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1) LEARNED STEP SIZE QUANTIZATION [ICLR 2020]

Introduction

» Quantization
- 2HH © 2 performance2t model size= H|2i|St= AEH0| IS

- Model size T — inference time 1, computational cost 1
- M 22| 22F0| M$HA 2l edge device A O A SHA|17F E Rl &

- Full-precision — Low-precision

- Weight, activation= 16bit O|St2| low-precision2 £ &
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Fig 1. Quantization2 &%t 7453}t 2D

- Quantization process : ¥ = Q(x) = clamp (l ] + z,0,2bi — 1) W = l— M]

- Dequantization process: X = s - X o FP32 Matmul

- Fully-Connected layerO| A2 HAF: f = wX + B > INT8 Matmul
- Quantized FC layer0| MO| ALt : f = WX + B = (syyW)(sxX) + B = syysxy(WX) + B
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Introduction

» Quantization

[ Pre-trained model ] [ Pre-trained model ] [ Calibration data ]
- Training data
[ CQuantization ] [ Calibration ]
+
[ Retraining / Finetuning ] [ Quantization ]
!
[ Quantized model ] [ Cuantized model ]

Fig 2. Comparison between QAT and PTQ
- Quantization-Aware Training (QAT)

- Quantization &-& = pre-trained model 2| train dataset2 £ retraining/fine-tuningot= 24
- Retraining/fine-tuning D& 0| B2 A|Zt2 HQ = o
- PTQO HISH E2 d&

- Post-Training Quantization (PTQ)
- 2 2FO| [| O| E{(calibration dataset)2t2 2 pre-trained model 0| A 2| weight, activation 2| Lt2I0/HE2 27
~ Inference 2t 0| A| quantization -8 — inference time |
- 20| O|O|E B AFESHY| I Z0f X2 A[ZtTH0] Hest
- QAT BB Z2 d=
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Introduction

« Linear quantizer

-EX)Q(x) =x = clamp(l ] + 2,0, 201 — 1),DQ(9Z) =X=XxX-s
- Uniform distributiond} 20| xo| 227t 12 HX Y= 420 Mgt
- CNN 7|2t HHO| N =2 AL =
» Non-linear quantizer
- EX) Q(x) = clamp(l— log, ] + z,0,2b% — 1),DQ(3Z) =2%.5
- Power-law distribution2f Z0| x7} &f2 Zt0fl £2 Y= 0 Mgt
- Transformer 7|2t 2 &I O| self-attention=2 EEH 2 E YIS 4= U0 viT 7|8t ZHO| N F=2 ALEE
105 i
104 i
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R AW THEE D Fig 3. Histogram of the post-Softmax activations
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NoisyQuant: Noisy Bias-Enhanced Post-Training Activation Quantization for
Vision Transformers [CVPR 2023]
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NoisyQuant: Noisy Bias-Enhanced Post-Training Activation Quantization for Vision Transformers [CVPR 2023]

NoisyQuant!

 Introduction

- VIT 20 pTQ HEHES M 88t= 7
quantizerE TSt= A

Z 9| A= 2 self-attention2| power-law distributionOf & gt ot

i I — -

- Ex) log 2, logv2 quantizerE AHE5I0] £7 /0 2 U= S| CHsH = 4

- = =z 0| A= power-law distribution= 7| = 2| quantizer0| HglstE = HE5H| €{5Y
l:CI>MI |7<§ X-||O|-o|-

-1 = | B |

- ActivationO]| noiseE & 7I8t = quantization=

2l SHH quantization errorg 2L = UAS2 EA

« Key contributions

- 1. Noisy biasE & 7}ot = quantization= = St™ quantizationerrorE =€ = A= O|EHC 2

%I:c'):' Ol’N\E
2. SHo A Z EO = NoisyQuantEfE PTQ HEHE= X 2tot 1, Z|H o quantizerg EAHot= 7| &2
ARt= CHE 7ts’d2 MAISI”R =
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1) NoisyQuant: Noisy Bias-Enhanced Post-Training Activation Quantization for Vision Transformers [CVPR 2023]

NoisyQuant!

