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Abstract

Existing image deraining models struggle to handle
complex real-world scenarios with rain-mist cou-
pled degradation. The core challenge stems from
the high visual similarity and spatial coupling be-
tween rain streaks and mist, making it difficult to
accurately model their joint degradation patterns.
Consequently, both specialized deraining models
and all-in-one models for multiple degradations
are ineffective in rain-mist coexistence scenarios.
To address these challenges, we propose a novel
Rain-Mist Removal (RMR) framework. It effec-
tively utilizes single degradation priors from exist-
ing deraining and dehazing datasets to model the
joint degradation, thereby achieving effective rain
streak removal while preserving background struc-
tures obscured by mist. To enhance the general-
ization to real-world scenarios, we leverage text
prompts trained in the CLIP perceptual space to
drive the generated results toward real samples. Ex-
tensive experiments demonstrate that the proposed
RMR outperforms state-of-the-art methods in rain-
mist coexistence scenarios.

1 Introduction
Image deraining is a foundational low-level vision task fo-
cused on removing rain streaks to restore clean images, es-
sential for subsequent high-level applications [Chen et al.,
2025]. Existing deraining algorithms have demonstrated ex-
cellent performance on various synthetic benchmark datasets
[Chen et al., 2024a; Wang et al., 2024]. However, most of
these models are designed and evaluated under an idealized
assumption that rain is the sole degradation factor in images
[Yang et al., 2017; Zhang and Patel, 2018].

This simplified assumption significantly diverges from the
authentic rainy environments. In real-world scenarios, rain
and mist (or haze) are not independent. Instead, they often co-
exist and form a complex coupled degradation pattern [Li et
al., 2024]. This presents a severe challenge for current derain-
ing algorithms, with the core technical limitation stems from
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Figure 1: Deraining results in the rain-mist coexistence scenarios
from SPA dataset [Wang et al., 2019]. Compared to the unsuper-
vised method CSUD [Dong et al., 2025] and the all-in-one method
FoundIR [Li et al., 2025b], our method effectively eliminates the
rain-mist coupled degradation and achieves the best visual quality.

the profound confusion and intertwining of rain and haze fea-
tures [Chen et al., 2023]. Specifically, rain streaks manifest
as directional high-frequency patterns, whereas mist presents
as spatially low-frequency global blur. Despite their distinct
frequency characteristics [Feng et al., 2024; Li et al., 2025a;
Feng et al., 2025; Zhang et al., 2026], these phenomena are
closely coupled in spatial distribution and exhibit high visual
similarity. This inherent correlation makes the accurate mod-
eling of the rain-mist joint degradation pattern difficult.

Existing methods generally exhibit systematic failures
when handling rain-mist coupled degradations, as shown in
Figure 1. On the one hand, specialized deraining mod-
els [Cui et al., 2022; Huang et al., 2023] focus on captur-
ing local high-frequency information, mistakenly identify-
ing mist regions as clean backgrounds or weak rain streaks,
thus resulting in blurred images even after deraining. On the
other hand, all-in-one models designed for multiple degra-
dations lack prior modeling of the coupling relationship be-
tween rain and mist [Potlapalli et al., 2023; Li et al., 2025b;
Luo et al., 2025]. This limitation prevents precise decou-
pling in complex mixed degradation scenarios, resulting in
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incomplete rain streak removal and residual mist. The deeper
predicament is that the transient and dynamic characteristics
of rain-mist render the creation of precisely paired datasets
nearly impossible, posing a fundamental limitation on the ap-
plication of traditional supervised learning approaches.

