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Abstract

Exposure correction aims to adjust the exposure of an under-
and over-exposed image to enhance its overall visual quality.
The core challenge of this task lies in that it requires to faith-
fully restore both the structure and perception information.
In this work, we present a novel exposure correction method,
referred to as CLIP-RestoreX, that leverages structural and
perceptual priors from CLIP to tackle exposure correction.
Specifically, we in CLIP-RestoreX propose to perform expo-
sure correction by aligning CLIP-based structural and per-
ceptual feature of the impaired image with its ground-truth
image. To better restore the damaged structural information
and perceptual information, we further design a frequency-
domain based feature enhancement diffusion model, where
we utilize the globality of Fourier transform to help reveal po-
tential the relationship within the features. We conduct exten-
sive experiments on several benchmark datasets. The results
demonstrate that the proposed CLIP-RestoreX outperforms
state-of-the-art exposure correction methods.

Code —
https://github.com/HXDreamChaser/CLIP-RestoreX

Introduction

When the dynamic range of the camera fails to accommo-
date the complex lighting conditions of the environment,
the captured image often exhibits unwanted under- or over-
exposed areas. In this work, we study the exposure cor-
rection problem, which aims to adjust the exposure of an
under- or over-exposed image to enhance its visual quality
by restoring both the structure and perception information
degraded by the undesired exposure conditions. Specifically,
the structural information refers to the geometric elements
of an image, such as edges, contours and lines, while the
perceptual information relates to how human visual system
interprets images, including aspects like color, tone and con-
trast. With the rapid advancement of deep learning, exist-
ing exposure correction methods that focus on color correc-
tion (Baek et al. 2023), exposure consistency (Huang et al.
2023) and detail enhancement (Wang et al. 2023) have made
significant progress. However, for images that are severely
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Figure 1: Comparison with previous methods. In the first
and second rows, our CLIP-RestoreX can better preserve
the original structural information of the image. For exam-
ple, our method recovers more cloud details. In the third
and fourth rows, our CLIP-RestoreX can better preserve
the original perceptual information of the image, for exam-
ple, it restores the blue sky and the purple background of
the woman, which are closer to GT. These results demon-
strate that our CLIP-RestoreX can effectively restore struc-
tural and perceptual information in severely under- and over-
exposed images.

under- and over-exposed, these methods still struggle to ef-
fectively restore the impaired structural and perceptual in-
formation simultaneously.

To restore the structure and perceptual information dam-
aged by severe under- and over-exposure, we introduce a
method that leverages the structural and perceptual priors
from CLIP (Radford et al. 2021) to improve exposure cor-
rection (named CLIP-RestoreX). Our method takes inspira-
tion from (Guo et al. 2022; Wei et al. 2021; Wang, Chan,
and Loy 2023) that CLIP encodes structural and percep-
tion information in shallow and deep layers, respectively.
Specifically, We use CLIP to extract complete structural and
perceptual information from the ground-truth image, and
also the structural and perceptual feature degraded by se-
vere under- or over-exposure. In order to restore the dam-



aged structural information and perceptual information, we
design a frequency-domain based feature enhancement dif-
fusion model (FFEDM) to take full advantage of the glob-
ality of Fourier transform for better structural and percep-
tual information restoration. Then, we integrate the resulting
structure and perception features of FFEDM into the shallow
and deep blocks of the Restormer (Zamir et al. 2022) for ex-
posure correction.

It is worth noting that our method is different from pre-
vious methods that apply CLIP to low-level vision tasks,
such as CLIP-lit (Liang et al. 2023), DA-CLIP (Luo et al.
2024) and (Morawski et al. 2024). These methods all assist
model training by calculating the similarity between text en-
code and image encode, but do not explore how to utilize
the structural and perceptual information in CLIP image en-
coder. As illustrated in Figure 1 and Figure 3, our method
successfully recovers structural and perceptual information
that existing methods fail to capture. The contributions of
this paper are as follows:

* We propose to leverage structural and perceptual priors
from CLIP for exposure correction of severely under- and
over-exposed image.

