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• Quantization

▪ 일반적으로 performance와 model size는비례하는경향이있음

− Model size ↑ → inference time ↑, computational cost ↑

−메모리용량이제한적인 edge device 환경에서한계가존재함

▪ Full-precision → Low-precision

− Weight, activation을 lower precision으로낮춘후연산을수행하는가속화기법

− Quantization process : ҧ𝑥 = 𝑄 𝑥 = 𝑐𝑙𝑎𝑚𝑝 ቔ ቓ
𝑥

𝑠
+ 𝑧, 0,2𝑏𝑖𝑡 − 1 , 𝑠 =

max 𝑥 −min(𝑥)

2𝑏𝑖𝑡−1
, 𝑧 = ቔ ቓ−

min 𝑥

𝑠

− Dequantization process : ො𝑥 = 𝑠 ∙ ҧ𝑥

− Fully-Connected layer에서의연산 : 𝑓 = 𝑊𝑋 + 𝐵

− Quantized FC layer에서의연산 : መ𝑓 = ෡𝑊 ෠𝑋 + 𝐵 = 𝑠𝑊
ഥ𝑊 𝑠𝑋

ത𝑋 + 𝐵 = 𝑠𝑊𝑠𝑋
ഥ𝑊 ത𝑋 + 𝐵

1) LEARNED STEP SIZE QUANTIZATION [ICLR 2020]
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< Fig 1. Quantization의가속화원리 >
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• Quantization

▪ Quantization-Aware Training (QAT)

− Quantization 적용후 pre-trained model의 train dataset으로 retraining/fine-tuning하는방식

− Retraining/fine-tuning 과정에서많은시간이필요하지만 PTQ에비해좋은성능

▪ Post-Training Quantization (PTQ)

−소량의데이터(calibration dataset)만으로 pre-trained model에서의 quantization parameter 설정

− Calibration 적용하여 lower-bit에mapping, 이후 inference 수행 → inference time ↓

−소량의데이터만을사용하기때문에적은시간만이필요하지만 QAT에비해낮은성능

Background

< Fig 2. Comparison between QAT and PTQ >
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• Linear quantizer

▪ Ex) 𝑄 𝑥 = ҧ𝑥 = 𝑐𝑙𝑎𝑚𝑝 ቔ ቓ
𝑥

𝑠
+ 𝑧, 0, 2𝑏𝑖𝑡 − 1 , 𝐷𝑄 ҧ𝑥 = ො𝑥 = ҧ𝑥 ∙ 𝑠

− Uniform distribution과같이 𝑥의분포가고루퍼져있는경우에적합

− CNN-based model에서주로사용됨

• Non-linear quantizer

▪ Ex) 𝑄 𝑥 = ҧ𝑥 = 𝑐𝑙𝑎𝑚𝑝 ቔ ቓ− log2
𝑥

𝑠
, 0,2𝑏𝑖𝑡 − 1 , 𝐷𝑄 ҧ𝑥 = 2− ҧ𝑥 ∙ 𝑠

− Power-law distribution과같이 𝑥가작은값에쏠려있는경우에적합

− Self-attention의특성을효율적으로반영할수있어 transformer-based model에서주로사용됨

Background

< Fig 3. Histogram of the post-Softmax activations >
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2DQuant: Low-bit Post-Training Quantization for Image Super-Resolution 

[NeurIPS 2024]



7

• Problem statements

▪ 1. SR models이컴퓨터비전분야의다양한 task에적용되고있어경량화가필요함

▪ 2. 기존에는 CNN-based SR model에최적화되어있는 quantization 방법론만이존재함

▪ 3. Transformer-based SR model에적합한형태의 quantization 방법론이필요함

− CNN과 transformer에서자주등장하는 activation distribution의차이고려

• Key contributions

▪ 1. 최초로 Transformer-based SR model의 weight, activation을관찰, 이에적합한방법론제안

▪ 2. Distribution-Oriented Bound Initialization (DOBI)

− Weight, activation의분포에적합한 clipping range를결정하는최적화방법론제안

▪ 3. Distillation Quantization Calibration (DQC)

− Quantization으로인해하락한성능을 FP model knowledge를 quantized model에전이하는방식제안

1) Liu, K., Qin, H., Guo, Y., Yuan, X., Kong, L., Chen, G., & Zhang, Y. (2024). 2DQuant: Low-bit post-training quantization for image super-resolution. Advances in Neural Information Processing Systems, 37, 71068-71084.

