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Abstract. Enhancing images acquired under weak illumination is challenging
because exposure correction, noise control, color fidelity, and detail preservation
must be balanced at the same time. Classical Retinex algorithms describe an im-
age through illumination and reflectance, but their hand-crafted assumptions are
often fragile in extremely dark scenes. Recent Transformer restorers, including
RetinexFormer and Restormer, improve long-range dependency modeling; how-
ever, the interaction between illumination variation and spatial-semantic content
is still not sufficiently exploited. This paper presents IA2former, an lllumination-
Aware Attention-based Transformer for low-light image enhancement. The
model organizes illumination-guided tokens and reflectance-related content fea-
tures through a two-stage attention interaction, and introduces an illumination-
aware loss to regularize feature changes in illumination-sensitive regions. Exper-
iments on LOL-v1 and LOL-v2 show that IA2former achieves competitive or
superior PSNR, SSIM, and LPIPS compared with representative enhancement
methods. Visual comparisons and error-map analysis further indicate improved
color consistency, noise suppression, and structure preservation.
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1 Introduction

Low-light image enhancement aims to convert poorly illuminated images into visually
clear and task-friendly results. Images captured in dim indoor scenes or complex night
environments usually contain weak contrast, blurred textures, color bias, and amplified
noise, which not only affect human viewing but also degrade downstream vision tasks
such as detection and recognition. A practical enhancement method should therefore
brighten under-exposed regions while avoiding over-smoothing, color distortion, and
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artificial artifacts. Fig. 1 illustrates typical low-light degradation and the corresponding
improvement after enhancement in indoor and outdoor scenes.

Low-light
image
enhancement

Fig. 1. Examples of low-light effects in two typical scenarios: indoors under low-light environ-
ments and outdoors under dynamic lighting conditions. The figure also compares the visual ef-
fects before and after low-light image enhancement.

Earlier enhancement methods, including histogram equalization [1,2,3] and gamma
correction [4,5,6], mainly remap pixel intensities to make dark areas brighter. Although
these operations are simple and efficient, they do not explicitly model scene illumina-
tion and may produce unnatural colors or visible artifacts. Retinex-based approaches
[7,8,9,10] introduce an illumination-reflectance view and provide a more interpretable
framework, but they remain sensitive to noise and imperfect decomposition. Deep mod-
els such as the Retinex-CNN method of Wei et al. [11] improve representation learning,
while generative models [12,13] and flow-based models [14] further enrich the solution
space. Nevertheless, robustly modeling global context, illumination variation, and fine
detail under severe darkness remains difficult.

Convolutional networks are effective at extracting local patterns, yet their limited
receptive field makes it difficult to capture non-local similarity and scene-level illumi-
nation structure. Transformer-based restoration networks address this limitation by us-
ing attention to relate distant regions, and models such as SNR-Net [15] and Restormer
[16] have demonstrated the value of combining convolutional features with Trans-
former blocks. However, general restoration backbones usually treat illumination only
implicitly. RetinexFormer [17] and RetinexMamba [18] make stronger use of Retinex-
inspired priors, but their illumination cues are still mainly injected as auxiliary modu-
lation rather than being used to build explicit feature interactions. This motivates an
architecture that places illumination-aware modeling inside the attention process itself.

To address these issues, we develop 1A2former, an Illumination-Aware Attention-
based Transformer designed for low-light restoration. Instead of using illumination
merely as an element-wise guidance map, IA2former learns interactions between illu-
mination variation and spatial-semantic content. Its IA2-MSA module first forms illu-
mination-aware token representations and then relates them to reflectance-related con-
tent features through a second cross-attention stage. This design allows the network to
recover brightness while retaining texture, color, and structural information in complex
illumination conditions.

We also introduce an Illumination-Aware Loss as an auxiliary regularizer. Rather
than constraining the output image to remain close to the low-light input, the loss pe-
nalizes illumination-weighted feature drift in regions where aggressive brightening is
likely to cause color shift, noise amplification, or local artifacts. In this way, the
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reconstruction objective remains responsible for brightness recovery, while the addi-
tional regularization encourages more stable chromatic and structural changes.

