-
induced repeated edge artifacts in the Fourier phase domain,
we introduce a recursive modulation mechanism that pro-
gressively refines the phase via a bounded parametric up-
date, guided by blur-related VLM assessments.

We summarize our contributions as following:

© We introduce VAR-LIDE, a fully unsupervised VAR-
based framework that jointly addresses low-light image en-
hancement and deblurring, leveraging perceptual priors.

o Based on perceptual priors derived from VLM, we
develop a VLM-informed conditioning module to support
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informative conditioning for VAR backbone, and design
a recursive phase refinement mechanism to suppress blur-
induced edge artifacts in the Fourier domain.

© We enhance the VAR backbone with content-aware
spatial-frequency rotary positional encodings to better cap-
ture structural information under blur degradation.

¢ Our VAR-LIDE relaxes the reliance on paired super-
vision and achieves compelling performance on challenging
real-world low-light benchmarks.

Related Works

LLIE and Deblurring as Separate Tasks LLIE and de-
blurring are traditionally handled separately. Early LLIE
methods (Pizer et al. 1987; Jobson, Rahman, and Wood-
ell 1997; Wang et al. 2013) used hand-crafted priors, while
recent deep models (Guo et al. 2020; Dong et al. 2025a;
Zhou et al. 2024; Dong et al. 2024c; Zhou, Dong, and Chen
2025) learn brightness correction but neither are able to re-
move real-world blur, limiting their practical value. In paral-
lel, traditional deblurring methods utilize predefined kernels
for deconvolution (Kundur and Hatzinakos 1996; Anger,
Facciolo, and Delbracio 2018), while deep learning models
(Dong, Roth, and Schiele 2022; Li et al. 2023; Pham et al.
2024) aim for better generalization. However, these methods
assume well-lit inputs, which LLIE results may not meet,
leading to artifacts and degraded performance.

Joint LLIE and Deblurring Joint LLIE and deblur-
ring has attracted increasing attention. Supervised meth-
ods (Zhou, Li, and Change Loy 2022; Feijoo et al. 2025)
depend on costly paired data, whereas unsupervised ap-
proaches (Li et al. 2024; Lv et al. 2024) use reconstruction or
contrastive objectives to avoid this limitation. The architec-
tures have evolved from CNNs (Zhou, Li, and Change Loy
2022) to transformers (Cai et al. 2023), Mamba (Liu et al.
2025), normalizing flow (Li et al. 2024), and diffusion mod-
els (Lv et al. 2024). However, achieving efficient and gener-
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Figure 2: The overall framework of our proposed VAR-LIDE method, which adopts the pre-trained VAR model (Qu et al.
2025) as the backbone. We first leverage the perceptual priors extraction pipeline (Zhou et al. 2025) to acquire visibility-
aware and blurriness-aware scores (v and b). Then, v is integrated into our VLM-Informed Conditioning Module (VICM) to
adaptively improve the visibility and further support informative cues for VAR modeling. Moreover, to generate content-aware
representations of positional embeddings, we develop the spatial-frequency rotary positional encodings (SF-RoPE) in VAR
transformer blocks. Finally, guided by the VLM assessment b, we introduce a recursive modulation mechanism (VGPM) in the
FFT phase domain to further mitigate blurriness and achieve visually compelling outputs.
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Figure 3: The overall framework of our VICM. It estimates
illumination curves and adaptively truncates them based on
a visibility-aware iteration count n,,.

alizable joint restoration remains challenging.

Visual Autoregressive Modeling VQ-VAE (van den
Oord, Vinyals, and Kavukcuoglu 2017) encodes images as
quantized tokens for autoregressive generation but lacks
spatial awareness. VAR (Tian et al. 2024) improves this
via next-scale token prediction, boosting quality and speed.
Though applied to synthesis tasks (Chen et al. 2025; Han
et al. 2025), VAR is underexplored in image restoration un-
der degradations like low-light blur. Recent work (Wang
et al. 2025; Rajagopalan, Narayan, and Patel 2025; Qu et al.
2025) demonstrates its potential for image restoration by
leveraging multiscale priors. We employ the VAR backbone
for the joint LLIE and deblurring task, augmented with mod-
ules for illumination modulation and blur suppression.

