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Abstract—Recent text-to-video models have demonstrated
strong temporal generation capabilities, yet their potential for
image restoration remains underexplored. In this work, we re-
purpose CogVideo for progressive visual restoration tasks by fine-
tuning it to generate restoration trajectories rather than natural
video motion. Specifically, we construct synthetic datasets for
super-resolution, deblurring, and low-light enhancement, where
each sample depicts a gradual transition from degraded to clean
frames. Two prompting strategies are compared: a uniform text
prompt shared across all samples, and a scene-specific prompting
scheme generated via LLaVA multi-modal LLM and refined with
ChatGPT. Our fine-tuned model learns to associate temporal
progression with restoration quality, producing sequences that
improve perceptual metrics such as PSNR, SSIM, and LPIPS
across frames. Extensive experiments show that CogVideo effec-
tively restores spatial detail and illumination consistency while
maintaining temporal coherence. Moreover, the model generalizes
to real-world scenarios on the ReLoBlur dataset without addi-
tional training, demonstrating strong zero-shot robustness and
interpretability through temporal restoration.

Index Terms—Image Restoration, Text-to-Video Generation,
Temporal Enhancement, CogVideo

I. INTRODUCTION

Recent advances in text-to-video diffusion models [1], [2],
[3], [4], [5], [6], [7] have enabled the generation of visually
coherent and temporally consistent video content directly
from textual prompts. Among these models, CogVideo [8]
has demonstrated remarkable capability in synthesizing high-
quality videos that capture realistic motion dynamics and
scene details. While such models have primarily been used for
creative video generation, their potential for visual restoration
and enhancement tasks remains largely unexplored.

In this work, we propose a novel paradigm that leverages
CogVideo as a generative bridge for visual enhancement tasks,
including image super-resolution, deblurring, and low-light
enhancement. Instead of treating these tasks as independent
image-to-image translation problems, we view them through
the lens of video progression learning: that is, generating
a sequence of temporally ordered frames that evolve from
degraded inputs (e.g., low-resolution, dark, or blurred) toward
their enhanced versions. By fine-tuning CogVideo on spe-
cialized datasets that encode these degradations as temporal
transitions, the model learns to capture the intrinsic relation-
ships between visual degradation and recovery in a dynamic,
context-aware manner.

Our key insight is that temporal consistency and motion
priors learned by CogVideo can be exploited to improve
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spatial detail recovery and stability in single-frame restoration
tasks. Traditional restoration methods [9], [10], [11], [12],
[13], including CNN- and transformer-based architectures,
often focus on spatial fidelity without modeling progressive
transitions. In contrast, our approach harnesses the temporal
diffusion process of CogVideo to implicitly model the gradual
transformation from degraded to clean states, yielding results
that are both perceptually smooth and detail-preserving.

To evaluate this idea, we construct and fine-tune CogVideo
on three newly formalized datasets:

• Resolution Progression Dataset – videos simulating tran-
sitions from low to high resolution;

• Illumination Progression Dataset – videos progressing
from dark to well-lit conditions;

• Blur-to-Sharp Dataset – videos depicting gradual recov-
ery from motion or defocus blur.

Comprehensive experiments show that our fine-tuned
CogVideo not only produces visually appealing videos but also
serves as a powerful generator for restoration tasks when sam-
pled frame-by-frame. Furthermore, to assess the generalization
of our approach, we apply the fine-tuned CogVideo model
to the ReLoBlur dataset [14], a challenging real-world video
deblurring benchmark. Despite not being explicitly trained
on real-world motion blur, our model demonstrates superior
visual restoration and temporal stability, producing realistic
and coherent enhancement sequences.

In summary, the main contributions of this work are three-
fold:

• We propose a novel framework that repurposes CogVideo
for image enhancement tasks by modeling restoration as
a video progression process.

• We construct and release three benchmark datasets repre-
senting progressive visual degradation-to-restoration tran-
sitions.

• We demonstrate that fine-tuned CogVideo achieves com-
petitive performance in super-resolution, deblurring, and
low-light enhancement, offering a new perspective on
leveraging text-to-video diffusion models for image
restoration.

II. METHODOLOGY

Building upon the motivation introduced earlier, our goal is
to repurpose CogVideo, a large-scale text-to-video diffusion
model, for image restoration and enhancement tasks. Rather
than designing a new network architecture from scratch, we
exploit the generative prior and temporal reasoning capa-
bilities already embedded in CogVideo. By fine-tuning it
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on carefully constructed progression datasets, we guide the
model to interpret “visual enhancement” as a gradual temporal
transformation.

