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Abstract—In digital photography, images captured under ex-
tremely dim or excessively bright lighting often suffer from
abnormal exposure, which can lead to irreversible loss of local
visual information. While image enhancement has been widely
explored, existing approaches rarely succeed in handling extreme
exposure scenarios. Unlike moderate exposure issues that merely
compress the dynamic range, extreme exposure causes truncation
of pixel values, resulting in regions devoid of brightness infor-
mation—referred to as brightness-missing regions. The absence
of reliable cues in these areas poses a major obstacle to both
exposure adjustment and detail reconstruction. To address this,
we propose a Multi-level Priors-guided Diffusion (MPD) model
tailored for extreme exposure restoration. MPD is a unified
framework capable of processing both extreme underexposure
and overexposure. It leverages three complementary priors—low-
level brightness, high-level structural semantics and exposure se-
mantics—within a two-stage pipeline. Initially, pixel-wise bright-
ness correction is performed using low-level brightness-guided
dynamic convolution. Subsequently, a diffusion model, guided
by structural and exposure semantics, regenerates content in
brightness-missing zones to ensure semantic plausibility and nat-
ural illumination. Comprehensive experiments confirm MPD’s ef-
fectiveness and superiority across no-reference and full-reference
image quality metrics, as well as in human perceptual evaluations.
Source code is available at: https://github.com/zzz-cv/MDP.

Index Terms—Extreme exposure restoration, Semantic consis-
tency, Diffusion models

I. INTRODUCTION

N digital photography, capturing images under insuffi-

cient or excessive illumination frequently results in abnor-
mal exposure. This not only degrades the visual appeal of
photographs but also complicates subsequent post-processing
tasks. Although significant progress has been made in image
enhancement [1]-[3], exposure correction [4]-[6] and high
dynamic range (HDR) reconstruction [7]-[11], few methods
are capable of effectively handling scenes with extreme ex-
posure. The fundamental distinction lies in the nature of the
degradation: non-extreme exposure generally compresses the
image’s dynamic range, while extreme exposure induces a
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Fig. 1. Original images and Outputs of MPD in extreme underexposure
and overexposure digital photography with their corresponding gray-scale
histograms. In the histograms of the original images, we can observe that
an extreme exposure image not only compresses the images’ dynamic ranges
but also involves truncating image information, resulting in brightness-missing
regions in the images.

grayscale truncation phenomenon that permanently removes
details and texture, leading to what we term brightness-missing
regions, as illustrated by the histograms in Fig. 1.

The critical challenge in extreme exposure restoration stems
from the irreversible loss of photometric information in these
brightness-missing regions, where sensor measurements hit the
physical limits of the camera’s dynamic range. Conventional
enhancement techniques [1]-[5], [9]-[11], which typically rely
on parametric curve adjustments or local histogram matching,
are fundamentally limited as they depend on existing pixel
correlations—precisely the information that is destroyed in
extreme exposure scenarios. Recent advancements in diffusion
models [12]-[14] offer a promising new direction. Unlike
conventional methods, diffusion models possess rich prior
knowledge learned from large-scale datasets and exhibit pow-
erful generative capabilities through iterative denoising. These
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characteristics enable them to progressively reconstruct plau-
sible texture details in brightness-missing regions. By framing
image restoration as a conditional generation process guided
by structural and exposure semantics, diffusion models can
infer coherent content in information-truncated areas through
multi-step refinement, overcoming the reliance on existing
pixel correlations inherent in traditional approaches.

Inspired by this, we propose a Multi-level Priors-guided
Diffusion (MPD) model to build a two-stage (first brightness
correction and then brightness-missing regions recovery) uni-
fied framework for dealing with both extreme underexposure
and overexposure. It integrates three types of prior knowledge:
low-level brightness, high-level structural semantics and expo-
sure semantics, providing comprehensive guidance for image
restoration under extreme exposure conditions.

o Low-level Brightness Priors guide an adaptive, pixel-wise
brightness correction.

o Structural Semantics Priors ensure the recovered content
maintains semantic consistency with the original image
structure, mitigating empirical bias and illusions in the
generative process.

o Exposure Semantics Priors harmonize the overall illu-
mination, ensuring the recovered regions blend naturally
with the corrected areas to achieve a balanced, natural-
looking exposure.

This synergistic guidance mechanism addresses the joint
optimization challenge of semantic accuracy and exposure
naturalness.

The novelty of the proposed approach lies not merely in
the assembly of the priors but in the principled design of
a synergistic guidance framework tailored for the distinctive
challenge of extreme exposure restoration. First, we define and
target the recovery of brightness-missing regions, a problem
characterized by irreversible information loss, which necessi-
tates going beyond conventional dynamic range adjustment.
Second, we introduce a novel triad of complementary priors
that operate in concert: low-level brightness priors enabling
pixel-adaptive correction via brightness-aware dynamic con-
volution; high-level structural semantics priors that enforce
contextual consistency through dynamic cross-scale attention
between missing regions and known semantics; and crucially;
high-level exposure semantics priors that leverage CLIP-based
textual prompts to regulate illumination naturalness via cross-
modal alignment. This last component represents a distinct in-
novation for explicitly controlling physical imaging attributes
(exposure) within a generative process. Finally, the synergistic
interaction between the structural and exposure semantics pri-
ors provides a novel solution to the joint optimization problem
of semantic accuracy and exposure naturalness in information-
truncated areas, a core challenge previously unaddressed in a
unified manner.

MPD demonstrates superior performance over current state-
of-the-art approaches via extensive experimental compar-
isons involving visual quality assessments, no-referenced/full-
referenced image quality assessments, and human subjective
surveys.

II. RELATED WORK
A. Exposure Correction

Exposure correction methods aim to recover images de-
graded by under- or overexposure, balancing luminance
restoration and detail preservation. Recent representative ap-
proaches include MSEC [6], which adopts a multi-scale pyra-
mid strategy for coarse-to-fine correction, and LCDPNet [5],
which exploits local color distribution cues to distinguish and
rectify improperly exposed regions. Beyond these, modern
Retinex-based designs [15], [16] further decouple illumination
and reflectance to enhance stability under challenging lighting,
while sequence modeling and transformer-style architectures
improve long-range dependency modeling for more consistent
structure recovery. In addition, approaches [17]—[20] prioritize
perceptual fidelity via constraint-aware objectives, combining
learned priors with explicit color, tone, and gradient regulariz-
ers. In the field of HDR reconstruction [7}-[11], single-frame
methods such as HDRnet [21] and HDRCNN [22] attempt to
correct the brightness of exposure photos, but they often fail
to effectively address brightness-missing regions.

