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Towards General-Purpose Video Reconstruction
through Synergy of Grid-Splicing Diffusion and
Large Language Models
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Fig. 1: Our GSDiff model demonstrates outstanding restoration results across tasks involving single degradation, real-world
degradation, and mixed degradation. GSDiff effectively adapts to various degradation types through its innovative modules for

temporal consistency and fine-grained detail preservation.

Abstract—Various forms of degradation, including noise, blur,
and adverse weather conditions (e.g., rain, snow, and fog),
significantly compromise video quality and system reliability
across critical domains ranging from surveillance and medical
imaging to entertainment. Previous research mainly focuses on
network models tailored to specific degradation types, while
recent unified frameworks and foundation models still face crit-
ical challenges in temporal consistency, automated degradation
recognition, and detail preservation. Despite recent advances in
foundation models, current approaches rely heavily on predefined
degradation labels and remain focused on image-level opera-
tions, limiting their generalization to real-world scenarios and
struggling with preserving fine-grained details. To address these
challenges, we propose Grid Splicing Diffusion Model (GSDiff),
a general framework for video reconstruction that leverages a
novel grid splicing execution alongside instruction-tuned Large
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Language Model (LLM). GSDiff introduces three key innovative
modules: (1) a LLM-driven degradation recognition module that
enables automatic and fine-grained restoration guidance through
zero-shot degradation analysis, (2) a Grid Splicing Module
that organizes multiple frames into a unified grid structure
to facilitate spatiotemporal feature processing, and (3) a Detail
Preservation Module integrated with a Tail Refine Network to
enhance fine-grained details during diffusion and post-processing.
Extensive experiments demonstrate that GSDiff delivers state-
of-the-art performance across a wide range of reconstruction
tasks, including deraining, desnowing, denoising, and deblurring,
propelling advancements in medical diagnostics and smart city
applications.

Index Terms—Unified Video Reconstruction, Large Language
Models, Grid Splicing, Detail Preservation

I. INTRODUCTION

In the digital era, video quality serves as a fundamental
pillar of technological progress but remains susceptible to
various degradations. From subtle sensor noise to the broader
impact of adverse weather conditions, these impairments pose
significant challenges across critical applications, including
medical diagnostics, surveillance systems, and entertainment
platforms, where precision and reliability are crucial. Video
reconstruction algorithms play a vital role in restoring de-
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graded footage, enhancing both human visual perception and
the performance of downstream deep learning models in video
analysis tasks [1]-[6]. Traditional approaches address a single
type of degradation through task-specific neural architectures.
Single-task models achieve strong performance on individual
tasks such as deraining [7], [8], desnowing [9], [10], de-
noising [11], [12] and deblurring [13], [14] under controlled
settings. However, such specialized architectures exhibit lim-
ited generalization capabilities to real-world scenarios where
multiple types of degradation appear simultaneously.

To address these generalization challenges, unified frame-
works emerge as a solution to handle multiple types of degra-
dation simultaneously [15]-[22]. Such multitask architectures
demonstrate enhanced generalization capabilities across dif-
ferent degradation patterns, eliminating the need for training
separate models for individual degradation types. However,
unified approaches heavily rely on paired synthetic training
data, which leads to significant domain gaps between syn-
thetic and real-world scenarios. This synthetic-to-real gap
substantially limits model performance when encountered un-
seen degradation patterns in real-world applications. Recent
advances in foundation models introduce a promising direc-
tion for image reconstruction [23]. By leveraging large-scale
pre-trained models, current approaches demonstrate enhanced
generalization across diverse degradation patterns. Integration
of language models such as CLIP [24] enables text-guided
reconstruction, where natural language instructions direct the
restoration process [25]. This approach not only improves
model generalization but also provides flexible control through
linguistic supervision, allowing human-in-the-loop specifica-
tion of reconstruction objectives.

Despite progress in text-guided reconstruction methods, ex-
isting video processing techniques still face several challenges.
1) Limited flexibility and accuracy in automated degradation
recognition. The direct application of visual-language features
lacks the capability to automatically recognize and adapt to
diverse degradation scenarios. Moreover, without sophisticated
language understanding capabilities, this approach struggles to
establish precise mappings between visual degradation patterns
and their semantic descriptions. 2) Existing methods ignore
temporal dependencies across video frames. Such frame-
independent reconstruction paradigm inherently suffers from
temporal inconsistency and flickering artifacts that signifi-
cantly degrade the visual quality of long sequences. 3) The
variational autoencoder (VAE) architecture compromises
fine details and textures. Although the VAE structure used
in models such as Stable Diffusion effectively removes degra-
dation, it often sacrifices high-frequency details and features,
reducing sharpness and overall fidelity in reconstructed frames.