The dual challenges of model failure and data scarcity
compel us to explore novel learning paradigms: how to tackle
the complex problem of rain-mist coupled degradation us-
ing only readily available single degradation data. In this
paper, we propose a Rain-Mist Removal (RMR) framework
based on bilevel coupling learning, as illustrated in Figure
2. Its core innovation lies in leveraging well-established sin-
gle degradation priors to guide the decoupled modeling of
coupled degradation. Specifically, the lower-level optimiza-
tion process incorporates dehazing priors into the network to
achieve core decoupling at the feature level, ensuring precise
separation of rain streaks while effectively suppressing resid-
ual mist. Building upon this, the upper-level optimization
process leverages the powerful vision-language alignment ca-
pabilities of CLIP to enhance the model’s generalization to
real-world scenarios by optimizing a learnable text prompt.
By formulating the task as a bilevel problem, our framework
establishes a synergistic interaction between low-level struc-
tural restoration and high-level semantic guidance. We sum-
marize the main contributions as follows:

• To address the inherent limitations of existing deraining
models in real-world rain-mist coexistence scenarios, we
propose a novel Rain-Mist Removal (RMR) framework.
By leveraging the prior knowledge from single degra-
dation tasks to circumvent the difficulty of end-to-end
modeling for rain-mist coupled degradation.

• We introduce a bilevel coupling learning strategy that
synergistically integrates low-level feature adaptation
with high-level semantic guidance, thereby significantly
enhancing the model’s generalization capability across
diverse real-world scenarios.

• Comprehensive evaluations demonstrate that RMR sur-
passes state-of-the-art specific deraining and all-in-one
methods in both real-world rainy conditions and com-
plex rain-mist scenarios.

2 Related Works
2.1 Single Image Deraining
Single image deraining aims to remove rain streaks and re-
store obscured background details from degraded images.
Early approaches primarily modeled the task based on phys-
ical priors [Li et al., 2016]. Driven by the rapid advances
in deep learning, various architectures have been proposed to
model the physical properties of rain streaks [Li et al., 2025a],
while others exploit domain-specific information across dif-
ferent color spaces [Guan et al., 2025]. However, fully-
supervised methods heavily rely on large-scale, high-quality
paired training data, which significantly limits their general-
ization capability in real-world scenarios. To overcome the
dependency on paired data, researchers have begun exploring
unsupervised or semi-supervised deraining methods. Semi-
supervised approaches enhance model generalization in prac-

Figure 2: By treating the encoder as a latent lower-level constraint
and injecting priors from a pre-trained dehazing model, our bilevel
coupling framework enhances model robustness under rain-mist
mixed degradations.

tical settings by combining limited paired data with unpaired
data during training [Huang et al., 2021; Cui et al., 2022;
Huang et al., 2023]. Unsupervised methods leverage the
framework of generative adversarial networks to achieve de-
raining through style transfer between unpaired rainy and
rain-free image domains [Dong et al., 2025]. Although these
approaches alleviate data dependency to some extent, their
performance in real-world scenarios remains constrained.
Particularly in complex environments where rain-mist coex-
ist, they often only partially eliminate rain streaks while re-
maining ineffective against blurred backgrounds and lost de-
tails caused by mist.

2.2 Universal Image Restoration

Unified restoration methods based on multi-task learning
aim to simultaneously learn to remove multiple degradations
within a single network. Some approaches explicitly model
distinct degradation characteristics and learn corresponding
restoration strategies for them [Li et al., 2022], while others
adopt implicit modeling, attempting to map diverse degra-
dation features into a shared latent space before performing
unified restoration [Zheng et al., 2024]. However, the per-
formance of such methods heavily relies on the diversity and
balance of the training data. When dealing with degradations
like rain and mist, which have distinct physical properties and
are highly visually coupled, the unified restoration network is
difficult to collaboratively optimize and achieve the best per-
formance in both tasks. In recent years, with the rise of large
vision models, pre-trained unified restoration methods have
demonstrated immense potential [Conde et al., 2024]. These
methods learn powerful and generalizable image restoration
priors by pre-training on large-scale datasets containing mul-
tiple degradation types [Li et al., 2025b]. During the infer-
ence stage, they can be guided by text prompts or instruc-
tions to execute specific restoration tasks [Potlapalli et al.,
2023], giving them unprecedented flexibility and generaliza-
tion capabilities. Nevertheless, when confronted with cou-
pled degradations not explicitly defined during training, these
models also struggle to precisely decoupling and thoroughly
remove the different degradation components.
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3 Motivation
Through a review of existing work, we find that research on
handling the rain-mist coupled degradation in real-world sce-
narios has reached a dilemma:

Inherent limitations of single-task degradation removal
approaches. Existing deraining frameworks are fundamen-
tally constrained by the “clear background + rain streaks”
additive assumption, which ignores the presence of low-
frequency haze components. On the other hand, dehazing
methods target global contrast restoration, leaving them un-
able to suppress localized high-frequency rain streaks. Such
task-specific designs are inherently limited, leading to partial
restoration when multiple degradations coexist.