2DQuant1)
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• Objective

▪ 본논문의목표설정

− Transformer-based SR model에적합한 quantization 방법론찾기

• Target model

▪ SwinIR2)

− SwinIR은 transformer-based SR model로, feature extraction 과정에서 SwinT layer를활용

−본논문은 SwinIR을 target model로설정, SwinT layer에서의 weight, activation을분석

1) Liu, K., Qin, H., Guo, Y., Yuan, X., Kong, L., Chen, G., & Zhang, Y. (2024). 2DQuant: Low-bit post-training quantization for image super-resolution. Advances in Neural Information Processing Systems, 37, 71068-71084.

2) Liang, J., Cao, J., Sun, G., Zhang, K., Van Gool, L., & Timofte, R. (2021). Swinir: Image restoration using swin transformer. In Proceedings of the IEEE/CVF international conference on computer vision (pp. 1833-1844).

2DQuant1)

< Fig 1. SwinIR architecture >
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• Observations

▪ Visualization of SwinIR weights & activations

1) Liu, K., Qin, H., Guo, Y., Yuan, X., Kong, L., Chen, G., & Zhang, Y. (2024). 2DQuant: Low-bit post-training quantization for image super-resolution. Advances in Neural Information Processing Systems, 37, 71068-71084.

2DQuant1)

< Fig 2. Visualization of weights > < Fig 3. Visualization of activations >
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• Observations

▪ Weight

−주로평균이 0인 symmetric gaussian distribution 관찰

▪ Activation

− FC1의 input, V의 output에서평균이 0인 symmetric gaussian distribution 관찰

− FC2의 input, attention map에서최솟값이정해져있는 asymmetric power-law distribution 관찰

▪ Quantization scheme

− Weight, activation distribution에 맞는 quantization scheme을적용하여성능하락을최소화
→ Distribution-Oriented Bound Initialization (DOBI) 제안

1) Liu, K., Qin, H., Guo, Y., Yuan, X., Kong, L., Chen, G., & Zhang, Y. (2024). 2DQuant: Low-bit post-training quantization for image super-resolution. Advances in Neural Information Processing Systems, 37, 71068-71084.

2DQuant1)

< Fig 5. Weight, activation distribution >

< Fig 4. SwinT layer >
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• Method

▪ Preliminaries

− Quantization process

𝑣𝑐 = 𝐶𝑙𝑖𝑝 𝑣, 𝑙, 𝑢 ,  𝑣𝑟 = 𝑅𝑜𝑢𝑛𝑑
2𝑁 − 1

𝑢 − 𝑙
𝑣𝑐 − 𝑙 ,  𝑣𝑞 =

𝑢 − 𝑙

2𝑁 − 1
𝑣𝑟 + 𝑙

−만약 input 𝑣에 outlier가존재한다면 quantization bin의간격이과하게넓어질수있음

−이로인해어떠한값도할당되지않는불필요한 quantization bin이설정될수있음

− Lower-bound와 upper-bound에해당하는 𝑙, 𝑢를적절히설정후 clipping 하여 outlier issue 해결가능

1) Liu, K., Qin, H., Guo, Y., Yuan, X., Kong, L., Chen, G., & Zhang, Y. (2024). 2DQuant: Low-bit post-training quantization for image super-resolution. Advances in Neural Information Processing Systems, 37, 71068-71084.

2DQuant1)

No Need! < Fig 6. Weight distribution 예시 >
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• Method

▪ Distribution-Oriented Bound Initialization (DOBI)

− 𝑙, 𝑢를적절히설정하는것은결국최적화문제

− 𝑙, 𝑢의후보군을 search space로설정, MSE loss를최소화하는 (𝑙𝑖 , 𝑢𝑖)를 layer 단위로연산

1) Liu, K., Qin, H., Guo, Y., Yuan, X., Kong, L., Chen, G., & Zhang, Y. (2024). 2DQuant: Low-bit post-training quantization for image super-resolution. Advances in Neural Information Processing Systems, 37, 71068-71084.