To address these challenges, we propose a novel video
reconstruction framework, GSDiff (Grid Splicing Diffusion),
which incorporates three key innovative modules. To tackle
challenge 1), we propose a LLM-driven zero-shot degradation
recognition system that enables automatic and fine-grained
restoration guidance without requiring explicit degradation
annotations. We employ InstructBLIP to perform single-frame
degradation analysis, leveraging its instruction-tuning capabil-
ities to generate comprehensive and task-relevant degradation

descriptions. We design a Degradation Extractor module that
effectively integrates these semantic descriptions with CLIP
visual features, establishing precise mappings between visual
degradation patterns and their semantic characterizations. To
tackle challenge 2), we introduce the Grid Splicing module
that arranges multiple frames into a unified grid structure.
Through the self-attention mechanism in U-Net [26], this
design enables simultaneous processing of spatiotemporal fea-
tures, ensuring temporal consistency while enhancing recon-
struction details through cross-frame information sharing [27],
and significantly reducing computational overhead. To resolve
challenge 3), we introduce a Detail Preservation Module
(DPM) coupled with a Tail Refine Network for high-fidelity
detail reconstruction. The proposed dual-module design syner-
gistically combines multi-stage attention mechanisms with hi-
erarchical feature processing. DPM leverages temporal-guided
attention and degradation-aware modulation to preserve fine-
grained details, while the Tail Refine Network employs a
symmetric encoder-decoder architecture with window-based
attention mechanisms to enhance local-global feature repre-
sentations. This architecture effectively mitigates the detail
loss inherent in VAE-based frameworks [28] while maintaining
temporal consistency. Extensive experiments demonstrate that
GSDiff achieves state-of-the-art performance across four rep-
resentative video reconstruction tasks (deraining, desnowing,
denoising, and deblurring). Notably, our method overperforms
SOTA models on both synthetic benchmark datasets and real-
world degraded videos, demonstrating remarkable generaliza-
tion capabilities and producing visually compelling reconstruc-
tion results (Shown in Fig. 1). Our contributions include:

o« We design a zero-shot degradation recognition system
that combines LLM-driven analysis with CLIP visual
features. This system leverages InstructBLIP for auto-
matic degradation analysis and introduces a Degradation
Extractor module for precise visual-semantic mapping,
eliminating the need for explicit degradation annotations.

e We propose GSDiff, integrating a novel Grid Splicing
module with diffusion models for video reconstruction.
The Grid Splicing technique enables efficient spatiotem-
poral feature processing through a unified grid struc-
ture, significantly reducing computational overhead while
maintaining temporal consistency.

« We introduce a dual-stage detail enhancement framework
that combines Detail Preservation Module (DPM) with
Tail Refine Network (TRN), achieving state-of-the-art
performance in preserving fine-grained details across
diverse restoration tasks, particularly in medical imaging
applications.

II. RELATED WORK
A. Unified Low-level Restoration

Traditional image and video restoration methodologies con-
centrate on addressing singular degradation types, includ-
ing denoising, deblurring, deraining, or desnowing in isola-
tion [7]-[14]. Despite their effectiveness for specific tasks,
these approaches require maintaining separate models, increas-
ing computational overhead and limiting applicability.
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Motivated by tackling complex, real-world degradations
and the insight that diverse degradation types exhibit shared
underlying patterns, the research community demonstrates a
paradigm shift towards unified restoration frameworks. These
frameworks, which leverage joint feature learning across mul-
tiple tasks, continue to yield substantial advancements. Li
et al. [29] introduce AirNet, which integrates a Contrastive-
Based Degraded Encoder with a Degradation-Guided Restora-
tion Network, establishing fundamental principles for unified
restoration of multiple unknown degradation types. Extending
this foundation, Kulkarni et al. [22] investigate lightweight
architectural designs, presenting UVRNet with a dual-stream
architecture that demonstrates competitive performance in rain
and snow fog removal while utilizing minimal parameters.
Concurrent with the emergence of Transformers in computer
vision, TransWeather [18] adopts this architectural paradigm
for weather degradation restoration. It effectively removes
multiple types of weather degradations using sophisticated
intra-patch attention mechanisms and learnable weather type
embeddings. To enhance the generalization capabilities of
models, Chen et al. [21] propose a novel knowledge-learning
paradigm that incorporates two-stage knowledge learning with
multi-contrastive regularization, enabling unified pre-trained
weights to address multiple weather degradations simulta-
neously. PromptIR [30] advances the field by incorporating
prompt learning methodologies, encoding degradation-specific
information as prompts to systematically guide the restoration
network, representing a substantial advancement towards more
adaptable and universal restoration approaches. ViWS-Net by
Yang et al. [31] demonstrates multi-weather removal capa-
bilities in video restoration through weather-invariant video
transformer encoders, temporally-aware weather messenger
mechanisms, and adversarial backpropagation-based weather
feature suppression. Nevertheless, compared to image-based
methodologies, video restoration architectures remain rela-
tively understudied. Motivated by this research gap, we con-
centrate our investigation on video-level reconstruction tasks,
aiming to advance the development of robust and efficient
unified restoration frameworks in the video domain.

B. Large Language Models

Large Language Models (LLMs) demonstrate revolution-
ary advances in vision-language multimodal understanding
and generation tasks [32]-[38]. These models excel in not
only traditional tasks such as text generation and reasoning,,
but also cross-modal scenarios including visual question an-
swering and scene understanding. The emergence of GPT-
3 [32] demonstrates strong zero-shot and few-shot transfer
capabilities through pre-training with 175 billion parameters,
establishing a foundation for subsequent multimodal tasks.
Building upon this success, PaLM [34] extends the model
scale to 540 billion parameters and achieves breakthroughs in
complex reasoning through the Pathways system. BLIP [36]
significantly improves vision-language alignment through in-
novative image-text pair generation strategies and cross-modal
filtering mechanisms, establishing new benchmarks in image
captioning and visual question answering. LLaMA [35] in-
troduces compute-efficient open-source models that achieve