The above exposure correction methods adjust images’
dynamic range to correct brightness. However, these methods
cannot handle extreme exposure conditions and fail to restore
brightness in brightness-missing regions under extreme under-
exposure/overexposure conditions.

B. Diffusion Models in Image Restoration

Diffusion models [12]-[14] are used to generate high-
quality images by gradual denoising from random noise,
leveraging their priors for various image restoration tasks
such as super-resolution [23]-[25], and inpainting [26]—[28].
Diffusion-based image inpainting aims to fill masked im-
age regions using prior knowledge from diffusion processes,
achieving restorations that blend seamlessly with the original
image context. Uni-paint [27] presents a unified multimodal
inpainting framework built on a pretrained diffusion model,
enabling text-, stroke-, and exemplar-guided inpainting via
few-shot finetuning on the given image. RePaint [26] employs
a pre-trained diffusion model to produce high-quality, varied
results across facial and generic images without modifying
the model’s architecture. Despite their successes, the output of
these methods can sometimes appear disordered or random.

To reduce the randomness of diffusion-based completion,
several recent methods [29]-[31] introduce more explicit struc-
tural and semantic constraints into the generation process.
Instead of relying on one-shot generation, they usually adopt
staged or dual-branch designs that first perform degraded-
region localization, semantic drafting, or coarse recovery, and
then refine the missing content under structural, semantic,
or consistency constraints. Although mainly developed for
completion tasks, these methods share somewhat a similar
motivation with ours, namely, improving restoration control-
lability and coherence by coupling generative recovery with
explicit priors.

ControlNet [32] enhances generation controllability by
adapting the encoder’s weights within the diffusion model
to learn additional conditions. However, its design objective
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Fig. 2. Overall architecture of MPD. Stage 1 performs pixel-wise brightness

correction through Brightness-aware Dynamic Convolution guided by low-level

brightness prior, generating preliminary corrected image [.. Stage II reconstructs brightness-missing regions using a diffusion model guided by structural

semantics prior and exposure semantics prior.

is for conditional guidance in general image generation, and
it does not address the problem of brightness-missing region
recovery under extreme exposure conditions. The Structural
Semantics Priors and Exposure Semantics Priors proposed
in this paper are not a simple combination of conditional
controls, but are customized for the characteristics of the
extreme exposure recovery task: (1) Structural Semantics
Priors ensure the structural consistency between the recovered
content and the original image through the interaction of
semantic segmentation maps and the context of brightness-
missing regions, avoiding semantic inconsistency caused by
information loss; (2) Exposure Semantics Priors first combine
CLIP text prompts (such as ”Avoid blown-out highlights™)
with brightness alignment to directly constrain the exposure
naturalness of the generated regions. The synergistic effect of
the two addresses the brightness-semantic joint optimization
issue not covered by ControlNet.

Under extreme exposure conditions, images suffer from
brightness-missing regions, a challenge that traditional bright-
ness correction methods are powerless against. Our method
attempts to leverage the reliable prior knowledge and the diffu-
sion model’s capability to progressively restore the brightness-
missing regions and avoid empirical bias and illusions in the
diffusion model, thereby restoring their details and texture
coherence with the original image.

III. PROPOSED METHOD
A. Preliminary

Diffusion models [12], [33] constitute a class of generative
models that learn to approximate the true data distribution p(z)
by modeling a transformed distribution ¢(z) through a Markov

chain [34]. The fundamental framework establishes a critical
joint distribution:

T—-1
po(zor) = py (2r) [ 0§ (24 201) (1)
t=0

The forward fixed variational inference distribution is:
T 1
q(z1rl20) = ¢" (2e]20) H ¢ (z]2-1. 20) 2)

t=1
Then Gaussian parameterization is adopted for both pg and g,
with one common parameterization form being:

q(Zt|Zt_1) = N(Zt7 vV 1-— ﬁtzt_l,,BtI), Vt S [17T] (3)

Through recursive application of Eq. 3, we derive the closed-
form expression for z; given zg:

q(zt|z0) = N(Vaizo, (1 — a)I), Vvte[1,T] @)

. — t ’ .
where the coefficients &; = [][,_; o, op = 1 — ;. Using
reparameterization, we can express Eq. 4 as follows:

z1(20,€) = arzq + o€ 3)

where a; and o; are predefined scale factors. This formulation
enables direct estimation of the clean image z; through a
noise prediction network €y:

1
204 = a_t(zt — 0y¢€q) (6)

According to Eq. 6, the relationship between z; 1 and 2|, can
be expressed as follows:

-1 = Gp—120)t T Or—1€ @)
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Based on the above formula, after the T steps of the denoising
process, we can reconstruct the clean sample z, from the
sample z;. However, the entire denoising process needs to
be performed step by step, which leads to a long inference
time. Several techniques [35], [36] have been proposed to
accelerate this process, such as DDIM [37], which introduces
the following scheduling strategy:

2 1= ap 120 + 0p1(me+ /1 — nieg) (3

where 7; is an interpolation factor that controls the ratio of
the newly introduced noise €.

The reverse process of diffusion models, which involves
gradually denoising to reconstruct the original image, offers a
promising approach to addressing the challenges of extreme
exposure restoration. By iteratively estimating and removing
noise, diffusion models can potentially recover missing details
in brightness-missing regions caused by extreme exposure.

B. Formulation and Main Idea

Unlike traditional exposure correction or image enhance-
ment tasks, our proposed method focuses on image restoration
under extreme exposure scenarios where brightness-missing
regions occur. For input images /;, with abnormal brightness,
our method first finds a mapping function £ to correct the
brightness globally, then identifies brightness-missing regions
M and utilizes the mapping function G to restore these
regions. As shown in Fig. 2, here, we introduce three types
of priors: one related to low-level brightness, represented as
the brightness map B; another related to image structural
semantics, described as the priors .S; and the third type is
exposure semantics, denoted as exposure prompts . Hence,
the two-stage problem formulation in MPD can be defined as
follows:

I, = (1 M)® F(Ip, B) + M@ G(F(I),S, P) (9

where F' corresponds to the brightness correction that performs
pixel-wise dynamic convolution guided by brightness map B.
G represents the brightness-missing region recovery process
guided by structural semantics S and exposure prompts P.