» Objective

- Quantization2| =2 S H
- floating-point value2} dequantized valuel| X}0|E &0|&= A
R e e e S

DX,N) =QE(X+N)—QEX) =X +N) - X+ M)l - leX) = X3 < 0

- &, quantization error?} & 25t= & St= noise bias N &&= A

e Theorem

- Quantization bin = 2b (quantization value : {..., -3b, -b, b, 3b, ...})

- N~U(—n,n), x <n < 2b — x5 ZtES}t= noise bias NO|| CHSIHO] Of2j o] £=4/0] &l

0 SxSn(l—\/?%)oﬂ CHSt, D(X,N) < 07} & E

- Proof)
- 1. Quantization value : {..., -3b, -b, b, 3b, ...} Ol iS5t 0 < x < bl B2 Q(x) = b, QE(x) = (b — x)?
- 2. N~U(—n,n)0 TS0}, X + N~U(x —n, x +n)O|2 2 Of2jet Z2 2540 48
(b (x <n<2b—x,N; €[—x,n])
Q(Xi+Ni)_{—b, (x <n<2b-x,N; € [—n,—x))
ﬂ AT VDS
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NoisyQuant!

 Theorem
- Proof)

- 1. Quantization value : {...,
- 2. N~U(—n,n)0| Bi5t0}, X + N~U(x —n, x + n)0| 22 Of2}i et

1) NoisyQuant: Noisy Bias-Enhanced Post-Training Activation Quantization for Vision Transformers [CVPR 2023]

-3b, -b, b, 3b, ...} Ol CHSHO 0 < x < b @l B2 Q(x) = b, QE(x) = (b — x)?
Zte "5EAO| M
— o o Hd

(b (x <n<2b—x,N; € [—x,n])
Q(Xi+Ni)_{—b, (x <n <2b—x,N; € [-n,—x))
- 3. Weak Law of Large NumbersOi| [}2}, Of2ef 22 4=410] M4

Ex[QE(X + N)]

-4.D(x,N)

- 5. D(xN)———(x—n)2+ ~n? =0 —>x—n+\/i

-6.0<x<bO TSI D(x, N) <02 H=0<x<n|1-

~. Quantization errorg =
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f QEGe+ k) - —dk f b+ k)2 - dk+j (b —k)? - —dk
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b 1
x%2 —=x%4+=n? —nb + b?
n 3

QE(X) = Ey[QE(X + N)] = QE(X) = —2x? + 2bx +n? —nb = == (x = n)? + 7 n?
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1) NoisyQuant: Noisy Bias-Enhanced Post-Training Activation Quantization for Vision Transformers [CVPR 2023]

NoisyQuant!

« Method
- Stage 1. Noise addition

-0<x< n<1 - %> £ IESt=ns 27857 fo x2 2271 ER
- Calibration datal| € £ & LGN x2| ZZE FSSt1, L(n) = X,ex[D(x, N)]O| X2t E| =5 St=nd E7E
- Uniform distribution noise bias N~U(—n,n)= activation X0l G5l X + NE &

Stage 1. Noise addition

Input Activation
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1) NoisyQuant: Noisy Bias-Enhanced Post-Training Activation Quantization for Vision Transformers [CVPR 2023]

NoisyQuant!