comparable performance to proprietary systems. LM4LV [39]
pioneers the application of frozen LLMs in low-level vision
tasks, demonstrating that LLMs can effectively handle funda-
mental computer vision problems without requiring training
using multi-modal data or prior knowledge. X-Former [40]
integrates contrastive learning with masked image modeling
to enhance multimodal large language models (MLLMs) for
visual understanding [41], achieving state-of-the-art perfor-
mance in tasks that demand detailed visual comprehension.
GPT-4 [33] demonstrates unprecedented multimodal under-
standing capabilities in commercial applications. Notably, In-
structBLIP [37] incorporates instruction learning paradigms
into vision-language models, enabling more precise visual
understanding and description capabilities. This instruction-
tuning capability allows accurate identification and description
of various degradation patterns, providing critical support for
our zero-shot degradation recognition system. Specifically,
we leverage InstructBLIP to generate detailed degradation
descriptions and effectively fuse this semantic information
with CLIP visual features for precise degradation pattern
modeling. Despite recent advances, leveraging LLMs for video
reconstruction presents both exciting opportunities and signif-
icant challenges. By integrating the visual understanding and
semantic expression capabilities of LLMs, video reconstruc-
tion tasks could see improvements in degradation recognition,
temporal modeling, and high-fidelity restoration.

III. METHOD
A. Our approach

1) LLM-driven Degradation Guidance: Traditional video
restoration methods rely on explicit degradation annotations,
limiting their real-world generalization. The proposed zero-
shot framework leverages Large Language Models and CLIP
representations for automatic degradation recognition and
restoration guidance. To maintain the robust pre-trained knowl-
edge and ensure efficient training, both the LLM, CLIP and U-
net from stable diffusion [26] are kept frozen during training,
with only the Degradation Extractor being optimized.

Automatic Degradation Identify via LLM: In the au-
tomatic degradation analysis module, we introduce Instruct-
BLIP [37], a Large Language Model (LLM) with powerful
visual understanding capabilities, as the degradation condi-
tion recognizer. Compared to traditional degradation analysis
methods, the LLM provides more fine-grained and semanti-
cally rich degradation feature descriptions through accurate
interpretation of complex visual degradation phenomena. Due
to the temporal consistency of degradation information in
video sequences V,;, we only feed the first frame F; with
a pre-designed prompt "What kinds of degradation
types are in this image?" into the model, ensur-
ing analysis accuracy while significantly improving com-
putational efficiency. The fully automated analysis pro-
cess generates detailed degradation type descriptions (e.g.,
"heavy rain with motion blur", "dense snow
with haze"), which demonstrate InstructBLIP’s precise
recognition of complex weather and motion degradations.
These descriptions later are fed into the CLIP’s text encoder
for subsequent processing guidance.
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Fig. 2: The overall architecture of GSDiff for video reconstruction. Our framework consists of three key components: (1) a
LLM-driven degradation recognition system using InstructBLIP and Degradation Extractor for automatic degradation analysis,
(2) a Grid Splicing module that arranges multiple frames into a unified grid structure for spatiotemporal feature processing,
and (3) a Detail Preservation Module coupled with Tail Refine Network for high-fidelity reconstruction. The degraded video
(V) is used for both training and inference, while the clean video (V) is only required during training.

CLIP-based Dual Branch Guidance: We design the Dual
Branch Guidance (DBG) of pre-trained CLIP model to extract
complementary representations from both visual and textual
domains. The image encoder E; processes the k-frame de-
graded video sequence V; and aggregates features to obtain a
global representation in the image domain:

k
B (Vi
]:I:Z I(kd)’ Vie REXWx3, 1)
t=1

where F; € R? denotes the aggregated visual features
with dimension d. For text feature extraction, we de-
sign a structured prompt template "Please remove the
[degradation] from this image or video", where
the degradation placeholder is filled with specific types identi-
fied by LLM (e.g., "heavy rain with motion blur",
"dense snow with haze™"). The text encoder Er maps
the processed prompt into feature representation Fr € R?
with matching dimension for feature fusion.

Degradation Extractor: The Degradation Extractor (DE)
module fuses visual features F; and textual features Fr
through feature concatenation, which enables the module to
capture both visual degradation patterns from video frames
and semantic-level degradation descriptions from LLM. The
degradation embedding is generated through:

Zq = MLP([F; Fr]) @)

where the degradation embedding Z; is injected into multiple
scales of U-Net to provide fine-grained degradation guidance
for video restoration.

2) Grid Splicing: The Grid Splicing method originates
from the exploration of the need for temporal consistency in
video reconstruction tasks. By arranging video frames in a grid
structure, the model can effectively capture and preserve the

temporal dependencies between frames. In traditional frame-
by-frame video reconstruction methods, the lack of temporal
coordination often leads to visual artifacts (such as flickering
between frames and inconsistent details), which affects the
overall quality of reconstruction. To address this problem,
we propose GSDiff, which uses a Grid Splicing structure
to enhance temporal consistency, making the reconstructed
video frames visually smoother and more high-fidelity. Taking
a heuristic from daily experience, imagine a comic strip
where multiple panels display sequential moments in time
in one sheet. Instead of processing each “panel” ( video
frame ) in isolation, our Grid Splicing approach arranges these
sequential frames in a structured layout, allowing the model
to recognize temporal relationships at a glance. This enhances
visual consistency while reducing computational complexity.