The effectiveness of IA2former is evaluated against representative low-light en-
hancement methods, including EnlightenGAN [13], KinD [19], Restormer [16], SNR-
Net [15], LLFlow [14], RetinexMamba [18], and RetinexFormer [17]. On LOL-v1 and
LOL-v2, IA2former provides a strong balance among reconstruction fidelity, structural
similarity, and perceptual quality. It obtains the best PSNR and SSIM on LOL-v1, the
highest PSNR on LOL-v2-Synthetic, and the best SSIM and LPIPS on LOL-v2-Real.
For instance, the model reaches 25.89 dB PSNR and 0.878 SSIM on LOL-v1, and 26.71
dB PSNR on LOL-v2-Synthetic. These results indicate that illumination-aware feature
interaction can improve both quantitative scores and visual restoration quality.

Our contributions can be summarized as follows:

1A2-MSA: We propose the lllumination-Aware Attention-based Multi-Head Self-
Attention (IA2-MSA) mechanism, which enhances the low-light image by explicitly
modeling the interaction between illumination variations and spatial-semantic features.
Unlike traditional methods, our mechanism does not modify the reflectance-related
content representation directly but rather establishes a relationship between the reflec-
tance-related content representation and the illumination-guided low-light image for
more effective image enhancement.

1A Loss: We introduce an Illumination-Aware Loss function as an auxiliary regu-
larization term to constrain illumination-inconsistent feature drift during enhancement.
Instead of forcing the enhanced image to remain unchanged, this loss preserves illumi-
nation-weighted structural and chromatic consistency, thereby reducing color shift,
noise amplification, and local artifacts.

Experimental Validation: We conduct comprehensive experiments comparing
I1A2former with state-of-the-art models, demonstrating its favorable overall perfor-
mance across reconstruction fidelity, structural similarity, and perceptual quality on
several low-light datasets.

2 Related work

2.1  Low-light Image Enhancement

Existing low-light enhancement studies can be roughly grouped into distribution re-
mapping methods, model-driven Retinex methods, and learning-based methods.

Distribution Mapping Methods. Histogram equalization and gamma correction en-
hance dark images by reshaping the intensity distribution of the input. Their low com-
putational cost makes them easy to deploy, but the absence of semantic and illumination
awareness often causes local over-enhancement, color inconsistency, and visible arti-
facts [1,2,3,4,5,6].

Traditional Model Methods. Retinex-based methods attempt to explain the observed
image through illumination and reflectance, which gives them a clearer physical moti-
vation than direct intensity remapping. Early work by Horn, Blake, and related studies
established important Retinex formulations [7,8,9,10]. However, hand-crafted assump-
tions about illumination smoothness, noise, and degradation are easily violated in real
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low-light images. Later Retinex variants improved illumination estimation and decom-
position optimization [20,21], but robust restoration in noisy and spatially uneven light-
ing remains difficult.

Deep Learning Methods. Learning-based approaches replace hand-crafted priors
with data-driven representations. Wei et al. [11] combined Retinex decomposition with
CNNSs, while later multi-level feature fusion methods [22,23] improved detail recovery
and noise suppression. GAN- and VAE-based models [12,13] introduce generative pri-
ors for complex lighting, diffusion models [24] recover details through iterative de-
noising, and LLFlow [14] models the mapping between low- and normal-light images
with normalizing flows. Recent lightweight and prompt-based restoration networks
[25,26,27] further improve efficiency and degradation awareness. Even so, many meth-
ods still struggle to coordinate illumination correction with structure preservation when
scenes contain strong darkness, colored light, or non-uniform exposure.

2.2 Vision Transformer

Vision Transformers have become a powerful tool for both semantic vision tasks and
low-level restoration because attention can connect distant image regions. In low-light
enhancement, SNR-Net [15] combines convolutional layers with Transformer compo-
nents to handle varying illumination, whereas Restormer [16] offers a general restora-
tion backbone with strong global modeling ability. RetinexFormer [17] introduces Ret-
inex-inspired decomposition into a Transformer framework, and RetinexMamba [18]
explores state-space modeling for low-light restoration. These studies show clear pro-
gress, but illumination is still often used as side information rather than as a feature
stream that actively interacts with content features. Beyond image enhancement, deep
learning models have also been applied to intelligent prediction and visual inspection
tasks, including PCB defect detection, robotic grasping, and wire defect detection and
segmentation [29-32].

Although these methods demonstrate the effectiveness of combining Retinex de-
composition with advanced backbone architectures, illumination cues are not explicitly
involved in feature interaction modeling, leaving the relationship between illumination
variations and spatial-semantic structures insufficiently explored and motivating more
principled illumination-aware feature modeling strategies.

