Difficulty-Conditioned Attribute-Specific
Restoration for Low-Light Image Enhancement

Mingzhu Zhang"2®, Shuang Li»*2®, Jiaxu Leng"?®, Long Sun3®, Can
Zhang'®, Miaoqging Wang™2®, and Xinbo Gao2®f

1 School of Computer Science and Technology, Chongqing University of Posts and
Telecommunications, Chongqing, 400065, China
2 Chongqing Institute for Brain and Intelligence, Chongging, 400064, China
3 School of Artificial Intelligence and Robotics, Hunan University, Changsha, 410082,
China
gaoxb@cqupt.edu.cn
t Corresponding author

Abstract. Low-light image enhancement (LLIE) aims to restore visi-
bility and structural details from severely degraded images under insuf-
ficient illumination. However, real-world low-light images often exhibit
spatially heterogeneous degradations, where mildly under-exposed areas
are easy to recover while severely dark, noisy, or color-unstable regions
remain challenging. Existing LLIE methods typically apply a globally
uniform enhancement strategy, which often leads to suboptimal trade-
offs such as over-smoothing textures in hard regions or over-enhancement
in easier areas. To address this, we propose a Difficulty-Conditioned
Attribute-Specific Restoration (DCASR) framework that explicitly mod-
els restoration difficulty and allocates enhancement capacity accordingly.
DCASR incorporates a difficulty-aware enhancement network with two
prior-driven modulators: a Global Intensity Modulator (GIM) for co-
herent illumination correction and a Structural Refinement Modulator
(SRM) for detail recovery, together with an adaptive weighting scheme
that emphasizes hard regions during optimization. Since residual-derived
difficulty priors are unavailable at test time, we adopt a teacher—student
scheme in which a privileged teacher derives difficulty priors from resid-
ual cues only during training, while a latent conditional diffusion student
generates aligned priors conditioned on a single low-light input at infer-
ence. Experiments demonstrate that DCASR consistently outperforms
state-of-the-art methods on multiple benchmarks. Code will be made
publicly available at github.com/mingzhuzhangl/DCASR-LLIE.

Keywords: Low-light image enhancement - Difficulty-conditioned restora-
tion - Attribute-specific enhancement - Diffusion-based prior learning

1 Introduction

Low-light image enhancement (LLIE) aims to recover visibility and natural ap-
pearance from images captured under insufficient illumination. Such images are
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Fig. 1: Motivation via residual diagnostics and DCASR overview.

typically characterized by low contrast, amplified noise, chromatic distortions,
and degraded details. Beyond perceptual improvement, reliable enhancement
also provides higher-quality inputs for downstream recognition and understand-
ing tasks . Owing to its practical importance and inherent
challenges, LLIE has attracted increasing research attention in recent years.
Recent progress in LLIE has been largely driven by deep learning-based meth-
ods, which can be broadly categorized into regression-based and generation-
based approaches that learn a mapping from low-light inputs to well-exposed
images. Regression-based methods often incorporate physical priors, such as
Retinex-based decomposition , or structural cues , while generation-
based methods rely on generative frameworks, including GAN-based models
17] and diffusion-based models . Despite their methodological differ-
ences, most existing approaches apply a globally consistent enhancement strat-
egy across the entire image. However, real low-light degradations exhibit strong
spatial heterogeneity. Mildly under-exposed regions are relatively easy to recover,
whereas severely dark, noisy, or chromatically distorted areas remain challeng-
ing. Consequently, uniform mappings lead to compromised trade-offs, such as
over-smoothing fine textures or amplifying noise and color shifts in heavily de-
graded regions. As shown in Fig. (a), the high-residual regions exhibit struc-
tured, content-correlated patterns rather than random noise, indicating spatially
heterogeneous degradation and the limitation of globally uniform enhancement.
This structured failure pattern suggests revisiting LLIE from a difficulty-
aware perspective. High-error regions often correspond to intrinsically challeng-
ing areas, such as severely under-exposed textures, noise-dominated patches, or
chromatically unstable regions. Learning an explicit difficulty prior from resid-
ual supervision enables restoration capacity to be allocated according to regional
complexity, instead of enforcing a uniform enhancement strategy. However, naive
integration of such priors is insufficient. Effective difficulty modeling must fur-
ther consider the heterogeneous nature of degradation. Illumination degradation
is typically globally coherent and low-frequency dominant, whereas structural
and color degradations are spatially localized and high-frequency sensitive. As
a result, applying a single difficulty signal uniformly in the RGB space is easily
dominated by intensity variations and provides limited guidance for fine-grained
structural refinement. Difficulty modulation should therefore be aligned with
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the intrinsic statistical properties of different restoration attributes, separat-
ing global intensity calibration from detail-sensitive enhancement. In addition,
residual-derived priors are unavailable during inference, making it necessary to
infer difficulty representations from a single low-light input. However, this infer-
ence is challenging because restoration difficulty cannot be directly observed from
the degraded image and may correspond to multiple plausible residual patterns.
This motivates formulating difficulty prior learning as a conditional generative
task, where a latent conditional diffusion model predicts difficulty-aware priors
from low-light inputs.