Given an input video sequence V = {f;}F_, containing k
frames, each frame f, € R¥*W*3 represents an RGB image.
We arrange these frames into a grid G,, ,,, with n rows and m
columns:

gn,m L REXHXWX3 R(H-n)x(W-m)x37 (3)

where k = n x m represents the total number of frames, each
grid cell g; ; € RT>W*3 corresponds to a frame f;, satisfying:
t=im+j+1, i€{0,1,...,n—1}, j5€{0,1,...,m—1}.

“)
This grid representation not only reduces the memory overhead
of a single processing but also allows the model to exploit
the spatial arrangement in the grid to extract spatiotemporal
features between frames. When implementing frame reorgani-
zation, the conversion from video to grid is defined as follows:

V = Gum = {GI|G1 = fi}F,. (5)
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Through GSDiff, the video frame is first encoded into a low-
dimensional feature representation through the VAE encoder,
and then input into the U-Net of the diffusion model according
to the grid arrangement. In the self-attention mechanism of U-
Net, the model can not only process the spatial information of
each frame but also capture the temporal information between
frames through the grid structure. In this way, the model can
identify and eliminate degradation phenomena (such as rain,
snow, fog, etc.) in the video during the reconstruction process,
making the reconstructed video frames more coherent.

3) Detail Preservation Module: The Detail Preservation
Module (DPM) preserves fine textures often lost during video
restoration. It ensures the restoration precision via analyzing
both the degraded content and the specific type of degradation.
To achieve efficient detail reconstruction, DPM integrates
three key information sources: degraded video content features
fa = GS(Ey (V) € REXHXW diffusion timestep features
z:, and degradation embedding Z;. Specifically, degraded
video features carry structural information, timestep features
provide denoising process guidance, and degradation embed-
ding ensures restoration optimization for specific degradation
types. To effectively process multi-scale detail information,
DPM employs a four-stage encoder-decoder architecture. For
feature fusion, we design a two-stage attention mechanism:

Eemp :Attn(Q:ZtaK:fdaVZfd)a (6)
F; = CrossAttn(Q = Fiemp, K = 24,V = Z3). @)

The first-stage attention leverages timestep information z,
to guide degraded feature enhancement, while the second
stage incorporates degradation type information for adap-
tive detail reconstruction. The generated multi-scale features
Z, = {F;}}_, are injected as residual information into
corresponding diffusion U-Net layers, enabling progressive
detail enhancement. Parameters are updated through zero-
initialized 1 X 1 convolutions, maintaining pretrained features
while achieving task-specific precise modulation. This design
significantly improves detail reconstruction quality through
multi-source information fusion and multi-scale residual injec-
tion, without compromising the original network performance.

4) Tail Refine Network: The Tail Refine Network (TRN)
employs a symmetric encoder-decoder architecture with four
stages E; and D; (i € {0,1,2,3}) to process n consecutive
frames. Starting with a 3 x 3 convolution to extract C-
channel features (n x H x W x ('), each stage integrates
Swin Transformer-based attention inspired by [42]. In the
encoder part, each stage (except E'3) progressively downsam-
ples features through Down 2x operations, generating multi-
scale representations J; that connect to corresponding decoder
stages through skip connections. The encoder stages form a
hierarchical feature extraction pipeline, capturing both local
and global features at different spatial resolutions.

During decoding, each stage D; (except Ds) incorporates
multiple TRN Swin Transformer Decoder Blocks, as shown in
Fig. 3. For each block, features are processed through a Conv
3%3 layer and upsampled from the previous stage through Up
2x operations as queries Q, while encoder features F; are
mapped to key-value pairs (K, V) through 1x1 convolution.

TRN Swin Transformer Decoder Block

Output
s

Fig. 3: Architecture of the Tail Refine Network (TRN)’s Swin
Transformer Decoder Block. This block features dual parallel
branches, each with MLP layers and a Layer Normalization
(LN), followed by Window Multi-head Self-Attention (W-
MSA) and Shifted Window Multi-head Self-Attention (SW-
MSA) modules for effective feature extraction.

The decoder block consists of a dual-branch architecture with
alternating window attention mechanisms - W-MSA/W-MCA
in one branch and SW-MSA/SW-MCA in the other. Each
attention module is followed by Layer Normalization (LN)
and Multi-Layer Perceptron (MLP) with residual connections
(). By stacking multiple blocks in each decoder stage, our
model progressively refines features via hierarchical attention,
effectively capturing local details and global context.

The final output is obtained by: V,. = (Dy(Vy) — Vi) +
T(Vy), where Dy (Vy) and T(Vy) denote VAE Decoder and
Tail Refine Network outputs respectively. The subtraction
operation helps remove the degraded components from VAE
Decoder output before combining with the refined details
from Tail Refine Network. This design enables the network
to focus on detail enhancement while maintaining structural
consistency through the complementary combination of VAE
reconstruction and refined features.