First, MPD adjusts the brightness of the input image I,
using a Brightness Correction Net 1j9. This network utilizes
dynamic convolutions guided by the brightness map B to
adaptively adjust the brightness of the input image I on a
per-pixel basis. This adjustment helps to correct the brightness
of the image and also helps to accurately identify brightness-
missing regions M. Subsequently, it identifies M in the image
by applying a brightness threshold H. We employ a semantic
segmentation model to create a semantic map S to guide
MPD in recovering brightness-missing regions to ensure that
the semantically restored image remains consistent with input
images. Throughout the process, MPD adjusts the brightness
levels of the generated image using exposure prompts P to
ensure that the recovered brightness-missing regions are har-
monious with the brightness-corrected image. By integrating
these steps into a coherent workflow, our approach effectively
tackles the challenges of image restoration under extreme
exposure conditions.

C. Multiple Low- and High-level Priors

To restore brightness-missing regions, we utilize the
low-level brightness priors, structural semantics priors, and
exposure semantics priors to assist in the restoration.

1) Low-level Brightness Priors: The gray-scale value of
each pixel in the input color image [ is obtained to create
the brightness map B. On the one hand, the brightness map
B is fed into the Brightness Correction Net 7y to guide
the adaptive distribution of convolution kernels in Brightness-
aware Dynamic convolution. On the other hand, the brightness
map B is used to distinguish brightness-missing regions and
obtain the brightness-missing region mask M. We define a
brightness threshold H to identify brightness-missing regions
in images. For an 8-bit color depth RGB image, the range
of its brightness values spans from 0 to 255. To differentiate
brightness-missing regions, we set the value of H to 1 for
underexposure conditions and 254 for overexposed conditions.
Specifically, we consider a region to have brightness missing
when the brightness value is below | or above 254.

2) High-level Structural Semantics Priors: Different
from ControlNet, which only inputs semantic segmentation
as a static condition, our method dynamically fuses the
brightness-missing region mask M and the semantic map
S, introducing a cross-scale semantic attention mechanism
during the noise prediction phase of the diffusion model (as
shown in the interaction between the semantic encoder 7y
and the noise prediction network in Fig. 2). This forces the
generated content to strictly align with the semantic context
of the non-missing regions. Although details may be lost in
extreme overexposure or underexposure cases, these regions
typically do not cover the entire image, and their surroundings
are easily extractable to obtain valuable semantic features.
Leveraging this, we employ the semantic map S, generated by
the Oneformer [38], a universal image segmentation network,
to guide the recovery of content in these regions. Structural
Semantics Priors maintains the semantic structure consistency
between the recovered and unrecovered images when feeding
the brightness correct image 1. to the diffusion model.

3) High-level Exposure Semantics Priors: Exposure seman-
tics prompts P generate dynamic weights through the CLIP
text encoder, which are aligned with image features in a cross-
modal manner, rather than the fixed edge or segmentation
conditions in ControlNet. This design can adaptively adjust
the brightness distribution of the generated regions, solving
the balance issue of local overexposure/underexposure under
extreme exposure. The Structural Semantics Priors provide
structural guidance for the image restoration process, yet there
remains a possibility that the brightness of the restored image
may be abnormal. To address this, we utilize CLIP’s [39]
text encoder to extract brightness-related textual features and
align them with the image features during restoration. This
alignment allows us to adjust the brightness of the generated
images, thereby preventing any abnormal brightness in the
restored images. Specifically, we select exposure prompts P
with a positive prompt {Avoid blown-out highlights} and a
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Negative prompt {Overexposed areas} as exposure semantics
priors and input them into Textual Encoder 7y to extract
brightness-related textual features, which guide the brightness
adjustment during the image generation process.

D. Brightness Correction

MPD corrects the brightness of the input images I;, under
the guidance of low-level brightness priors. Specifically, we
design the Brightness Correction Net 75 (BCN) to correct the
brightness of images with abnormal exposure by predicting
per-pixel brightness adjustment parameters A. BCN uses seven
CNN layers, with ReLU activation in the first six and Tanh in
the last. It includes a brightness-aware dynamic convolution
(BDconv) in layers two to six to adapt feature extraction to
brightness levels. To minimize information loss, BCN avoids
upsampling or downsampling. The structure of BCN is shown
in Fig. 3, upon obtaining the pixel-level curve parameters A,
inspired by Zero-DCE [1] and [40], the image adjustment
parameters follow the iterative adjustment formula:

I.(n)=1I.(n—1)—Ax (Icz(n —-1)=I.(n-=1)) (0
where n is the number of iterations for adjusting the bright-
ness, which is set to 8 in our approach.

Inspired by [41], the Brightness-aware Dynamic convolution
(BDconv) is designed to adaptively adjust the correction
strength according to the varying exposure conditions. Using
the brightness map B extracted from the input image /5, and
a standard convolution X, the BDconv kernels are generated
by predicting a set of basic kernels and guided features.
The structure of BDconv is illustrated in Fig. 3. For the
standard convolution X, a kernel generator produces two basic
kernels, k; and ko. The brightness map B is input into a
convolution layer to predict guided features, which determine
pixel-wise weights w; and ws. Under the guidance of these
weights, the basic kernels ky and ko are allocated to regions
with different brightness levels, enabling Brightness-aware
Dynamic convolution to perform targeted feature extraction.
This adaptive approach allows BCN to learn different mapping
parameters for different brightness regions in the input image,
thereby adaptively optimizing the correction strength.

E. Missing Region Recovery

The Brightness Correction Net 7y has adjusted the bright-
ness of the input image I on a pixel-by-pixel basis to return
them to normal light levels and obtain the corrected image I.:

Ie = ny(In, B) an

However, for the brightness-missing regions, the BCN 7y has
little effect due to the loss of brightness information, so in this
section, we will solve this problem.

After obtaining I., the Image Encoder F processes the
image I to produce a latent feature z;;,5,¢ t through:

Zinput = E(L) (12)

which is then subjected to random noise to create a noisy
latent feature zr in the diffusion model (where T' represents
the total time step). The noisy latent feature is generated by:

(13)

2T = QT Zinput + ore

where o and o are predefined hyperparameters controlling
the noise schedule. To guarantee the restored brightness-
missing regions in the image align semantically with the
original features, we feed the semantic map S into the Se-
mantic Encoder 7y to derive the semantic condition c. This
condition then directs the Noise Prediction Network ey to
predict the noise added to the latent feature zr. Furthermore,
the CLIP text-encoder vy extracts a text-guided condition y,
linking the exposure prompts P with the generated image’s
brightness. This dual guidance ensures semantic accuracy and
visual quality in the restored content.