Method

The main focus of this work is to extend the capabilities of
pre-trained Visual Autoregressive (VAR) models (Tian et al.
2024) to the challenging task of joint low-light image en-
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hancement (LLIE) and deblurring. While the most relevant
prior work, VARSR (Qu et al. 2025) explores scale-aligned
rotary positional encodings (SA-RoPE) and diffusion refin-
ers for image super-resolution, our method targets a differ-
ent problem domain and proposes three novel modules tai-
lored for real-world degradation: (i) a VLM-informed con-
ditioning module for perceptual-aware illumination control
(Sec. ), (ii) a spatial-frequency RoPE mechanism that fuses
FFT-phase guided rotation with scale-aligned spatial encod-
ing (Sec. ), and (iii) a recursive phase modulation module
that explicitly targets blur-induced phase duplication arti-
facts (Sec. ). Lastly, a reference-free optimization strategy
is proposed to enable training without ground-truth supervi-
sion (Sec. ). Our framework is illustrated in Fig. 2.

VLM-Informed Conditioning Module

In VAR-based restoration (Qu et al. 2025), the low-quality
(LQ) input is embedded as prefix tokens to guide the gen-
eration process, making the informativeness of these condi-
tional cues crucial for reconstruction fidelity. To strengthen
the generative conditioning, we propose a VLM-Informed
Conditioning Module (VICM) that adaptively modulates lu-
minance based on perceptual cues.

Our design is motivated by the limitations of heuristic il-
lumination adjustment strategies (e.g., Zero-DCE) in serving
as effective conditioning for generative restoration models.
Although Zero-DCE improves brightness, it lacks adaptabil-
ity across diverse lighting conditions. As shown in Fig. 1(b),
shallow enhancement (e.g., n=4) results in under-exposure
in extremely dark scenes, while deeper enhancement (e.g.,
n=8) causes overexposure in moderately lit inputs. These
suboptimal adjustments (e.g., Fig. 4(a)(ii)) degrade the con-
ditioning quality and propagate artifacts in the generative
output (Fig. 4(a)(iii)). Formally, Zero-DCE models enhance-
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Figure 4: Comparative visualization of conditioning effects and enhancement quality across modules in our framework.

ment as an iterative curve-based transformation: et al. 2025), rely solely on position-indexed rotation matri-
N ces that lack sensitivity to content degradation. While Ro-

Ey(x) =x+ Z A, (x) Ep_1(x)- (1 - E,_1(x)), (1) tary Positional Encoding (RoPE) enables efficient modeling
n=1 of relative positions by applying fixed sinusoidal rotations to

query-key pairs, its static nature limits adaptability in struc-

here E = X, denotes the curve parameter at . .
g 0(x) = %, An(x) nve P turally complex or spatially degraded regions.

iteration n, and NN is the total number of iterations. While

this formulation captures nonlinear illumination trends, its To address this limitation, we propose a content-aware
fixed-step (V) nature fundamentally limits adaptiveness. spatial-frequency RoPE (SF-RoPE) that modulates atten-
To address this limitation, we incorporate perceptual pri- tion weights based on both positional and frequency-domain
ors extracted from the vision-language model (VLM) fol- cues. Our approach introduces token-wise rotation matri-
lowing GPP-LLIE (Zhou et al. 2025). A visibility-aware ces whose parameters are dynamically inferred from lo-
score v is first computed via the Global Perceptual Prior cal frequency-phase statistics, thereby enabling finer control
Extraction Pipeline in GPP-LLIE, which is then processed over attention in blur-sensitive areas.
by a lightweight MLP ©,, to estimate an optimal iteration
count n,,. As illustrated in Fig. 2, this n, is used to trun- Frequency-domain RoPE At scale K, we extract
cate the illumination adjustment process within our VICM. frequency-phase information from the embedding x 1 of
Specifically, the curve estimator W; produces illumination token map rx 1 via FFT:

curves {A,,(x)}_,, and curve parameters beyond n, are

masked to ensure perceptual adaptiveness: F(u,v) = FFT(xx-1), ®(u,v) = arg(F(u, v)),
Ai(x) =0, Vj>n,. ) _ |cos(P(u,v)) —sin(P(u,v)) 3
500 Re(uv) = sin(®(u,v))  cos(®(u,v)) |’

This adaptive truncation ensures that illumination enhance-
ment remains within a perceptually valid range. The en-
hanced image Epn(x) is then embedded and tokenized
as a conditioning input to the VAR model. Compared
with fixed-iteration enhancement pipelines, our VICM pro-
vides more informative and spatially adaptive guidance

where (u,v) denotes the frequency coordinate and ®(u, v)
captures the local phase. We then construct a token-specific
frequency-based RoPE matrix as:

(Fig. 4(a)(iv)), thereby improving downstream generation R% 0%
(Fig. 4(a)(v)). Nonetheless, some structural artifacts remain ROPEfreq (X%v“)) - ‘Ngvv) o , )
(e.g., Fig. 4(b)(iii)), motivating the design of complementary 0z Rg(u »)

modules to better handle motion-related degradations.
where C' denotes the channel dimension. This enables the

Content-Aware Spatial-Frequency RoPE attention mechanism to be directly modulated by local blur-
To further alleviate structure-related artifacts observed in sensitive frequency variations.

blur-degraded regions, we focus on enhancing the positional

encoding mechanism within the VAR backbone. This re- Scale-aligned RoPE In parallel, we apply standard RoPE
finement is motivated by the observation that existing ro- in spatial domain using scale-normalized token coordinates
tary encoding schemes, such as those used in VARSR (Qu to ensure positional consistency across multiple resolutions.
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Figure 5: Visual comparisons on the LOL-Blur dataset, which involves both severe low-light conditions and motion blur.
Compared to existing methods, our approach better preserves fine details and improves perceptual quality across diverse scenes.
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where (i, 7) denotes the spatial location, (hg,wy) are the
dimensions at scale k, and (hx, wg ) refer to the base scale.

Spatial-Frequency Fusion To adaptively leverage both
structural and positional priors, we fuse frequency and spa-
tial encodings using a learnable mixing coefficient A:

ROPEfysed = A - ROPEfreq + (1 — A) - ROPEgpa.  (6)
This fusion balances global positional alignment with local
content sensitivity, allowing the attention module to better
capture distortions induced by motion blur and low reso-
lution. As illustrated in Fig. 4(b)(iv), the incorporation of
our SF-RoPE module yields sharper edge recovery and im-
proved spatial coherence. Nevertheless, subtle distortions re-
main in highly cluttered areas (e.g., bicycle), motivating fur-
ther refinement toward structural consistency.

Recursive Phase Modulation

To address residual motion blur and structural degrada-
tion, we propose a VLM-guided recursive phase modulation
module (VGPM) applied to the output Xy, of our enhanced
VAR backbone. Motivated by observations that blurry inputs
often exhibit repeated edge artifacts in the FFT phase do-
main (see arrows in Fig. 6), we employ phase information as
a structurally informative representation that is more robust
to occlusion ambiguity and illumination noise than spatial-
domain features. As shown in Fig. 6, we first compute the

normalized phase map ¢ = (¢ + 7)/27 € [0, 1] (¢: original
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phase). A recursive enhancement is then performed as:

:¢+Z-7'_t )M 1@ (1_Mt71(¢3>) @

where T is the total number of modulation steps (set to 8),
and F; € [0,1] is a phase adjustment map predicted by the
estimator W,,, which shares architecture with ¥ in VICM.
Based on VLM-based blur assessment b, we further employ
a MLP Oy, to adaptively guide the modulation strength . The
final enhanced phase ¢* is obtained by inverting My ()
back to the original domain and applying an IFFT to pro-
duce the restored image Xoyt-

VLM-Guided Recursive Phase Modulation
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Figure 6: Our VGPM progressively refines the phase repre-
sentation to mitigate ghosting artifacts introduced by blur.