2DQuant1)

< Fig 7. Distribution-Oriented Bound Initialization (DOBI) >

𝑙𝑖 , 𝑢𝑖 𝑖=1
𝑁 = 𝑎𝑟𝑔𝑚𝑖𝑛(𝑙𝑖,𝑢𝑖) ෍

𝑖=1

𝑁

𝑣𝑖 − 𝑣𝑞𝑖
2



13

• Method

▪ Distribution-Oriented Bound Initialization (DOBI)

1) Liu, K., Qin, H., Guo, Y., Yuan, X., Kong, L., Chen, G., & Zhang, Y. (2024). 2DQuant: Low-bit post-training quantization for image super-resolution. Advances in Neural Information Processing Systems, 37, 71068-71084.

2DQuant1)

1

2

1. ∆𝑙, ∆𝑢 계산
- symmetric gaussian distribution인경우 (𝑙𝑖 , 𝑢𝑖)를모두최적화
- asymmetric power-law distribution인경우 𝑙𝑖는고정, 𝑢𝑖만최적화

2. MSE loss를최소로하는 𝑙𝑖 , 𝑢𝑖 결정
- Search point 𝐾만큼반복하는동안의최적의 𝑙𝑖 , 𝑢𝑖  를탐색

Optimization problem :  𝑙𝑖 , 𝑢𝑖 𝑖=1
𝑁 = 𝑎𝑟𝑔𝑚𝑖𝑛(𝑙𝑖,𝑢𝑖) σ𝑖=1

𝑁 𝑣𝑖 − 𝑣𝑞𝑖
2
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• Method

▪ Distillation Quantization Calibration (DQC)

− Quantized model의가장이상적인 weight와 activation은결국 FP model의 weight와 activation

− FP model knowledge를 quantized model에전이하는 knowledge distillation 적용가능

− Distillation loss for model output and feature map 𝑙𝑒𝑎𝑟𝑛𝑎𝑏𝑙𝑒 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟 = 𝑙𝑖 , 𝑢𝑖

1) Liu, K., Qin, H., Guo, Y., Yuan, X., Kong, L., Chen, G., & Zhang, Y. (2024). 2DQuant: Low-bit post-training quantization for image super-resolution. Advances in Neural Information Processing Systems, 37, 71068-71084.

2DQuant1)

𝐿𝑂 =
1

𝐶𝑂𝐻𝑂𝑊𝑂
𝑂 − 𝑂𝑞

1
 , 𝐿𝐹 = ෍

𝑖

𝑁
1

𝐶𝑖𝐻𝑖𝑊𝑖

𝐹𝑖

𝐹𝑖 2

−
𝐹𝑞𝑖

𝐹𝑞𝑖
2

2

𝐿 = 𝐿𝑂 + 𝜆𝐿𝐹

< Fig 8. Distillation Quantization Calibration (DQC) >



15

• Experiments

▪ Quantitative results

1) Liu, K., Qin, H., Guo, Y., Yuan, X., Kong, L., Chen, G., & Zhang, Y. (2024). 2DQuant: Low-bit post-training quantization for image super-resolution. Advances in Neural Information Processing Systems, 37, 71068-71084.

2DQuant1)

< Fig 9. SR performance – scale × 2, 3 >

< Fig 10. SR performance – scale × 4 >

< Fig 11. Complexity and performance – scale × 4 >
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• Experiments

▪ Qualitative results

1) Liu, K., Qin, H., Guo, Y., Yuan, X., Kong, L., Chen, G., & Zhang, Y. (2024). 2DQuant: Low-bit post-training quantization for image super-resolution. Advances in Neural Information Processing Systems, 37, 71068-71084.

2DQuant1)

< Fig 12. Visualization comparison for scale × 4 >
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• Experiments

▪ Two bounds after DOBI & DQC

▪ Ablations

1) Liu, K., Qin, H., Guo, Y., Yuan, X., Kong, L., Chen, G., & Zhang, Y. (2024). 2DQuant: Low-bit post-training quantization for image super-resolution. Advances in Neural Information Processing Systems, 37, 71068-71084.

