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Abstract

Adverse weather removal aims to restore images degraded by haze, rain, or snow. However,
existing unified models often rely on implicit degradation cues, making them vulnera-
ble to inaccurate weather perception and insufficient semantic guidance, which leads to
over-smoothing or residual artifacts in real scenes. In this work, we propose AWR-VIP,
a prior-guided adverse weather removal framework that explicitly extracts semantic and
perceptual priors using a frozen vision-language model (VLM). Given a degraded in-
put, we first employ a degradation-aware prompt extractor to produce a compact set of
semantic tags describing key objects and regions, and simultaneously perform weather-
type perception by prompting the VLM with explicit weather definitions. Conditioned
on the predicted weather type and selected tags, the VLM further generates two levels
of restoration guidance: a global instruction that summarizes image-level enhancement
goals (e.g., visibility /contrast) and local instructions that specify tag-aware refinement
cues (e.g., recover textures for specific regions). These textual outputs are encoded by a
text encoder into a pair of priors (Pgjop. and Pjoeq;), which are injected into a UNet-based
restorer through global-prior-modulated normalization and instruction-guided attention,
enabling weather-adaptive and content-aware restoration. Extensive experiments on a
combined benchmark show that AWR-VIP consistently outperforms state-of-the-art meth-
ods. Moreover, the VLM-derived priors are plug-and-play and can be integrated into other
restoration backbones to further improve performance.

Keywords: adverse weather removal; semantic prior; low-level visual prior

1. Introduction

Image restoration has been a fundamental part of computer vision, aimed at restoring
degraded images to their high-quality counterpart. Specifically, image restoration in
adverse weather is essential for emerging sectors such as autonomous driving [1] where
high-quality images are needed for accurate decision-making. These weather degradations
include, but are not limited to, different levels of rain [2,3], snow [4,5], and haze [6-9].

To address these weather degradations, early weather restoration methods involve
traditional methods using Convolutional Neural Network (CNN) [10] to restore images
affected by degradations, leveraging convolutional layers to learn spatial patterns and
feature details. Transformers [11] have also been extensively studied, often outperforming
traditional CNNs with their superior ability in capturing global dependencies and general-
ization at the expense of larger computational resources. Denoising Diffusion Probabilistic
Models (DDPMs) [12] have also shown to be highly effective in image restoration through
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their iterative denoising process, ideal for learning weather degradations. More impor-
tantly, many existing works focus on single-weather degradation network [1-3,6-9,13,14],
while few propose non-blind general purpose models designed to restore all weather
conditions [15]. However, these models often rely on an initial weather prior given or
task-specific models for each weather degradation type, which is suboptimal for blind
real-life situations. For improved efficiency, recent studies pivoted their approach to an
all-in-one adverse weather restoration (AWR) model [16-19] designed to adaptively learn
various weather conditions in a single network. Despite these advances, two challenges
remain, hindering generalization in real-world scenarios and the quality of restored images.

First, a fundamental unresolved issue in all-in-one AWR is the reliable disentangle-
ment of weather factors from corrupted observations, i.e., inferring the latent weather type
and severity directly from degraded inputs. This capability is consequential because it
enables the restoration pipeline to condition its computation—via mechanism selection or
architectural modulation—on the inferred degradation, thereby producing more weather-
aligned reconstructions. Existing efforts either embed weather characteristics implicitly
through learnable restoration backbones [17,20] or explicitly estimate the condition using
auxiliary predictors, ranging from conventional classifiers [21,22] to CLIP-driven formula-
tions [23-25]. However, such condition-awareness is often brittle under distribution shifts,
leading to pronounced performance deterioration on out-of-distribution (OOD) data and
revealing limited extrapolative generalization.

Second, incorporating semantic knowledge is essential for AWR because restora-
tion decisions are inherently content-dependent: preserving object contours, maintaining
material-consistent textures, and avoiding over-smoothing all require understanding what
the scene depicts rather than only how it is corrupted. Semantic priors can guide the model
toward structure-preserving, context-aware reconstructions by constraining the solution
space toward perceptually plausible and object-consistent outputs. Despite this importance,
how to reliably extract semantic priors from degraded observations and integrate them
into AWR models in a principled manner remains underexplored.

To tackle these issues, we propose to leverage semantic and low-level VIsual
Perceptual priors extracted from pre-trained vision language models for adaptive Adverse
Weather Removal (AWR-VIP). Specifically, we first introduce an innovative pipeline that
leverages comprehensive priors from pre-trained vision language models, capturing both
semantic and attribute-related information such as degradation types and restoration in-
structions. To utilize these priors for removing adverse weather conditions effectively, we
deploy a UNet architecture that integrates these priors to enhance layer normalization and
cross-channel attention within its backbone. Our main contributions are summarized below:

*  Wepropose a VLM-guided prior extraction pipeline that explicitly produces (i) weather-
type perception, (ii) compact semantic tags, and (iii) global/local restoration instruc-
tions, which are encoded as semantic and perceptual priors.