To overcome these challenges, as illustrated in Fig. b)7 we propose DCASR,
a difficulty-aware prior-guided LLIE framework that performs attribute-aligned
restoration in the HVI space. DCASR exploits the difficulty prior through two
complementary mechanisms in the HVI space. In the intensity subspace, the
difficulty-guided Global Intensity Modulator (GIM) converts the prior into channel-
wise affine parameters and applies spatially invariant modulation to encourage
globally consistent illumination correction. In the HV subspace, the difficulty-
guided Structural Refinement Modulator (SRM) derives a high-frequency diffi-
culty indicator via DCT-based analysis and uses it to sharpen spatial attention,
prioritizing texture-sensitive regions during refinement. Beyond feature modu-
lation, we further incorporate the prior into an adaptive weighting mechanism
that reweights reconstruction supervision, progressively emphasizing hard re-
gions while maintaining stability in easy ones. As shown in Fig. c), to make such
difficulty guidance available at inference time, we propose a two-stage teacher—
student prior learning strategy. In the first stage, the teacher learns an oracle
difficulty prior using residual cues available only during training. In the sec-
ond stage, a conditional latent diffusion model predicts difficulty-aware priors
directly from low-light inputs, enabling prior-guided enhancement without re-
quiring ground truth at test time.
Contributions. The main contributions of this work are as follows. (i) We pro-
pose DCASR, a difficulty-aware LLIE framework that exploits attribute decou-
pling in the HVT space for controllable restoration. (ii) We design complemen-
tary prior-guided mechanisms to handle illumination and detail-color recovery,
and an adaptive weighting scheme to emphasize hard regions. (iii) We develop
a two-stage teacher—student prior learning strategy that enables inference-time
difficulty prior synthesis from a single low-light image using latent conditional
diffusion. (iv) Extensive experiments demonstrate state-of-the-art performance
and validate the effectiveness of each component through ablation studies.

2 Related Work

2.1 Deep Learning Based LLIE Methods

Similar to many image restoration tasks [3}[2529}/30}3537,139,141L|57}/64], most
data-driven LLIE methods adopt an end-to-end learning paradigm to directly
map low-light inputs to their normal-light counterparts. Under this unified frame-
work, existing approaches can be broadly categorized into regression-based |1}[2}
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28)43}|461/47] and generation-based methods [10,16}/17,|40L/50,55,/56]. Regression-
based LLIE learns deterministic mappings via reconstruction losses, but glob-
ally uniform enhancement can struggle under severe degradation, often resulting
in blurred textures and color shifts. To improve robustness, Retinex-inspired
methods |1}|2}28]|46||47] perform illumination-—reflectance decomposition, and
CIDNet [53] further introduces color-invariant decomposition to mitigate chro-
matic distortion. Complementarily, auxiliary-cue-guided strategies leverage se-
mantics [5,/49,[65] or structural constraints [34,/52,66] to enhance perceptual
quality. However, these approaches still largely depend on features extracted
from degraded inputs, which may become unreliable in severely corrupted re-
gions. Generation-based approaches pursue higher realism beyond deterministic
regression. GAN-based methods [6,/12[17] improve perceptual quality via adver-
sarial learning, while diffusion models [10}/15,|16}40] synthesize realistic details
through iterative denoising. Despite improved visual fidelity, they typically incur
higher computational cost and often still adopt globally consistent enhancement
without explicitly modeling spatially varying degradation difficulty.

2.2 Difficulty-Guided Learning

Visual recognition and restoration often exhibit spatially non-uniform difficulty:
regions with complex structures, severe degradation, or ambiguous semantics
are harder to process. Difficulty-guided learning addresses this by explicitly es-
timating difficulty and allocating model capacity accordingly. For example, Li
et al. [27] route harder regions to subsequent refinement stages, Nie et al. [33]
emphasize anatomically ambiguous structures via difficulty-aware attention, and
Leng et al. [21] refocus object detection on difficult instances. These efforts sug-
gest that modeling difficulty can improve representation learning and prediction
accuracy. Similar observations hold in low-level vision. In super-resolution, edge
neighborhoods and spatially variant degradations are typically harder to recon-
struct, and DDL-BSR [22] leverages difficulty cues to guide kernel estimation
and reconstruction. However, difficulty-guided learning remains under-explored
in LLIE. This motivates us to introduce difficulty guidance into LLIE by es-
timating a reconstruction difficulty map and using it for feature modulation,
allocating more capacity to severely degraded regions while preserving stability
in easier areas.