* We develop a frequency domain based feature enhance-
ment diffusion model to restore the CLIP features de-
graded by severe underexposure and overexposure.

» Extensive experiments on several benchmark datasets
show that our method performs favorably against previ-
ous state-of-the-art methods.

Related Work
Exposure Correction

Some traditional methods used histogram-based techniques
to improve brightness and contrast (Abdullah-Al-Wadud
et al. 2007; Reza 2004; Tian and Cohen 2017; Ying et al.
2017), while other methods used Retinex theory (Land
1977) to improve the brightness of the illumination com-
ponent (Guo, Li, and Ling 2016; Cai et al. 2017; Li et al.
2018; Ren et al. 2020; Zhang et al. 2018, 2020). In addi-
tion, some methods use dual illumination estimation for ex-
posure correction (Zhang, Nie, and Zheng 2019; Wang et al.
2019). With the continuous advancement of deep learning,
it has achieved remarkable success in numerous fields (Li
et al. 2024b.d,c; Lin et al. 2024, 2022, 2023; Lin, Zhou,
and Zheng 2024; Xu et al. 2023), including exposure cor-
rection(Wang et al. 2019). MSEC (Afifi et al. 2021) provided
a dataset containing 24000 images with different exposures
and designed a coarse to fine network to complete the two
sub tasks of color and detail enhancement. CMEC (Nsampi,
Hu, and Wang 2021) introduces a deep feature matching loss
to address the issue of inconsistent correction, enabling the
network to learn exposure invariant representations in the
feature space. ECLNET (Huang et al. 2022c) proposes an
Exposure Consistency Processing (ECP) module to address
the issue of different correction procedures for underexpo-
sure and overexposure in exposure correction. This mod-
ule uniformly learns representations of underexposure and
overexposure in the feature space, and develops an Expo-
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sure Consistency Constraint (ECC) strategy to further as-
sist in exposure consistency learning. Eyiokur et al. (Eyiokur
et al. 2022) designed an image encoder, continuous residual
blocks, and image decoder to synthesize corrected images to
address the issues of reduced contrast and low visibility of
content caused by exposure errors in images. ENC (Huang
etal. 2022a) has designed a multi exposure correction frame-
work based on exposure standardization and compensation
(ENC) module to address the issue of different correction
programs and connect different exposure representations.
FECNet (Huang et al. 2022b) utilizes spatial frequency in-
formation interaction in both spatial and frequency domains,
recovering amplitude to enhance brightness through ampli-
tude sub networks and reconstructing phase recovery details
through phase sub networks. DAC (Wang et al. 2023) pro-
poses decoupling contrast enhancement and detail restora-
tion in each convolution process to address the issues of
contrast reduction and detail distortion. Its designed contrast
aware (CA) and detail aware (DA) units can replace tradi-
tional convolution (TConv) to improve performance. ERL
(Huang et al. 2023) explored sample relationships within
small batches to address the optimization inconsistency is-
sue in exposure correction. LACT (Baek et al. 2023) pro-
posed a brightness aware color transformation method that
enables complex color transformations in both under- and
over-exposed images.

The above methods are typically designed to address ei-
ther the under- or over-exposure problem in the input image.
LCDPNet (Wang, Xu, and Lau 2022) proposed a new dataset
in which images exhibit both underexposure and overex-
posure. RECNet (Liu et al. 2024) proposes a region aware
exposure correction network for this type of mixed expo-
sure problem, which processes mixed exposure by adap-
tively learning and bridging different region exposure rep-
resentations. CESC (Li et al. 2024a) enhances under- and
over-exposed images by learning to estimate and correct
tone shifts. COTF (Li et al. 2024e) integrates global trans-
formation with pixel by pixel transformation in an efficient
manner, using image adaptive 3D LUT to adjust the overall
appearance and pixel transformation to compensate for local
context. Although these existing exposure correction meth-
ods have achieved certain results, they are unable to effec-
tively restore the damaged structures and perceptual infor-
mation in the image when faced with severe underexposure
and overexposure.