Difficulty of universal restoration models in accurately
decoupling rain-mist mixtures. Although universal restora-
tion models for the joint removal of multiple degradations
attempt to broaden their applicability, they often treat these
degradations as independent or simply linearly superimpos-
able entities. In real-world scenarios where rain-mist coexist,
such models may even misinterpret rain streaks as scene de-
tails to be preserved, thereby enhancing their visibility during
the dehazing process and producing suboptimal results.

4 Methodology
4.1 From Naive Combination to Coupling

Learning
To address the challenge of real-world rain-mist removal, we
propose a novel paradigm: rather than modeling the complex
and intertwined rain-mist coupled degradation, we strategi-
cally leverage and integrate existing prior knowledge from
single degradation tasks. Recognizing the inherent comple-
mentarity between deraining and dehazing at the feature-
processing level, we combine an encoder pre-trained on the
SOTS-outdoor haze dataset [Li et al., 2019a] with a decoder
pre-trained on the DID rain dataset [Zhang and Patel, 2018].
The core insight is to enable the decoder to focus on removing
high-frequency rain streaks and reconstructing image details
within the feature space where low-frequency mist interfer-
ence has been eliminated.

As illustrated in Figure 3, this straightforward combina-
tion demonstrates surprising potential for removing mixed
rain–mist degradation, significantly outperforming single-
task models. However, since the encoder and decoder are
trained independently on different synthetic datasets, the
model exhibits noticeable color distortion while removing the
mixed degradation. This result reveals that naive combination
cannot yield robust solutions without careful adaptation and
collaborative optimization between the two components.

To resolve feature mismatches and improve real-world
generalization, we introduce a bilevel coupling learning strat-
egy. This strategy seamlessly integrates the two pre-trained
modules into a cohesive system via low-level feature adapta-
tion and high-level semantic guidance, substantially enhanc-
ing the model’s adaptability to real-world scenarios. Conse-
quently, the model can effectively suppress dense rain streaks
while restoring background details and structures typically
obscured by haze. The algorithmic details of the bilevel cou-
pling modeling are elaborated below.

Dehazing

Haze-E Haze-D Rain-E Rain-DHaze-E Rain-D

Combination Deraining

Figure 3: Naive combining can effectively eliminate mixed degra-
dation, but it also introduces color distortion issues.

4.2 Bilevel Coupling Modeling
The bilevel coupling learning strategy is fundamentally de-
signed to leverage and adapt prior knowledge from single
degradation tasks for effectively addressing complex rain-
mist mixture removal. We formulate the architectural frame-
work as a coupled encoder-decoder system:

zencoder = Fµ(y),

xdehaze = Fω(zencoder),

xderain = Fν(zencoder).

(1)

The proposed pipeline takes an input y, processes it with
an encoder Fµ to extract a latent feature vector zencoder, and
then utilizes this shared feature vector with both Fω and Fν .
The terms µ, ω and ν denote the parameters for the encoder,
dehazing decoder, and deraining decoder, respectively. Then,
we formulate the learning objective using a bilevel optimiza-
tion strategy:

min
ν

φ(µ∗(ν),ν),

s.t.,µ∗(ν) ∈ argmin
µ

ψ(µ,ν) + γ ϕ(µ,ω).
(2)

Here, φ(·) represents the upper-level objective aimed at
real-world adaptation. Concurrently, the lower-level opti-
mization updates the encoder by minimizing a combination of
the deraining loss ψ(·) and the dehazing regularization ϕ(·),
where γ > 0 serves as the regularization coefficient.