The structural semantics condition ¢ and exposure semantics
condition y implement synergistic control over the diffusion
process through distinct mechanisms. Specifically: The se-
mantic map S is encoded by ControlNet [32] to generate
spatially aligned feature maps. These features are injected into
the UNet’s intermediate layers via zero-initialized convolution
layers, establishing pixel-wise correspondence between the
semantic structure and the generated content. This process can
be formulated as:

PO () = by () +77(S) (14)
where hgr)l denotes the original feature at layer [, 7, ( ) repre-

sents the ControlNet branch with zero-initialized convolutions
that inject semantic map S, enforcing structural consistency
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through residual feature modulation. Structural semantics con-
dition ¢ = 79(S). The CLIP text encoder vy projects expo-
sure prompts P into a joint embedding space, establishing
cross-modal alignment between textual semantics and visual
features. This alignment is achieved through cross-attention
layers in the diffusion model:

on(00 KO 1O QUENT L
Attention(Q", K/, V")) = softmax \/El V)

(15)

) and

where query Q) comes from visual features, key Ky
value V,,(l> are derived from text-guided condition y = 74 (P).
Here d denotes the feature dimension.

The joint guidance (c,y) creates a dual-control system:
structural semantics maintain geometric and contextual co-
herence through spatial feature constraints, while exposure
semantics regulate global illumination distribution via cross-
modal semantic alignment. The guided noise prediction is
represented as:

t, c,y) =¢€o @i, t, 0)+k €o (21, ¢, ¢, y) —€o (21, t,0))
(16)
where £ is a factor adjusting the strength of the guidance.
Following noise prediction, the Denoising Diffusion Implicit
Models (DDIM) [37] sampling scheduler, as shown in Eq. 8, is
used to accelerate the sampling process and gradually denoise

to obtain zg:

1 = y_120 + 04— 1<CF+\/1—77 16

g@ (zt )

(‘y))

e~N(0.1)
a7

where ( is typically set to 0, a and ¢ are predefined hyperpa-
rameters. To finalize the restoration, we pass the predicted zg
through Image Decoder D to generate the image I, = D(z).
The final image is then composed using the following formula:

L=1-MoIL+Mol, (18)

The whole algorithm is shown in Algorithm 1.

F. Loss Functions

In our approach, the subnetworks, including Semantic
Segmentation, Semantic Encoder, Textual Encoder, Image
Encoder, and Image Decoder, directly leverage the trained
models, and their weights are frozen. We train the Brightness
Correction Net 79 and the Noise Prediction Network eg. For
the BCN, we utilize an exposure control loss [1], denoted
as Legp, which measures the deviation between the average
brightness of a local region and the desired brightness for
proper exposure. Additionally, to assist the network in ac-
curately estimating the illumination and parameter maps, we
apply a local smoothness term [42], denoted as Ly, during
the brightness correction process. To minimize color cast and
ensure that the RGB channels’ distribution remains close,
we employ a color constancy loss [43], denoted as L.
Furthermore, we use Lgy,, [1] to measure changes in pixel
value differences between adjacent regions post-correction,

Algorithm 1 MPD.

Input: Input image, /,; Brightness Correction Net, 7g; Se-
mantic Segmentation Net, dg; Semantic ControlNet, 74;
Exposure Prompt, P; Textual Encoder, ~y; Noise Predic-
tion Network ¢y, Image Encoder, E; Image Decoder, D;

Output: Image I, after MPD;

1. Extract B based on [, and obtain Brightness-missing
Region M;

: I = no(Ip, B);

s e=T79(0(Le)). y = vo(P);

C Zinput = E(L);

e~N (0, T);

27 = QrZinput + OTE;

. for all ¢ from T to 0 do:

€0 (ot () =€p (20, 1, 0)+
(69 (Ztv (C y))_69 (Ztvt 0)))

9zt = ap120 + or—1(Ce + /1 — n2éy (21,
e~N (0, 1)

10: end for;

11: I, = D(z0):

12 I,=I, oM+ 1,

13: return I,;

RNV SRS

oc

(¢ 9)))s

®© (1 - M),

aiming to preserve spatial consistency. Therefore, the bright-
ness correction loss Ly, is formulated as:

»Cbc = Alﬁexp + )\chtv + )\S»Ccol + )‘4£spa (19)
where A1, Ao, A3 and )4 are the balancing hyperparameters.
To minimize the occurrence of brightness anomalies in the
images generated by the Stable Diffusion model, we fine-tune
the Noise Prediction Network €y using the following mean
square loss:
Lor = Beconciomys [lle = eo (,1)[3] 20)
where €y is trained to predict the noise € contained in the input
z; at any time .

G. Training

1) Training Set Preparation: The training pipeline em-
ploys a two-stage data strategy to accommodate the training
of the brightness correction net and the fine-tuning of the
noise prediction network. For the initial training of BCN,
we need a large number of images to learn how to map
underexposed/overexposed images to normal exposure. Since
our brightness correction net’s training process is unsupervised
and data-insensitive, we choose images from the MS-COCO
dataset [44] and apply random brightness adjustments to
simulate underexposed/overexposed conditions. This selection
is motivated by the dataset’s extensive coverage of standard
illumination conditions and strict exclusion of images over-
lapping with our test benchmarks (SICE and Adobe FiveK).
To simulate extreme exposure variations (+3 EV) within
sRGB constraints, we utilize the Adobe Camera Raw SDK
in Photoshop for controlled brightness manipulation.
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TABLE 1
PSNR 1, SSIM 1, UNIQUE (UN.) 1, NIQE |, LPIPS |, CLIP-IQA 1, U.S. 1 SCORES ON SICE AND E-FIVEK DATASETS
UNDER EXTREME UNDEREXPOSURE.THE BOLDFACE AND UNDERLINED ENTRIES DENOTE THE BEST AND SECOND-BEST RESULTS, RESPECTIVELY.
SICE E-FiveK