CLIP in Low-Level Vision

Currently, CLIP (Radford et al. 2021) has also been ex-
plored and applied in low-level vision. CLIP-LIT (Liang
et al. 2023) is the first to use CLIP for low-level restora-
tion tasks. It utilizes the rich priors embedded in the CLIP
model and employs an iterative prompt learning strategy to
generate more accurate prompts, thereby better characteriz-
ing backlit and well-lit images. DA-CLIP (Luo et al. 2024)
trained an additional controller that can accurately predict
the degraded embeddings of LQ images. Integrating embed-
dings into image restoration networks through cross atten-
tion to guide model learning for high fidelity image recon-
struction. Morawski et al. (Morawski et al. 2024) exploit the
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Figure 2: The overview of the proposed CLIP-RestoreX. In the first stage, we use the prior extraction module to obtain the
structural and perceptual information (2, Z2, Zs, Z4) from the GT and transform it into a structural perceptual prior (Py, P,
Ps, P,) through fully connected layers. The second stage is similar to the first stage. We input the under- and over-exposed
images into the prior extraction module to obtain the damaged structural and perceptual features. The difference is that we
input P, P», P53, P, into the frequency domain based feature enhancement diffusion model we designed. Through FFEDM,
the feature obtained from under- and over-exposed images through CLIP can be made similar to the prior obtained from GT.
Finally, we optimized the model using L,,, L; loss, and our designed structural and perceptual loss.

rich CLIP prior and the zero-shot capability of CLIP to im-
prove zero-reference low-light image enhancement during
the training phase. They first pre-train a pair of prompts
to capture enhanced low-light images in advance through
prompt learning and a simple data augmentation strategy
without the need for paired or unpaired normal-light data.

Previous works show that CLIP can benefit various low-
level vision tasks, but there is no work exploring how to uti-
lize CLIP for exposure correction severe under- and over-
exposure. We take the structural and perceptual information
damaged by severe under- and over-exposure as the starting
point, and combine the structural and perceptual priors in
CLIP to improve exposure correction.

Our Method

Given a severely overexposed or underexposed image, the
goal of exposure correction is to produce an normal expo-
sure image I, . The main challenge of exposure correc-
tion is to restore the structural and perceptual information
in severely under- and over-exposed images.

Overview

To address the main challenges, we propose to leverage
structural and perceptual priors from CLIP to improve expo-
sure correction. As shown in Figure 2, our method consists
a prior extraction module and a feature enhancement mod-
ule. Specifically, given an under- and over-exposure image
as input, we first extract the damaged structure and percep-
tual feature through the prior extraction module, and then
use the feature enhancement module to transform the dam-
aged structure and perceptual feature into complete structure
and perceptual priors. Finally, we inject the prior alone with
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the input image into Restormer to produce the image with
normal exposure.

Prior Extraction Module

Given an image as input, PEM first leverages the CLIP im-
age encoder to obtain image features from various blocks.
For convenience, we note the features obtained from shal-
low to deep blocks as Z = {Z1,..., Z,}, where n is the
number of blocks. After that, PEM adopts a conversion mod-
ule, which includes an MLP alone with non-linear activation
functions, to convert the features into structural and percep-
tual priors, i.e., P = {P1, ..., P, }.

Frequency Domain Based Feature Enhancement
Diffusion Model

CLIP can extract the complete structural and perceptual in-
formation from the normal-exposed images (we note them
as GT), but for severely under- and over-exposed images,
the structural and perceptual feature extracted by CLIP are
damaged. Hence, it is necessary to enhance these feature
and convert it into the feature that GT can provide. To this
end, we propose to enhance the feature with a frequency do-
main based feature enhancement module (FFEDM). Specif-
ically, given the feature P extracted by PEM, a Fast Fourier
Transform (FFT) is adopted to model the relationship with
the feature so that the frequency domain features P/ =
{P/,..., P/} can be obtained. After that, a frequency do-
main based diffusion model is utilized to enhance the fea-
tures to the complete prior that GT can provide. Subse-
quently, the enhanced features are transformed back to the
original domain via inverse Fourier transform.