3 Proposed Method

3.1 Overview

To address spatially heterogeneous degradations in low-light images, we pro-
pose DCASR, a difficulty-conditioned attribute-specific restoration framework
for LLIE that explicitly models restoration complexity and adaptively allocates
enhancement capacity. As illustrated in Fig.[2] DCASR consists of a prior-guided
enhancement network built upon an attribute-aligned dual-branch backbone
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Fig. 2: Overall framework of DCASR. (a) Difficulty-Conditioned Attribute-Specific
Restoration Framework: GIM for global illumination modulation and SRM for struc-
tural refinement. (b) Privileged Teacher Prior Extraction. (c) Generative Student Prior
Approximation. The bottom row illustrates training-time residual construction, adap-
tive prior weighting (APW), and the GIM/SRM designs.

in the HVI space, and a two-stage prior learning strategy for inference-time
difficulty estimation. In this dual-branch design, the intensity branch focuses
on illumination-related restoration, while the HV branch is more sensitive to
structural details. Built upon this HVI-based dual-branch decomposition, the
prior-guided enhancement network injects difficulty priors into attribute-specific
branches through two modulators: the Global Intensity Modulator (GIM) en-
sures globally coherent brightness calibration in the intensity branch, while the
Structural Refinement Modulator (SRM) enhances detail restoration in the HV
branch. To make difficulty guidance available without residual supervision at test
time, we adopt a teacher—student strategy in which a privileged teacher learns
oracle difficulty priors during training, and a latent conditional diffusion student
predicts these priors from a single low-light input for residual-free enhancement.

3.2 Difficulty-Conditioned Attribute-Specific Restoration

We propose a difficulty-conditioned, attribute-decoupled restoration network
that separates illumination calibration from structure- and color-sensitive re-
finement, while conditioning both processes on a learned difficulty prior. The
network adopts a dual-branch design motivated by CIDNet , where the in-
tensity branch is modulated by a difficulty-guided Global Intensity Modula-
tor (GIM) for globally coherent brightness adjustment, and the complementary
branch is refined by a difficulty-guided Structural Refinement Modulator
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(SRM) to enhance structurally challenging regions. In addition, an Adaptive
Prior Weighting (APW) reallocates supervision toward intrinsically difficult
areas during optimization. Together, these components enable attribute-aware
restoration with difficulty-conditioned behavior.

Global Intensity Modulator. Given that illumination degradation is pre-
dominantly characterized by low-frequency variations with strong global coher-
ence [46,/63], intensity restoration benefits more from holistic rectification than
from spatially fragmented adjustments. To this end, the Global Intensity Mod-
ulator (GIM) performs channel-wise global feature modulation by decoding a
compact difficulty-aware prior P, rather than relying on explicit spatial guidance
maps. This design enables stable and adaptive intensity calibration by leveraging
the global degradation semantics encoded in P.

Specifically, GIM projects the prior P € R” into channel-wise affine param-
eters via a lightweight mapping network M g4y, implemented as a single linear
layer that outputs a 2C’-dimensional vector:

[, 8] = Mgain(P), @, € R (1)

These parameters modulate the latent intensity feature map F; € RY xH W’
through a residual channel-wise affine transformation:

F=Fo(1+a)+8, (2)

where © denotes element-wise multiplication, 1 € RE *1%1 is an all-ones tensor,
and a, 3 are broadcast along spatial dimensions H' x W',

This spatially invariant modulation injects the difficulty prior in a struc-
tured and efficient manner. By enforcing channel-wise global adjustment, GIM
preserves illumination consistency and reduces local artifacts that may arise from
dense spatial prediction. Meanwhile, v primarily controls global contrast (gain)
and B controls global brightness (bias), allowing the network to adapt intensity
restoration according to the overall difficulty encoded in P.

Structural Refinement Modulator. Complementary to the global rectifica-
tion in the I-branch, the HV-branch focuses on suppressing noise and chromatic
artifacts while recovering fine-grained details. Although the prior P captures
the overall degradation severity, directly projecting this global code is often
insufficient to explicitly steer high-frequency refinement. We therefore propose
the Structural Refinement Modulator (SRM), which leverages frequency-domain
analysis [18] to derive a structure-aware gating signal and guide detail restora-
tion.