*  We develop AWR-VIP, a unified adverse weather removal framework that performs
restoration by conditioning a UNet-based backbone on the extracted global and local
priors, enabling weather-adaptive and content-aware enhancement.

¢ Wedesign two complementary prior injection mechanisms: the global prior modulates
the affine parameters of layer normalization for image-level adaptation, while the
local prior guides a cross-attention module to refine key semantic regions.

*  Extensive experiments on combined hazy/rainy/snowy benchmarks demonstrate
that AWR-VIP achieves state-of-the-art performance. Moreover, the extracted priors
are plug-and-play and can be integrated into existing restoration backbones to further
improve their performance.
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The remainder of this article is organized as follows. Section 2 reviews the related
work on adverse weather removal and VLM-guided restoration. Section 3 introduces
the motivation of employing guidance derived from vision language models (VLMs) for
adverse weather removal, proposes an effective pipeline that guides VLMs to perceive
semantic contents—the degradation type in weather-affected images—and then outputs
global and tag-specific restoration. Moreover, Section 3.3 also presents a UNet architecture
with several special modules to incorporate these priors to guide the adverse weather
restoration process. Section 4 reports the experimental findings and analysis. Finally,
Section 5 summarizes the main contributions and outlines directions for future research.

2. Related Work
2.1. Adverse Weather Deep Learning

Although single-weather restoration methods [26-29] often deliver strong results for a
specific degradation, their specialization limits applicability in real-world imagery where
adverse conditions are diverse, overlapping, and difficult to pre-identify. This limitation
has motivated the development of blind and non-blind all-in-one AWR models. As an early
non-blind attempt, all-in-one [15] employs a CNN whose task-dependent encoders are
discovered via neural architecture search. To avoid explicit weather labels, Zhu et al. [16]
propose a two-stage formulation that disentangles weather-agnostic and weather-specific
priors within a UNet backbone. With the rise of Transformers [11], TransWeather [17] casts
restoration as query-key/value matching across weather types, while AWRCP [18] per-
forms latent-space restoration guided by codebook priors. PromptIR [20] further introduces
plug-in prompt blocks that encode degradation-dependent cues and a prompt interaction
mechanism that adaptively steers a Transformer-based restorer.

Building on prompt-based conditioning, PIP [30] factorizes prompting into a
degradation-aware prompt and a general restoration prompt, coupling them through
prompt-to-prompt and selective prompt-to-feature interactions to enhance robustness
under mixed weather. MiOIR [31] adopts sequential task learning with prompts to re-
duce inter-task interference and stabilize optimization across heterogeneous conditions.
U-WADN [21] incorporates a nested, unified-width backbone with an automatic width
selector to emphasize salient regions while improving efficiency. UtilityIR [32] explicitly
models degradation type and severity, combining a marginal quality ranking loss with
adaptive normalization/attention to calibrate restoration strength and generalize to unseen
mixtures. OneRestore [33] addresses composite degradations by fusing scene descriptors
with image features, enabling controllable restoration without assuming a single weather
category. Finally, AWRaCLe [34] treats degraded—clean context pairs as visual prompts,
jointly extracting weather/type semantics and appearance cues so that the model leverages
before-after contrast for targeted correction.

2.2. Language-Driven Image Restoration

Language-driven restoration models treat natural language as a high-level control
signal for removing degradation and producing clean images, thereby extending image
restoration from purely signal-level correction to instruction-following generation. Re-
cent breakthroughs in VLM architectures have made this direction increasingly viable
by injecting semantic alignment and instruction understanding into restoration pipelines.
TextIR [35] uses CLIP [36] to enforce text-image feature consistency, guiding the restoration
output toward the content implied by textual descriptions. DACLIP [24] advances this
idea by training a degradation-aware VLM from text annotations and using it to guide an
SDE-based restoration model toward stronger feature quality. InstructPix2Pix [37] provides
a diffusion-based instruction-following editor that performs targeted image modifications
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from natural-language commands. InstructIR [38] adapts instruction guidance to an all-in-
one restoration setting via feature masking under human-written prompts. Co-Instruct [39]
develops a large multimodal instruction-tuned model that can reason explicitly and answer
open-ended questions, offering richer forms of guidance. VLU-Net [25] proposes an inter-
pretable unfolding framework where a VLM steers gradient steps to automatically choose
degradation transformations; combined with hierarchical feature unfolding, it enables all-
in-one restoration. LDR [19] queries a VLM to estimate pixel-level degradation maps and
uses them to route MoE experts, achieving adaptive restoration without explicit weather
supervision. InstructRestore [40] further enables instruction-guided, region-customized
restoration by releasing a new dataset and adopting a ControlNet-like design that con-
verts region descriptions into masks and region-wise feature modulation. These studies
demonstrate state-of-the-art performance on various image restoration benchmarks and
suggest that the use of text-based instructions are effective in understanding and restoring
degraded images. Different from existing works, we propose to leverage both certain
types of text descriptions and instructions to better capture global and local dependencies,
enhancing image restoration.