Discussion. The goal of FFEDM is to enhance the struc-
tural and perceptual feature of the improperly exposed im-
ages so that they could be aligned with the structural and
perceptual information of the normal-exposed images. Note
that the L loss could be a naive way to this end. However,
the L, loss just makes the average distances of the two fea-
tures closest while ignoring the relationship within the fea-
tures. On the contrary, our FFEDM can focus on the relation-
ship within the feature. In frequency domain, the exposure
correction problem can be simplified to adjustment of the
amplitude and phase component, with the former related to
brightness condition while the latter for the rest, which helps
allow more efficient and effective exposure correction learn-
ing. This has been validated by various previous methods,
such as FECNet (Huang et al. 2022b).

P/ =FFT(P), P/ = diff (Pif) P/ =IFFT (Pif/) :

where P; is the ¢-th prior from P. FFT is the Fourier trans-
form, Pf is the frequency domain of the i-th prior, diff
refers to the diffusion model, and IFFT indicates the Inverse
Fourier Transform. Our frequency-domain based diffusion
model is based on the conditional denoising diffusion prob-
ability model (Ho, Jain, and Abbeel 2020; Rombach et al.
2022), and the optimization method is similar to previous
work (Xia et al. 2023). Assuming the prior is zy and the
noise vector at time step t is ¢, the diffusion process of our
diffusion model is as follows:

gz | xm1) =N (ﬂft; V1= Btiﬁt—hﬁtl) ; 2

where f3; is the predefined scale factor, and N represents
the Gaussian distribution. The above equation can be further
simplified as:

q(x¢ | x0) = N (x¢; Vauxo, (1 — ay)I)

where oy = 1 — B3, a4 = Hf:o 0.

In the reverse process, the DM method samples the Gaus-
sian random noise vector x; and gradually denoises x; until
it reaches our first stage prior xg:

3

1—ay_

q(Xe—1 | xt,%0) =N (Xtﬁut (x¢,%0) , 1;_[1@&1) )
-

4

where 1, (z;,%0) = \/% (xt - \}%e), € represents the

noise in x;. In this paper, we use the prior output by CLIP
as condition(c), so our reverse process is as follows:

LTt—1 =

1 1-— Qg
_ t V1 —
\/05711/ (yt mee (Xt,C, )) + €,
(5)

where €y is the denoising network used to estimate €. Our
training objective is:

Vo e — e (Vax+vVI—amec,t)s.  (©)
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Prior Injection into Restormer

Restormer is an efficient image restoration model. In this
paper, we inject priors into Restormer to restore the struc-
tural and perceptual information in severely under- and over-
exposed images. We use P{, Py, P4, P} in the order they ap-
pear in the CLIP as shallow and deep blocks priors for the
Restormer, respectively. Suppose the input of the attention
layer and FFN layer of a Restormer block is x € R XWX,
and the prior to be injected is P € RP. Our injection mod-
ule is:

' = Wy P! ® Norm(z) + WP, (7

where ® indicates element-wise multiplication and Norm
denotes layer normalization, W7, W5 represents linear layer
and W, P/, Wy P! € RC.

Training and Inference

During training, our loss function mainly consists of two
parts. The first part is the loss between the prior extracted
by CLIP from INPUT and the prior extracted from GT. The
second part is the loss between the final output image of the
model and GT.

The first part is the L;loss between the prior vectors ex-
tracted by CLIP from Input and GT.

L, = HIFFT (pgt) —IFFT (pinput) ¥

In order to fully utilize the structure and perceptual pri-
ors in the CLIP, we also use the vectors output by different
blocks in the CLIP as losses to constrain the model’s recon-
struction of structural and perceptual information. The cal-
culation method for the loss of structural and perceptual we
designed is as follows:

LSAP = sz (Igt) - 1/% (Iout)”l 3 (9)

where ¢ (-)is the feature vector output by CLIP image en-
code, and ¢ indicates that the feature vector output by the
1 — th block is extracted. Finally, our loss is:

[

Ltolal - Lp + HIgt - Ioul ||1 + LSAP~ (10)

In the inference phase, we first extract the damaged struc-
tural and perceptual feature from the improperly exposed
image through the prior extraction module, then use the
frequency-domain based feature enhancement diffusion to
transform the damaged structural and perceptual feature into
structural and perceptual priors. Finally, we inject the priors
into Restormer and output the corrected image.