We first map P into channel-wise affine embeddings to coarsely modulate the
HV-branch feature map Fj, € RO xH'xW',

Fcoa7'se:Fhv®7+5+Fhv7 (3)
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where ~,8 € RE 1%L are learnable embeddings predicted from P (e.g., via a
linear projection), and @ denotes element-wise multiplication.

To derive a high-frequency structural response for detail-sensitive refinement,
we treat the difficulty prior P € R” as a 1D prior embedding and apply the or-
thonormal Discrete Cosine Transform (DCT) to obtain a frequency-inspired de-
composition. A high-pass mask is then applied to retain the components above a
cutoff frequency 7, and the filtered response is reconstructed by the correspond-
ing inverse transform:

D—1
us 1
XkckZPncos{D(n+2)k}, k=0,....,D—1, (4)

n=0
1, k>,
0, k<,

]:2_:_: e Xn[K] cos[g <n + ;) k}

where ¢o = y/1/D and ¢, = y/2/D for k > 0. Here, &}, denotes the k-th DCT
coefficient of P, m, is a high-pass mask with cutoff frequency 7, and P,y € RP
denotes the reconstructed high-frequency structural response of the difficulty
prior. Unlike a scalar statistic, P preserves high-frequency variations encoded
in the prior embedding and serves as a structural modulation signal.

Xnlk] = ma (K], mo[k] = {

th[n]: 5 n:O,...,D—l, (6)

Conditioning the Query projection on Py ¢ allows SRM to adjust the attention
response according to high-frequency difficulty cues:

Epy = FFN(Attn(qu(F © (1+ APxy)), $u(F), 6o (F)) + Fa) + Fho,  (7)

where F' = Norm(Foqrse) € RC/XH/XW/, P, is used in a broadcast-compatible
form, A controls the modulation strength, ¢4, ¢i, and ¢, are linear projections,
Attn(-) denotes scaled dot-product attention, FFN(-) is a feed-forward network,
and Fj,, € R H W' i5 the refined output. By modulating the Query with the
DCT-derived structural response, SRM adaptively adjusts attention for detail-
sensitive refinement. Since the spatial layout is provided by the HV features,
this modulation encourages structurally informative regions encoded in the HV

features to receive stronger refinement under complex degradations.

Adaptive Prior Weighting. To effectively utilize the learned prior (either P
or 15) for optimization, we construct a spatial attention mechanism that dynami-
cally re-weights supervision. Given the residual prior X,.s (or its estimation), we
first compute the raw difficulty magnitude My;sy via channel-wise aggregation.
To ensure scale invariance, we normalize it to Mg € [0, 1] via per-image min-
max scaling. To ensure training stability, a base importance map W is generated
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via a scaled Sigmoid function with a stop-gradient operation:

W J(W(Mdiff - 0.5))

=sg - (8)
E[O’ (W(Mdiff - 05))] +e€

where o(-) denotes the Sigmoid function, w = 6.0 controls the focus sharpness,

E[] represents spatial averaging, and sg[-] denotes the stop-gradient operation.
We further introduce a learnable scalar £ € [0, 1] to regulate the intensity of

this guidance. The final spatial weight map W is formulated as W = & W +(1—€).

To explicitly enforce this spatial attention during restoration, we formulate the

Prior-Guided Loss L4y as the weighted mean absolute error:

ﬁww:waxf—@gm, 9)
where ® denotes the Hadamard product. This mechanism enables the network
to transition from uniform learning (£ = 0) to hard-example mining ({ — 1),
providing a robust basis for our optimization.

3.3 Generative Teacher—Student Prior Learning

The effectiveness of our framework relies on acquiring a reliable difficulty-aware
prior P. While oracle priors can be derived from residual cues during training,
they are unavailable at inference. We therefore formulate prior acquisition as a
generative teacher—student learning problem. Inferring P from a single low-light
input is inherently ill-posed, since restoration difficulty cannot be uniquely deter-
mined from degraded observations. Instead of deterministic regression, we model
P as a conditional distribution. A privileged teacher first learns an oracle prior
using training-only residual information, and a generative student is trained to
approximate this distribution conditioned solely on the low-light input. We adopt
a latent conditional diffusion model [13l/50] to capture the high-dimensional prior
distribution, enabling reliable prior synthesis at inference for fully residual-free
enhancement.