Optimization

We jointly optimize all parameters (®, ¥, @,, ¥, \) in
a reference-free manner using the following losses.

Adaptive Exposure Control Loss We adopt a visibility-
aware exposure target, where the base level E = 0.45 is
dynamically adjusted by Eq € [—0.1,0.1] obtained from
®,, and Mean aims to calculate the mean intensity:

Loz = [Mean(lout) — (E + Eq)l, ()
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Metrics

Methods TYP€/pSNRT NIQE/ LPIPS| FID| CLIPIQAT Methods TYP |pSNR+ NIQE/ LPIPS| FID| CLIPIQAT
Cascaded Methods
EnlightenGAN + BD Noise L+D | 17.25 4.98 0413 47.66 0.203 |BD Noise+ EnlightenGAN D+L | 17.11 4.96 0419 4921 0.201
Zero-DCE++ + BD Noise L+D | 1477 5.65 0533 57.45 0.165 |BD_Noise + Zero-DCE++ D+L | 1471 5.67 0537 56.96 0.164
SCI + BD_Noise L+D | 1434 548 0541 60.28 0.163 BD_Noise + SCI D+L | 1456 537 0.526 5744 0.165
EnlightenGAN + Blur2Blur L+D | 18.16 5.02 0396 4573 0.206 |Blur2Blur +EnlightenGAN D+L | 17.38 4.98 0395 54.53 0.226
Zero-DCE++ + Blur2Blur  L+D | 1579 574 0529 80.88 0.198 |Blur2Blur + Zero-DCE++ D+L | 14.55 5.85 0.543 60.06 0.183
SCI + Blur2Blur L+D | 16.10 575 0.507 69.39 0.169 Blur2Blur+ SCI D+L | 1455 543 0.547 68.05 0.180
Joint LLIE and Deblurring Methods

LEDNet WR | 2436 537 0227 2519 0207 LIEDNet WR [ 2625 540 0.133 13.18 0292
Retinexformer wR | 2476 6.07 0219 2258 0.214 LIEDNet-L wR | 2642 5.17 0.127 11.38 0.305
JUDE wR [ 2526 587 0.186 22.11 0247 SSFlow* wioR| 1924 593 0307 42.05 0.183
DarkIR-M wR [ 2574 528 0.165 1635 0.286 FourierDiff wioR| 2022 497 0441 50.59 0.161
DarkIR-L wR | 26.14 515 0.146 1427 0291 Ours wioR| 2339 480 0.191 26.04 0.262

Table 1: Quantitative comparisons on LOLBlur Dataset. ‘L+D’ and ‘D+L’ indicate that the methods belong to LLIE — De-
blurring and Deblurring —LLIE methods, respectively; ‘w R’ or ‘w/o R’ represent that the methods are Joint LLIE and
Deblurring methods with or without GT reference, respectively. The best results for each type are highlighted in bold. [Key:
1 ({): Larger (smaller) values leads to better performance, *: using GT mean intensity for illumination adjustment]

Structural Entropy Loss To promote phase-guided struc-
tural fidelity, we reconstruct S = [TFFT(e/ ¢")| and com-
pute Shannon entropy (Lin 2002) over its histogram:

B
Len == pilog(ps), ©)
=1

where p; is the probability of the i-th bin in the normalized
histogram of S%, B is the total number of bins.