Experiment
Experimental Settings

Datasets We conduct experiments on three public
datasets, i.e., LCDP (Afifi et al. 2021), MSEC (Wang, Xu,
and Lau 2022), and SICE (Cai, Gu, and Zhang 2018). LCDP
is a non-uniform exposure dataset with both overexposure
and underexposure in a single image. It contains 1415 train-
ing sample pairs, 100 validation sample pairs, and 218 test
sample pairs. A set of images in the MSEC dataset has 5 dif-
ferent brightnesses, and its exposure values (EVs) are -1.5,
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Figure 3: Visual comparisons between our method and state-of-the-art methods on the LCDP dataset. In the first row, we better
restore the details of the clouds in the sky (structural information). In the second row, we better restore the color of the apple
(perceptual information). In the third row, we better restore the purple background of the woman (perceptual information). In
the fourth row we better restore the structural information of the roof.
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Figure 4: Visual comparisons between our method and state-of-the-art methods on the MSEC and SICE datasets. In the first row,
we better restore the color of the flower (perceptual information). In the second row, we better restore the color of the background
(perceptual information). In the third row, we better restore the detail information of the wall (structural information). In the
fourth row, we better restore the detail information of the sky (structural information).

-1, 0, 1, and 1.5 respectively. Its test set is adjusted by 5 hu- The number of blocks of Restormer is [2, 2, 2, 2, 4]. In
man experts. MSEC includes 17,675 training sample pairs, the first stage of training, the batch-size is 4, the image is
750 validation sample pairs, and 5,905 test sample pairs. As cropped to 224 x 224, the initial learning rate is 2¢ =4, and
in the previous method (Huang et al. 2022a), for the SICE the cosine annealing strategy is used for updating. In order
dataset, we take the middle exposure subset as the ground to enable CLIP to obtain more structural and perceptual in-
truth, while the second and last second exposure subsets are formation in the image, in the second stage, we use a larger
set to the under- and over-exposed images, respectively. patch size. In the second stage of training, our batch-size is

1, the image is cropped to 512 x 512, and the learning rate
is 2¢~*. We train models with Adam (Kingma and Ba 2014)
optimizer (81 = 0.9, 82 = 0.99). Our models are imple-
mented using Pytorch and run on NVIDIA RTX8000 GPUs.

Evaluation Metrics Following previous works on ex-
posure correction, we use the peak signal-to-noise ratio
(PSNR) and the structural similarity (SSIM) (Wang et al.
2004) as the evaluation metrics. PSNR evaluates the degree
of distortion between two images. The larger the value, the
smaller the distortion. A higher SSIM indicates a higher Comparisons with State-of-the-art Methods

structural similarity between the two images. We compare our model with several state-of-the-art expo-

Implementation Details The architecture of the pre- sure correction methods, including MSEC (Afifi et al. 2021),
trained CLIP image encoder used in our experiment is VIT- ENC (Huang et al. 2022a), LCDPNet (Wang, Xu, and Lau
B-32. We separate the image encoder into 4 blocks (n = 4). 2022), FECNet (Huang et al. 2022b), ECLNet (Huang et al.

3764



2022c¢), LACT (Baek et al. 2023), RECNet (Liu et al. 2024),
and CoTF (Li et al. 2024¢). As shown in Table 1, the
proposed CLIP-RestoreX significantly outperforms existing
methods among all metrics on three datasets. Moreover, we
perform visualization comparisons to further evaluate the ef-
fectiveness of our model. Figure 3 and Figure 4 show com-
parisons of the visualization results between SOTA methods
and ours. It can be observed that our method recovers the
structural and perceptual information lost more effectively.

