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Basic of Quantization

❖ Quantization

➢ 실수를 정수로 맵핑 (e.g. FP32 → Int8)

➢ 추론 시, weight와 activation 값에 quantization 적용

➢ 효과: 모델 사이즈 감소와 추론 속도 개선

FP32: Float 32-bit

INT8: Int 8-bit

−𝟑. 𝟒𝒆𝟑𝟖 𝟑. 𝟒𝒆𝟑𝟖

−𝟏𝟐𝟕 𝟏𝟐𝟕

19501.56256127−19501.56256127

−65 65

규칙에 따른 맵핑
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Basic of Quantization

❖ Quantization

➢ 실수를 정수로 맵핑 (e.g. FP32 → Int8)

➢ 추론 시, weight와 activation 값에 quantization 적용

➢ 효과: 모델 사이즈 감소와 추론 속도 개선

https://newsletter.maartengrootendorst.com/p/a-visual-guide-to-quantization
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Basic of Quantization

❖ Quantization Function

➢ 어떻게 실수를 정수로 변환할까?
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Basic of Quantization

❖ Quantization Function

➢ 어떻게 실수를 정수로 변환할까?

변환하고자 하는 실수
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Basic of Quantization

❖ Quantization Function

➢ 어떻게 실수를 정수로 변환할까?

결정해야 하는 파라미터
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Basic of Quantization

❖ Quantization Function

➢ 어떻게 실수를 정수로 변환할까?

FP32: Float 32-bit

−𝟑. 𝟒𝒆𝟑𝟖 𝟑. 𝟒𝒆𝟑𝟖

−𝟏𝟐𝟕 𝟏𝟐𝟕
𝟎

결정해야 하는 파라미터

INT8: Int 8-bit
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Basic of Quantization

❖ Quantization Function

➢ 어떻게 실수를 정수로 변환할까?

−𝟑. 𝟒𝒆𝟑𝟖 𝟑. 𝟒𝒆𝟑𝟖

−𝟏𝟐𝟕 𝟏𝟐𝟕
𝟎

Scaling Factor

범위 간 비율

FP32: Float 32-bit

INT8: Int 8-bit
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Basic of Quantization
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Basic of Quantization

❖ Quantization Function

➢ 어떻게 실수를 정수로 변환할까?

−𝟑. 𝟒𝒆𝟑𝟖 𝟑. 𝟒𝒆𝟑𝟖

−𝟏𝟐𝟕 𝟏𝟐𝟕
𝟎

Activation이나weight 값이바뀌면,결과값도달라질텐데괜찮은걸까?

FP32: Float 32-bit

INT8: Int 8-bit



25

Basic of Quantization

❖ Quantization Function

➢ 어떻게 실수를 정수로 변환할까?

실제 지구를
종이 스케일로 맵핑

Activation이나weight 값이바뀌면,결과값도달라질텐데괜찮은걸까?
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Basic of Quantization

❖ Quantization Function

➢ 어떻게 실수를 정수로 변환할까?

Quantize

FP32
Model

INT8
Model

Activation이나weight 값이바뀌면,결과값도달라질텐데괜찮은걸까?
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Basic of Quantization

❖ Quantization Function

➢ 어떻게 실수를 정수로 변환할까?

Quantize

FP32
Model

INT8
Model

Activation이나weight 값이바뀌면,결과값도달라질텐데괜찮은걸까?

[0.21, 0.09, 0.71] [5, 2, 17]
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Basic of Quantization

❖ Quantization Function

➢ 어떻게 실수를 정수로 변환할까?

Quantize

FP32
Model

INT8
Model

Activation이나weight 값이바뀌면,결과값도달라질텐데괜찮은걸까?

[0.21, 0.09, 0.71] [5, 2, 17]

Dequantize

[0.2, 0.1, 0.7]
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Basic of Quantization

❖ Quantization Function

➢ 어떻게 실수를 정수로 변환할까?

Quantize

FP32
Model

INT8
Model

Activation이나weight 값이바뀌면,결과값도달라질텐데괜찮은걸까?

[0.21, 0.09, 0.71] [5, 2, 17]

Dequantize

[0.2, 0.1, 0.7]
Quantization Error
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Basic of Quantization

❖ Quantization Error

➢ Error를 줄이려면 어떻게 해야 할까?

FP32

INT8

FP32
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INT8
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Basic of Quantization

❖ Quantization Error

➢ Error를 줄이려면 어떻게 해야 할까? →𝒔를줄여야한다.

FP32

INT8

FP32

Quantization Error
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Basic of Quantization

❖ Quantization Error

➢ Error를 줄이려면 어떻게 해야 할까? →𝒔를줄여야한다.

−𝟑. 𝟒𝒆𝟑𝟖 𝟑. 𝟒𝒆𝟑𝟖

−𝟏𝟐𝟕 𝟏𝟐𝟕
𝟎
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필요한 실수의 범위
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Basic of Quantization

❖ Quantization Error

➢ Error를 줄이려면 어떻게 해야 할까? →𝒔를줄여야한다.