Structural Contrast Loss We improve local structural
distinctiveness via negative variance over N = 16 patches:

1 N
_ 2 *
ﬁcon - 7N ;0 (S¢,k)'

Total Variation Loss To suppress artifacts, we apply a to-
tal variation (TV) loss (Osher et al. 2005) on X,,,¢:

»Ctv = Z ‘I:nJrl,y - Ix,y‘ + |Ix,y+1 - Iz,y| . (11)
T,y

(10)

The overall optimization objective is formulated as:
E = »Cez + )\enﬁen + )\conﬁcon + )\tvﬁtva

where e, Acons and Ay, are weights of the losses.

(12)

Experiments
Experiment Settings

Training Details Our model is trained on 512 x 512 res-
olution images using the AdamW optimizer for 200 epochs.
The initial learning rate is set to 10~% and decayed by a fac-
tor of 0.5 at epochs 100, 150, 180, and 190. All experiments
are conducted on a single NVIDIA 5090 GPU.

Datasets and Metrics We evaluate our method on the
LOLBIlur and Real-LOLBlur (Zhou, Li, and Change Loy
2022) datasets. LOLBIlur comprises 12,000 image pairs with
diverse illumination and motion blur. We utilize 10,200 low-
blur, noisy images from the official training split for op-
timization, and the remaining 1,800 pairs for both quan-
titative and qualitative evaluation using reference-based
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(PSNR, LPIPS (Zhang et al. 2018), and FID (Heusel et al.
2017)) and no-reference metrics. Following LEDNet (Zhou,
Li, and Change Loy 2022), we further assess generaliza-
tion on Real-LOLBIlur dataset, which contains 1,354 un-
paired real-world low-light blurry images. Evaluation em-
ploys NIQE (Mittal, Soundararajan, and Bovik 2012), CLIP-
IQA (Wang, Chan, and Loy 2023), MUSIQ (Ke et al. 2021),
and MANIQA (Yang et al. 2022).

Performance on LOLBlur Dataset

We compare our method against four baseline categories:
LLIE — Deblurring, Deblurring — LLIE, supervised
joint frameworks, and unsupervised joint frameworks.

LLIE — Deblurring LLIE models (SCI (Ma et al. 2022),
EnlightenGAN (Jiang et al. 2021), and Zero-DCE++ (Li,
Guo, and Loy 2022)) are first trained. Their enhanced out-
puts are subsequently used to train BD_Noise (Lee et al.
2024) and Blur2Blur (Pham et al. 2024) for deblurring.

Deblurring — LLIE We begin by training deblurring
methods. The outputs are then optimized by LLIE methods.

End-to-End Methods without Reference Our model, to-
gether with SSFlow (Li et al. 2024) and FourierDiff (Lv et al.
2024), is optimized without using any GT reference images.

Supervised End-to-End Baselines We also incorporate
representative supervised models for benchmarking, includ-
ing LEDNet (Zhou, Li, and Change Loy 2022), LIED-
Net (Liu et al. 2025), RetinexFormer (Cai et al. 2023),
JUDE (Vo and Park 2025), and DarkIR (Feijoo et al. 2025).

Quantitative and Qualitative Comparisons As summa-
rized in Tab. 1, our proposed method significantly outper-
forms all cascaded pipelines, achieving over 5 dB PSNR
gains and superior perceptual quality. Compared to ex-
isting unsupervised joint frameworks (SSFlow and Fouri-
erDiff), our method exhibits notable improvements across
both pixel-level and perceptual metrics. Furthermore, de-
spite optimized without ground-truth supervision, our model
achieves performance competitive with fully supervised
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Figure 7: Visual comparisons on the Real-LOLBIlur dataset. Our method restores natural illumination and achieves superior
deblurring performance with sharper edges and clearer structures, showing strong generalization to complex real-world scenes.

baselines (e.g., LEDNet and JUDE), particularly excelling
in perceptual quality as indicated by the lowest NIQE. As
illustrated in Fig. 5, our method delivers perceptually more
faithful reconstructions compared to unsupervised baselines.
In particular, it preserves fine-grained texture details and re-
covers natural illumination more effectively than SSFlow
and FourierDiff. While supervised models such as Retinex-
former yield enhanced brightness, they often fail to remove
motion blur. In contrast, our approach achieves a more bal-
anced restoration with fewer visual artifacts.