Methods PSNR SSIM UNIQUE NIQE LPIPS CLIP-IQA U.S. PSNR SSIM UNIQUE NIQE LPIPS CLIP-IQA U.S.
Input 7.2900 0.1409 0.1173 5.9352 0.6844 0.4615 2.3612| 9.8088 0.2875 -0.0529 6.3456 0.4428 0.3823 2.4869
HDRCNN [22] 6.28069 0.0555 -0.3204 8.6555 0.8367 0.3977 1.3968 | 7.8016 0.1083 -0.5270 8.8706 0.6772 03541 1.6858
Zero-DCE [1] 10.7783 0.4093 0.5527 4.7390 0.4482 0.4376 3.1558 | 17.2077 0.6195 0.4616 54369 0.3043 03895 3.2547
CMEC [46] 8.9377 0.2731 0.3635 6.0113 0.6252 0.3860 2.1547|18.9343 0.6256 0.2344 6.2352 0.3303 0.3609 1.9314
MSEC [6] 10.3130 0.3494 0.2760 5.1044 0.5995 0.2814 2.0385 | 18.5191 0.6256 0.0191 6.0567 0.3926 0.2966 2.8562
FECNet [4] 11.3242 04232 0.1129 3.9022 0.4811 03147 3.2569 |19.8765 0.6781 0.0744 5.0928 0.3081 0.3161 3.1569
LCDPNet [5] 11.5386 0.4589 0.5157 45025 04279 03861 2.5541 (174115 0.6195 0.3735 5.8892 03090 03819 2.6314
LANet [47] 112123 0.5551 0.4453 4.5454 04509 03876 3.2147 |20.3520 0.7639 0.5417 5.4087 0.3006 0.3957 3.3423
Retinexformer [15] | 8.5441 0.2390 0.4773 6.0245 0.6051 0.4489 2.2559 | 16.6373 0.5576 0.4952 5.8452 0.3223 04082 2.6847
RetinexMamba [16]| 11.2837 0.4510 0.5873 3.5671 0.4722 0.3758 2.6320 | 15.9237 0.7064 0.5401 5.1505 0.3104 0.3567 3.0441
CoTF [17] 12.7222 0.5544 0.3558 4.1986 0.4121 03351 2.8132|17.7618 0.7367 04097 54992 02978 0.3529 2.9644
CSEC [18] 10.7060 0.4216 0.2556 4.3583 0.4498 0.3588 2.9655 [14.7625 0.6113 0.3225 5.6601 0.3258 0.3711 3.1124
UNICE [48] 13.4730 0.5866 0.4883 4.4950 0.4393 0.4025 3.2216 | 17.6665 0.7066 0.6566 5.2393 0.3018 0.4758 3.3418
LLDiffusion [49] |12.6869 0.5196 0.5600 3.8407 0.4260 0.4963 3.0012 |17.6297 0.6981 0.5399 5.4233 0.2837 0.5078 3.2064
Ours 12.6486 0.5669 0.8215 3.4397 0.4192 0.5251 3.4672 |17.6859 0.6792 0.8279 4.3402 0.2955 0.4861 3.5149

The subsequent fine-tuning stage on the SICE dataset ad-
dresses two critical considerations. First, SICE includes im-
ages with varying exposures from multiple real-world scenar-
i0s and their corresponding high-quality ground truth, enabling
supervised calibration of the diffusion model’s noise prediction
parameters. Second, the inherent data efficiency of Low-Rank
Adaptation (LoRA) [45] allows effective model specialization
using only 20 carefully selected samples, circumventing the
need for large-scale annotated data. LoRA freezes the pre-
trained model weights and injects trainable low-rank matri-
ces into specific layers, enabling adaptation with minimal
computational overhead and reduced risk of overfitting. This
approach is particularly suitable for scenarios with scarce
training data, as it constrains the fine-tuning process to a low-
dimensional subspace of the original parameter space.

2) Training Details: For training BCN, we employ an end-
to-end approach, resizing images to 512 x 512. All experi-
ments are conducted on a single NVIDIA 3090 GPU.Network
biases are initialized to a constant value, and we optimize using
the Adam optimizer [50] with a fixed learning rate of 1 x 1074,
a batch size of 4, training for 200 epochs. The loss function
weights are set as follows: A\; = 10, Ao = 200, A3 = 5, and
Ay = 1. We use 20 images of normal exposure from the
SICE dataset to apply a low-rank approximation scheme [45]
to fine-tune the Noise Prediction Network ¢y to minimize
the objective described in Eq. 20. These images are selected
to cover diverse indoor and outdoor scenes under normal
illumination, and they have no overlap with the training or test
sets used in this work. During fine-tuning, we inject LoRA
matrices into the cross-attention layers of the pre-trained
Stable Diffusion v1.5 [14]. We use the Adam optimizer [50]
with a learning rate of le-5 and a batch size of 1. The small
batch size helps reduce gradient noise, while the low learning
rate ensures stable convergence. In addition, we utilize the

Fig. 4. The inputs from SICE dataset and E-FiveK dataset. The two images
are extremely underexposed and overexposed images respectively, both of
which involve brightness-missing regions.

pre-trained Oneformer [38] on the ADE20K [51] dataset for
generating semantic segmentation maps, incorporate the pre-
trained Semantic Encoder [32] for semantic feature guidance,
and employ the pre-trained Stable Diffusion v1.5 [14]. For
diffusion inference, we set the CFG scale to 7, the denoising
strength to 0.76, and fix the random seed for reproducibility.
The sampling strategy of DDIM is adopted, with the number
of sampling steps set to 20.

IV. EXPERIMENTAL RESULTS
A. Experiment Setting

Regarding the testing sets, a few images in existing datasets
include extreme exposure conditions. The images in our testing
sets are sourced from the SICE dataset [52] and the Adobe
FiveK dataset [53]. The SICE dataset comprises multiple
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TABLE 11
PSNR 1, SSIM 1, UNIQUE (UN.) 1, NIQE |, LPIPS |, CLIP-IQA 1, U.S. 1 SCORES ON SICE AND E-FIVEK DATASETS
UNDER EXTREME OVEREXPOSURE.THE BOLDFACE AND UNDERLINED ENTRIES DENOTE THE BEST AND SECOND-BEST RESULTS, RESPECTIVELY.