3. AWR-VIP

As illustrated in Figure 1, our framework follows a two-stage pipeline that first extracts
semantic and low-level priors via VLMs and then injects them into AWR-VIP to perform
adverse weather removal. The main contributions of this work are twofold: (1) we extract
priors that capture both content and degradation in weather-affected images and generate
effective global and local restoration instructions; (2) we develop an adverse weather
removal network guided by these priors to produce satisfactory restoration results. The
overall framework is illustrated in Figure 2. In this section, we first discuss the motivation
of employing guidance derived from vision language models (VLMs) for adverse weather
removal (Section 3.1). Then, we propose an effective pipeline that guides VLMs to perceive
the semantic content and degradation type of weather-affected images and to generate
global and tag-specific restoration instructions (Section 3.2). Moreover, we develop a UNet-
based architecture with dedicated modules to incorporate these priors, thereby guiding the
adverse weather restoration process (Section 3.3).

i Semantic and Low-level
— Priors Extraction Pipeline

Output

Weather Removal

I Network
nput

Figure 1. The flowchart of our proposed AWR-VIP. The VLM-based Semantic and Low-level Priors
Generation Pipeline is introduced to guide the weather removal network.

3.1. Motivation

An ideal all-in-one method, capable of restoring clear images across various weather
conditions using a single set of pre-trained weights, should incorporate dedicated modules
to detect weather conditions and adapt feature representations accordingly. An intuitive ap-
proach involves developing a classifier to categorize weather types. However, the classifier
trained on existing adverse weather datasets may not perform effectively in real-world sce-
narios due to the diversity of weather conditions encountered. Recent works (DACLIP [24])
have developed an image controller based on pre-trained CLIP model to identify degra-
dation types. While this controlling strategy somewhat mitigates over-fitting compared
to direct fine-tuning of VLMs, the training dataset remains considerably smaller than the
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expansive datasets employed in VLMs. Thus, the DACLIP struggles to retain the impres-
sive zero-shot capabilities of the original VLMs. Inspired by the recent success of VLMs in
mastering low-level visual perception and understanding (Q-instruct [41], GPP-LLIE [42],
and VAR-LIDE [43]), this paper aims to explore the potential of these VLMs to facilitate the
removal of adverse weather conditions.
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Figure 2. The framework of our proposed adverse weather network. A weather-degraded input is
firstly fed into the VLM-based Semantic and Low-level Priors Pecerption Pipeline to obtain global and
local priors (Pgjop, and Pjoeq;), which are further injected into AWR-VIP to condition the restoration.
{1, B1}, {a2, B2}, and {a3, B3} are modulation parameters estimated form Pgjop. Q, K, and V
are computed from different sources: the query Q is derived from the input feature, whereas the
key K and value V are generated under the guidance of the local prior Pj,.,;. [Key: 3 x 3 Conv:
3 x 3 Convolution].

3.2. Semantic and Low-Level Prior Extraction Pipeline

Pre-trained on extensive text-image pairs, VLMs typically exhibit exceptional zero-
shot capability in aligning textual and visual information. Therefore, leveraging such pre-
trained knowledge is promising for enabling the perception of diverse weather conditions
in unified adverse weather removal models. However, most VLMs primarily concentrate
on discerning the semantic content within images, yet they do not adequately capture the
specific weather conditions depicted in those images. Even with fine-tuning or a controlling
strategy, these models still exhibit limited capability in representing weather conditions,
especially on unseen data. In contrast, the VLMs (LLaVA [44]) employed in this paper
are fine-tuned with 200 K instruction-response pairs related to low-level visual aspects.
In this paper, we introduce a new pipeline to employ LLaVA for all-in-one adverse weather
removal: we design text prompts to guide LLaVA to perceive the adverse weather in low-
quality images and to output the global restoration instruction. In addition, we introduce
the tag selection strategy based on DAPE to acquire primary tag information, and then
local restoration instructions are generated by tag-specific question answering session. Our
pipeline for low-level visual priors extraction is shown in Figure 3.

3.2.1. VLM Configuration

Notably, we employ a frozen LLaVA-1.5 model for prior extraction using the fixed
prompt templates shown in Figure 3. Weather-type perception is implemented as a forced-
choice query over {Hazy, Rainy, Snowy}. We adopt deterministic inference settings to ensure
stable and reproducible outputs.

https:/ /doi.org/10.3390 / make8020045


https://doi.org/10.3390/make8020045

Mach. Learn. Knowl. Extr. 2026, 8, 45 60f17
. “road”, “car”, “traffic light”,
—> DAPE —> TagSelection —» “building”
<Tag Information>
<Definitions>: { &

“Hazy": Reduced contrast, no rain streaks, and no snowflakes. How to improve the quality for the entire image?
"Rainy": Presence of raindrop streaks, blurred spots, or
reflective surfaces due to rain. " i i Y
"Snowy": Large white regions covering the ground or objects, £% | “Enhance the overall clarity, brightness, contrast
with possible small bright points indicating snowfall. <Global Instruction>

Based on <Definitions>, what’s the weather condition presentin - O @ DR " .
the Image? Select one from following choices. [ For “road” in <Tag Information>, how to enhance its &

A. Hazy B. Rainy C. Snowy clarity in the image?

i T R G T B A s Restore the texture details of the “road”

<Weather Type>

L User LLaVA 3% Frozen
~ Text Encoder !