3 Method

Fig. 2 illustrates the overall architecture of the proposed low-light image enhancement
framework. Given a low-light input image I, the model first extracts an illumination
map through a lightweight illumination estimation module £(-):

L. = clamp(&(1)), 0, 255), €h)

where £(-) comprises two 3 > 3 convolutional layers with ReLU activation, and
clamp( ; 0, 255) ensures that Lc shares the same value range as Il for subsequent
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channel-wise concatenation. The illumination map is then concatenated with the origi-
nal input to form the illumination-guided feature:

= [L 1), (2)

where [ 5 { denotes channel-wise concatenation. F¢ encapsulates both the spatial bright-
ness distribution and the raw image content, and serves as the primary input to the pro-
posed 1A2-MSA module. In parallel, a reflectance-related feature is extracted from F
through a shallow content extraction module R(-):

Fr = R(F), 3)

where R(+) consists of a 1 <1 convolution for channel alignment followed by a 3 <3
convolution for spatial feature extraction. Note that Fr is not intended as a strict reflec-
tance decomposition in the Retinex sense; rather, R(-) learns to extract content and
structural features that are complementary to the illumination information encoded in
Lc. The subsequent two-stage attention mechanism further disentangles the roles of il-
lumination and content, progressively separating illumination-dominated representa-
tions from reflectance-related structures.

Accordingly, the term reflectance-related feature is used throughout this paper to
denote a learned content representation inspired by Retinex separation, rather
than a physically interpretable reflectance map obtained by explicit decomposi-
tion.

The network follows a shallow-to-deep illumination modeling strategy. In early lay-
ers, the dominant degradation is usually insufficient or uneven exposure, so illumina-
tion cues provide strong guidance. In deeper layers, however, brightness information
must be coordinated with object boundaries, textures, and semantic layout. IA2former
therefore uses two stages: the first stage builds illumination-aware tokens from fused
shallow features, and the second stage performs cross-attention between these tokens
and reflectance-related features. This progression helps the model move from exposure
correction to joint illumination-content reasoning.

The framework is inspired by Retinex separation but avoids explicit physical decom-
position. Classical Retinex assumes | = R x L, an assumption that can become unstable
when illumination is spatially complex or noise is severe. IA2former instead uses at-
tention to learn a functional separation: illumination-aware dependencies are captured
first, and content features are then refined under illumination guidance. Compared with
the standard Restormer blocks [16], the 1A2former block embeds this illumination-
aware interaction directly into the restoration backbone.
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Fig. 2. Overview of the proposed framework, including (a) the Illumination-Aware Attention-
based Transformer (IA2former), (b) the IA2former block, and (c) the lllumination-Aware At-
tention-based Multi-Head Self-Attention (IA2-MSA). For compactness, the IA2former block is
shown with a fused input in the overall framework, while the IA2-MSA module explicitly illus-
trates the illumination-guided feature and reflectance-related feature streams.

Each 1A2former block jointly uses the illumination-guided feature Fc and the reflec-
tance-related feature FR. These streams are first projected into a fused token represen-
tation, and 1A2-MSA then separates their roles through the two-stage attention process.
The first stage emphasizes global illumination distribution and exposure correction,
while the second stage encourages interaction between illumination-aware tokens and
structural content features. Unlike Retinex-based Transformers that mainly modulate
features with illumination maps, IA2former treats illumination and content as mutually
related streams and fuses them through cross-attention.

In the following, we detail the two core components of the proposed framework.
Section 3.1 introduces the lllumination-Aware Attention-based Multi-Head Self-Atten-
tion (IA2-MSA), and Section 3.2 presents the Illumination-Aware Loss designed to
further constrain the enhancement process from an illumination perspective.

3.1 IHlumination-Aware Attention-based Multi-Head Self-Attention

The 1A2-MSA module is designed to make illumination participate in attention rather
than act only as a scalar guidance map. It first derives illumination-aware token repre-
sentations from fused shallow features, and then uses these tokens to interact with re-
flectance-related content features. This organization enables a gradual transition from
brightness-oriented modeling to deeper illumination-content reasoning, which benefits
exposure recovery and structure preservation under complex lighting.

Compared with 1IG-MSA and RetinexFormer-like illumination modulation, IA2-MSA
differs mainly in feature flow. It still uses the standard query-key-value attention for-
mulation, but illumination-aware tokens and reflectance-related tokens are arranged
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into a two-stage interaction. Thus, illumination variation and scene content are modeled
as coupled feature streams instead of a single modulated representation.