Methods LCDP MSEC SICE
PSNR SSIM PSNR SSIM PSNR SSIM
MSEC 20.12 0.6462 20.21 0.8194 19.13 0.5675
ENC-SID |22.27 0.7824 22.45 0.8499 20.37 0.6795
ENC-DRBN/| 23.55 0.8528 22.35 0.8531 20.52 0.7171
LCDPNet |23.24 0.8420 22.30 0.8566 18.80 0.6452
FECNet |23.31 0.8310 22.84 0.8663 20.96 0.6733
ECLNet |23.08 0.7931 22.58 0.8686 20.65 0.6943
LACT 24.27 0.8621 23.53 0.8728 22.11 0.7102
RECNet |22.77 0.8183 22.12 0.8636 20.45 0.6926
CoTF 23.89 0.8581 23.46 0.8733 21.51 0.7151
Ours | 24.95 0.8864 23.57 0.8764 23.21 0.7302

Table 1: Quantitative comparison between the proposed
method and SOTA methods on the LCDP, MSEC, and SICE
datasets.

Ablation Study

In this section, we perform ablation studies on the LCDP
dataset to demonstrate the effectiveness of each component
in our proposed method, including structure and perception
priors, FFEDM and SAP loss.

Structure and Perception Priors We first verify the shal-
low and deep blocks of CLIP can serve as the structure
and perceptual priors through quantitative and qualitative
experimental results. For better comparison, we ablate the
SAP loss and FFEDM module to reflect the role of different
blocks in CLIP for exposure correction. As shown in Table
2, compared with the model using features from both shal-
low and deep layer (i.e., CLIP-3, 6, 9, 12), variants with only
shallow or deep layer (i.e., CLIP-1, 2, 3, 4 or CLIP-9, 10, 11,
12) suffer from performance deterioration. Such results sug-
gest that the help of features from shallow and deep layers
are complementary for exposure correction. Besides, we an-
alyze that shallow and deep layers of the VIT-B-32 model
pre-trained on ImageNet(Deng et al. 2009) cannot provide
different assistance for exposure correction, which can be
found in the supplementary materials.

As can be seen from Figure 5, using 1-2-3-4 blocks as a
prior allows the model to restore structural information of
areas damaged by under- and over-exposures exposure (for
example, 9-10-11-12 blocks failed to restore structural infor-
mation on the little girl’s knees that was damaged by overex-
posure), and using 9-10-11-12 blocks as a prior restores the
perceptual information better (for example, the 9-10-11-12
blocks restores the woman’s purple background deeper). In
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Variants Shallow layer Deep layer\PSNR SSIM
CLIP-1,2,3,4 v X 24.42 0.8824
CLIP-9,10,11,12 X v 24.63 0.8815
CLIP-3,6,9,12 v v 24.75 0.8835

Table 2: Comparison of results of different blocks of CLIP as
priors. The number after CLIP indicates the i-th block. The
settings in our default model are colored in gray. Note that
we ablate SAP loss and FFEDM module here to evaluate the
role of CLIP’s different blocks for better comparison.

contrast, using 3-6-9-12 blocks can combine the advantages
of both, restoring both structural information and perceptual
information such as color.

FFEDM and SAP Loss Next, we verify the effectiveness
of FFEDM and SAP loss. From the results in Table 3, it
can be seen that using CLIP prior, FFEDM, and SAP loss
can bring better results. Comparing the second and third
rows, the sixth and seventh rows, we can see that using SAP
loss can effectively help the model training. Comparing the
fourth and fifth rows, we can see that CLIP can provide ef-
fective prior information for exposure correction. Compar-
ing the fifth and sixth rows, we can see the effectiveness of
the FFDEM we proposed.