5) Loss Function: We design three complementary loss
terms to optimize our framework. First, we introduce a condi-
tional diffusion loss that incorporates degradation information
into the denoising process:

Lairr =Ea. e [lle —eo(GLt, 2a)|13] (8)

where G! denotes the clean grid structure with added noise at
timestep ¢, and Z; € R? represents the degradation embedding
extracted by our Dual-branch Degradation Guidance module.
To ensure high-fidelity reconstruction, we employ an L1
reconstruction loss:

Lyec = EVC,VT [H‘/c - VT”ﬂ ©))
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TABLE I: QUANTITATIVE COMPARISON WITH STATE-OF-THE-ART METHODS ON FOUR RESTORATION TASKS. THE
PROPOSED GSDIFF CONSISTENTLY OUTPERFORMS EXISTING APPROACHES ACROSS ALL TASKS, ACHIEVING SUPERIOR
PERFORMANCE IN TERMS OF BOTH PSNR (DB) AND SSIM METRICS.

Restoration Tasks
Method Type Source Derain Desnow Denoise Deblur Average
PSNRT SSIMt | PSNRT SSIMt | PSNRT SSIMt | PSNRT SSIM{ | PSNRT  SSIM{t
All-in-One [43] Image | CVPR’20 24.33 0.8217 29.13 0.8901 24.39 0.8077 23.22 0.7937 25.27 0.8283
AirNet [29] Image | CVPR’22 26.61 0.8949 31.15 0.9410 28.09 0.8233 25.76 0.8120 27.90 0.8678
TransWeather [18] Image | CVPR’22 25.22 09118 30.17 0.9325 28.87 0.8313 24.35 0.7852 27.15 0.8652
Restormer [44] Image | CVPR’22 26.79 0.9241 32.30 0.9531 30.03 0.8323 25.12 0.7805 28.56 0.8725
PromptIR [21] Image NIPS’23 26.85 0.9250 32.47 0.9568 31.01 0.8335 25.42 0.7833 28.94 0.8747
WeatherDiffusion [45] | Image | TPAMI'23 25.36 0.9123 33.10 0.9442 30.40 0.9113 25.12 0.8193 28.50 0.8968
WGWS-Net [46] Image | CVPR’23 27.64 0.9210 32.89 0.9313 31.58 0.9328 26.31 0.9065 29.61 0.9229
ViWS-Net [31] Video ICCV’23 28.52 0.9332 34.23 0.9441 32.94 0.9516 28.17 0.9194 30.97 0.9371
GSDiff (ours) Video — 30.15 0.9491 35.22 0.9518 33.71 0.9722 30.24 0.9207 32.33 0.9485
where V. and V, represent the clean and reconstructed se- A. Quantitative comparison

quence. Additionally, we introduce a contrastive loss to en-
hance degradation-specific feature learning:

Econ - Ele,de [HZdl - Zd2||% - ||Zd1 - Z;i”%] 5 (10)

where Z;1 and Z4o are embeddings of different degradation
types, and Zjl represents the embedding from a temporally
adjacent frame. The total loss combines these terms with
balanced weights:

‘Ctotal = )\dszﬁdsz + )\recﬁrec + )\conccona (11)

where we set A\gipr = 1.0, A\pee = 0.2, and Ao, = 0.01 in
our implementation.

IV. EXPERIMENTS SETTINGS

Datasets: This study utilizes four representative datasets
for video and image processing tasks. RainMotion [47],
synthesized from the NTURain framework, incorporates five
large-scale rain streak masks with natural motion trajecto-
ries, effectively simulating real-world rainfall scenarios. The
KITTI-snow dataset [48], designed for outdoor video desnow-
ing, comprises 50 video sequences with diverse snowflake
properties and Gaussian blur, enhancing the task complexity.
For denoising, the DAVIS dataset [49] follows FastDVDnet’s
preparation paradigm [50], where clean patches are randomly
sampled and noisy counterparts are generated using Additive
White Gaussian Noise (AWGN) with standard deviations of
30 and 50. The GoPro dataset [51], targeting image de-
blurring, contains 3,214 high-resolution (1,280x720) frames
split into 2,103 training and 1,111 testing samples, featuring
precise correspondence between real-world blurred scenes and
their ground truth captured via high-speed cameras. These
datasets provide rigorous evaluation benchmarks for deraining,
desnowing, denoising, and deblurring tasks.

Evaluation Metrics: For quantitative evaluation, we adopt
two standard metrics: Peak Signal-to-Noise Ratio (PSNR) and
Structural Similarity Index (SSIM). PSNR measures pixel-
level reconstruction accuracy through mean squared error in
logarithmic scale, while SSIM evaluates structural similarity
by considering luminance, contrast, and structural information.

To comprehensively evaluate the effectiveness of our pro-
posed method, we conduct extensive comparisons against
several state-of-the-art approaches. Specifically, we select the
classical all-weather image restoration methods including All-
in-One [43], AirNet [29] and TransWeather [18] as our
baselines. Furthermore, we compare with recent prominent
restoration frameworks that demonstrate superior performance
on continuous degradation tasks, namely Restormer [44] and
PromptIR [21]. To ensure a thorough comparison with current
advances, we also include latest diffusion-based approaches,
WeatherDiffusion [45] and WGWS-Net [46], which have
shown remarkable capacity in weather removal tasks. Ad-
ditionally, we include ViWS-Net [31], a recent video-based
weather removal method, in our analysis.