Performance on Unpaired Real-World Data

We conduct cross-dataset evaluations on unpaired real-world
data. Specifically, we directly apply the model trained on
the LOLBlur dataset to unseen samples from Real-LOLBlur
dataset. Notably, FourierDiff involves an internal optimiza-
tion process during inference. Quantitative comparisons and
visual results are summarized in Tab. 2 and Fig. 7.

Comparison Results As shown in Tab. 2 and Fig. 7,
our method demonstrates good generalization ability on the
Real-LOLBIlur dataset, despite being trained solely on LOL-
Blur without access to paired data. Quantitatively, it achieves
the best NIQE, CLIPIQA, and MUSIQ scores among all
unsupervised joint methods and even approaches or out-
performs several supervised counterparts. Qualitatively, our
outputs retain better structural integrity and perceptual fi-
delity, avoiding over-smoothing or illumination inconsisten-
cies commonly observed in competing baselines.

Conclusion

In this work, we introduce VAR-LIDE, a fully unsuper-
vised generative framework for joint LLIE and deblur-
ring. By leveraging the autoregressive modeling capac-
ity of VAR backbone and the perceptual guidance from

JUDE
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SSFlow FourierDiff Ours

Metrics
Methods TYPe|\1QE| CLIPIQAT MUSIQT MANIQAT
Cascaded Methods
EnlightenGAN + BD_Noise L+D | 5.44 0.157 40.05 0.171
EnlightenGAN + Blur2Blur L+D | 5.49 0.160 39.24 0.169
Zero-DCE++ + BD Noise L+D | 5.66 0.161 25.88 0.103
Zero-DCE++ + Blur2Blur  L+D | 5.51 0.167 27.20 0.109
SCI + BD_Noise L+D | 5.22 0.181 34.28 0.126
SCI + Blur2Blur L+D | 5.13 0.185 33.87 0.129
BD_Noise+ EnlightenGAN D+L | 5.58 0.150 40.36 0.166
BD _Noise + Zero-DCE++ D+L | 5.77 0.210 22.41 0.130
BD_Noise + SCI D+L | 5.64 0.180 26.37 0.109
Blur2Blur +EnlightenGAN D+L | 5.43 0.152 38.96 0.165
Blur2Blur + Zero-DCE++ D+L | 5.92 0.215 22.47 0.127
Blur2Blur+ SCI D+L | 5.52 0.182 24.64 0.102
Joint LLIE and Deblurring Methods

LEDNet wR | 5.07 0.256 49.46 0.228
Retinexformer wR | 5.69 0.208 40.47 0.173
JUDE wR | 492 0.236 50.29 0.223
DarkIR-M wR | 497 0.252 48.31 0.209
DarkIR-L wR | 490 0.262 48.72 0.216
SSFlow w/oR| 5.94 0.190 30.93 0.148
FourierDiff w/oR| 5.59 0.187 32.01 0.122
Ours w/oR| 5.16 0.226 47.53 0.223

Table 2: Quantitative comparisons on Real-LOLBlur
Dataset. Our method achieves superior perceptual quality
compared to unsupervised baselines.

VLMs, we design a VLM-informed conditioning mecha-
nism that achieve adaptive illumination enhancement. To
further strengthen structural fidelity under blur, we en-
hance the positional modeling of the VAR backbone via
input-adaptive spatial-frequency RoPE. Additionally, a re-
cursive phase-domain modulation module is developed to
suppress blur-induced edge artifacts, with guidance from
blur-aware VLM assessments. Extensive experiments con-
firm that VAR-LIDE achieves impressive quantitative and
perceptual performance on several benchmarks.
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