Our method proceeds in three stages. First, we formalize the
restoration problem as a temporal video generation task, where
a degraded image progressively evolves into its clean coun-
terpart. Second, we construct specialized datasets for super-
resolution, deblurring, and low-light correction, providing both
uniform and scene-adaptive text conditions for comparison.
Finally, we fine-tune CogVideo using a framework that con-
ditions the diffusion process on textual descriptions of the
restoration. The overall pipeline is designed to be modular and
data-driven, allowing CogVideo to generalize across multiple
degradation types.

A. Problem Definition

Given a degraded image Id (e.g., low-resolution, blurred, or
low-light) and its corresponding clean target Ic, conventional
restoration methods aim to learn a direct mapping

fθ : Id → Ic, (1)

where fθ is typically a CNN- or Transformer-based model
optimized for pixel-level fidelity or perceptual similarity.

In this work, we reinterpret image restoration as a temporal
video generation problem. Instead of predicting a single
restored frame, we model the progressive enhancement process
as a temporally ordered sequence

V = {I1, I2, . . . , IT }, (2)

where I1 = Id is the degraded input, IT = Ic is the restored
target, and the intermediate frames {It}T−1

t=2 represent gradual
transitions from degraded to enhanced states.

Let Gφ denote the CogVideo generator parameterized by
φ. During inference, the model takes as input both a textual
prompt p that semantically describes the desired restoration
process and the initial degraded frame Id. The generation
process can thus be formulated as

V = Gφ(p, Id), (3)

where V is a short video depicting a smooth enhancement
trajectory from Id to IT . The final frame IT is extracted as the
restored image, while preceding frames visualize interpretable
intermediate restoration stages.

This formulation offers two key advantages. First, by lever-
aging the temporal diffusion dynamics of CogVideo, the model
captures the gradual, continuous nature of visual enhancement.
Second, the text prompt p provides an additional conditioning
signal that aligns the generation process. Through this joint
conditioning, the model learns to couple textual guidance
with spatiotemporal visual transformations, enabling a unified
framework for super-resolution, deblurring, and low-light en-
hancement.

B. Dataset Construction

To enable CogVideo to learn visual restoration as a pro-
gressive video generation task, we construct three domain-
specific datasets derived from the DIV2K high-resolution
image corpus [15]. Each dataset contains short video clips,
each composed of T = 9 frames showing a smooth transition
from a degraded state to a clean target. For every image in the
DIV2K dataset, we generate two distinct videos using random
degradation parameters to increase diversity. All generated
videos are stored at 1360× 768 resolution and 5 fps.

1) Resolution Progression Dataset. We simulate low-to-
high resolution transitions by progressively upscaling bicubic-
downsampled images. Each video is generated by resizing the
image with scale factors {s1, s2, . . . , s9} linearly increasing
from a random minimum s1 ∈ [0.05, 0.25] to s9 = 1.0.
JPEG compression artifacts are added at lower resolutions
to mimic real-world degradation. The corresponding Python
implementation (simplified) is:

It = Resize
(
Resize(IHR, st), 1/st

)
, t = 1, . . . , 9. (4)

2) Blur-to-Sharp Dataset. To emulate motion blur recovery,
we apply directional motion kernels with gradually decreasing
blur intensity. For each image, a random blur angle α ∈
[0, 360) and a maximum kernel length kmax ∈ [40, 200] are
sampled. Each frame It is obtained by applying a kernel of
size kt = kmax ·(1− (t− 1)/8). The last frame (t = 9) is left
unblurred.

It = MotionBlur(IHR, kt, α), t = 1, . . . , 9. (5)

3) Low-Light Progression Dataset. For low-light enhance-
ment, we generate realistic darkening effects using exposure
roll-off, white-balance drift, Gaussian noise, and mild blur.
Each video depicts a gradual illumination increase from dark
to bright:

It = L(IHR, st, nt), (6)

where L(·) represents the low-light transformation parameter-
ized by strength st = 1 − (t − 1)/8 and noise level nt ∈
[0.02, 0.08]. This formulation produces visually convincing
nighttime conditions with sensor noise and color casts.