Lower-Level Optimization. The lower-level objective im-
poses a multi-task constraint on the shared encoder by jointly
minimizing reconstruction errors for both deraining and de-
hazing on synthetic datasets. Formally, the loss functions for
the two tasks are defined as:

ψ(µ,ν) =
∥∥Fν ◦ Fµ(yrain)− xgt

rain

∥∥
1
,

ϕ(µ,ω) =
∥∥Fω ◦ Fµ(yhaze)− xgt

haze

∥∥
1
,

(3)

where y{·} and xgt
{·} denote the degraded inputs and their

corresponding ground truths. In the lower-level optimization
stage, the decoder parameters ν and ω are frozen to concen-
trate the update on the shared encoder µ. We employ the
ℓ1 norm for reconstruction loss, while a hyperparameter γ is
introduced to balance the trade-off between deraining perfor-
mance and dehazing capability. The sensitivity analysis of γ
is provided in Section 6.4.
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Method Venue
IVIPC DQA MPID SPA

Brisque↓ Entropy↑ CLIPIQA↑ Brisque↓ Entropy↑ CLIPIQA↑ Brisque↓ Entropy↑ CLIPIQA↑

Syn2Real CVPR’20 25.996 7.3071 0.4777 30.737 7.4635 0.4395 31.754 7.0842 0.4015
MOSS CVPR’21 28.888 7.3919 0.4804 30.626 7.5239 0.4340 32.641 7.1265 0.3925
SSID-KD TCSVT’22 26.620 7.4029 0.5186 30.122 7.5332 0.4291 32.961 7.1448 0.4399
MUSS TPAMI’23 26.389 7.3019 0.4593 29.940 7.4654 0.4171 30.684 7.0839 0.3811
DRSformer CVPR’23 25.996 7.3071 0.4777 31.730 7.5379 0.4443 33.470 7.0534 0.4477
NeRD-Rain CVPR’24 29.908 7.4243 0.5289 31.984 7.5557 0.4392 34.481 7.1717 0.4329
MFDNet TIP’24 31.681 7.4456 0.5357 32.158 7.5545 0.4405 36.829 7.1725 0.4310
CSUD CVPR’25 24.327 7.3569 0.4850 24.973 7.4900 0.3663 28.234 7.1428 0.4360

Restormer CVPR’22 30.271 7.4360 0.5042 31.786 7.5479 0.4422 35.748 7.1602 0.4258
PromptIR NeurIPS’23 28.358 7.4532 0.4992 32.038 7.5653 0.4373 33.005 7.2180 0.4407
DiffUIR CVPR’24 27.985 7.4489 0.5033 31.916 7.5655 0.4420 33.305 7.2329 0.4288
FoundIR ICCV’25 31.287 7.4523 0.5053 32.209 7.5703 0.4447 37.821 7.1677 0.4461

RMR Ours 22.674 7.4558 0.5420 25.413 7.5791 0.4639 27.588 7.2648 0.4871

Table 1: Quantitative comparison on IVIPC DQA [Wu et al., 2019], MPID [Li et al., 2019b], and SPA [Wang et al., 2019] datasets. The best
and second-best performances are highlighted in bold and underlined, respectively.

Upper-Level Optimization. Unlike the lower-level opti-
mization that relies on synthetic paired data, the upper-level
objective φ(·) is designed to bridge the domain gap and en-
hance generalization to real-world degradation. Motivated
by prior work [Liang et al., 2023; Ma et al., 2025], we em-
ploy the CLIP [Radford et al., 2021] latent space to define
a contrastive learning objective. To this end, we construct a
reference [Guo et al., 2023] set consisting of 500 real rain-
degraded images ID = {I(i)D }500i=1 and 500 real clean images
IC = {I(i)C }500i=1, coupled with learnable text prompts TD and
TC representing degraded and clean categories, respectively.
Let Φimage(·) and Φtext(·) denote the pre-trained CLIP image
and text encoders. The text prompts are optimized via binary
cross entropy loss to minimize classification error within the
embedding space. The upper-level loss is then formulated as:

Lupper =
ecos

(
Φimage(IR),Φtext(TD)

)
∑

i∈{D,C} e
cos
(
Φimage(IR),Φtext(Ti)

) , (4)

in which IR denotes the restored output of a real rainy im-
age from the DDN-SIRR dataset [Wei et al., 2019]. This ob-
jective encourages the restored image to align with the clean
distribution in the semantic feature space, thereby improving
visual fidelity and perceptual realism. The algorithmic solu-
tion for this bilevel optimization problem is detailed in the
following section.