<Local Instruction> i DAPE  Degradation-Aware Prompt Extractor

<Weather Type>, <Tag Information>, <Global Instruction> —» &

Figure 3. Overview of our VLM-guided prior extraction pipeline. The input image is processed by
DAPE [45] to obtain candidate tags, followed by primary tag selection (see Algorithm 1). Conditioned
on the weather definitions, the VLM performs weather-type perception and generates global and
tag-specific restoration instructions. The resulting texts are encoded by a text encoder into Pgj,p, and
Pjocq1, which guide the downstream restoration network.

Algorithm 1 Primary Tag Selection

Require: Low-quality image I;;, pre-trained DAPE 6 and the vocabulary V.
1: Employ 6 on1;,. T = {T;},P = {P;} < 0(I;)
2: Sort T using P and select top 8 tags (Ts)

3: Define Index = [], PrimaryTag = []
4: for j = 0 : length(T;) do

5. Get index I; for Ts[j] from V

6:  Set Not_keep = False

7. fork =0 : length(Index) do

8: 1f||I]71k|| < 50do

9: Not_keep = True
10: break

11: end
122 end

13:  if Not_keep = False do

14: Index.append(I))

15: PrimaryTag.append(T;|j])
16: Return PrimaryTag

3.2.2. Accurate and Fine-Grained Weather Perceiving

To achieve accurate weather perceiving, we offer definitions <Definition> for three
common adverse weather conditions to help VLMs better understand the task. Specifically,
given an input image, VLMs are prompted to select the option that most likely represents
the depicted weather condition based on our developed definitions. In particular, these
definitions are crucial, as VLMs generally offer a universal understanding for images af-
fected by weather conditions. These definitions enable VLMs to better distinguish these
weather conditions. Without these definitions, there is a high likelihood that images with
rainy or snowy scenes are misidentified as hazy because both rain and snow significantly
lower visibility and contrast, essential attributes also observed in hazy images. Table 1
summarizes the accuracy of perceived weather conditions, illustrating that the introduction
of <Definition> significantly improves the performance of VLMs in recognizing weather,
particularly in rainy and snowy images. Although DACLIP achieves relatively high accu-
racy in predicting weather conditions via training, its performance on out-of-distribution
data reveals limited generalizability, as reported in Table 2. In contrast, our pipeline excels
in offering consistently precise and robust predictions across diverse weather scenarios.
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Table 1. The accuracy comparison of weather condition prediction. With our developed <Definition>,
our pipeline demonstrates markedly improved performance. All accuracies are computed over the
full test set and reported as mean + standard deviation over three runs, with one-decimal precision
for readability.

Methods Hazy Rainy Snowy Average
VLMs w/o <Definition> 99.0% 77.5% 73.5% 88.1%
DACLIP (requires training) 100.0£0.0% 97.5+£13% 987 £15% 99.3 £ 0.5%
Our pipeline 99.2% 82.0% 88.7% 93.8%

Table 2. The weather condition prediction on out-of-distribution dataset. Compared to DACLIP, our
weather condition perceiving strategy exhibits higher accuracy and enhanced generalizability.

Methods Hazy Rainy Snowy Average
Pre-trained DACLIP 100.0% 100.0% 30.8% 80.9%
Our pipeline 100.0% 100.0% 84.6% 95.7%

3.2.3. Primary Tag Selection

Motivated by the success of semantic prompts in other image restoration tasks, we
further explore the potential of semantic priors for adverse weather removal. Specifi-
cally, our exploration starts with DAPE [45], a robust degradation-aware extractor whose
tag information has been successfully integrated into state-of-the-art image restoration
methods. However, when DAPE is directly adopted to weather-affected images, its per-
formance is not perfect as expected: (1) Excessive tag length: The predicted tags in DAPE
are determined by the input image and a pre-defined threshold. For the image in Figure 3,

Y77 ”oou V77

DAPE tends to generate a large number of tags: “building”, “car”, “city”, “city street”,

Zan v a7 7ou v

“drive”, “intersection”, “pole”, “road”, “stop light”, “traffic light”, “street scene”, “street
sign”, and “urban”. However, since our framework relies on VLMs to generate tag-specific
restoration instructions, such an extensive set of tags can introduce substantial computa-
tional overhead without proportionate gains in restoration performance. (2) Redundant
Tags. The DAPE model frequently generates redundant tags due to its vocabulary contain-
ing many semantically similar terms. To enhance efficiency, it is crucial to maintain only
one tag per semantic group to reduce unnecessary computational overhead.

To this end, we design a primary tag selection strategy as shown in Algorithm 1. First,
instead adopting the fixed threshold, we rank all tags based on their probability and select
top 8 tags for further processing. Subsequently, for the remaining tags, we ascertain their
index within the vocabulary and we remove tags whose indices are within 50 positions
relative to a tag of higher probability to reduce the redundancy.