SSIM

0.8671
0.8711
0.8808
0.8835
0.8858
0.8864

CLIP-P DM FFEDM Lg4p|PSNR

23.67
24.10
24.14
24.75
24.86
24.95

NSNS X X X
X X NN X X
NN X X X X
A X X X N X

Table 3: Ablation experiments of FFEDM and SAP loss
on the LCDP dataset. CLIP-P represents the outputs of
CLIP’s 3-6-9-12 blocks as Priors. DM represents the dif-
fusion model in DIFFIR. FFEDM is our frequency domain
based feature enhancement diffusion model. SAP loss is the
loss function we designed with the outputs of CLIP’s 3-6-9-
12 blocks as constraints. The settings in our default model
are colored in gray.

Analysis of Structure and Perception Priors

Here, we first analyze why the shallow and deep blocks
of CLIP can serve as the structural and perceptual priors
for the exposure correction task. To this end, we extracted
700 unpaired data from the LCDP training set and output
them to CLIP, and then visualized the output of 1, 3, 7, 11
blocks of CLIP. As shown in Figure 6, the orange points
are under/over-exposed images, and the blue points are nor-
mal images. As the block goes deeper, the distribution of
orange points gradually spreads from the middle area where
they are initially gathered to the entire area. This is because
the shallow blocks focus on the structural information of the
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Figure 5: Comparison of exposure correction results using different CLIP layers. It can be seen that the shallow layers help
recover better structural information , while the deep layers benefits restore more vivid color.

images, and severely under/over-exposed images destroy the
structure of some regions to a certain extent. Therefore, the
shallow blocks can easily distinguish between normal im-
ages and images with damaged structures. The deeper blocks
pay more attention to perceptual information, so the orange
points with different semantics will gradually spread out.

Figure 6: T-SNE visualizations of the features of the
incorrect-exposed and normal-exposed images extracted by
various blocks (i.e., the 1st, 3rd, 7th, and 11th blocks) in
CLIP. The orange points indicate abnormally exposed im-
ages, while the blue points indicate normally exposed im-
ages. As the block goes deeper, the two types of features
become increasingly indistinguishable.

We conducted further analysis on the MSEC (Afifi et al.
2021) training set. In the MSEC training set, a set of images
includes five images ranging from dark to bright and one
normal image (GT), where the middle brightness is closest
to the brightness of GT. The semantic information of these
five images is almost the same, and the main difference is
the brightness. In other words, the high-level perceptual in-
formation that humans pay more attention to in these five
images is very similar. We still follow the above method to
obtain the vectors output by 1, 3, 7, 11 blocks in the pre-
trained model (VIT-B-32) on ImageNet and CLIP image en-
coder (VIT-B-32), and then calculate the distance between
the vector pairs (INPUT and its corresponding GT). We use
the distance between the middle brightness image and GT
as the benchmark, and count the changes in the distance
between other brightness images and GT relative to bench-
mark. From Figure 7, we can see that the distance changes of
shallow blocks in CLIP image encoder are larger when fac-
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ing brightness changes, while the distance changes of deep
blocks are smaller. However, the distance changes of shal-
low blocks and deep blocks of VIT-B-32 pre-trained on Im-
ageNet are almost the same when facing brightness changes.

CLIP ImageNet
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Figure 7: Comparison of the changes in the distances be-
tween exposure values (EVs) -1.5, -1, +1, +1.5 and GT rela-
tive to the distance between exposure value 0 and GT on the
MSEC training set. We define the distance between the im-
age with exposure value O and the feature vector output by
GT after passing through 1-3-7-11 blocks as 1 (benchmark),
and then count the change in the distance between the image
with exposure values -1.5, -1, +1, +1.5 and the feature vector
of GT relative to benchmark in 1-3-7-11 blocks.

Conclusion

We have presented a novel exposure correction method that
can effectively deal with previously challenging severely
overexposed or underexposed images. Our method is built
upon the observation that CLIP encodes the structural and
perceptual information required by exposure correction.
Hence, we design our method to leverage CLIP priors
for exposure correction. Besides, we develop a frequency
domain-based feature enhancement diffusion model to re-
store the structural and perceptual information damaged by
under- and over-exposure. Experiments on various bench-
mark datasets show that the proposed method outperforms
state-of-the-art exposure correction methods, both qualita-
tively and quantitatively.
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