4.3 Hypergradient Estimation via Approximate
Inference

Solving the bilevel optimization problem (2) primarily re-
quires computing the hypergradient of the upper-level objec-
tive. With µ∗(ν) being the lower-level optimal solution, the
hypergradient gν ≜ d

dνφ(µ
∗(ν),ν) can be decomposed via

Algorithm 1 Bilevel Coupling Learning

Require: Initial parameters µ0 (pre-trained dehazing en-
coder), ν0 (pre-trained deraining decoder), fixed dehaz-
ing decoder ω, step-sizes ηµ, ην , regularization γ, the
maximum iteration K, the lower-loop Nl, the upper-loop
Nu, and set k = 0.

Ensure: Optimal parameters µ∗, ν∗.
1: while not converged and k ≤ K do
2: % Update the lower-level parameters
3: for n = 1 to Nl do
4: f ← ψ(µn

k ,νk) + γϕ(µn
k ,ω)

5: µn+1
k ← µn

k − ηµ∇µf(µ
n
k ,νk,ω)

6: end for
7: Set µk+1 = µNl

k to approximate µ∗(νk)
8: % Update the upper-level parameters
9: for n = 1 to Nu do

10: % Estimate hypergradient gν by Eq. (9)
11: νn+1

k ← νn
k − ηνgν(µk+1,ν

n
k )

12: end for
13: νk+1 = νNu

k ; k = k + 1.
14: end while
15: return µ∗,ν∗

the chain rule as follows:

gν = ∇νφ(µ
∗,ν) +∇νµ

∗(ν)T∇µφ(µ
∗,ν), (5)

where ∇νφ and ∇µφ denote the partial derivatives of the
upper-level objective with respect to ν and µ, respectively.

Directly computing the Jacobian matrix ∇νµ
∗(ν) is chal-

lenging. To circumvent this, we denote the lower-level objec-
tive as f and assume it is twice continuously differentiable.
By invoking the implicit function theorem [Krantz and Parks,
2002] on the first-order stationary condition ∇µf(µ

∗,ν) =
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Input Syn2Real MOSS SSID-KD MUSS DRSformer NeRD-Rain

MFDNet CSUD Restormer PromptIR DiffUIR FoundIR Ours

Figure 4: Qualitative comparison of different state-of-the-art methods and our method. The boxes highlight the distinct differences. (These
data are sourced from the IVIPC DQA, MPID, and SPA datasets, respectively.)

0, and differentiating this condition with respect to ν:

∇2
µµf(µ

∗,ν)∇νµ
∗(ν) +∇2

µνf(µ
∗,ν) = 0. (6)

Provided that the Hessian ∇2
µµf is non-singular, the Jaco-

bian can be explicitly expressed as:

∇νµ
∗(ν) = −

[
∇2

µµf(µ
∗,ν)

]−1∇2
µνf(µ

∗,ν). (7)

However, computing and inverting the second-order Hes-
sian∇2

µµf is computationally expensive. To address this, we
employ an outer-product approximation [Liu et al., 2024] to
represent the second-order curvature:

∇2
µµf ≈ ∇µf∇µf

T , ∇2
µνf ≈ ∇µf∇νf

T . (8)

This corresponds to a rank-one quasi-Newton approxima-
tion of the Hessian matrix. By substituting Eq. (8) into Eq.
(7) and then into Eq. (5), the hypergradient gν can be effi-
ciently approximated using only first-order information:

gν ≈ ∇νφ−
(
∇µφ

T∇µf

∇µfT∇µf

)
∇νf. (9)

In addition to the current method, other algorithms are
available for solving Eq. (2) [Liu et al., 2022]. Algorithm 1
summarizes the training procedure for the RMR model. The
framework alternates between two nested stages: the lower-
level loop approximates µ∗(ν) via Nl gradient steps, and the
upper-level loop updates ν using the hypergradient estimate
in Eq. (9) over Nu iterations.