As demonstrated in Figure 3, our proposed primary tag selection mechanism is capable
of producing accurate and succinct tag information. Moreover, based on these tags, VLMs
are prompted to provide restoration instructions globally and locally. Finally, the answers
from VLMs are transformed into global and local priors (Pgjops and Pjocs), which help
achieve adaptive adverse weather removal in this paper. Overall, our introduced semantic
and low-level priors extraction pipeline is summarized in Algorithm 2, where Prompt
templates follow Figure 3 and are kept fixed for all experiments; weather-type perception
is implemented as a forced-choice query over hazy, rainy, and snowy. Note that the VLM
is only used to generate weather-aware textual priors (weather type and global/local
instructions) in a training-free manner; the restoration is performed exclusively by AWR-
VIP conditioned on these priors.
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3.2.4. Flexible Semantic Elements and Controllable Inference

Although the proposed pipeline runs automatically by default, the semantic elements
used for guidance are not restricted to a fixed set. Specifically, users can optionally override
the predicted weather type and provide customized semantic tags as well as global/local
instructions at inference time, enabling controllable restoration without retraining. This
flexibility is particularly useful in challenging cases where the automatic tag extraction
or weather perception may miss small but important objects or when user preferences
favor different restoration styles (e.g., sharper details versus smoother appearance). In our
framework, these user-provided texts are encoded by the same text encoder into priors
(Pglobal/ Pj,ca1) and seamlessly injected into AWR-VIP, following the same conditioning
mechanism as the automatic mode.

Algorithm 2 VLM-guided Prior Extraction Pipeline

Require: Low-quality image I;;, frozen VLM M (LLaVA-1.5), pre-trained DAPE 6, CLIP
text encoder &y, and primary tag selection S(-) (Algorithm 1).

1: Tag selection: K « S(6(1;;)) > Top-K compact tags.
2: Weather-type perception:
3:  Construct prompt Oy, with weather definitions and multiple-choice options.
& D M(I,, Qu) > @ € {Hazy, Rainy, Snowy}.
5: Global instruction generation:
6:  Construct prompt Q..

7 sg — M(I,, Q)

8: Local instruction generation:

9:  Define LocalText =[]

10:  foreach tag k in K do

11: Construct prompt Qf and k.
12: sk M(IL,, OF)

13: LocalText.append(s;‘)

14: end

15: Prior encoding:

16: Pglobul A 5txt(z’br K, Sg)
17: Piocar < Erxt(LocalText)
18: return Pglohal/ Piocal

3.3. Priors Guided Adverse Weather Remouval Network

To fully exploit the priors extracted by our pipeline, we also design an all-in-one
network with several special designs.

3.3.1. Overview

The overall framework of our adverse weather removal network (AWR-VIP) is shown
as Figure 2. Notably, AWR-VIP serves as the main restoration backbone that produces
the final clean output, while the VLM branch provides auxiliary conditioning priors to
adapt the restoration behavior under different adverse weather degradations. Specifically,
the input image is first processed by a 3 x 3 convolution to capture its feature embedding.
Then, this shadow feature is fed into 4-level encoder-decoder architecture to obtain the
deep representation. Finally, another 3 x 3 convolution is applied, and the residual term is
added to obtain the restored image. In addition, each level of encoder-decoder contains
multiple weather blocks, and adaptive mix-up modules are adopted to replace the skip
connection operation. Moreover, we introduce several special designs in each weather
block to effectively incorporate the priors extracted by our proposed pipeline.
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3.3.2. Layer Norm (LN) Modulated by Global Prior

To effectively integrate the global prior Py, derived from VLMs into our weather
block, we modulate the layer normalization process. This modulation is driven by scale
and shift parameters (« and ) conditioned on Pgop,, enabling the normalization process
to better reflect the semantic and perceptual information encoded in the global prior. Given
an input feature z;,, the output of modulated LN is calculated by zy,s = « - LN(z;,) + B,
where &, = Linear(S). Notably, each WeatherBlock contains three modulated-layer
normalization layers; therefore, the linear projection outputs three pairs of modulation
parameters, denoted as {a1, 1}, {a2, B2}, and {a3, B3}, respectively.

3.3.3. Instruction-Guided Cross-Attention (IGCA)

To reduce the huge computational cost caused by spatial self-attention mechanism, we
adopt simplified cross-attention (SCA [46]) to calculate the attention map along the channel
dimension in our weather block. Moreover, we develop the channel attention mechanism
guided by the local prior Pj,.,;. Specifically, query element Q is calculated upon the input
feature, while the calculation of key and value elements (K, V) (see Figure 2) are guided by
the local prior Pjyeq-

4. Experiments
4.1. Experiment Settings

To train our proposed adverse weather network, we first build a combined dataset
that includes hazy, rainy, and snowy images and their corresponding clean counterparts.
The source datasets are Reside-6K [47], Rain100H [48], and Snow100K-L [49], respectively.
In our combined dataset, we have 6000 hazy-clean, 1800 rainy-clean, and 1872 snowy-clean
image pairs for training, and the other 1000 hazy-clean, 200 rainy-clean, and 601 snowy-
clean image pairs for evaluation. Our adverse weather network is trained using the Adam
optimizer with the total training iterations of 200 K with the batch size of 8. The initial learn-
ing rate is set to 103 and it is reduced to 107 by the end of training. Each training input is
cropped into 256 x 256, and we use horizontal flips and rotations for data augmentation.
Two metrics (PSNR and SSIM) are calculated for quantitative evaluation. Besides the test
samples in this combined dataset, we also evaluate the generalization of our method on
multiple real-world images without ground-truth correspondences (BeDDE [50], SPA+ [16],
and RealSnow [16]).