Before entering 1A2-MSA, the illumination-guided feature F. and the reflectance-re-
lated feature Fr are concatenated and projected into a unified input token sequence:

X = Z;, = Tok(Proj([Fg,F.])), (4)

where [ 5 { denotes channel-wise concatenation, Proj( 3 aligns the fused features to the
embedding dimension, Tok( 9 converts spatial features into tokens, and Zi, denotes the
input token sequence used for residual connections.

The fused token sequence is then reshaped back to the spatial domain and passed
through three lightweight embedding branches:

F, = Tok™'(X) € RF*XW*C FO) = ¢.(F,),i € {1,2,3}, (5)

where F,, denotes the spatial feature map reconstructed from the fused input tokens X,
and F® represents the feature map generated by the i-th lightweight embedding branch
¢;. The embedded features are then tokenized as Z(®.

Stage 1: lllumination Self-Awareness. In the first stage, cross-layer attention is
performed among the embedded input features to capture global illumination-aware
dependencies. The query, key, and value are constructed as:

QW = Z(l)WQ(l),K(l) - Z(Z)ngl),v(l) - Z(3)WV(1)’ ©6)

where the three token sequences Z(V, 2 zZ3) are generated by parallel light-
weight embedding branches and capture complementary contextual cues. The attention
output is computed and followed by a residual connection in the token space:

~ @’ =
Z(l) = softmax <%) V(l)'Z(Eit) = Z(l) + Zin' @)

This operation produces an illumination-aware token representation that captures
global cross-layer dependencies while preserving the original input information
through the residual connection.

Stage 2: lllumination-Guided Enhancement. The second stage explicitly models
the interaction between illumination-aware representations and reflectance-related fea-
tures. The illumination-aware tokens obtained from the first stage are first mapped back
to the spatial domain and re-embedded:

Zin = Tok(¢(Tok 2 (Z5;))), (8)

out

where Zou® is reshaped to the spatial domain via Tok( ), refined by a lightweight
embedding function ¢( 9, and then re-tokenized to obtain the illumination-aware token
representation Zja.

Using the illumination-aware tokens as queries and the tokenized reflectance-related
features as keys and values, the second-stage cross-attention is formulated as:
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Zg = Tok(Fg),Q® = Z,W 2, K® = zzwP,v® = zzw®. (9

The second-stage attention output is computed as:

. @ x@T
72 = softmax (%) v, (10)

The final token representation is obtained through residual addition between the sec-
ond-stage attention output and the original input tokens:
z2) = 7® + 7, F = Tok '(z2), (11)

where + denotes element-wise residual addition between token representations with
matched dimensions, and F is the final enhanced feature map.

3.2 IHlumination-Aware Loss

Although the proposed 1A2-MSA module enhances low-light images through illumi-
nation-guided feature interaction, directly amplifying low-light regions may also intro-
duce undesirable feature drift, color deviation, and noise amplification. To mitigate this
issue, we introduce an Illumination-Aware Loss as an auxiliary regularization term.
Specifically, the estimated illumination map L. is normalized to [0, 1] and serves as an
illumination-sensitive weighting factor in the feature regularization. Let L¢(i) denote
the illumination map value at spatial location i, and let Fg(i) and Fre"™"ced(i) denote the
reflectance-related features before and after enhancement, respectively. The proposed
loss is defined as:

Ly = 5 Cgf © F™™@) = (7 © R 1% @

This loss does not aim to enforce identity between the enhanced image and the low-
light input. Instead, it regularizes the illumination-weighted reflectance-related repre-
sentation so that the enhancement process avoids illumination-inconsistent changes in
structural and chromatic features. The actual enhancement is driven by the reconstruc-
tion objective against the normal-light reference, while L;, acts as a constraint that sup-
presses excessive reflectance drift in illumination-sensitive regions. In this manner, the
proposed loss helps reduce color shift, noise amplification, and local artifacts without
impeding brightness recovery or detail enhancement. The overall training objective is
formulated as:
Accordingly, 1A Loss should be viewed as an empirical regularizer. Its purpose is to
stabilize feature changes in dark or spatially uneven regions, reducing color shift, noise
amplification, and detail distortion while leaving the reconstruction objective to learn
the desired normal-light appearance.

Ltotal = Lrec + AIA LIA' (13)
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where L, denotes the reconstruction loss between the enhanced image and the normal-
light ground truth, and A,, controls the strength of the illumination-aware regulariza-
tion.