The quantitative results in Tab. I highlight the superior-
ity of GSDiff across all restoration tasks, with consistent
improvements over state-of-the-art methods. For deraining,
GSDiff achieves 30.15 dB in PSNR and 0.9491 in SSIM,
outperforming ViWS-Net by 1.63 dB and 0.0159, respectively.
In the desnowing task, GSDiff reaches 35.22 dB PSNR and
0.9518 SSIM, surpassing ViWS-Net by 0.99 dB and 0.0077.
Similarly, in denoising and deblurring, GSDiff attains 33.71
dB and 30.24 dB in PSNR, with SSIM scores of 0.9722
and 0.9207, consistently leading over other methods. On
average, GSDiff achieves 32.33 dB PSNR and 0.9485 SSIM,
significantly exceeding the baseline ViWS-Net (30.97 dB /
0.9371). By leveraging temporal information, our method
outperforms image-based approaches like WGWS-Net and
PromptIR, delivering more robust and superior results across
diverse weather degradation scenarios. In the comparison
results, the top-performing method is highlighted in “ pink ”,

and the second-best method is highlighted in “ blue ™.

B. Qualitative Comparison

We compare our proposed method GSDiff with the state-
of-the-art video restoration method ViWS-Net [31], the classic
image restoration method Restormer [44], and the diffusion-
based method WeatherDiffusion [45]. As shown in Fig. 4, our
method demonstrates superior restoration performance across
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Fig. 4: Qualitative comparisons against state-of-the-art methods under various degradation conditions (noise, rain, snow, and
blur). Red boxes indicate regions of interest (ROIs). Best viewed with zoom.

various image degradation scenarios, including Denoise, De-
rain, Desnow, and Deblur tasks. Specifically, compared to
existing methods, our approach better preserves the structural
details of the boardwalk in the denoising task, more accurately
recovers vehicle contours in the deraining scenario, exhibits
stronger restoration capability in nighttime desnowing scenes,
and achieves better texture detail preservation of flowers in
the deblurring task. In comparison with Ground Truth, it is
evident that our method achieves the most visually appealing
results in degradation scenarios.

C. Applications in Medical Image & Video Understanding

To further expand the application scenarios of GSDiff and
maximize its potential, we extend our video reconstruction
framework to medical video and image processing. Video
enhancement and reconstruction are vital for clinical diagnosis
and treatment planning, particularly in procedures that rely on
high-quality imaging or video data, such as endoscopy and
surgical procedure [52]. However, the considerable domain
gap between medical videos and natural scene footage presents
unique challenges when generalizing such models across ap-
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TABLE II: ABLATION STUDIES ON THE PROPOSED GSDIFF FRAMEWORK. GRID SPLICING ANALYSIS, COMPONENT
ANALYSIS AND LOSS FUNCTION STUDIES VALIDATE THE EFFECTIVENESS OF OUR FULL MODEL DESIGN. HIGHER PSNR
AND SSIM VALUES INDICATE BETTER PERFORMANCE. THE BEST VALUES ARE BOLDED.

A IMPACT OF GRID SIZE B IMPACT OF MODEL COMPONENTS Cc IMPACT OF LOSs TERMS

Grid Size Average Performance Model Strategy Average Performance Loss Function Average Performance
PSNR?T SSIM? PSNR?T SSIM?T PSNR? SSIM?t
42x2) 31.03 0.9289 DBG 25.85 0.6433 Laifs 26.45 0.7220
93 x3) 32.33 0.9485 DBG + DPM 27.67 0.7121 Laipsr + Lrec 31.12 0.9105
16 (4 x 4) 31.75 0.9422 DBG + DPM + TRN 32.33 0.9485 Laifs + Lrec + Leon 32.33 0.9485

plications. To validate our model’s generalizability, we conduct
experiments using two challenging medical datasets. First,
we select frames from the Kvasir-Capsule dataset [53] and
introduce motion blur to simulate the image degradation
encountered during endoscopic procedures. Blurring frames
are common problems in endoscopy. Factors such as sudden
movement, time constraint, organ movement, poor lighting
conditions and hand-eye coordination of the operator can
all contribute to a noisy or blurry frame, which can hinder
following evaluation and diagnosis. Therefore, deblurring is
an essential task for accurate and efficient endoscopy.

Additionally, we performed denoising experiments on the
low-dose CT dataset [54]. While low dose CT imaging is
a safer and more efficient procedure than normal CT, low
dose inevitably introduces significant noise artifacts into the
CT images, which interfere with diagnosis process and re-
duce diagnostic accuracy. Therefore, denoising has substantial
clinical significance in low-dose CT. Furthermore, we provide
qualitative comparisons with representative restoration meth-
ods, including Restormer and diffusion-based WeatherDiffu-
sion, demonstrating the superior generalization ability of our
approach on medical scenarios.

In Fig. 5, the top rows present performance on low-dose
CT images, where our approach effectively suppresses noise
artifacts while maintaining anatomical details in both high-
contrast lung regions and low-contrast liver areas (red boxes).
The bottom rows demonstrate superior deblurring results on
endoscopic video frames, where the proposed method pre-
serves intricate tissue structures and subtle textures (green
boxes) critical for clinical diagnosis, outperforming existing
state-of-the-art approaches.

D. Ablation Study
TABLE III: ABLATION STUDY ON TRANSFORMER BLOCK

DISTRIBUTION ACROSS STAGES IN TAIL REFINE
NETWORK. BEST RESULTS ARE HIGHLIGHTED IN BOLD.