Privileged Teacher Prior Extraction. In this stage, designated as the Priv-
ileged Teacher Phase, we aim to extract an oracle difficulty-aware prior P € RP
using privileged information to encode spatially varying enhancement difficulty.
Specifically, we first employ a frozen pre-trained enhancement model @y, to gen-
erate the residual map I,.s € R3*HXW  The residual calculation is formulated
as

Ires = |Igt - gﬁllie(Ilow)| ; (10)

where | - | denotes the element-wise absolute difference. After that, we design
a dual-branch encoder architecture to process these cues. The context branch
&, takes the channel-wise concatenation of I, and I,.s to capture content-
dependent context, while the difficulty branch £ processes I,..s to extract pure
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error patterns. Both & and &, are constructed primarily of stacked Residual
Blocks [11]. The feature extraction process is expressed as

FC:€1(1l0w®1T85)7 Fd:62(1r65>7 (11)

where @ denotes concatenation. After passing through the encoder layers, the
resulting spatial features are aggregated into compact vectors via Global Aver-
age Pooling (GAP), which maps a spatial tensor F' € RE*H W' o a channel
descriptor in R¢:

z. = GAP(F.) e RP, 2z, = GAP(F;) € R?, (12)

where f denotes the base channel width (we use D=256 in our implementation).
These descriptors are fused and mapped by a multi-layer perceptron (MLP) to
obtain the latent prior:

P = Mprior(2e ®24), Mppior : R?P - RP P cRP. (13)

In our implementation, M., is realized by stacked linear layers with LeakyReLU
activations. Simultaneously, this prior P is injected into the enhancement back-
bone to modulate the GIM and SRM modules for adaptive restoration.

Generative Student Prior Learning. In this stage, designated as the Gen-
erative Student Phase (see Fig. , we aim to achieve residual-free inference by
training a student model to hallucinate a pseudo-prior P solely from low-light
inputs. Inspired by the high-fidelity generation of DDPM |[13| and the efficiency
of latent-space diffusion [50], we conduct the prior learning within the compact
latent space to reduce computational costs and result randomness.

To establish the supervision, we freeze the pre-trained encoder F; from Stage
I as the Privileged Teacher to extract the oracle latent prior P from the ground-
truth data. This P serves as the target distribution for the forward diffusion
process, where we progressively inject Gaussian noise over timestep t:

a(P|P) = N (P Vau P, (1 — o)), (14)

where oy =1 — B4, ay = H’;:O «;, and (; controls the noise variance.

In the reverse denoising phase, we employ a student encoder Fs to extract
conditional features C' from the input image ;. Unlike direct prior prediction,
we train a denoising network €y to estimate the noise in P; conditioned on C.
Consequently, the reverse sampling step from P; to P;_; is formulated as

1 1 — O
P1=— P — —e(P,Ct V31— 15
t—1 \/a—t < t mée( ty Yy )) + Qi €, ( )

where ¢; ~ N(0,I) represents the random noise for stochastic sampling. During
inference, where the privileged information is unavailable, we sample a random
Gaussian noise ¢y ~ N(0,I) and iteratively denoise it using the trained student
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network and condition C'. After T iterations, we obtain the generated prior
]5, which is subsequently injected into the backbone to guide the residual-free
enhancement.

We further impose a teacher—student prior alignment loss to encourage the

student-generated prior to match the teacher oracle prior:
Ecdp = Hp - P”la (16>

where P denotes the oracle difficulty-aware prior extracted by the privileged
teacher using training-only residual information, and P is the prior generated
by the student diffusion model conditioned on ;.

3.4 Optimization

In the first stage, we optimize DCASR using reconstruction losses defined in
both the RGB and HVI domains. Following CIDNet [53], the training objective
in the first stage consists of an £ loss together with structural and perceptual
constraints:

Estagel = ‘Cl + Essim + Eedge + Lpe?“c- (17)

where L1, Losim, Ledge, and Lyer. respectively enforce pixel-wise reconstruction,
structural similarity, edge consistency, and perceptual supervision.

In the second stage, the standard £, loss is replaced by the proposed adaptive
prior-weighted loss L4, to emphasize difficult regions. Meanwhile, the diffusion-
based student model is trained to predict the difficulty prior using the prior
alignment loss L.4p. The training objective in the second stage is:

ACstatge2 = n(‘capw + £ssim + £edge + Eperc) + £cdp7 (18>

where n = 0.01 balances reconstruction and prior learning.