* Method

- Stage 2. Quantization
- X + NOf| quantization® M-8, 7| =9| power-law distributiondi| H| 5l 2t3}=! distributionS F S

- Stage 3. Denoise
- fugX) = qw(W)qa(X + N) + B'OIM B’ = (B — gy (W)N)E {=45}0] noise addition0f 2ot HE S A

Stage 2. Quantization Stage 3. Denoise
Input Activation | Quantized Activation Layer Output

1 fed oY . . -Q(X) w 3

E 1708 | 0 log-seale g S 3“' DE&S?QUEIHI / \ é
Bons w g gw 5 B il =] c
2 S ol g E;. | = E‘w; (’Jﬂ ﬁ‘rlr \““l.ll b E %
Ll = | || 2 = ( ‘1 ud =
) — R TN = | © PR AR . 3
valus range ! ”'“l‘ "“"9‘»‘ g e ©o \la]u:‘:jl?angc &
: 4 g™ M log-scale | 3 B = g-.mIZINnisyQuanI: i S L
I E g”“‘ gl | 3 ' i .'\-'-; r:::. :‘D
B BN 2 | | H| VI Py ~ B E

e Oded 1 = X ! :_:,-

ERN =1 B W f . w 3

: ":;.u';, range valus rangs value range “vaerange |

Fig 1. The overview of the NoisyQuant pipeline
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NoisyQuant!

« Empirical verification of theorem
b =12 873, x2f n0f [}EZ

= O,

D(X,N)

1) NoisyQuant: Noisy Bias-Enhanced Post-Training Activation Quantization for Vision Transformers [CVPR 2023]

- X2 2= QAE 012 75t ndf D(X,N) AHO|2| BAE HEo A4}, O|2X Ol =Alt 212 Ak 2 =0l
n=14Y I D(x, N)7} Z|X0|EZ2 n =145 M
-n= 1.4% MEHSE S x2F D(X, N) AFO|2 2HAIE Z7ot A1, O|2H 0l =4I} ZH2 Fokd 2 =0l
-0l 0|2NOoR BAS AT AN Z EIg RS e
0 :_‘ § T T T T T T T T 0.4 .
— i\ = = ‘Theortical result in Eq. (7) 02k __%
Z 02| i ® Evaluated D(X,N) Z ¥ _¢ ’§'
g 'f\; 5 S
2 § 3 02} &
e 04t { ; £ -¢
é ~§\¥§.¥ -§ }f& 5-0.4- E’i
S { = S 06} - 1
% 06 % 1 i lé" * -& f = = :Theortical result in Eq. (7)
-0.8 @ Evaluated D(X,N) 1
08 : : : : : : : : : - . L L L .
0 02 04 06 08 1 12 14 16 18 2 ! 0 0.1 0.2 0.3 0.4 0.5 0.6
Noisy Bias range n Activation value x
Fig 2. Graph of nvs D(X,N) (x = 0.1) Fig 3. Graph of x vs D(X,N) (n = 1.4)
R S THEED VDS
SOGANG UNIVERSITY 12 e



NoisyQuant!

« Empirical verification of Theorem

- EasyQuant22}2| H|

1) NoisyQuant: Noisy Bias-Enhanced Post-Training Activation Quantization for Vision Transformers [CVPR 2023]

2) EasyQuant: Post-training Quantization via Scale Optimization [arXiv 2020]

- Fig 4 : EasyQuant0i| H| 8}l quantization error7} $1 XM} AH| Zt 28t 2 & 20!
QE reduction: 19.6%
1.5e5]
BN EasyQuant
§ [ NoisyQuant
w© 1.0e5
-
=]
&
=1
E D585 |
= (1
< 1)
l[}D.ll'.lll'.l[] 0.005 0.010 0.015 0.020 0.025
QE range
Fig 4. QE histogram of fc2 input activation
- Fig 5 : EasyQuant0i| B|3lf floating-point value2| shapeS G < & LIEILf= 2&S 20
QE=6.50.02 QE=4.80-02 QE=8.5-02 QE=5.4¢-02
A FP , FP o= P FP
= y ) EasyQuant g ; NoisyQuant g’ y ) EasyQuant £ NoisyQuant
g 2 p: g
Foo gl K &"r" i 2. f 36% QE
(g 1 q j .‘
Fa L My "Tf.. ! i . I
“ 7 7 Layer Output “ 77 Layer Output ** Tayer Output : 3 “Layer Output
(a) 26% () o reduction on gkv layer (¢) 36% QE reduction on fcl layer
QE=2.8e-03 QE=2.0e-03 QE=8.0e-04 QE=3.0e-04
FP A * FP VN 1ot / FP g FP
E, EasyQuant “\‘ E‘ NoisyOuam N g 1 EasyQuant E! NoisyQuant
S' '[{.’ \i‘ @ \ Sr, \
$ { £, Rl s0% Qe MY by
L ! | ...mf' T ] f [l
'Layer Output - E . Layer 0u|pul : . T— 'l_‘;syelv(y)ulp;jl‘ - p—— Li!yer'Ovulpn‘Jl’ -
(b) 25% (Q Eo reduction on proj layer (d) 60% QE ¢ reduction on fc2 layer
R AW hda Fig 5. Output histogram in selected transformer layers VDS
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NoisyQuant!

