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Basic of Quantization

< Quantization
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% Quantization Function
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Basic of Quantization

% Quantization Function
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> Error= Z0|2{3 o= s{0F ek — s& E0{0f SiC}.

fo(z,8,2) = Clip(round(g) + 2)

z=s(q—z)

Quantization Error

Data Mining

... Quadlity Analytics 34



Basic of Quantization

% Quantization Error

> Error= Z0|2{3 || s|0F ek — s& E0{0f SiC}.

| T b«
folx,8,2) = Clzp(round(g) + 2) S =y
. a .
° 7 / 7 / °
—3.4¢e38 3.4¢e38

@ @

—127 0 127

Data Mining 35

.‘. Quadlity Analytics



Basic of Quantization

% Quantization Error

> Error= Z0|2{3 || s|0F ek — s& E0{0f SiC}.

| T b«
folx,8,2) = Clzp(round(g) + 2) S =y
. a .
° 7 / 7 / °
—3.4¢e38 3.4¢e38

@ @

—127 0 127

Data Mining 36

.‘. Quadlity Analytics



Basic of Quantization

% Quantization Error

> Error= Z0|2{3 || s|0F ek — s& E0{0f SiC}.

| T b«
folx,8,2) = Clzp(round(g) + 2) S =y
. a .
° 7 / 7 / °
—3.4¢e38 3.4¢e38

@ @

—127 0 127

Data Mining 37

.‘. Quadlity Analytics



Basic of Quantization

% Quantization Error

> Error= Z0|2{3 || s|0F ek — s& E0{0f SiC}.

| T b«
folx,8,2) = Clzp(round(g) + 2) S =y
. x b /
° 7 / 7 / °
—3.4¢e38 3.4¢e38

@ @

—127 0 127

Data Mining 38

.‘. Quadlity Analytics



Basic of Quantization

Activations

% Quantization Error
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Activations
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Range Calibration

< Post Training Quantization (PTQ)
» Quantization after training
®  Dynamic Quantization
®  Static Quantization
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Range Calibration

< Post Training Quantization (PTQ)
» Quantization after training
®  Dynamic Quantization
¢  Static Quantization
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Range Calibration

< Quantization Aware Training (QAT)
> ZE2 M Fake quantization =& 5! &h& 4=
@ PTQet & Metet o, pE weightlt EH -
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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).
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Range Calibration

< Quantization Aware Training (QAT)
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Range Calibration

Y/

< Quantization Aware Training (QAT)
> ZE2 M Fake quantization =& & OJHZH
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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).
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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).
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Range Calibration

Sy = X2 Azt
Quantization Aware Training (QAT) Static Quantization Dynamic Quantization
Post Training Quantization (PTQ)
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Activation Outliers

5
/ / S o /
7/ ¢ 7/ fo—
—3.4¢e38 3.4¢e38
@ L
—127 0 127
Data Mining 55

... Quadlity Analytics



Activation Outliers

Outlier Z}t quantize error CHE S7}
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Activation Outliers
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Activation Outliers

Outlier 2}0]| Z 22t Z O} 7t?

N
S

Absolute Value
S o A D Co a
Sttt

—

Activation (Original)
Hard to quantize

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

Y/

< SmoothQuant (PMLR'23)
> PTQ (Static) Al€

> 718 Activation2| B 50| weight Ci{H| 2Lt — Activation Quantization '=HO| = 1
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z [
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quant, levels

S = diag(s1,...,5¢0,)-
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Xi'E E =, activation H3SdS weighZ Z0L HHEX| 2%

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
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Activation Outliers

Y/

<% SmoothQuant (PMLR'23)
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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.

Data Mining
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Activation Outliers

<% SmoothQuant (PMLR'23)
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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) A€
7174 Activation2| outlier= £ X 20| 2=

> SliAl Oto|C|Of: 3| &S E3|| quantization XIHY B2 1

09.t

LLaMa-2 7B Activation Distribution

MHSA Input FFN Input

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

Y/

< SpinQuant (ICLR25)
> PTQ (Static) A€
> 71X Activation2| outlier= EX kjj o &3

> i3] OFO|C|Of: 2| &S Soll quantization T2ty FZ2 HY

MHSA Input

Channel 1

e

Channel 0

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) A&
> 7}HH: Activation2| outlier= EH Xl Hof| 2=
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"""""""""" —
= MHSA Input Rotated MHSA Input

=
=
<
=
o

h* 25
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, SN Y- -
0 0 ” L “ 1000
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Chamo i - o 500
ey 2000 O
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) Al
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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) Al
> 7P Activation2| outlier= E7 X 20| 2
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> i3l OFO|C|of: 2| HEE S9H quantization It ZEZ B

Al A
E . X
=
o . == A,
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T ~ ~
Y=(W-R - (R-X)=W-X
Channel 0:
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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