Data Organization. Each dataset directory contains the gen-
erated videos, along with two text files: videos.txt listing
relative paths to all clips, and prompt.txt containing the
corresponding textual prompts. For every image, two videos
are generated with random degradation strengths, resulting in
twice the number of samples as the source dataset.

Uniform vs. Scene-Adaptive Prompts. We prepare two
prompt versions for fine-tuning:

• Uniform Text Version: All videos within the same task
share a fixed prompt, e.g., “The image becomes sharper
and higher in resolution. Nothing moves. Static image.”
for the resolution dataset.

• Scene-Adaptive Text Version: Each video uses a distinct
prompt generated automatically by LLaVA [16] and re-
fined with ChatGPT [17], [18], [19], [20], incorporating
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The scene gradually becomes clearer while the camera remains still, 
revealing is a softly rendered, abstract photo of a cityscape, featuring a large 
building with many windows. The building appears to be a mix of yellow and 
white colors, giving it a unique and artistic appearance. The photo is taken 
from a distance, capturing the entire building in a single frame. The softly 
rendered nature of the image adds a sense of depth and movement to the 
scene, making it visually engaging and interesting.

The continuous progression from low quality to high quality

Multi-Modal LLM 
+ ChatGPT

Video

Prompt

Fig. 1. Illustration of the CogVideo fine-tuning process for image restoration. The model receives a video showing progressive visual enhancement (e.g., from
low-resolution to super-resolution) and a corresponding textual prompt describing the scene and restoration dynamics. Using LoRA fine-tuning, CogVideo
learns to align temporal visual improvements with text semantics, enabling it to generate restoration sequences conditioned on both the input frame and the
prompt.

Fig. 2. Frame-wise restoration performance across three enhancement tasks: (a) super-resolution, (b) deblurring, and (c) low-light enhancement. For each
task, PSNR and SSIM generally increase while LPIPS decreases as frames progress, confirming that the model learns temporal enhancement dynamics.
The various-prompt version consistently provides slightly higher perceptual quality and smoother progression, highlighting the benefit of scene-aware textual
conditioning.

semantic details from the scene while maintaining the
same restoration theme (e.g., “A night street gradually
brightens under lamplight.” or “A blurred portrait be-
comes focused.”).

C. Fine-Tuning and Inference

We fine-tune the pretrained CogVideo model to learn
progressive restoration from degraded to clean images. The
overall pipeline is illustrated in Fig. 1. Given a textual
prompt p describing the enhancement process and an initial
degraded image Id, the model generates a video sequence
V = {I1, I2, . . . , IT } that depicts a smooth visual transition
toward restoration. The last frame IT serves as the final
restored output.

We employ lightweight LoRA fine-tuning to adapt
CogVideo efficiently while keeping most parameters frozen.

Inference. At inference time, CogVideo takes a degraded input
image Id and a prompt p (either uniform or scene-adaptive)
and generates a video V = Gφ(p, Id). The resulting frames
{It} visualize the restoration trajectory, and the last frame IT

is used as the enhanced output image. This process enables
unified inference for super-resolution, deblurring, and low-
light enhancement within a single generative framework.

III. EXPERIMENTS

We conduct a series of experiments to evaluate the ef-
fectiveness of our fine-tuned CogVideo framework on three
synthetic datasets (super-resolution, deblurring, and low-light
enhancement) and one real-world dataset for motion blur
restoration. We report both quantitative metrics and qualitative
visual comparisons. All experiments are performed on one
NVIDIA H100 GPU using the LoRA fine-tuned CogVideoX-
5B-I2V model.

A. Quantitative Analysis

To comprehensively evaluate the restoration dynamics
across different degradation types, we summarize the frame-
wise quantitative trends of the fine-tuned CogVideo on
the super-resolution, deblurring, and low-light enhancement
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TABLE I
FRAME-WISE LPIPS VALUES ON THE RELOBLUR TEST SET. LOWER LPIPS INDICATES BETTER PERFORMANCE.

Frame 1 2 3 4 5 6 7 8 9

LPIPS 0.335 0.330 0.323 0.319 0.316 0.318 0.316 0.317 0.317

(a) Super-Resolution Progression

(b) Deblurring Progression

(c) Low-Light Enhancement Progression

Fig. 3. Qualitative restoration results across three enhancement tasks using the various-prompt fine-tuned CogVideo. Each row visualizes frames 1, 3, 5, 7,
and 9 to illustrate the temporal restoration trajectory. The model demonstrates smooth progression, gradually recovering fine details, edges, and illumination
while preserving global structure and perceptual consistency.

datasets. Figure 2 visualizes PSNR, SSIM, and LPIPS progres-
sion curves for both the uniform- and scene-adaptive various-
prompt configurations across all three tasks.