➢ 필요한실수의범위를정확히파악해야한다.

Weights

Activations

Quantized Weights

Quantized
Activations

FP32 Model INT8 Model
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Basic of Quantization

❖ Quantization Error

➢ Error를 줄이려면 어떻게 해야 할까? →𝒔를줄여야한다.

➢ 필요한수의범위를정확히파악해야한다.

Weights

Activations

Quantized Weights

Quantized
Activations

FP32 Model INT8 Model

추론시,입력값에따라값이달라짐
Range Calibration 필요
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Range Calibration

❖ Post Training Quantization (PTQ)

➢ Quantization after training

• DynamicQuantization

• StaticQuantization

𝑋1

𝑋2

Dynamic Quantization:

추론중, 범위동적설정
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Range Calibration

❖ Post Training Quantization (PTQ)
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𝑋1
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Dynamic Quantization:
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Range Calibration

❖ Post Training Quantization (PTQ)

➢ Quantization after training

• DynamicQuantization

• StaticQuantization

Static Quantization:

추론전, 시뮬레이션통해범위결정후고정

FP32
Model

Calibration
Dataset
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Range Calibration

❖ Quantization Aware Training (QAT)

➢ 추론 전, Fake quantization 도입 및 학습 수행

① PTQ와 달리 적합한 𝜶,𝜷를 weight과 함께 직접 학습

② 모델이 quantization error에 적응

Jacob, B., Kligys, S., Chen, B., Zhu, M., Tang, M., Howard, A., ... & Kalenichenko, D. (2018). Quantization and training of neural networks for efficient integer -arithmetic-only inference. 
In Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 2704-2713).

FP32 INT8 FP32

Fake

Quant

Fake

Dequant

Quantization Error
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Range Calibration

❖ Quantization Aware Training (QAT)

➢ 추론 전, Fake quantization 도입 및 학습 수행

① PTQ와 달리 적합한 𝜶,𝜷를 weight과 함께 직접 학습

② 모델이 quantization error에 적응

Jacob, B., Kligys, S., Chen, B., Zhu, M., Tang, M., Howard, A., ... & Kalenichenko, D. (2018). Quantization and training of neural networks for efficient integer -arithmetic-only inference. 
In Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 2704-2713).

FP32 INT8 FP32

Fake

Quant

Fake

Dequant

Backpropagation함께 학습
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Range Calibration

❖ Quantization Aware Training (QAT)

➢ 추론 전, Fake quantization 도입 및 미세조정 수행

① PTQ와 달리 적합한 𝜶,𝜷를 weight과 함께 직접 학습

② 모델이 quantization error에 적응

Jacob, B., Kligys, S., Chen, B., Zhu, M., Tang, M., Howard, A., ... & Kalenichenko, D. (2018). Quantization and training of neural networks for efficient integer -arithmetic-only inference. 
In Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 2704-2713).

−𝟏 𝟎 𝟏 𝟐 Weight

L
o

ss
Initial Point
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Range Calibration

❖ Quantization Aware Training (QAT)

➢ 추론 전, Fake quantization 도입 및 미세조정 수행

① PTQ와 달리 적합한 𝜶,𝜷를 weight과 함께 직접 학습

② 모델이 quantization error에 적응

Jacob, B., Kligys, S., Chen, B., Zhu, M., Tang, M., Howard, A., ... & Kalenichenko, D. (2018). Quantization and training of neural networks for efficient integer -arithmetic-only inference. 
In Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 2704-2713).

−𝟏 𝟎 𝟏 𝟐 Weight

L
o

ss
Initial Point

After QAT
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Range Calibration

Post Training Quantization (PTQ)

학습 완료

Quantization Aware Training (QAT)

추론 시작

Static Quantization Dynamic Quantization
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Activation Outliers

−𝟑. 𝟒𝒆𝟑𝟖 𝟑. 𝟒𝒆𝟑𝟖

−𝟏𝟐𝟕 𝟏𝟐𝟕
𝟎

FP32: Float 32-bit

INT8: Int 8-bit
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Activation Outliers

−𝟑. 𝟒𝒆𝟑𝟖 𝟑. 𝟒𝒆𝟑𝟖

−𝟏𝟐𝟕 𝟏𝟐𝟕
𝟎

FP32: Float 32-bit

INT8: Int 8-bit

Outlier값 quantize error 대폭증가
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Activation Outliers

−𝟑. 𝟒𝒆𝟑𝟖 𝟑. 𝟒𝒆𝟑𝟖

−𝟏𝟐𝟕 𝟏𝟐𝟕
𝟎

FP32: Float 32-bit

INT8: Int 8-bit

Outlier값 quantize error 대폭증가

Outlier값이중요한건아닐까?
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Activation Outliers

Outlier값이중요한건아닐까?