5 Experiments
5.1 Experimental Settings
Training settings. The RMR model was implemented us-
ing the PyTorch framework on a single NVIDIA GeForce
RTX 3090 GPU. For all experiments, we adopted DEA [Chen
et al., 2024b] as the baseline and employed the Adam op-
timizer to update the parameters, with β1, β2, and ε set to
0.9, 0.999, and 1 × 10−8, respectively. During the pre-
training stage, the encoder and decoder were pre-trained on
the SOTS-outdoor and DID datasets. Furthermore, the learn-
able text prompts for the upper-level optimization were opti-
mized on 500 real rain-degraded and clean images [Guo et al.,
2023]. The learning rate was initialized at 1 × 10−3 for pre-
training and 1× 10−4 for bilevel coupling learning, decaying
to 1 × 10−4 and 1 × 10−5, respectively. During all training
stages, we augmented the training data by cropping random
256 × 256 patches from the images. Notably, all compara-
tive experiments were performed with the dehazing decoder
frozen and the hyperparameter γ set to 1.
Benchmarks and Metrics In this paper, we evaluated the
proposed method on three representative real-world datasets:
IVIPC DQA [Wu et al., 2019], MPID [Li et al., 2019b], and
SPA [Wang et al., 2019], which consisted of 206, 185, and
103 images, respectively. Objective performance was mea-
sured via no-reference metrics such as Brisque [Mittal et al.,
2012] and Entropy [Wang and Bovik, 2006], as well as the
LLM-driven metric CLIPIQA [Wang et al., 2023].
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Figure 5: Qualitative comparison of different methods on challenging rain-mist coexisting scenarios in the SPA datasets.

Method Params (M) FLOPs (G)
Runtime (ms)

256×256 720×1280

DRSformer 33.63 220.4 173.6 2294
NeRD-Rain 22.89 148.0 100.2 1178
CSUD 29.16 16.07 21.21 147.4
PromptIR 32.97 158.1 87.39 1180
DiffUIR 12.40 71.92 117.1 1641
FoundIR 36.23 131.8 181.9 2363

RMR 3.653 34.04 6.472 83.24

Table 2: Computational efficiency comparison of different methods.
FLOPs are calculated on 256×256 images.

Comparison Methods To thoroughly evaluate the general-
ization capability of RMR, we conduct quantitative and qual-
itative comparisons against existing state-of-the-art methods.
For specialized deraining algorithms, we selected Syn2Real
[Yasarla et al., 2020], MOSS [Huang et al., 2021], SSID-
KD [Cui et al., 2022], MUSS [Huang et al., 2023], DRS-
former [Chen et al., 2023], NeRD-Rain [Chen et al., 2024a],
MFDNet [Wang et al., 2024], and CSUD [Dong et al., 2025].
Additionally, we compared RMR with all-in-one restora-
tion frameworks, including Restormer [Zamir et al., 2022],
PromptIR [Potlapalli et al., 2023], DiffUIR [Zheng et al.,
2024], and FoundIR [Li et al., 2025b].

5.2 Results and Comparison
Quantitative Evaluation. Table 1 provides a comprehen-
sive quantitative comparison between RMR and several state-
of-the-art methods. Given the lack of ground-truth labels
in real-world datasets, we employ three authoritative no-
reference evaluation metrics to assess the restoration qual-
ity objectively. Results demonstrate that our method ranks
among the top across nearly all metrics, validating the effec-
tiveness of RMR in diverse real-world scenarios. Further-
more, Table 2 illustrates that RMR achieves a superior trade-
off between restoration quality and computational efficiency.

Qualitative Comparison. Figure 4 illustrates that RMR
delivers consistently robust performance for rain streak re-
moval across a variety of scenes. To further examine its ef-

Input Haze-E + Rain-D Rain-E + Haze-D

Figure 6: Complementarity of degradation priors. (These data are
sourced from the SPA dataset.)

fectiveness in real-world complex scenarios, we select chal-
lenging rain-mist coexisting scenarios from the SPA dataset.
As shown in Figure 5, RMR demonstrates superior capabil-
ity in handling the coupled rain-mist degradation, simultane-
ously removing both rain streaks and mist while preserving
fine details, whereas other methods often suffer from residual
visual artifacts and blur.

