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• Background

• InstructIR: High-Quality Image Restoration Following Human Instructions 

[ECCV 2024]

• Complexity Experts are Task-Discriminitive Learners for Any Image Restoration 

[CVPR 2025]
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• What is Image Restoration?

▪ Process that aims to recover clean or original version of an image

−Remove blur, noise, weather

−Upscale image, fill in missing pixels

• Why All-in-One models?

▪ Previous methods focus either on specific degradations or have general framework but 

train models task-specific

−Task-specific training is resource intensive

−All-in-One restoration models proposed

҉ Consider multiple degradations at once

Background
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• InstructIR: High-Quality Image Restoration Following Human Instructions 

[ECCV 2024]
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Introduction

• All-in-one model that uses human language to restore images

• Text guidance can help guide blind restoration models better than image-based 

degradation classification

▪ Thought is based on great potential shown by diffusion models using text prompts

▪ Users usually have an idea on what is wrong in an image 

−Can use this information to guide the model

< Example model usage >
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• Degradation prompts dataset 

▪ Human written instruction offer clear and expressive way to interact 

−Enables to clearly pinpoint degradations

−Easier than inputting clean images and increases usability

▪ Generated over 10.000 different prompts in total

−Based on example prompts for each of the seven tasks

−Have different levels of difficulty

҉ Mimics different users like kids or experts

−Filtered out ambiguous or unclear prompts

҉ “Improve this image”, “Make the image clearer)

Method

< Example degradation prompts >
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• Instruction-based filtering

▪ Prompts are sampled randomly during training depending on input degradation

▪ Text encoder maps prompt to fixed-size vector representation

−Uses pure text-based BGE-micro-v2 sentence transformer

҉ Used for speed and compactness, in comparison to CLIP

҉ User prompts also contain little visual information, making CLIP unfitting

−Fine-tune text encoder to adapt it for the restoration task

Method

< Text prompt generation and usage >
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• Text encoder fine-tuning

▪ Training full text encoder would lead to overfitting on training set 

▪ Instead freeze text encoder and train projection head 

−Untrained decoder is able to cluster the instructions to some extent

−Clusters are clearly improved after training for most image enhancements

҉ Enhancement and super-res clustered together due to similar prompting for them

▪ Add classification head to improve training further

−  Classifies image degradation correctly to over 95%

Method

< t-SNE visualization of learned text embeddings >
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• Network architecture

▪ Key aspect of InstructIR is integration of encoded instruction as mechanism of control 

for image model

−Propose “Instruction Condition Block” (ICB) to enable task-specific transformations within 

model

−Conventional task routing applies task-specific binary masks to channel features

҉ Cannot use this technique as model does not know degradation a-priori

−Mask allows model to select most relevant channels depending image information and 

instruction

−Features with high weights contribute most to restoration, also enforces learning diverse

filters

 

Method

< ICB Block >
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• Network architecture

▪ Model consists of image restoration model and adds text encoder

−Use NAFNet as image restoration model

҉ Follows U-Net architecture

−NAFNet usually only learns one task at a time

҉ InstructIR uses routing technique to learn multiple tasks at once

−Model uses NAFBlock followed by ICBs to condition features

−Text encoder used is BGE-micro-v2 sentence transformer

 

Method

< NAFNet Structure > < ICB Block >



11

• Quantitative results

▪ All-in-one on 3 degradations

Experiment

< Comparison of all-in-one models for 3 restoration tasks (3D) >
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• Quantitative results

▪ All-in-one on 5 degradations

Experiment

< Comparison of general image restoration and all-in-one models for 5 restoration tasks (5D) >
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• Qualitative results

Experiment

< Qualitative results for the dehazing task >

< Qualitative results for the low-light enhancement task >
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• Qualitative results

Experiment

< Qualitative results for the deblurring task >

< Qualitative results for the denoising task >
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• Qualitative results

Experiment

< Example of how the user interacts with InstructIR >
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• Ablation

Experiment

< Impact of prompt quality >

< Impact of out-of-distribution instructions >
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• Contributions

▪ First approach that utilizes real human-written instructions to solve multi-task image 

restoration

▪ Achieves all-in-one model which covers more tasks than previous works

▪ Achieved SOTA performance on image denoising, deraining, deblurring, dehazing and 

low-light

• Limitations

▪ Model struggles with images containing more than one degradation

−Limits complex real-world images

−Currently, all all-in-one models have this problem

−Could be surpassed with more realistic training data

▪ Cannot handle degradations that are out-of-distribution

−Similar problem for all other related methods

▪ Model trained on all 7 tasks at once has lower performance than 5 task model

Summary
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• Complexity Experts are Task-Discriminative Learners for Any Image Restoration 