SICE E-FiveK

Methods PSNR  SSIM UNIQUE NIQE LPIPS CLIP-IQA U.S. | PSNR SSIM UNIQUE NIQE LPIPS CLIP-IQA U.S.
Input 11.5943 0.7227 1.1556 3.5979 0.2594 0.4488 1.9631 [ 11.2011 0.6959 0.6525 5.3044 0.2646 0.4007 1.2356
HDRCNN [22] 11.5221 0.5612 0.5687 3.6938 0.3293 0.4520 1.9985[13.4323 0.7105 0.0625 4.9030 0.2887 03468 1.1356
Zero-DCE [1] 9.3312 0.6390 0.7898 3.7496 0.3235 0.4510 2.6532| 7.6781 0.6072 0.4865 52602 0.3618 0.3578 2.4651
CMEC [46] 15.4544 0.7151 13753 3.3123 0.2335 0.4863 2.1321 [17.1493 0.8291 0.7265 4.6492 0.2511 04177 2.3654
MSEC [6] 15.3911 0.6821 1.3260 3.5237 0.2438 0.4105 2.3651 | 16.7227 0.7546 0.6715 4.8313 0.2811 0.4003  2.3261
FECNet [4] 15.2507 0.5878 0.7736 3.2606 0.3077 0.4315 3.1256 [18.5349 0.7209 0.0431 4.7465 02974 0.3343 3.2659
LCDPNet [5] 14.3432 0.6974 0.9202 3.8446 0.2639 04885 2.8641 [13.4747 0.6774 0.3853 4.6837 0.2924 0.3393 2.9532
LANet [47] 15.0932 0.6876 0.8305 4.8012 0.2916 0.4846 3.3621 |15.0492 0.7123 0.5212 49213 0.2620 0.4272 3.2156
Retinexformer [15] | 15.1936 0.6983 1.0868 3.3392 0.2581 0.4313 2.7347 | 14.3945 0.7583 0.9157 4.5434 0.2505 0.4109 2.5524
RetinexMamba [16]| 15.8601 0.7104 1.1242 3.2772 0.2501 0.4556 2.7681 |18.9666 0.8413 0.5406 4.5668 0.2169 0.3857 3.0149
CoTF [17] 16.7123 0.7201 0.8056 3.4881 0.2558 0.3778 2.8961 | 14.8395 0.7258 0.4862 4.7283 0.2900 0.3412 28774
CSEC [18] 15.1202 0.7211 0.9755 3.3380 0.2292 0.4839 3.1653 [ 14.1966 0.6953 0.2815 4.6714 0.2980 0.3434  3.2651
UNICE [48] 16.0981 0.6873 1.0394 3.3894 0.2367 0.4804 3.4214|16.6077 0.7781 0.8749 4.7619 0.2466 04753 3.2167
LLDiffusion [49] |11.4190 0.6939 1.0351 3.5054 0.2761 0.4568 2.7457 | 9.1447 0.6263 0.5555 4.6685 0.3106 04511 2.6684
Ours 17.3639 0.7432 12907 3.2183 0.2168 0.5117 3.6327 [ 16.8553 0.7792 0.8905 4.4090 0.2418 0.4909 3.5426

groups of images with varying exposure conditions. We select
120 groups and choose the images with the highest and
lowest brightness values from each group to represent over-
exposure/underexposure conditions. The Adobe FiveK dataset
contains raw-format images along with corresponding expert-
annotated ground truth. We randomly select 140 images from
this dataset and perform brightness adjustments using the same
method as in the training set, specifically leveraging the Adobe
Camera Raw SDK in Photoshop. The adjustment parameters
are set to a relative EV of £3. We designate these images from
the Adobe FiveK dataset captured under extreme exposure
conditions as the E-FiveK database. We use the SICE and the
E-FiveK datasets as our testing sets. It is important to note
that our training set and testing set do not intersect.

B. Comparisons with State-of-the-arts

1) Quantitative Comparison: To demonstrate the effec-
tiveness of our method, we compare it with representative
exposure correction approaches, including MSEC [6], LCDP-
Net [5], Retinexformer [15], RetinexMamba [16], CoTF [17],
CSEC [18], UNICE [48], and LLDiffusion [49]. Notably,
UNICE and LLDiffusion are diffusion-based generative meth-
ods that restore images via iterative sampling with strong
priors, providing a particularly relevant and challenging com-
parison in terms of perceptual realism and detail recovery.
We evaluate the restored results on the SICE dataset and
E-FiveK dataset using both no-reference and full-reference
image quality assessments. For no-reference evaluation, we
adopt the Natural Image Quality Evaluator (NIQE) [54] and
UNIQUE [55] metrics. For full-reference evaluation, we use
PSNR (dB) and SSIM as distortion-oriented metrics, and fur-
ther incorporate LPIPS [56] and CLIP-IQA [57] as perceptual
measures: LPIPS quantifies perceptual similarity between the
restored image and the reference in a deep feature space,

while CLIP-IQA leverages CLIP-based semantic representa-
tions to assess overall visual quality, aligning better with
human subjective preference. We conduct experiments under
two extreme conditions separately: extreme underexposure and
extreme overexposure.

As shown in Table I and Table II, our method achieves
competitive overall performance on both SICE and E-FiveK,
and shows clear advantages on perceptual-related criteria, indi-
cating improved naturalness, visual consistency, and subjective
quality. We note that PSNR and SSIM are distortion-based
metrics that penalize any pixel-wise deviation from the ground
truth, even when such deviations are perceptually plausible
or visually preferable. For example, in brightness-missing
regions, the input image may have completely lost surface
texture information; consequently, without reliable texture cues
as a reference, the restored image can present differences in
texture and structure compared to the ground truth.

2) Visual Quality Comparisons. In this section, we conduct
a detailed examination of MPD in terms of brightness, color,
contrast, and naturalness under extreme exposure conditions.
As shown in Fig. 5 and Fig. 6, in both underexposure and
overexposure scenarios, our method makes global adjustments
to the image’s brightness and delicately restores the color
and contrast of the brightness-missing regions. Our method
also demonstrates a natural and harmonious restoration of
brightness-missing regions. Overall, our method achieves sat-
isfactory results in terms of brightness, color, and naturalness.

3) Human subjective survey: We conduct a human subjec-
tive survey for comparison. For the restored images in the
testing set produced by nine different methods, we invited 15
human subjects, who were asked to rank the enhanced images.
These subjects are instructed to consider the following criteria:
i) whether the image brightness, color, and contrast are normal;
ii) whether there are noticeable artifacts of overexposure or
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(a) MSEC [6]

(f) CSEC [18] g) UNICE [48] (h) LLDiffusion [49] (1) Ours (j) GT

Fig. 5. Visual comparison of extremely underexposed images from the SICE dataset and E-FiveK dataset. Compared with peer methods, our restoration
results achieve more satisfactory outcomes in terms of brightness, color, and naturalness.

[5] (c) Retinexformer [15] (d) RetinexMamba [

(f) CSEC [18] (g) UNICE [48] (h) LLDiffusion [49] (i) Ours G) GT

Fig. 6. Visual comparison of extremely overexposed images from the SICE dataset and E-FiveK dataset. Compared with peer methods, our restoration
results deliver more pleasing performance in terms of brightness, color fidelity, and naturalness.
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(a) Input

(b) w/o LB Priors

(f) w/o BCN 2) Only-BCN (h) w/o Lspa

(c) w/o SS Priors

(d) w/o ES Priors

(i) w/o Ly (j) w/o Leo; (k) Ours

Fig. 7. Ablation study of our framework and loss functions. (b) - (f) demonstrating the effectiveness of the prior knowledge and network structure we

introduced, and (g) - (i) reflecting the roles of various loss functions.

o

(b) Repaint [26]

(a) Input (1¢) (c¢) Uni-paint [27]

—

(d) DiffB

(H GT

Fig. 8. Display of brightness-missing regions recovery without semantic conditions. Our method produces accurate content and maintains appropriate brightness,

contrast, and naturalness, resulting in satisfactory outcomes.