2DQuant1)

< Fig 13. The bound percentile of DOBI and DQC >

< Fig 14. Ablation studies – learning rate, batch size, DOBI & DQC >
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1) Fu, M., Yu, H., Shao, J., Zhou, J., Zhu, K., & Wu, J. (2025). Quantization without tears. In Proceedings of the Computer Vision and Pattern Recognition Conference (pp. 4462-4472).

Quantization without Tears [CVPR 2025]
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• Problem statements

▪ 1. The speed-accuracy dilemma

− PTQ는빠르지만성능이낮고, QAT는느리지만성능이좋음

▪ 2. Complexity

− PTQ와 QAT 모두수학적이며, hyperparameter에의존적인경우가많음

▪ 3. Missing generality

−특정 model에최적화되어있는형태의방법론들이많음

• Key contributions

▪ 1. Quantized model과 FP model의 architecture가같아야만한다는고정관념에서벗어나는
새로운패러다임제안

▪ 2. QwT (Quantization without Tears) module 제안 

− Quantized model의매 block 마다 1개의 linear layer를연결

− Quantization error를최소화하는형태로 linear layer의 weight를초기화하여성능보상

− FP model knowledge를 QwT module에전이하는 distillation 방법론제안

1) Fu, M., Yu, H., Shao, J., Zhou, J., Zhu, K., & Wu, J. (2025). Quantization without tears. In Proceedings of the Computer Vision and Pattern Recognition Conference (pp. 4462-4472).

QwT1)
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• Idea

▪ Quantized model과 FP model의 architecture가완전히동일할필요가없음

▪ Quantized block 𝑙𝑧마다 QwT module 𝑐𝑙을 residual 방식으로연결하여성능보완

− 𝑦𝑄𝑤𝑇 = 𝑙𝑧 𝑥𝑧 + 𝑐𝑙 𝑥𝑧 , (𝑥𝑧: 𝑞𝑢𝑎𝑛𝑡𝑖𝑧𝑒𝑑 𝑖𝑛𝑝𝑢𝑡)

• Objective

▪ Quantization의주요목표

− Quantized block output와 FP block output의차이를줄이는것

▪ 본논문의주요목표

− QwT module은 Quantized block output과 FP block output 사이의 MSE loss를최소화해야함

−결국 MSE loss를최소화하는최적화문제

1) Fu, M., Yu, H., Shao, J., Zhou, J., Zhu, K., & Wu, J. (2025). Quantization without tears. In Proceedings of the Computer Vision and Pattern Recognition Conference (pp. 4462-4472).

QwT1)

< Fig 1. QwT in one block >
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• Method

▪ Weight initialization for QwT module

− QwT module의 weight는MSE loss를최소화하도록초기화되어야함

− 𝑾′ = 𝑾 𝒃 , 𝑿𝑧
′ = 𝑿𝑧

𝟏
, 𝑾 ∈ ℝ𝑑𝑜𝑢𝑡×𝑑𝑖𝑛 , 𝒃 ∈ ℝ𝑑𝑜𝑢𝑡×1, 𝑿𝑧 ∈ ℝ𝑑𝑖𝑛×𝑁, 𝟏 ∈ ℝ1×𝑁, 𝒀𝑧 ∈ ℝ𝑑𝑖𝑛×𝑁

𝑾∗ = 𝑎𝑟𝑔𝑚𝑖𝑛𝑾′ 𝒀𝑄𝑤𝑇 − 𝒀𝐹𝑃
2

− 𝑓 𝑾′ = 𝒀𝑄𝑤𝑇 − 𝒀𝐹𝑃
2

= 𝒀𝑧 + 𝑾′𝑿𝑧
′ − 𝒀𝐹𝑃

2
⇒  ∇𝑓 𝑾′ = 2 𝒀𝑧 + 𝑾′𝑿𝑧

′ − 𝒀𝐹𝑃 𝑿𝑧
′ 𝑇

= 0

−위수식에따라 MSE loss의 gradient를 0으로만드는 𝑾∗를 QwT module의 weight로초기화

▪ 1 epoch Fine-tuning for QwT module

− QwT module의 weight가초기화되어있는상태에서 1 epoch fine-tuning으로성능보상

− Distillation loss for classification and class token

1) Fu, M., Yu, H., Shao, J., Zhou, J., Zhu, K., & Wu, J. (2025). Quantization without tears. In Proceedings of the Computer Vision and Pattern Recognition Conference (pp. 4462-4472).