4 Experiments

4.1 Datasets and Settings

Datasets and Metrics. We evaluate the proposed method on the LOL bench-
mark, encompassing LOL-v1 [46] and LOL-v2 |54], where LOL-v2 is partitioned
into LOL-v2-real and LOL-v2-synthetic subsets. Following the official protocols,
LOL-v1 comprises 485 training and 15 testing images, while LOL-v2-real and
LOL-v2-synthetic contain 689 and 900 training pairs, respectively, each with 100
samples for evaluation. To assess real-world generalization without paired super-
vision, we further test on four widely recognized unpaired datasets: DICM [20],
LIME [9], MEF [31], and NPE [42]. For paired benchmarks, we report PSNR,
SSIM [45], and LPIPS [59] (with an AlexNet [19] backbone); for unpaired scenar-
ios, we adopt NIQE [32] as the primary metric. Higher PSNR and SSIM values
signify superior reconstruction fidelity, whereas lower scores in LPIPS and NIQE
denote better perceptual quality and naturalness.
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Table 1: Quantitative comparisons on the LOL benchmark. [Key: Best, Second Best,
1: Higher is better, |: Lower is better].

Method References LOL-vl LOL-v2-real LOL-v2-synthetic
PSNRt SSIMt LPIPS| PSNRft SSIMt LPIPS| PSNRt SSIMt LPIPS|
MIRNet |58 ECCV’20 21.512 0.788  0.222  21.648 0.810 0.313  22.059 0.894  0.122
SGM [54] TIP’21 17.810 0.765  0.219  20.060 0.819  0.163 22.050 0.903  0.090
RUAS [28] CVPR21 14.630 0.573  0.285 17.970 0.646  0.329  16.940 0.648  0.222
EnlightenGAN [17|  TIP’21 17.480 0.658  0.314 18.230 0.617 0.309 16.570 0.734  0.221
Restormer |57] CVPR22 21.710 0.750  0.218 22430 0.759  0.268  20.700 0.803  0.195
SNR-Net |51 CVPR22 23.005 0.824  0.164 21.103 0.839 0.169 24.173 0.924  0.064
Retinexformer 2| CVPR23 23.830 0.832  0.141 21.272 0.841 0.163 25.281 0.928  0.064
UHDFormer |24| ICLR’23 22.880 0.835  0.137 18570 0.646  0.417  17.460 0.747  0.269
QuadPrior |43 CVPR24 18.330  0.768  0.205  20.590 0.760  0.200  17.100 0.746  0.317
LightenDiffusion [16] ECCV’24 19.120  0.749  0.195 21.710 0.789  0.187 19.940 0.826  0.170
DMFourLLIE |61 ACM MM’24 22430 0.801 0.124 18.860 0.821  0.122  24.890 0.935
CWNet [60] ICCV’25 23.601 0.850  0.123  21.647 0.860 0.136  25.501 0.936  0.044
URetinex++ |48| TPAMI'25 23.830 0.819 0.115 23920 0.798  0.187 18.990 0.744  0.210
CIDNet [53] CVPR25 23.809 0.857 0.086 23.904 0.866 0.122  25.129 0.939  0.045
Ours = 24.042 0.850 0.082 24.053 0.874 0.109 25.610 0.940 0.045

Training Protocol and Implementation Details. All experiments are im-
plemented in PyTorch and trained on a single NVIDIA RTX A6000 (48GB)
GPU. We use random 256 x 256 crops with a batch size of 8, and optimize the
network using Adam with (81, 82) = (0.9,0.99). The learning rate is initialized
to 1 x 10* and smoothly decayed to 1 x 10~7 using cosine annealing. We adopt
a two-stage training schedule for a total of 1000 epochs. Stage I (500 epochs)
jointly trains the enhancement network and the privileged teacher prior extractor
to obtain oracle difficulty priors. Stage II (500 epochs) trains the student prior
generator and fine-tunes the enhancement network with the teacher fixed. Our
model contains 6.70M parameters and runs at 0.148 s/image for full inference
on 256 x 256 inputs with batch size 1.

4.2 Comparisons with State-of-the-Art Methods

We compare DCASR with representative state-of-the-art LLIE approaches, in-
cluding MIRNet [58], SGM [54], RUAS |28|, PairLIE [7], EnlightenGAN |17],
Restormer [57], LLFlow [44], SNR-Net [51], Retinexformer [2], UHDFormer [24],
QuadPrior [43], LightenDiffusion |16], DMFourLLIE [61], CWNet [60], URe-
tinex [47], URetinex++ [48|, RetinexNet [46], LL-SKF [49|, GSAD |[14], and
CIDNet |53|. For competing methods, we evaluate officially released checkpoints
when available; otherwise, we retrain them under identical preprocessing and
evaluation protocols to ensure a fair comparison.