Xiao, G., Lin, J., Seznec, M., Wu, H., Demouth, J., & Han, S. (2023, July). Smoothquant: Accurate and efficient post-training quantization for large language models. 
In International conference on machine learning (pp. 38087-38099). PMLR.
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Activation Outliers

❖ SmoothQuant (PMLR’23)

➢ PTQ (Static) 계열

➢ 가정: Activation의 변동성이 weight 대비 크다 → Activation Quantization 난이도 ↑

➢ 핵심 아이디어: Activation 변동성 일부를 weight로 이전

Xiao, G., Lin, J., Seznec, M., Wu, H., Demouth, J., & Han, S. (2023, July). Smoothquant: Accurate and efficient post-training quantization for large language models. 
In International conference on machine learning (pp. 38087-38099). PMLR.

채널별로, activation 변동성을weigh로얼마나넘겨줄지결정
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Activation Outliers

❖ SmoothQuant (PMLR’23)

➢ PTQ (Static) 계열

➢ 가정: Activation의 변동성이 weight 대비 크다 → Activation Quantization 난이도 ↑

➢ 핵심 아이디어: Activation 변동성 일부를 weight로 이전

Xiao, G., Lin, J., Seznec, M., Wu, H., Demouth, J., & Han, S. (2023, July). Smoothquant: Accurate and efficient post-training quantization for large language models. 
In International conference on machine learning (pp. 38087-38099). PMLR.

변동성이전전후동일
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Activation Outliers

❖ SmoothQuant (PMLR’23)

➢ PTQ (Static) 계열

➢ 가정: Activation의 변동성이 weight 대비 크다 → Activation Quantization 난이도 ↑

➢ 핵심 아이디어: Activation 변동성 일부를 weight로 이전

Xiao, G., Lin, J., Seznec, M., Wu, H., Demouth, J., & Han, S. (2023, July). Smoothquant: Accurate and efficient post-training quantization for large language models. 
In International conference on machine learning (pp. 38087-38099). PMLR.
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Activation Outliers

❖ SpinQuant (ICLR’25)

➢ PTQ (Static) 계열

➢ 가정: Activation의 outlier는 특정 채널에 분포

➢ 핵심 아이디어: 회전 행렬을 통해 quantization 친화적 분포로 변형

Liu, Z., Zhao, C., Fedorov, I., Soran, B., Choudhary, D., Krishnamoorthi, R., ... & Blankevoort, T. SpinQuant: LLM Quantization with Learned Rotations. 
In The Thirteenth International Conference on Learning Representations.

LLaMa-2 7B Activation Distribution
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Activation Outliers

❖ SpinQuant (ICLR’25)

➢ PTQ (Static) 계열

➢ 가정: Activation의 outlier는 특정 채널에 분포

➢ 핵심 아이디어: 회전 행렬을 통해 quantization 친화적 분포로 변형

Liu, Z., Zhao, C., Fedorov, I., Soran, B., Choudhary, D., Krishnamoorthi, R., ... & Blankevoort, T. SpinQuant: LLM Quantization with Learned Rotations. 
In The Thirteenth International Conference on Learning Representations.
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Activation Outliers

❖ SpinQuant (ICLR’25)

➢ PTQ (Static) 계열

➢ 가정: Activation의 outlier는 특정 채널에 분포

➢ 핵심 아이디어: 회전 행렬을 통해 quantization 친화적 분포로 변형

Liu, Z., Zhao, C., Fedorov, I., Soran, B., Choudhary, D., Krishnamoorthi, R., ... & Blankevoort, T. SpinQuant: LLM Quantization with Learned Rotations. 
In The Thirteenth International Conference on Learning Representations.
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Activation Outliers

❖ SpinQuant (ICLR’25)

➢ PTQ (Static) 계열

➢ 가정: Activation의 outlier는 특정 채널에 분포

➢ 핵심 아이디어: 회전 행렬을 통해 quantization 친화적 분포로 변형

Liu, Z., Zhao, C., Fedorov, I., Soran, B., Choudhary, D., Krishnamoorthi, R., ... & Blankevoort, T. SpinQuant: LLM Quantization with Learned Rotations. 
In The Thirteenth International Conference on Learning Representations.
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변동성이전전후동일
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Activation Outliers

❖ SpinQuant (ICLR’25)

➢ PTQ (Static) 계열

➢ 가정: Activation의 outlier는 특정 채널에 분포

➢ 핵심 아이디어: 회전 행렬을 통해 quantization 친화적 분포로 변형

Liu, Z., Zhao, C., Fedorov, I., Soran, B., Choudhary, D., Krishnamoorthi, R., ... & Blankevoort, T. SpinQuant: LLM Quantization with Learned Rotations. 
In The Thirteenth International Conference on Learning Representations.
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변동성이전전후동일

PTQ calibration 시학습
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Summary

Basic of
Quantization

Range 
Calibration

Activation
Outliers

Quantization 핵심은 𝜶,𝜷 결정 PTQ / QAT SmoothQuant / SpinQuant



고맙습니다
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