TABLE III

ABLATION STUDY OF OUR FRAMEWORK AND LOSS FUNCTIONS.
Methods NIQE | UNIQUEt PSNR{ SSIM
Input 37209  1.1253 115740  0.7077
w/o LB Priors | 3.7375  0.9738 13.8971  0.6446
wlo SS Priors | 3.3656  1.3652 152321  0.5611
wlo ES Priors | 32652 13236 144522 0.6235
w/o BCN 3.1659 13876 122485  0.6257
Only-BCN 35623 1.1235 142362 0.7166
W/o Lspa 3.5656 09889 143015 0.6523
Ww/o Ly 49376  -0.2685 116619 0.4364
W/0 Leoy 13.9696  -1.9583 6.8382  0.2092
Ours 3.0065  1.3975 154842 0.6776

underexposure; iii) whether the image exhibits overall or
partial visual inconsistencies. We specify a scoring range from
1 to 5 for each image, with a higher value indicating better
image quality. As shown in Table I (U.S.), our approach
achieves the best results.

C. Ablation Study

1) Investigation of the framework: To demonstrate the
effectiveness of the general configuration of our method, we
perform several ablation settings and present the results in
Table III. Specifically:

i) w/o Low-level Brightness Priors (w/o LB Priors): Do
not use low-level brightness priors and replace brightness-
aware dynamic convolution with regular convolution in the
Brightness Correction Net 7g;

i1) w/o Structural Semantics Priors (w/o SS Priors): Do not
use structural semantics priors and remove Semantic Encoder
79 from MPD;

iii) w/o Exposure Semantics Priors (w/o ES Priors): Do not
use exposure semantics priors and remove Textual Encoder vy
from MPD;

iv) w/o BCN: Remove the Brightness Correction Net 7y
from the MPD, and the image will not go through the BCN;

v) Only BCN: Images are processed only through the
Brightness Correction Net 7.
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As shown in Table III, the results from the second to fourth
lines indicate that the three types of prior knowledge we
introduced are essential and play an important guiding role
in image restoration. The results of w/o BCN demonstrate the
essential role of brightness correction in BCN. The comparison
between W/o LB Priors and Only BCN results also confirms
the effectiveness of BDconv.

The visual results of the ablation study are shown in Fig. 7.
The results w/o LB Priors exhibit a darker foreground, indi-
cating that this portion of brightness has been overcorrected,
highlighting the effectiveness of low-level brightness priors
and dynamic convolutions. In the results w/o SS Priors, some
semantic inconsistency may occur due to the lack of structural-
semantic information constraints, such as in the tree part of
the image. Results w/o ES Priors show that, due to the lack
of exposure semantic information, although the sky portion
has recovered texture information, the brightness remains too
bright. The image without BCN is generally brighter, lack-
ing global brightness correction. While Only BCN performs
brightness correction, the texture in brightness-missing regions
still fails to recover.

2) Ablation study of loss functions: We also conduct an
ablation study on the loss functions in Table III. By comparing
the different loss functions listed in the table, we find that
all of them improve the overall performance of our method.
L, term preserves the spatial consistency of adjacent regions
between the input image and the corrected image, while Ly,
promotes image smoothness and prevents excessive artifacts
and false contours at the edges. L., maintains color channel
balance and avoids color deviations.

3) Ablation study of CLIP Prompt: To evaluate the model’s
sensitivity to prompt semantics, we design four prompt sets
for both extreme low-light and extreme high-light scenarios,
including default, shifted, conflicting, and weakly related
prompts, and conduct controlled comparisons with all other
settings fixed. The results show that the default prompts
consistently achieve the best performance, while the other
three settings lead to varying degrees of degradation, with
the conflicting prompts causing the most severe drop. This
indicates that the model is clearly sensitive to the semantic
direction of the prompts, and prompts aligned with the restora-
tion objective are the most effective for recovery.

D. Comparative Study with Diffusion-based Methods

To further demonstrate the effectiveness of our method, we
send the corrected image . obtained through Brightness Cor-
rection Net to other diffusion-based restoration methods [24],
[26], [27] for recovering. As shown in Fig. 8, the semantics of
generated content may exhibit strong randomness due to the
lack of semantic features for content control. This random
content is interfered with by the texture of the edges of
surrounding objects and may be distorted as a result. In
contrast, our method produces accurate content and maintains
appropriate brightness, contrast, and naturalness, resulting in
satisfactory outcomes. We compare our results with these
methods on both no-referenced and full-referenced quality
assessments. As shown in Table V, our method achieves the
best results on all four metrics.

E. Semantic Coherency

We first visualize the brightness map B guiding BDconv to
examine the rationality of the guiding conditions. As shown in
Fig. 10, our method effectively grades the luminance to apply
different dynamic convolution kernels. To further demonstrate
the validity of semantic features for guiding content recovery
in brightness-missing regions, we show I. and Ground-truth
semantic segmentation in scenarios with brightness-missing
regions. As shown in Fig. 11, the semantic features identified
from I, align with the ground truth, even the texture of the
brightness-missing regions is completely lost.

V. DISCUSSION

A. Computational Complexity and Practical Considerations

While MPD, as a diffusion-based model, inherits the higher
computational cost typical of high-performance generative ap-
proaches for restoring ill-posed brightness-missing regions, its
design incorporates optimizations to manage cost effectively
for the challenging task:

I. As detailed in Table V, in the two-stage design, the
lightweight Brightness Correction Net (BCN, 0.11M param-
eters) first performs a single-pass global adjustment. The
computationally intensive diffusion process is then applied
only to the corrupted regions specified by a binary mask, rather
than to the entire image, significantly reducing the diffusion
denoising burden.

For fine-tuning, the pre-trained diffusion prior is fine-tuned
using Low-Rank Adaptation (LoRA), updating only a minimal
subset of parameters.

For inference, on an NVIDIA RTX 3090 GPU, inference
for a 512x512 image takes 4.17 seconds, which is favorable
compared to the state-of-the-art diffusion-based restoration
models (e.g., RePaint) that often require similar or more steps.

2. MPD justified in quality-critical applications, where
restoring severely degraded content is paramount. For real-
time or mobile constraints, the current model is well-suited for
a cloud-based inference service. The lightweight BCN can run
on-device for initial correction, balancing bandwidth and la-
tency. Currently, the deployment of MPD on consumer devices
(e.g., smartphones) with a cloud-based service still cannot
achieve real-time inference. However, many practical scenarios
for extreme exposure restoration do not demand real-time
processing (users may wait seconds to salvage a crucial photo,
or batches can be processed in the cloud). With anticipated
advancements in hardware and ongoing model lightweighting
techniques, real-time restoration on mobile devices becomes a
feasible future goal.