Transformer Block Layout Average Performance

PSNR1 SSIMt
2,2,2,2] 30.94 0.9339
[4,4,4,4] (default) 32.33 0.9485
8,8,8,8] 32.46 0.9431

1) Grid Size: In the ablation study of Grid Size (Tab. Ila),
we investigate the impact of grid configurations on model per-
formance. The results show that when the grid configuration
expands from 4(2x2) to 9(3x3), the performance significantly
improves (PSNR increases from 31.03dB to 32.33dB, SSIM
from 0.9289 to 0.9485), mainly due to the 3x3 configuration’s

ability to capture richer temporal dependencies. However,
further increasing to 16(4x4) leads to performance degradation
(PSNR decreases to 31.75, SSIM to 0.9422), as the increased
number of frames results in excessive scene variations that
exceed the temporal modeling capacity of the U-Net archi-
tecture in Stable Diffusion. This finding demonstrates that the
3x3 configuration achieves an optimal balance between scene
variation magnitude and temporal information capture.

2) Model Components: In the ablation study of model
components (Tab. IIb), we progressively validate the contri-
bution of each module. With only LLM and Dual Branch
Guidance (DBG), the model achieves basic degradation recog-
nition capability but with limited overall performance (PSNR:
25.85dB, SSIM: 0.6433). After incorporating DPM, the perfor-
mance improves (PSNR: 27.67dB, SSIM: 0.7121). However,
due to the inherent limitations of VAE structures, detail
information is inevitably lost during the encoding process. To
address this issue, we design the TRN module. To verify the
effectiveness of TRN, we demonstrate its advantage in detail
preservation through frequency domain analysis (Fig. 6). The
spectral visualization reveals that TRN significantly enhances
the model’s ability to retain high-frequency information, which
is intuitively reflected in the reconstruction of vase decorative
patterns (red boxed region). In contrast, the model without
TRN shows notable loss in high-frequency components, lead-
ing to degraded detail reconstruction quality. The frequency
domain analysis validates that TRN effectively compensates
for the detail loss in VAE, leading to substantial performance
gains. The TRN proves effective as a detail compensation
module from both frequency and spatial perspectives.

3) Loss Function: In the ablation study of Loss Terms
(Tab. Ilc), we investigate the impact of different loss function
combinations on model performance. Using only the diffusion
loss (Lgiff), the model achieves basic reconstruction capa-
bility (PSNR of 26.45dB, SSIM of 0.7220). After incorporat-
ing the reconstruction loss (L,.), the performance improves
significantly (PSNR increases to 31.12dB, SSIM to 0.9105)
due to direct supervision of reconstruction quality. Finally,
introducing the contrastive loss (L., ) leads to optimal perfor-
mance (PSNR reaching 32.33dB, SSIM achieving 0.9485) by
enhancing the model’s ability to distinguish between different
types of degradation. These results demonstrate that each loss
term plays an essential role in the optimization process.

4) Transformer Block Number: To investigate the optimal
distribution strategy of Transformer blocks number across
stages in the Tail Refine Network, we perform ablation ex-
periments on different configurations and choose [4, 4, 4, 4] as
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Fig. 5: Qualitative comparisons on the Low Dose CT dataset for the denoising task (top) and the deblurring task (bottom) on the
Kvasir-Capsule dataset. Highlighted ROIs (red and green boxes) demonstrate that our method outperforms other state-of-the-art
methods in preserving structural details and textures. Boxes indicate regions of interest (ROIs), best viewed with zoom.

Fig. 6: Ablation study on TRN module. From left to right:
input image, target image, outputs without/with TRN, and their
corresponding frequency domain visualizations. Red boxes
highlight the improved preservation of fine details with TRN.

the default setting for three reasons: First, it ensures balanced
feature extraction across all stages, preventing any single stage
from becoming a performance bottleneck; Second, empirical
evidence indicates that four Transformer blocks are sufficient
to effectively model both local and global feature relation-
ships within each stage; Third, this configuration ensures a
symmetrical encoder-decoder structure, where the Transformer
block number in each encoder stage precisely corresponds
to that in the decoder stage, enabling precise one-to-one
feature correspondence during the encoding-decoding process
for feature reconstruction and restoration. As shown in Tab. III,
the shallow [2,2,2,2] configuration performs suboptimally
(PSNR: 30.94dB, SSIM: 0.9339) compared with the default
[4,4,4,4] setting (PSNR: 32.33dB, SSIM: 0.9485). Although
increasing to [8, 8, 8, 8] slightly raises PSNR to 32.46dB, SSIM
marginally decreases to 0.9431. Given the substantial com-
putational cost, this improvement provides limited practical
value. These experimental results suggest that our default
configuration is an optimal choice balancing both model
performance and computational efficiency.

User Study Results

mmm GSDiff (Ours)
m—ViWS-Net

= WeatherDiffusion
mss PromptiR

mmm Restormer

Average Score

N
5

2.0 Deblur

Derain Mixed(Haze+Snow)
Degradation Types

Denoise Desnow
Fig. 7: User study results comparing restoration quality across
different degradation types. Our GSDiff achieves superior
scores (1-5 scale) in all scenarios.

E. User Study

To evaluate the effectiveness of our proposed method, we
conduct a user study with 50 participants. In our experiments,
participants are asked to rate the restoration results (scale 1-
5, 5 being the best) across five typical degradation scenar-
ios: denoising, deblurring, desnowing, deraining, and mixed
degradation (haze+snow). The comprehensive user study re-
sults are presented in Fig. 7, which clearly demonstrates
our method’s superior performance. Specifically, our GSDiff
method achieves significant advantages across all degradation
types, maintaining an average score above 4.6 and outperform-
ing the second-best method (ViWS-Net) by approximately
1.8 points. Notably, even in the most challenging mixed
degradation scenario, GSDiff maintains a high score of 4.58,
which demonstrates the robustness and superior visual restora-
tion quality of our method. The experimental results indicate
that our proposed method exhibits excellent generalization
capability across various image degradation scenarios.