Across all tasks, the fine-tuned CogVideo exhibits a clear
temporal enhancement trend: initial frames correspond to
heavily degraded conditions, while later frames progressively
restore spatial details and perceptual fidelity. In the super-
resolution setting, performance improves rapidly during early
frames and then stabilizes, indicating fast convergence toward
the clean state. For deblurring, the progression is smoother and
more gradual, suggesting that temporal modeling helps capture
the evolution of motion sharpness. In low-light enhancement,
the improvement is monotonic across all frames, reflecting the
model’s ability to simulate illumination recovery over time.

Comparing prompt strategies, the various-prompt version
consistently achieves higher PSNR and SSIM and lower LPIPS
across all three datasets, demonstrating better generalization
and semantic-text alignment. This confirms that integrating
diverse, scene-specific prompts during fine-tuning encourages
the model to more effectively couple textual context with vi-
sual enhancement, leading to both quantitative and perceptual
gains.

B. Qualitative Results

To further demonstrate the restoration capability and tem-
poral coherence of the proposed framework, we visualize

frame-wise qualitative results from the various-prompt fine-
tuned CogVideo model across all three enhancement tasks.
Figure 3 shows the generated progression sequences for super-
resolution, deblurring, and low-light enhancement, respec-
tively. Each row represents a single task, and frames 1, 3,
5, 7, and 9 illustrate the restoration trajectory over time.

Across all tasks, the qualitative results confirm that the fine-
tuned CogVideo successfully learns a temporally consistent
enhancement process. For super-resolution, edges and textures
become increasingly sharper across frames. For deblurring,
motion-induced artifacts are gradually removed while main-
taining realistic contours. In the low-light case, brightness
and contrast improve steadily with minimal color distortion.
Overall, the visual results illustrate that the model not only
restores perceptual quality but also encodes the restoration
process itself as a smooth temporal evolution, aligning well
with our quantitative observations in Section 3.1.

C. Evaluation on the Real-World Dataset

To evaluate the generalization capability of our fine-tuned
CogVideo model beyond synthetic training conditions, we
conduct a zero-shot test on the ReLoBlur dataset, a real-world
benchmark that captures natural motion blur across diverse
lighting and motion scenarios. No additional fine-tuning or
adaptation is performed for this experiment.

As shown in Table I, the LPIPS metric decreases during
the early frames and stabilizes after frame 5, indicating that
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(Frame 1) (Frame 3) (Frame 5) (Frame 7) (Frame 9)

Fig. 4. Qualitative example from the ReLoBlur dataset focusing on a moving football scene. The fine-tuned CogVideo progressively restores the sharp
structure and texture of the football while reducing surrounding motion streaks and background smear. From frame 1 to frame 9, the football becomes
increasingly clear and well-defined, demonstrating the model’s ability to recover localized high-frequency motion details and maintain temporal consistency
without over-sharpening artifacts.

the model progressively enhances perceptual similarity before
convergence. Despite being trained solely on synthetic video
progressions, CogVideo generalizes well to real-world motion
blur, capturing the temporal evolution from heavily blurred to
sharp regions.

Overall, the quantitative and qualitative results on ReLoBlur
demonstrate that the proposed fine-tuning strategy enables
CogVideo to learn a robust restoration prior that transfers ef-
fectively from synthetic to real-world degradations. The ability
to model restoration as a temporal generation process appears
to promote generalization across diverse motion patterns and
lighting conditions.

IV. CONCLUSION

We presented a novel approach to image restoration using
CogVideo fine-tuned for progressive enhancement. By fram-
ing restoration as a temporal generation process, the model
learns to transform degraded inputs into gradually improved
sequences, covering super-resolution, deblurring, and low-light
enhancement. Our results show consistent improvement in per-
ceptual metrics and clear restoration trajectories, with strong
generalization to real-world motion blur in the ReLoBlur
dataset. This study highlights the potential of text-conditioned
video generation as an interpretable and extensible paradigm
for unified visual restoration tasks.
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