4 Experiment

4.1  Datasets and Implementation Details

Experiments are conducted on LOL-v1 [11] and LOL-v2 [28]. LOL-v2 includes both
Real and Synthetic subsets. Following the commonly used splits [11,17,28], LOL-v1
uses 485 training and 15 testing pairs, LOL-v2-Real uses 689 training and 100 testing
pairs, and LOL-v2-Synthetic uses 900 training and 100 testing pairs.

Our method is implemented in PyTorch and trained with DDP on 4xNVIDIA RTX
3090 GPUs. We use the Adam optimizer with _1=0.9 and _2=0.999 for 2.5x<10"5 iter-
ations. The learning rate is initialized as 2x<10"-4 and decayed to 1x<10"-6 by cosine
annealing. Paired patches of size 128>128 are randomly cropped for training, with ran-
dom flipping and rotation for data augmentation. The batch size is 16 per GPU. The
training objective combines L1, SSIM, and perceptual losses as the reconstruction ob-
jective, together with the proposed IA Loss. We report PSNR, SSIM, and LPIPS for
quantitative evaluation.

4.2 Low-light Image Enhancement

Quantitative Results. Table 1 compares full-reference metrics on LOL-v1 and
LOL-v2, where higher PSNR/SSIM and lower LPIPS indicate better quality.
IA2former provides a balanced result across the three benchmarks. It ranks first on
LOL-v1 with 25.89 dB PSNR and 0.878 SSIM, achieves the best PSNR on LOL-v2-
Synthetic with 26.71 dB, and obtains the strongest SSIM and LPIPS on LOL-v2-Real.
LLFlow reports the highest PSNR on LOL-v2-Real, but IA2former shows better struc-
tural and perceptual scores on this subset, suggesting that the proposed illumination-
aware interaction is beneficial for preserving visible details and reducing perceptual
distortion.

Table 1. Full-reference evaluation on LOL-v1 and LOL-v2. The best results are highlighted in
bold, and the second-best results are underlined.

Method LOL-v1 LOL-v2-Real LOL-v2-Syn

F}SNR SSIM?t LlPIPS F;SNR SSIM1{ IlPIPS F;SNR SSIM1{ IlPIPS
EnlightenGAN 17.48 0.652 0.322 18.68 0.678 0.364 15.91 0.637 0.371
KinD 19.55 0.813 0.168 18.19 0.836 0.166 17.99 0.812 0.259
Restormer 22.33 0.819 0.153 19.02 0.791 0.236 21.83 0.861 0.148
SNR-Net 23.89 0.842 0.151 21.48 0.848 0.137 24.01 0.927 0.057
LLFlow 25.13 0.872 0.117 26.20 0.888 0.137 24.81 0.919 0.067

RetinexMamba 24.09 0.831 0.148 23.07 0.848 0.178 25.93 0.934 0.042
RetinexFormer 25.16 0.845 0.131 22.80 0.840 0.171 25.67 0.930 0.059
|A2former 25.89 0.878 0.129 25.14 0.891 0.132 26.71 0.933 0.061
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Qualitative Results. Fig. 3 presents a visual comparison on an image captured under
extremely weak illumination. The input image in (a) is dark and color-biased, whereas
the normal-light reference in (b) contains clearer brightness, texture, and chromatic in-
formation. The zoomed regions on the folded clothes and plush toy reveal different
failure patterns. EnlightenGAN (c) increases brightness only partially and leaves strong
under-exposure on the clothes. KinD (d) improves global illumination but introduces
blotchy transitions in shadowed areas.
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Fig. 3. Qualitative comparison on a low-light image enhancement example. (a) Low-light input;
(b) normal-light reference ground truth; (c) EnlightenGAN [13]; (d) KinD [19]; (e) Restormer
[16]; (f) SNR-Net [15]; (g) LLFlow [14]; (h) RetinexMamba [18]; (i) RetinexFormer [17]; and
() 1A2former (ours). The red and orange boxes indicate zoom-in regions for clearer comparison
of detail restoration, noise suppression, and color fidelity across methods.

Restormer (e) brightens the scene but smooths fabric textures and weakens fine de-
tails. SNR-Net (f) controls noise effectively, yet its colors appear desaturated and less
natural. LLFlow (g) enhances the overall exposure but leaves residual noise in darker
folds. RetinexMamba (h) keeps contrast but introduces over-enhancement on brighter
regions of the toy. RetinexFormer (i) produces a more balanced result, although some
edge sharpness and color fidelity are still limited. IA2former (j) better recovers cloth
color and toy texture, which supports the benefit of explicit illumination-content inter-
action.