Software and Hardware Environment: All experiments are conducted in a conda
environment with Python 3.8, PyTorch 1.13.0, pytorch-lightning 1.9.0, and CUDA 11.7. All
experiments were run on two NVIDIA RTX 2080 Ti GPUs.

4.2. Performances and Comparisons

We compare our method with several approaches: Restormer [51], WGWS-Net [16],
TransWeather [17], NAFNet [46], HistoFormer [52], HOGFormer [53], and DACLIP [24].
Restormer, HistoFormer, and HOGFormer are advanced transformer-based networks.
WGWS-Net proposes to learn weather-general and weather-specific features, whereas
DACLIP presents a degradation-aware VLM that guides the SDE-based restoration model.

4.2.1. Quantitative Results

Table 3 summarizes the statistical results of our method and above models. Our
method achieves the superior performance on all metrics, highlighting its advanced and
perfect generalization. Notably, the PSNR of our method surpasses the best of SOTA method
(HistoFormer) by 1.31 dB. Moreover, we observe enhanced performance by integrating our

https:/ /doi.org/10.3390/make8020045


https://doi.org/10.3390/make8020045

Mach. Learn. Knowl. Extr. 2026, 8, 45 10 of 17

extracted priors into existing methods. These numbers demonstrate the effectiveness and
generalization of semantic and visual perceptual priors in our method.

Table 3. Quantitative comparisons on the combined dataset; our method achieves superior perfor-
mance compared to current SOTA methods. Moreover, our extracted priors can be integrated into
current SOTA methods for performance enhancement. [Key: 1: the larger the better; Best, Second Best;
*: trained with our extracted priors; t. replacing the degradation and content embedding with our
extracted priors. Results for AWR-VIP are reported as mean =+ standard deviation over three runs].

Hazy Rainy Snowy Average
Methods
PSNR 1 SSIM 1 PSNR 1 SSIM 1 PSNR 1 SSIM 1 PSNR 1 SSIM 1
Restormer 24.38 0.911 22.45 0.749 24.29 0.806 24.14 0.858
Restormer * 26.10 0.929 24.36 0.810 26.36 0.838 25.99 0.885
WGWS-Net 25.24 0.920 25.44 0.806 26.28 0.833 25.61 0.878
WGWS-Net * 26.58 0.943 26.85 0.833 27.15 0.875 26.80 0.908
TransWeather 28.87 0.945 24.30 0.815 26.95 0.877 27.72 0.908
TransWeather * 29.47 0.951 26.17 0.830 27.53 0.889 28.46 0.917
NAFNet 29.28 0.948 26.03 0.849 28.19 0.895 28.56 0.920
NAFNet * 29.97 0.954 27.52 0.861 28.37 0.891 29.16 0.923
HOGFormer 26.23 0.945 25.90 0.823 26.26 0.879 26.20 0.909
HOGFormer * 27.16 0.954 26.84 0.837 27.21 0.888 27.14 0.919
HistoFormer 28.88 0.953 27.26 0.855 27.39 0.887 28.20 0.920
HistoFormer * 29.95 0.965 27.87 0.867 28.06 0.892 29.09 0.930
DACLIP 29.12 0.937 26.80 0.850 27.03 0.870 28.16 0.905
DACLIP 29.70 0.954 2743 0.877 27.59 0.890 28.74 0.924
AWR-VIP (Ours)  30.55+£0.05 0.957+£0.002 28.15+0.06 0.883+0.003 282240.05 0.8954+0.005 29.51+0.05 0.928 £ 0.003

4.2.2. Qualitative Results

As depicted in Figures 4 and 5, our method demonstrates a marked improvement in
image clarity and color fidelity over competing methods such as DACLIP and HistoFormer.
Notably, our AWR-VIP effectively mitigates the over-saturation observed in HistoFormer’s
outputs and achieves a harmonious balance of sharpness and color correctness, closely ap-
proximating the ground truth. These visualizations illustrate the superiority of our method
and validate the effectiveness of our weather removal network and our extracted priors.

y
Input Restormer HistoFormer

HistoFormer* (Ours) AWR-VIP (Ours) GT

Figure 4. Visual comparisons under hazy scenarios. Our VAR-LIDE is capable of preserving fine
details and maintaining color fidelity (see regions highlighted using red or blue boxes). In addition,
our extracted semantic and low-level prior significantly enhances SOTA method (HistoFormer).
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HistoFmer* (Ours) AWR—\}I}’(Ours)
Figure 5. Visual comparisons on snowy scenarios, where our AWR-VIP excels in structure restoration.
These two scenarios are from Snow100K-L test set (link: https://drive.google.com/drive/folders/

10x7Fj4WVophj5YBmKfUVH8YdIp7NQfer accessed on 10 November 2025).