[CVPR 2025]



19

• Most all-in-one models use additional prompts (visual, language-based)

▪ Often suffer from inefficiencies as parameters remain unused

• Suggest use of mixture-of-experts (MoE) for task-specific processing

▪ Routing mechanism usually based on language or degradation priors

▪ Leads to imbalanced optimization

−Some experts generalize well, and others struggle with intended tasks limiting benefits

• Currently two big limitations for MoE models

▪ Architecture of models are uniform

−Fails to account for varying complexity requirements across different restoration tasks

҉ E.g. motion blur demands localized processing with strong spatial awareness

҉ Haze removal on the other hand requires broader contextual understanding 

▪ Second is challenge of appropriately routing tasks to experts being complicated

−Due to unknown complexity of each degradation type a-priori

Introduction
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• Introduce Mixture-of-complexity-experts framework 

▪ Key innovation is designing expert blocks with increasing computational complexity 

and receptive fields

−Allows model to adaptively match processing capacity with task requirements

−Consists of n (n = 4) complexity experts E and a single shared expert S

҉ Interaction made through two-level gating mechanism

҉ Enables capturing of both degradation-specific features and inter-degradation 

relationships

Method
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• Introduce Mixture-of-complexity-experts framework 

▪ Efficiency is important with increasing expert numbers and capacity

−Nested expert structure with progressively reducing channel dimensionality r to control 

computational overhead

−Simultaneously increase receptive field (window partition size w) within each expert to 

balance localized and global processing

−Employs FFT-based approximation for efficient matrix multiplication

−Shared expert employed by transposed self-attention module in channel dimension

Method
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• Introduce Mixture-of-complexity-experts framework 

▪ Introduce complexity-aware allocation mechanism that preferentially directs tasks to 

lower-complexity experts 

−Addresses existing efficient routing challenge

−Ensures effective task-specific allocation, directing inputs to experts with appropriate 

complexity levels

− Implemented in each decoder block

҉ Associate input features with corresponding specialized complexity experts E

Method
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• Introduce Mixture-of-complexity-experts framework 

▪ Problem in image enhancement is scale-invariant tokenization of input images to ensure 

consistency across varying resolutions

▪ Use image-level routing strategy where experts are selected for entire input image

−Routing function allocates input samples based on required computation needed to 

corresponding complexity expert

−Done by selecting top-k (k = 1) elements of softmax distribution

−Use auxiliary loss to enhance matching of task to ideal expert 

Method
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• Network architecture

▪ U-shaped architecture with asymmetric encoder-decoder design 

▪ 3x3 convolution first extracts shallow features from degraded input

−Then passed through 4 levels of encoding and decoding stages

▪ Use transformer blocks with added MoCE layers in decoder

▪ Additionally improve decoder’s feature enrichment

−Use high-frequency guidance via Sobel-filtered global feature vector

Method
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• Compare model on multiple settings

▪ All-in-one on 3 degradations

−Trained on dehazing, deraining and denoising degradations

−Employ two models

҉ MoCE-IR-S, a small model with 11M parameters

҉ MoCE-IR, a heavier model with 25M parameters

▪ All-in-one on 5 degradation

−Trained on dehazing, deraining, denoising, deblurring and low-light degradations

−Employ two models

҉ MoCE-IR-S, a small model with 11M parameters

҉ MoCE-IR, a heavier model with 25M parameters

▪ Composited degradations

−Model trained on a mix of multiple degradations at once

҉ Up to three degradations at once (Low-light, haze, rain or snow)

Experiments
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• Quantitative Results

▪ All-in-one on 3 degradations

Experiments

< Comparison of all-in-one models for 3 restoration tasks >
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• Quantitative Results

▪ All-in-one on 5 degradations

▪ All-in-one on multiple degradations at once

Experiments
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• Qualitative Results

Experiments

< Visualization of dehazing and denoising task >
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• Qualitative Results

Experiments

< Comparison of InstructIR and MoCE-IR on different image restoration tasks>
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• Ablation

Experiments

< Quality and computational efficiency >

< Memory utilization >
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• Ablation

Experiments

< Expert scaling / Routing analysis >

< Expert generalization ability >
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• Contributions

▪ Selectively activates complexity experts based on input requirements

−Unifies task-specific and holistic learning in single architecture

▪ Develops complexity-aware routing mechanism 

−Balances restoration quality with computational efficiency by adaptive expert allocation

▪ SOTA all-in-one image restoration model with improved efficiency

• Limitations

▪ Current image-level routing imposes scalability constraints

▪ Potential mismatch in synthetic-to-real adaptation

▪ Speed and efficiency could be enhanced by using mixed-precision across experts

Summary
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Thank you!
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