Fig. 4 reports pixel-wise error maps on LOL-vl, LOL-v2-Real, and LOL-v2-
Synthetic. Brighter colors correspond to larger differences from the normal-light target.
On LOL-v1, Restormer and RetinexFormer show clear errors around boundaries such
as the stadium seats and railings, while IA2former produces a darker and more spatially
consistent map. On LOL-v2-Real, |1A2former reduces error responses over water re-
flections and mountain textures, indicating better exposure and color consistency. On
LOL-v2-Synthetic, its error map contains fewer high-frequency speckles around foli-
age, suggesting stronger robustness to synthetic degradation and detailed structures.
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Fig. 4. Error heatmap visualization on three benchmarks: LOL-v1, LOL-v2-Real, and LOL-v2-
Synthetic. From left to right are the input, target ground truth, and the corresponding error maps
of Restormer [16], RetinexFormer [17], and 1A2former (ours). Brighter colors indicate larger
reconstruction errors, highlighting regions where the enhancement results deviate more from
the target.

4.3 Ablation Study

We further conduct an ablation study to isolate the contribution of each component in
IA2former. Six variants are evaluated:

IG-MSA [17]: Baseline using illumination-guided multi-head self-attention. 1G-
MSA + IA Loss: IG-MSA equipped with illumination-aware loss. IA2-MSA: Proposed
illumination-aware attention-based MSA module. 1A2-MSA + 1A Loss: Full
IA2former model. Stage-1 only: Only the first stage of IA2-MSA is used. Stage-2 only:
Only the second stage of IA2-MSA is used.

Table 2. Ablation results on LOL-v1.
Params

Method LOL-v1 V)] FLOPs (G)|
PSNR?  SSIM?  LPIPS|
IG-MSA 24.99 0.844 0.134 3.84 24.71
IG-MSA + 1A Loss 25.18 0.848 0.130 3.84 24.83
Stage-1 only 25.12 0.855 0.132 4.05 26.10
Stage-2 only 25.17 0.857 0.131 4.05 26.10
1A2-MSA 25.53 0.861 0.131 4.31 29.37
IA2-MSA + IA Loss 25.89 0.878 0.129 431 29.50

Table 2 shows that replacing IG-MSA with the proposed 1A2-MSA consistently im-
proves all metrics. IA2-MSA increases PSNR from 24.99 to 25.53, raises SSIM from
0.844 to 0.861, and reduces LPIPS from 0.134 to 0.131. The single-stage versions also
improve over the baseline, with Stage-1 only and Stage-2 only reaching 25.12 and 25.17
dB PSNR, respectively, but neither matches the complete two-stage design. Adding 1A
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Loss further improves the full model to 25.89 dB PSNR, 0.878 SSIM, and 0.129 LPIPS.
These results indicate that the two-stage attention structure and illumination-aware reg-
ularization contribute complementary gains.

The performance improvement comes with a moderate increase in computation.
Moving from IG-MSA to the full two-stage 1A2-MSA raises FLOPs from 24.71G to
29.50G, showing a trade-off between quality and efficiency. Future work will explore
lightweight attention, parameter sharing, and systematic runtime and memory evalua-
tion.

5 Conclusion

This paper presents IA2former, a low-light enhancement framework that incorporates
illumination-aware interaction into a Transformer-style restoration model. The pro-
posed I1A2-MSA module models the relationship between illumination-aware tokens
and reflectance-related content features, while IA Loss regularizes illumination-
weighted feature changes during enhancement. Experiments on LOL-v1 and LOL-v2
demonstrate strong quantitative and qualitative performance compared with representa-
tive low-light enhancement methods. The results suggest that explicitly coupling illu-
mination and content features is effective for improving brightness recovery, color con-
sistency, and structural detail.

6 Limitations

I1A2former still has several limitations. Extremely dark scenes or highly dynamic light-
ing may lead to local under-enhancement or slight over-exposure. In addition, the two-
stage cross-attention design increases computational cost, which may limit deployment
on resource-constrained devices.

The current evaluation is also limited to LOL-v1 and LOL-v2, which are useful stand-
ardized benchmarks but cannot fully cover real-world low-light diversity. Future stud-
ies should include more challenging paired, unpaired, and real-captured datasets such
as SID, SMID, VE-LOL, ExDark, and naturally collected low-light images. Broader
comparisons with diffusion-based, prompt-based, all-in-one restoration, and newer
Mamba-based methods would further clarify the generalization and efficiency of
I1A2former.
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