4.3. Ablation Study

To evaluate the importance of each component, we conduct ablation experiments
by removing each module from our method. As presented in Table 4, though removing
the local instruction can still achieve competitive result, its performance is significantly
inferior to our full model, demonstrating that local instruction plays an important role in
our method. Similarly, we also observe distinct performance decrease when the global
instruction or the weather type are removed. All theses numbers in Table 4 demonstrate
the positive contributions of each component to our final satisfactory outcomes.

Table 4. Ablation results. Removing one or multiple components from our method leads to
poor performance.

Configurations PSNR SSIM

Full AWR-VIP 29.51 0.928

w /o <Local Instruction> (Pj,¢,1) 28.62 0.914
w /o0 <Global Instruction> 29.16 0.919

w /o <Weather Type> 28.85 0.916
Baseline (w/0 Pjocq and Pgjopar) 28.20 0.902

4.4. Computational Efficiency

The efficiency comparisons between AWR-VIP and other methods are reported in
Table 5. Notably, in our AWR-VIP, 90% of the parameters come from language model
with extremely high efficiency. Therefore, employing the VLM only results in 0.23 s
inference delay compared to the Baseline, whereas DACLIP suffers from 18.4 s inference
time due to its iterative diffusion process. Additionally, we emphasize that our superior
performance primarily arises from methodological advancements, as scaling the Baseline’s
hidden dimension to match AWR-VIP’s runtime (denoted as “Baseline *” in Table 5)
yields significantly inferior performance (PSNR: 28.57; SSIM: 0.910) compared to our
complete AWR-VIP.

https://doi.org/10.3390/make8020045
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Table 5. Computational efficiency for 512 x 512 input on one RTX 2080Ti GPU. Simply increasing
the Baseline’s hidden dimension to match AWR-VIP’s runtime (denoted as Baseline *) yields only
28.57 dB in PSNR and 0.910 in SSIM, far below AWR-VIP’s result in Table 3.

Methods HistoFormer DACLIP Baseline * AWR-VIP (Baseline + VLM)

Params (M) 16.6 174 67.8 18.2 + 467
FLOPs (G) 366 474 291 80.5 + 950
Runtime (s) 0.80 18.4 0.32 0.08 + 0.23

4.5. Evaluations on Real-World Data and Generalization to More Restoration Tasks
4.5.1. Visual Comparisons with DACLIP on Real Hazy Images

Figure 6 provides visual comparisons between our AWR-VIP and DACLIP on real
hazy images. Notably, DACLIP is capable of producing visually compelling results under
hazy conditions [50]. This outcome can be analyzed using two factors: (1) its diffusion-
based nature, which enhances visual quality despite lower PSNR and SSIM; (2) haze is
DACLIP’s best-performing condition, aligning most closely with our perceived weather
type. However, in other scenarios, DACLIP struggles with accurate weather prediction
and is prone to such misclassification, leading to limited performance. More importantly,
even in such a DACLIP-preferred hazy scenario, our AWR-VIP, guided by global and local
priors, outperforms DACLIP and achieves enhanced clarity and contrast.

Input DACLIP AWR-VIP (Ours)

Figure 6. Visual comparisons on real-world data. Thanks to our extracted semantic and low-level

priors, our AWR-VIP significantly outperforms DACLIP (see regions highlighted using red boxes).

4.5.2. Generalization to Broader Restoration Tasks

Besides common weather-related restoration tasks (dehazing, deraining, and desnow-
ing), we add one more degradation (low-light, LOL dataset [54]) by re-designing the
definition and prompt in our extraction pipeline. With this modification, our AWR-VIP re-
tains over 90% degradation prediction accuracy and delivers satisfactory enhancements as
presented in Figure 7, highlighting its potential in handling diverse degradations similarly
to DACLIP while remaining training-free. Notably, AWR-VIP achieves comparable or even
better visual effects compared to LLIE-specific methods (ECMamba [55] and GALRE [56]),
highlighting the generalization and effectiveness of our proposed prior extraction pipeline

Input AWR-VIP (Ours) ECMamba GLARE

in Figure 3.

Figure 7. Visual comparisons on unpaired real-world low-light images (MEF dataset). Our AWR-VIP
effectively enhance the visibility and contrast, achieving comparable or even better performance than
LLIE-specific methods (see red boxes).
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4.5.3. Performance on Extreme Weather Conditions

Beyond the standard evaluation setting, we further investigate the robustness of AWR-
VIP under out-of-distribution (OOD) extreme adverse weather conditions, where degrada-
tions are significantly stronger and may be accompanied by haze patterns [57]/challenging
illumination [58]. Such scenarios are well-known to be difficult for conventional restoration
pipelines, which often suffer from inaccurate degradation perception and tend to produce
over-smoothed results or residual artifacts.