F. Efficiency comparison

We compare the computational complexity and the effi-
ciency of our parameter choices with other state-of-the-art
methods, including TKL [21], WeatherDiffusion [45], and
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TABLE IV: COMPARISON OF MODEL PARAMETERS AND
INFERENCE SPEED (BEST VALUES IN BOLD).

Methods TKL WeatherDiffusion ViWS-Net GSDiff
Parameters (M) 28.71 82.96 57.82 62.36
Inference time (s) 0.51 342.76 0.46 0.83

ViWS-Net [31]. Although GSDiff incorporates large pre-
trained LLM and Stable Diffusion, totaling 5.02B parameters,
these pre-trained components remain frozen during both train-
ing and inference. For a fair comparison, we only focus on
investigating the trainable parameters of each model, as they
directly reflect the actual learning capacity and training com-
plexity. As shown in Tab. IV, when considering trainable pa-
rameters, TKL demonstrates the most lightweight architecture
with 28.71M parameters, followed by ViWS-Net with 57.82M
parameters. For GSDiff, while its total parameter count is
5.02B, only the Degradation Extractor, Detail Preservation
Module, and Tail Refine Network require additional training,
resulting in 62.36M trainable parameters. In terms of inference
speed, GSDiff takes 0.83 seconds per iteration, demonstrating
competitive efficiency compared to ViWS-Net (0.46s) and
TKL (0.51s). In contrast, WeatherDiffusion requires signifi-
cantly longer inference time at 342.76 seconds. These results
highlight that, despite incorporating large pre-trained models,
GSDiff maintains unmatched efficiency through its parameter-
freezing strategy and adoption of foundation models.

Dehazing Zoom Deraining

Zoom

WeatherDiffusion

Input Ours

Fig. 8: Visual comparison of real-world weather degradation
removal. Top: rain streak removal results with magnified
regions. Bottom: defogging results with magnified regions.

G. Real-World Performance Analysis

To validate the effectiveness of our proposed method in
complex real-world scenarios, we conduct experiments on
two challenging cases: a car-mounted camera video sequence

10

captured in rainy conditions and a forest scene under heavy
fog, as shown in Fig. 8. In the rainy scene, the traditional
WeatherDiffusion method struggles with noticeable blurring
and residual artifacts when processing raindrops. In con-
trast, our method effectively removes rain interference while
preserving image details, particularly in areas like vehicle
contours and ground textures.

Tested on the foggy scenes, our algorithm significantly
improves over the WeatherDiffusion method. While removing
dense fog, our method better preserves scene depth and fine de-
tails, avoiding over-smoothing and detail loss. The zoomed-in
regions highlight its superiority in reconstructing tree outlines
and ground textures. These experimental results demonstrate
that our method’s enhanced ability to retain details and depth
information enables its deployment in real-world applications
such as autonomous driving and video surveillance.

Fig. 9: Visualization of GSDiff limitations under extreme
weather conditions. Top: Performance degradation in severe
snowstorm. Bottom: Model uncertainty in compound adverse
conditions (darkness, snow, and strong winds).

H. Limitation

Despite GSDiff’s overall effectiveness, it has limitations
when dealing with extreme weather conditions. As illustrated
in Fig. 9, our method faces challenges in scenarios with
severe degradation. For example, in Fig. 9 (top), we pinpoint
a corner case where GSDiff struggles with compound weather
conditions involving darkness, snow, and strong winds. In this
scenario, GSDiff misclassifies then incorrectly removes street
lighting as precipitation artifacts. These challenging cases
encourages further refinements in two folds. First, the inherent
gap between synthetic training data and real-world scenarios
remains a challenge for robust generalization. Second, extreme
conditions with multiple severe degradation factors require
careful attention and additional studies. These insights pro-
vide valuable directions for extending our method, such as
advanced multimodal domain adaptation strategies.

V. CONCLUSION

In this work, we introduce GSDiff, a novel framework
for video reconstruction leveraging the synergy between
LLM:s and diffusion-based generation. Beyond traditional task-
specific approaches, our framework demonstrates that inte-
grating advanced Al capabilities from zero-shot recognition
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to spatiotemporal modeling can lead to more generalized and
robust restoration systems. The superior performance across
diverse scenarios, from natural scenes to medical imaging,
validates our core hypothesis that a unified framework can
effectively handle complex real-world degradations without
compromising on detail preservation. More importantly, this
work opens up new research directions at the intersection of
foundation models and low-level vision tasks, suggesting the
potential of leveraging semantic understanding to guide low-
level feature restoration. Looking forward, we envision this
approach evolving beyond mere restoration towards intelli-
gent scene understanding and reconstruction, particularly in
mission-critical applications where both visual quality and se-
mantic accuracy are essential. Future research should focus on
bridging the gap between controlled and extreme conditions,
developing efficient architectures for real-time applications,
and exploring domain-specific adaptations while maintaining
generalizability. This work represents a step towards next-
generation video restoration systems that truly understand and
adapt to the complexities of real-world visual degradation.
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