Quantitative Results on the LOL Benchmark. Tab. [[|reports quantitative
comparisons on the LOL benchmark. DCASR achieves the highest PSNR across
the three settings, reaching 24.04 dB on LOL-v1, 24.05 dB on LOL-v2-Real, and
25.61 dB on LOL-v2-Synthetic. Compared with CIDNet, which serves as our pri-
mary baseline, DCASR provides consistent yet steady improvements in PSNR
while maintaining competitive SSIM and LPIPS performance. Although the nu-
merical gains are moderate, the improvements are stable across different subsets,
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Table 2: Robustness testing experiments.  Table 3: Quantitative comparisons
All methods are trained on LOL-vl and o real-world unpaired datasets. These

tested on LOL—v2—syn.thetic. Unsup. ‘and NIQE (J) results are obtained either from
Sup. denote unsupervised and supervised original papers or via testing with their

modes, respectively. optimal LOL [46] weights.

Method Mode PSNRT SSIMT LPIPS)  p\fethods MEF LIME DICM NPE Mean)
RUAS [28] Unsup. 15.326 0.488 0.458 SNR 1] 114 551 402 436 4066
PairLIE |7] Unsup. 19.074 0.797 0.230

URetinex [47| 3.79 3.86 4.15 4.69 4.12

EiﬁhterlﬁﬁNllﬂ US“S“p' 121?3 g;i’;‘ 8;;2 LLFlow [44]  3.92 529 378 416 4.29
ow up. . R . )

Retinexformer |2 Sup. 16.570 0.769 0.252 EL_'SKFNMQ] G igg i;? i;(l) igg izg
GSAD |14] Sup. 15.854 0.748 0.243 etinexNet [46] 4. : : : :
CIDNet (331 Sup. 17.653 0.801 0231 CIDNet [53] — 3.60 4.18 4.18 4.29 4.06
Ours Sup. 18790 0.814 0.217 Ours 3.37 413 3.62 3.92 3.76

suggesting that the proposed difficulty-aware guidance contributes positively to
restoration fidelity without compromising perceptual quality.

Generalization from LOL-v1 to LOL-v2. To further evaluate cross-dataset
robustness under distribution shift, we train all supervised methods on LOL-v1
and directly test them on LOL-v2-Synthetic. As summarized in Tab.[2] DCASR
achieves the best PSNR among supervised methods and obtains the best SSIM
and LPIPS among all compared methods. Specifically, DCASR surpasses CID-
Net and LLFlow by 1.14 dB and 1.67 dB in PSNR, respectively. These results
indicate that modeling degradation difficulty improves robustness to domain
discrepancies across both real and synthetic low-light degradation distributions.
Unpaired Real-World Dataset Evaluation. To assess real-world general-
ization without paired supervision, we report NIQE results on four unpaired
datasets (DICM, LIME, MEF, and NPE) in Tab. |3| Lower NIQE values indicate
more natural enhancement quality. DCASR achieves the best average NIQE and
obtains competitive or superior scores across diverse in-the-wild scenes, suggest-
ing consistent zero-shot generalization to real-world scenarios.

Visualization Comparison. Fig. |3 provides qualitative comparisons between
our approach and several representative state-of-the-art methods. While com-
peting methods improve global brightness, they often suffer from local artifacts,
noise residuals, or color inconsistencies in severely degraded regions. In contrast,
DCASR produces clearer and more natural results, with better detail preser-
vation and color consistency. The improvements are attributed to the proposed
difficulty-aware allocation strategy, which dynamically distributes restoration
capacity according to degradation severity, ensuring balanced illumination and
structural fidelity across the entire image. In Fig. [4] we further show residual
diagnostic comparisons, including RGB, luminance, texture, and color bias resid-
uals. Compared with Retinexformer, DCASR produces lower residual responses
and reduced chromatic bias in challenging regions, indicating improved detail
restoration and color consistency under spatially heterogeneous degradations.
Fig. |5| further visualizes the gain brought by prior guidance over the w/o prior
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Input LLFlow Retinexformer CWNet CIDNet Ours GroundTruth

Fig. 3: Qualitative comparison on LOL-v1 and LOL-v2. Zoomed-in patches show that
ours yields more coherent illumination (brighter yet non-overexposed), preserves gar-
ment textures and text details, and maintains more faithful colors with fewer casts.

Table 5: Design ablation of modu-
Table 4: Ablation of DCASR components  |ators on LOL-v2-real. I, HV denote

on LOL-v2-real. [Key: Best, Second Best, T:  branch modulators. CA: Channel At-

Higher is better, |: Lower is better|. tention used for substitution.

