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Multi-Task Image Restoration

Key Idea: Perform restoration across multiple tasks and datasets with a single model.

• Better generalization for different degradation types.

• Efficient deployment of real-world applications.
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Image dehazing

JPEG artifact deduction

Low-light image enhancement

Image denoising
Image raindrop removal

Image deraining

Image shadow removal

Image desnowing

Face inpainting
Image deblurring

Examples of Multi-Task Image Restoration

A Single Restoration Model for 
All Degradations



Solutions and Challenges

Common solutions: 

• Train individual modules for degradation classification

o AirNet[1] trains an extra encoder to differentiate degradation types using contrastive learning.

o PromptIR[2] employs a visual prompt module to guide the restoration for different tasks.

o *They are limited to a small number of degradation types and the specific datasets!

Challenges:

• Inaccurate prediction due to unbalanced datasets of different tasks.

• No proper way to utilize the degradation for image restoration.

[1] Li, Boyun, et al. "All-in-one image restoration for unknown corruption". CVPR 2022.
[2] Potlapalli, Vaishnav, et al. "Promptir: Prompting for all-in-one blind image restoration". NeurIPS 2023.
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Solutions and Challenges

How?
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Degradation-aware CLIP (DA-CLIP)

• Controlling a pretrained vision-language 
model, i.e. CLIP[3], for:

1. Degradation embedding prediction.

2. Content embedding prediction.

[3] Radford, Alec, et al. "Learning transferable visual models from natural language supervision." ICML 2021.

seagull sitting 
on a post

Text 
Encoder

copy 

snowy

Image 
Encoder

Image 
Controller

control

gradient flow

gradient 
flow

LQ Image

𝑒!"

Pretrained
CLIP Contrastive Learning

𝑒#"

𝑒!$ 𝑒#$

caption

degradation type



Degradation-aware CLIP (DA-CLIP)

[3] Radford, Alec, et al. "Learning transferable visual models from natural language supervision." ICML 2021.
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Example: Controller for ViT-based image encoder

• Controlling a pretrained vision-language 
model, i.e. CLIP[3], for:

1. Degradation embedding prediction.

2. Content embedding prediction.



Degradation-aware CLIP (DA-CLIP)

[3] Radford, Alec, et al. "Learning transferable visual models from natural language supervision." ICML 2021.

• Controlling a pretrained vision-language 
model, i.e. CLIP[3], for:

1. Degradation embedding prediction.

2. Content embedding prediction.

CLIP vs. DA-CLIP on 10 Degradation Types



Image Restoration with DA-CLIP

• Integrating content embeddings into U-Net 
with cross-attention.

• Integrating degradation embeddings into U-
Net with visual prompt.
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Image Restoration with DA-CLIP

Degradation
embedding

dense layer ×𝟐

softmax

Prompt

dense layer

Prompt
embedding

Prompt for degradation embeddings

• Integrating content embeddings into U-Net 
with cross-attention

• Integrating degradation embeddings into U-
Net with visual prompt



Dataset Construction
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Experiments



Degradation-Specific Image Restoration

a) Deraining

b) Low-light 
enhancement

c) Deblurring 

d) Dehazing 



Degradation-Specific Image Restoration

Comparison of our method with other approaches on different degradation-specific tasks.

HQ Image Rainy Image MPRNet OursIR-SDE

HQ Image Low-light Image URetinexNet OursIR-SDE

a) Deraining b) Low-light enhancement c) Dehazing d) Deblurring



Degradation-Specific Image Restoration

Comparison of our method with other approaches on different degradation-specific tasks.

HQ Image Rainy Image DehazeFormer OursIR-SDE

HQ Image Low-light Image DeblurGAN-v2 OursIR-SDE

a) Deraining b) Low-light enhancement c) Dehazing d) Deblurring 



Unified Image Restoration



Unified Image Restoration

Comparison of our method with other approaches on the unified image restoration. 
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Unified Image Restoration
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Comparison of our method with other approaches on the unified image restoration. 



Discussion & Analysis



Summary

• We present DA-CLIP to leverage pretrained vision-language models for image restoration. 

• We use cross-attention and visual prompt to integrate embeddings into restoration networks.

• We construct a mixed degradation dataset with synthetic captions for DA-CLIP training.

• Our approach achieves highly competitive performance on diverse image restoration tasks.
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