Figure 8 presents representative qualitative comparisons between DACLIP and our
AWR-VIP. As shown in the highlighted regions, DACLIP may introduce noticeable artifacts
or suppress fine structures when the degradation becomes extreme, while our method yields
clearer structures and a more natural visual appearance. We attribute the improvement
to the explicit global/local restoration guidance derived from the VLM, which provides
content-aware priors to anchor the restoration behavior even under OOD conditions.
Overall, these results indicate that AWR-VIP generalizes favorably to extreme weather
conditions, demonstrating improved robustness in challenging real-world cases.

Input

Figure 8. Visual comparisons on out-of-distribution extreme adverse weather conditions. The high-
lighted boxes highlight show that our method better preserves semantic structures and improve local
clarity in extreme scenarios in highlighted red and green boxes, compared to DACLIP.

4.6. Incorporating Conventional Low-Level Priors: Blur Scalar Guidance

While our framework mainly leverages VLM-derived semantic and perceptual priors,
we note that classical image processing techniques can provide complementary low-level
cues, which are particularly useful under complex degradations. As a concrete example,
we incorporate a lightweight blur scalar as an additional low-level prior.

4.6.1. Blur Scalar Estimation

Given an input image I;;, we first convert it to grayscale and compute its Laplacian
response Al};. We then estimate the blur level via the inverse variance of the Laplacian:

b= L (1)

Var(AIlq> + e,
where € is a small constant for numerical stability. Intuitively, a sharper image yields

stronger high-frequency responses and thus a larger Laplacian variance, resulting in a
smaller b; conversely, more defocus blur leads to a larger b.
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4.6.2. Integration into AWR-VIP

We treat b as a global low-level prior and inject it into AWR-VIP through the same
global conditioning interface. Specifically, we concatenate b with the extracted global prior
Pojopa and use an MLP to produce the modulation parameters for the modulated layer
normalization in each WeatherBlock:

{wi, B}y = fMLP( [Pglobul; bD )

In this way, the restoration backbone can adapt its global normalization behavior
according to both semantic guidance and the estimated blur severity.

By incorporating this blur scalar prior, we observe a slight improvement (PSNR:
29.62 dB) in restoration quality, suggesting that conventional low-level cues can comple-
ment VLM-derived guidance. This result indicates the potential of enriching AWR-VIP with
additional classical priors (e.g., noise/exposure-related cues) to further enhance robustness;
however, identifying the most effective priors and designing reliable estimators remain
important directions to explore.

5. Conclusions

To achieve adaptive adverse weather removal in real-world scenarios, we propose
AWR-VIP, a unified framework guided by semantic and visual perceptual priors. Specifi-
cally, we develop a VLM-based prior extraction pipeline by designing weather definitions
and prompt-driven querying to perceive the weather type and generate restoration instruc-
tions at both global and local levels. To obtain accurate yet concise semantic descriptions,
we further introduce a primary tag selection strategy that reduces redundancy and compu-
tational overhead. Moreover, we design a UNet-based restoration backbone equipped with
a weather-aware module, where global priors modulate layer normalization for image-level
adaptation and local priors guide cross-attention to refine key semantic regions. Exten-
sive experiments on combined benchmarks validate the effectiveness of AWR-VIP and
demonstrate that the extracted priors are transferable to other restoration backbones.

Overall, the main contributions of this work can be summarized as follows: (1) a
VLM-guided prior extraction pipeline that produces weather-type perception, compact
semantic tags, and global/local restoration instructions as semantic and perceptual priors;
(2) a unified adverse weather removal framework, AWR-VIP, that performs restoration by
conditioning a UNet-based backbone on the extracted priors; (3) two complementary prior
injection mechanisms via global-prior-modulated normalization and local-prior-guided
cross-attention for content-aware refinement; (4) a user-controllable inference mode that
allows overriding the automatically generated prompts (weather type and instructions)
to achieve preference-driven restoration without retraining; (5) extensive experimental
results showing state-of-the-art performance and strong plug-and-play applicability of the
extracted priors across different restoration architectures.

Limitations and Future Work: A potential limitation of our method is its reliance on
the performance of VLMs. In some extreme scenarios, the efficacy of VLMs may diminish,
thereby adversely affecting the overall performance of our method. In addition, differing
from the hard weather-type perception proposed in this paper, we are currently investigat-
ing a soft perception mechanism and we plan to present it in the future work, which allows
for flexible restoration for images with multiple degradations (e.g., “rainy + snowy”).
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Abbreviations
The following abbreviations are used in this manuscript:

CNN Convolutional Neural Network
DDPM  Denoising Diffusion Probabilistic Models
AWR Adverse Weather Restoration

OOD Out-Of-Distribution

SOTA  State-Of-The-Art

VLM Vision Language Models

LN Layer Norm

IGCA Instruction-Guided Cross-Attention
SCA Simplified Cross Attention

PSNR Peak Signal-To-Noise Ratio

SSIM Structural Similarity Index Measure
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