In summary, MPD establishes a quality-efficiency trade-off
through deliberate design, offering a practical, high-quality
solution for restoring the ill-posed brightness-missing regions.

B. Failure Case

As shown in Fig. 12, when the exterior walls of a building
turn white due to overexposure or reflection, they are mistak-
enly identified for recovering as brightness-missing regions.
The current brightness threshold-based detection mechanism
may misclassify naturally bright surfaces (e.g., white exterior
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TABLE 1V
SENSITIVITY ANALYSIS OF PROMPT SETTINGS FOR UNDEREXPOSED AND OVEREXPOSED CASES ON THE SICE AND E-FIVEK DATASETS, WHERE
(A)—(D) DENOTE DEFAULT, SHIFTED, CONFLICTING, AND WEAKLY RELATED PROMPTS.

SICE E-FiveK
PSNRT SSIM{ UNIQUET NIQE|, PSNRtT SSIM? UNIQUET NIQE|

Prompt Settings

(A) + Recover natural brightness

Underexposed : 12.6486  0.5669  0.8215  3.4397 17.6859 0.6792  0.8279  4.3402
- Underexposed regions
(B) + Enhance dramatic contrast 11.7768 04704 08115  3.5045 174850 0.6641  0.8453  4.4207
- Soft dark tones
(C)+ Preserve deep darkness 117752 04725 08158  3.5146 17.5198 0.6485 08231  4.4426
- Bright appearance
(D)+ Enhance metallic texture 116777 04655  0.8031  3.5168 17.5043 0.6497 08152  4.4491
- Smooth surfaces
Overexposed | W)+ Recover natural highlights 47 3639 7437 12907 32183 168553 07792 0.8905  4.4090

- Overexposed regions

(B) + Enhance glossy reflections

- Soft highlight transitions 16.9597 0.7282 1.2781 3.2354  16.0909 0.7702 0.8767 4.5063

(C) + Preserve intense glare

- 16.9562  0.7294 1.2657 3.2549  16.1106 0.7717 0.8784 4.4845
- Natural shading

(D) + Enhance sharp edges

. 16.9492 0.7311 1.2490 3.3041 16.0972 0.7735 0.8690 4.4812
- Soft boundaries

(A) Default (B) Shifted (C) Conflicting (D) Weakly related

(a) Visual comparison under extreme underexposure restoration.

TS

(b) Visual comparison under extreme overexposure restoration.

Fig. 9. Visual comparison of different prompt settings under extreme underexposure and overexposure conditions.

TABLE V TABLE VI
EXPERIMENTAL ON DIFFUSTON=-BASED RECOVERY METHODS. THE PARAMETERS (M) IN EACH SUBNETWORK OF MPD.
Methods PSNRT  SSIMT  UNIQUET NIQE|  LPIPS| CLIP-IQAT Subnetwork Params. (M)
Input(I,) 15.7396 07166  1.1235 35623  0.1996  0.5372 Brightness Correction Net o1
Repaint [26] 152124  0.6255  1.2588 32416 02601  0.5095 ; g
Uni-paint [27] 165542  0.6917 12775 32612 02387  0.4936 }\Imff };:red‘fi“on Network 83549'15‘3
DiffBIR [24]  16.8362  0.7248 12791 32219 02303  0.5012 mage Encoder :
Tmage Decoder 123.13
Ours 17.3639 07432 12907 32183  0.2168  0.5117 Semantic Segmentation Network 219.0
Semantic ControlNet 429.60

walls or marble facades) as overexposed regions. This occurs
because the fixed brightness threshold (H=254 for overexpo-
sure detection) cannot distinguish between genuine sensor sat-
uration and naturally high-reflectance surfaces. In subsequent G- Discussion on Generating Details

research, we will attempt to combine semantic features with It is worth noting that diffusion models, by their nature,
brightness features to identify better and delineate areas of may generate plausible but non-original textures in regions

brightness-missing regions.
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Input I, Brightness map BDconv

Fig. 10. Visualization of the brightness map B of the image and Brightness-
Aware Dynamic Convolution. MPD effectively grades the luminance to apply
different dynamic convolution kernels.

Fig. 11. Illustration of the corrected image I. and the ground truth, and their
corresponding semantic maps. Although the brightness-missing regions in the
corrected image /. have lost detailed information, semantic features can still
be obtained and are consistent with the ground truth.

where pixel-level information is entirely missing, such as
in extremely overexposed or underexposed regions. This is
an inherent limitation of generative models, as they rely on
learned data distributions and semantic priors to infer missing
content. For example, in overexposed skies, the model might
generate cloud-like patterns, or in underexposed vegetation,
it might produce foliage details that align with semantic
expectations but may not match the original scene. While this
phenomenon is a known challenge in generative approaches,
our method effectively addresses the core issue of restoring
brightness-missing regions by integrating structural semantics,
and exposure semantics. These priors guide the model to
recover realistic and contextually consistent details, improving
the quality of restored images compared to traditional methods.
Our framework thus provides a robust solution to the problem
of extreme exposure restoration, even within the inherent
limitations of diffusion models. Future work could explore
additional constraints or hybrid approaches to further refine
the balance between plausibility and accuracy.

VI. CONCLUSION

This work proposes MPD, a novel framework for restoring
images afflicted by extreme underexposure or overexposure.

(b) Failure case

(a) Input
Fig. 12. Failure case. The method misjudges the white exterior walls
that should exist in the building as overexposed regions (brightness-missing
regions), resulting in the generation of repair content that does not match the
actual texture on the normal white surface.

Diverging from conventional exposure correction techniques
that predominantly adjust dynamic range, our method tackles
the pivotal issue of brightness-missing regions resulting from
grayscale truncation under extreme conditions. We introduce
a novel multi-level priors mechanism that delivers compre-
hensive guidance: Low-level brightness priors facilitate pixel-
adaptive correction via brightness-aware dynamic convolution,
adeptly redistributing illumination while maintaining spatial
consistency; High-level structural semantics priors preserve
contextual coherence between restored and original content
through cross-scale semantic attention; High-level exposure
semantics priors establish cross-modal alignment between
textual exposure prompts and visual features, thereby mit-
igating local over/under-correction artifacts. The synergistic
integration of these complementary priors offers a fundamental
solution to the joint optimization challenge of achieving se-
mantic accuracy and exposure naturalness in extreme exposure
restoration.
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