Exp. GIM SRM Lgpw PSNRT SSIMtT LPIPS|) Category I~ HV PSNRf SSIMt LPIPS|
(a) X X X 23.498 0.857  0.123 Homo GIM GIM 22923 0.844 0.200
(b) v b X 23.625 0.868 0.113 & SRM SRM 22.241 0.840 0.183
ES)) "; 5 ﬁ gg';gi 8-:% 811; Placement SRM GIM  22.662 0.850 0.171
() v v v 24053 0.874 0.109 Substitution CA  CA  23.012 0864 0.131

Proposed GIM SRM 23.894 0.870 0.112

baseline, where green indicates residual reduction and red indicates residual in-
crease. The observed improvements mainly appear in structurally complex and
severely degraded regions, supporting the effectiveness of difficulty-aware prior
guidance.

4.3 Ablation Study

We conduct ablation studies on the LOL-v2-Real dataset to validate DCASR.
We evaluate the difficulty-prior learning strategy, the branch-specific effects of
GIM and SRM, and the contribution of the adaptive prior-weighted loss Lgp.

Component and Optimization Ablation. As summarized in Tab. [ we
evaluate the incremental contribution of each module. Starting from a standard
U-Net baseline in Exp. (a), the integration of GIM and SRM in Exp. (d) yields
a significant PSNR gain of 0.396 dB, validating the efficacy of our dual-branch
modulation.The introduction of the prior-driven supervision Lqp, in Exp. (e)
further enhances the PSNR to 24.053 dB, highlighting its ability to stabilize
restoration in challenging regions.
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Retinexformer

Enhanced Results ~ RGB Residual Luminance Residual Texture Residual Color Bias

Fig. 4: Residual diagnostic comparison with Retinexformer , DCASR yields lower
residual responses and reduced color bias, especially in challenging regions.

Attribute-aligned Design and Placement. We justify our attribute-aligned
configuration in Tab. 5] Replacing our specialized modulators with standard
Channel Attention (CA) leads to a 0.882 dB PSNR drop, indicating that generic
attention is less effective for intensity and structural restoration. Moreover, using
homogeneous modulators, such as dual GIM or dual SRM, or swapping the po-
sitions of GIM and SRM, causes substantial performance degradation. Notably,
swapping GIM and SRM decreases PSNR by 1.232 dB, from 23.894 dB to 22.662
dB. These results verify the necessity of assigning GIM to the I branch for global
intensity modulation and SRM to the HV branch for spatially-aware structural
refinement.

Analysis on Prior Learning and Strategy. Tab. [(] analyzes different prior
sources and learning strategies. Introducing priors consistently improves over
the no-prior baseline, while our residual-derived difficulty prior achieves the best
performance among all guidance strategies. Unlike generic cues such as SNR,
brightness, attention, and confidence maps, which mainly describe degradation
statistics, our prior is supervised by restoration residuals and thus directly cap-
tures where restoration fails.
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WO Prior

'W/O Prior P y

Fig. 5: Prior gain maps relative to w/o prior: green = reduced residuals (improvement),
red = increased (degradation).

Table 6: Ablation study of prior prediction and guidance strategies on LOL-v2-Real.
[Key: Best, Second Best, 1: Higher is better, |: Lower is better|.

(a) Prior prediction (b) Prior guidance
Pred. PSNR7T SSIM?T LPIPS] | Guide PSNR1T SSIM7T LPIPS|
MLP 23.490 0.868 0.115 |[w/o prior 23.498 0.857 0.123
CNN 23.431 0.855 0.116 SNR 23.129 0.867 0.112
Resblock 23.534 0.870 0.114 | Brightness 23.516 0.865 0.120
Multi-scale 23.416 0.865 0.117 | Attention 23.616 0.868 0.111
Transformer 23.611 0.869 0.110 |Confidence 23.768 0.862 0.126
Diffusion (Ours) 24.053 0.874 0.109 |Ours 24.053 0.874 0.109

5 Conclusion

In this paper, we propose DCASR, a difficulty-conditioned framework for low-
light image enhancement that explicitly models the spatially heterogeneous na-
ture of real-world degradations. By introducing a learned difficulty prior, DCASR
allocates restoration capacity adaptively across regions with different enhance-
ment complexity. To enable prior guidance at inference, we further develop a
teacher—student strategy that distills residual-derived oracle priors into a la-
tent conditional diffusion model, allowing reliable prior synthesis from a single
low-light input. Experiments on multiple benchmarks demonstrate that DCASR
achieves consistent improvements in illumination naturalness, detail preserva-
tion, and color stability. In future work, we plan to explore integrating difficulty-
aware enhancement with downstream vision tasks in challenging environments.
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