6 Algorithmic Analyses
6.1 Complementarity of Degradation Priors
We investigate the synergistic effects of different prior com-
binations by comparing our “Dehazing Encoder + Deraining
Decoder” (Haze-E + Rain-D) configuration with its inverted
counterpart (Rain-E + Haze-D). As illustrated in Figure 6,
the inverted architecture yields suboptimal results. This per-
formance degradation stems from the inherent architectural
bias where a deraining-oriented encoder lacks the capacity to
effectively capture global low-frequency haze distributions,
while a dehazing-oriented decoder tends to misinterpret resid-
ual rain streaks as high-frequency scene details. In contrast,
the Haze-E + Rain-D strategy exhibits superior task comple-
mentarity, providing essential prior knowledge that facilitates
subsequent bilevel coupling learning.

6.2 Necessity of Bilevel Coupling Modeling
When only lower-level optimization is employed, the inher-
ent domain shift between synthetic and real data often leads
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Figure 7: Necessity of bilevel coupling modeling. (These data are sourced from the IVIPC DQA dataset.)
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(a) Qualitative Comparison
w/o Upper-level w/o Learnable Pormpts w/ Learnable Pormpts
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Figure 8: Learnable prompts improve Brisque performance across
various datasets.

to residual rain streaks. To validate the necessity of the bilevel
coupling modeling, we compare the performance of fine-
tuning versus bi-level optimization strategy in Figure 7. Ex-
perimental results demonstrate that incorporating upper-level
objectives solely through fine-tuning leads to visual artifacts
while removing rain streaks. This is attributed to a lack of
lower-level pixel-wise constraints, which causes the model
to overfit to semantic objectives. In contrast, bilevel opti-
mization synergizes lower-level and upper-level constraints,
effectively addressing complex degradations in real-world en-
vironments while preserving structural consistency.

6.3 Importance of Learnable Prompts

During the upper-level optimization stage, learnable prompts
substantially enhance adaptation performance. As illustrated
in Figure 8, learnable prompts consistently outperform fixed
prompts (e.g., “a photo with rain” or “a clear photo”). This
performance disparity primarily arises from the static na-
ture of fixed prompts, which restricts their capacity to dy-
namically capture complex rain-related features. In contrast,
text prompts refined through parameter optimization achieve
more precise semantic representations, thereby effectively
eliminating residual rain streaks.

γ = 0.1 γ = 0.5 γ = 1.0 γ = 1.5 γ = 2.0

7.1857
0.4754

0.4793
7.2509

0.4871
7.2648

0.4809

7.2655
7.2432

0.4789

(b) Parameter Analysis

γ = 0.1 γ = 1.0 γ = 2.0
(a) Qualitative Comparison

Figure 9: Influence of Prior Strength. (These data are sourced from
the SPA dataset.)

6.4 Influence of Prior Strength

Figure 9 illustrates the impact of the hyperparameter γ on
model performance. As γ increases, the model integrates
more robust dehazing priors, which helps maintain stable de-
hazing performance during the deraining process. This im-
proved balance is evidenced by the consistent improvement
in no-reference metrics. However, when γ exceeds a cer-
tain threshold, the dehazing prior becomes overly restrictive,
eventually suppressing the model’s capacity to effectively
process rain streak features.

7 Conclusion

In this paper, we propose a Rain-Mist Removal (RMR) frame-
work to address the limitations of existing image deraining
models in rain-mist coexistence scenarios. By employing
a bilevel coupling learning strategy which leverages prior
knowledge from single degradation tasks, RMR achieves pre-
cise decoupling of rain and haze features during lower-level
optimization process. Simultaneously, the upper-level de-
coder incorporates semantic guidance from CLIP to enhance
generalization. Experiments demonstrate RMR’s effective-
ness on multiple real-world datasets. Future work aims to en-
hance its applicability in resource-constrained environments.
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