QwT1)

⇒ 𝑾∗ = 𝒀𝐹𝑃 − 𝒀𝑧 𝑿𝑧
′ 𝑇

𝑿𝑧
′ 𝑿𝑧

′ 𝑇 −1

𝐿𝑐𝑙𝑠 = − ෍

𝑖

𝑁

𝑡𝑖 log 𝑝𝑖 , 𝐿𝑑𝑖𝑠 = 𝑇𝐹𝑃 − 𝑇𝑧 2

𝐿 = 𝐿𝑐𝑙𝑠 + 𝐿𝑑𝑖𝑠
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• Experiments

▪ Quantitative results

1) Fu, M., Yu, H., Shao, J., Zhou, J., Zhu, K., & Wu, J. (2025). Quantization without tears. In Proceedings of the Computer Vision and Pattern Recognition Conference (pp. 4462-4472).

QwT1)

< Fig 2. Classification – ViT variants >

< Fig 3. Zero-shot classification – CLIP > < Fig 4. Diffusion (ImageNet 256 x 256) – DiT-XL/2 >
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• Experiments

▪ Qualitative results (image generation)

1) Fu, M., Yu, H., Shao, J., Zhou, J., Zhu, K., & Wu, J. (2025). Quantization without tears. In Proceedings of the Computer Vision and Pattern Recognition Conference (pp. 4462-4472).

QwT1)

< Fig 5. Visualization (ImageNet 256 x 256) – DiT-XL/2 >
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• 2DQuant1)

▪ Key contributions

− 1. Transformer-based SR model에적합한 quantization 방법론을최초로제안

− 2. Weight, activation distribution에적합한 lower-bound와 upper-bound를최적화하는방법론제안

▪ Limitations

− 1. Optimal lower-bound, upper-bound searching에서오랜시간을필요로함

− 2. 관찰에의존한방법론, 다른형태의 distribution에서는적합하지않을수있음

− 3. Transformer-based SR model에 quantization을적용했을뿐, SR task에특화된형태의방법론이아님

▪ Future works

− 1. Lower-bound, upper-bound searching 과정에더욱효율적인 searching algorithm 적용가능

− 2. SR task에서중요한정보들을보상하기위한 distillation 방법론설계

1) Liu, K., Qin, H., Guo, Y., Yuan, X., Kong, L., Chen, G., & Zhang, Y. (2024). 2DQuant: Low-bit post-training quantization for image super-resolution. Advances in Neural Information Processing Systems, 37, 71068-71084. 

2) Fu, M., Yu, H., Shao, J., Zhou, J., Zhu, K., & Wu, J. (2025). Quantization without tears. In Proceedings of the Computer Vision and Pattern Recognition Conference (pp. 4462-4472).

Conclusion
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• QwT2)

▪ Key contributions

− 1. Quantized model과 FP model의 architecture가같을필요가없다는새로운패러다임

− 2. 오직 1개 linear layer의 weight 초기화, 1 epoch fine-tuning으로기존 PTQ, QAT 방법의성능을능가

▪ Limitations

− 1. QwT module로인해 model parameter의개수가증가함

− 2. Real quantization 상황이라면 quantized model은 INT로저장되는반면 QwT module은 FP로저장됨

҉ Mixed precision issue, 하드웨어와의호환성이낮을우려가존재함

▪ Future works

− 1. QwT module의 weight를 quantized model에병합시켜 parameter 개수를유지하도록설계

− 2. QwT module의 weight를 FP가아닌 INT로저장, 이로인해발생한 quantization error를재보상

1) Liu, K., Qin, H., Guo, Y., Yuan, X., Kong, L., Chen, G., & Zhang, Y. (2024). 2DQuant: Low-bit post-training quantization for image super-resolution. Advances in Neural Information Processing Systems, 37, 71068-71084. 

2) Fu, M., Yu, H., Shao, J., Zhou, J., Zhu, K., & Wu, J. (2025). Quantization without tears. In Proceedings of the Computer Vision and Pattern Recognition Conference (pp. 4462-4472).

Conclusion
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