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Introduction 
How can we do Image Quality Assessment (IQA)?

• Full Reference IQA (FR-IQA) • No Reference IQA (NR-IQA)

LQ Output GT

Output GT Output

Restoration / 
Enhancement



FR-IQA metrics - PSNR 

• Pros
• Simple, Computationally inexpensive 

• Cons
• Doesn't Reflect Human Perception



FR-IQA metrics : SSIM (Structural Similarity Index Measure)

• l : luminance, c : contrast, s : structure

• Pros 
• Better Perceptual Correlation than PSNR

• Cons 
• Still Not a Perfect Perceptual Model



FR-IQA metrics : LPIPS 

• The Unreasonable Effectiveness of Deep Features as a Perceptual Metric (2018 CVPR)
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FR-IQA metrics : DISTS 

• Image Quality Assessment: Unifying Structure and Texture Similarity (2020 TPAMI)



NR-IQA metrics : NIQE (2013)(without deep learning model)



Dataset for NR-IQA metrics
• Image database TID2013: Peculiarities, results and perspectives 
• ….
• KonIQ-10k: An ecologically valid database for deep learning of blind image quality assessment (2020 TPAMI)
• PIPAL: a Large-Scale Image Quality Assessment Dataset for Perceptual Image Restoration (2020 ECCV)

• Dataset Collection Process
• Source: Data gathered from diverse sources.
• Rating Method: Subjective image quality ratings obtained via a crowdsourcing platform.
• Evaluation Criteria: Assessed based on factors including noise, JPEG artifacts, aliasing, lens blur, 

motion blur, over-sharpening, incorrect exposure, color fringing, and over-saturation.
• Rating Scale: Utilized a 5-point Absolute Category Rating (ACR) scale: 1: Bad, 2: Poor, 3: Fair, 4: 

Good, 5: Excellent
• Final Metric: Mean Opinion Score (MOS) calculated from individual ratings.



NR-IQA metrics : MUSIQ / MANIQA
• Musiq: Multi-scale image quality transformer (2021 ICCV)
• Maniqa: Multi-dimension attention network for no-reference image quality assessment (2022 CVPR)

• MUSIQ • MANIQA



NR-IQA metrics : CLIP-IQA (2023 AAAI)



Why it is hard to get good psnr and perceptual quality at the same time?  

• Perception-distortion tradeoff (2018 CVPR)



Why it is hard to get good psnr and perceptual quality at the same time?  

• Perception-distortion tradeoff (2018 CVPR)

• Image Denoising utilizing a GAN

 



Rethinking Image Evaluation

• Propose New IQA metric 

• How to use IQA predictors for super-resolution training

2025 CVPR

2025 CVPR



Toward Generalized Image Quality Assessment:
Relaxing the Perfect Reference Quality Assumption (2025 CVPR)



Motivation

• FR-IQA assumes that the reference image is of perfect quality, but it is not 



Construction of DiffIQA dataset

• Dataset details
• Generated by diffusion based super resolution (PASD), ~30K images (512x512), 6 test images per one original image

•  Subject Testing details 
• Show two images (reference, test) in random spatial order
• Choose one from three options : left image is of worse / similar / better
• 240 subjects, each subject assigned 2240, Each image pair was rated by a minimum of three annotator 
• 232, 285 (43.20%) labeled as worse, 85, 671 (15.94%) as similar, and 219, 668 (40.86%) as better compared to the 

reference



Construction of DiffIQA dataset



Proposed FR-IQA Model: A-FINE

•  

• Evaluate the perceptual quality of y relative to x 

 



Proposed FR-IQA Model: A-FINE

• Using same CLIP-VIT backbone for fidelity 
and naturalness

• Additional MLP for naturalness

• For fidelity, DISTS like  approach : 



Proposed FR-IQA Model: A-FINE

• Assume that the perceptual quality of a test image follows a 
Gaussian distribution

• Ground-truth ranking label 

 

• Loss function



Experiments



Experiment – SRIQA bench

• Using 2 regression based SR methods (SwinIR, RRDB),  8  generation based SR methods 
(Real-ESRGAN, BSR-GAN, HGGT, SUPIR, SeeSR, StableSR, SinSR, OSEDiff )

• Similar pipeline with DiffIQA



Experiment – SRIQA bench



Experiment – SRIQA bench



Experiment – Ablation



Augmenting Perceptual Super-Resolution via Image Quality Predictors
(2025 CVPR)

• Two ways to improve perceptual quality : 
• 1. providing supervision through multiple enhanced ground-truth, 2. Direct optimization for the quality 

• NR-IQA metrics can replace human raters 



Analysis of NR-IQA metrics

• Dataset : SBS180K,   
• Phase1 : 404 pairs form trainset, Compare 42 NR-IQA metrics
• Phase2 : Compare top 7 NR-IQA metrics from Phase1

• Phase1

• Phase2



How to use NR-IQA metric for training super-resolution?
Background : HGGT (2023 CVPR)



Change Sampling method

• HGGT models are trained using uniformly sampled GT from positive samples.

• Reweighted Sampling

• Softmax-All (SMA) 
• Using IQA weight, apply softmax to all GT samples

• Softmax-Positives (SMP)
• Using IQA weight, apply softmax to all positive GT samples

• Argmax-online(AMO)
• Using IQA, choose the best one

 



 Direct Optimization using NR-IQA model

• Problem : 



 Experiments

• Gold Standard : average of best metric value per quintuplet of test GT.

• Rand : randomly chose GT

• Upos : Uniform sample from positive samples

• FTHP  : High perceptual loss (High LPIPS loss)

• FTIQ : Using  GAN Loss for finetuning



 Limitation

● NR-IQA does not consider artifact



Conclusion

● Need for a comprehensive metric

● Balancing fidelity and perceptual quality effectively.

● Evaluating generative artifacts

● Investigate metrics from text-to-image generation for potential insights.

● Metric-driven model improvement

● Well-designed metrics could enable model enhancement via backpropagation.

● Aim for co-development where better metrics lead to better models, and vice-versa.



Thank you!