« Experiments

-VIT 7|8 23 X8 A4

1) NoisyQuant: Noisy Bias-Enhanced Post-Training Activation Quantization for Vision Transformers [CVPR 2023]

_a_

- Table 1 ~ 2 : 8bits H-Z 0| A full-precision CHH| 1% O|LH2| @ X}, 6bits 24 Of| A full-precision CHH| 5% O|L{2| @ X} 20l

Method W/A  ViT-S ViT-B ViT-B*
Pretrained 32/32  81.39 84.54 86.00
Percentile [18] 6/6 67.74 77.63 77.60
Liu et al. [23] 6 MP - 75.26

PTQ4ViT-Linear [43] 6/6 70.24 75.66 46.88
EasyQuant [36] 6/6 75.13 81.42 82.02
NoisyQuant-Linear ~ 6/6 76.86+0.06 81.90+0.11 83.00+0.09

PTQ4ViT [43] 6/6 78.63 81.65 83.34
NoisyQuant-PTQ4ViT 6/6 78.65+007 82.32+0.09 83.22+0.10
Percentile [18] 8/8 78.77 80.12 82.53
Liu et al. [23] 8 MP - 76.98 -
FQ-ViT [21] 8/8 - 83.31 -

PTQ4ViT-Linear [43] 8/8 80.46 83.89 85.35
EasyQuant [36] 8/8 80.75 83.89 85.53
NoisyQuant-Linear 8/8 80.81+0.01 84.10+0.03 85.56-0.01

PTQ4ViT [43] 8/8 81.00 84.25 85.82
NoisyQuant-PTQ4ViT 8/8 81.15+002 84.22+0.01 85.86-0.01

Table 1. 6~8bitsOf A{2| A (ImageNet, ViT)

R S4BT 8D

SOGANG UNIVERSITY

Method W/A Swin-T Swin-S  Swin-B
Pretrained 32/32  81.39 83.23 85.27
Percentile [ 18] 6/6 77.75 80.41 81.90
PTQ4VIT-Linear [43] 6/6 78.45 81.74 83.35
EasyQuant [36] 6/6 79.51 82.45 84.30
NoisyQuant-Linear  6/6 80.01+0.06 82.78+0.04 84.57+0.04
PTQ4VIT [43] 6/6 80.47 82.38 84.01
NoisyQuant-PTQ4ViT 6/6 80.51+0.03 82.86+0.05 84.68+0.06
Percentile [12] 8/8 79.88 80.93 83.08
FQ-ViT [21] 8/8  80.51 82.71 -
PTQ4VIT [43] 8/8 80.96 82.75 84.79
EasyQuant [30] 8/8 80.95 83.00 85.10
NoisyQuant-Linear  8/8 81.05+0.03 83.07+0.03 85.11+0.04
PTQ4VIT [43] 8/8 81.24 83.10 85.14
NoisyQuant-PTQ4ViT 8/8 81.25+0.02 83.13+0.01 85.20+0.03

Table 2. 6~8bitsOf| A{2| A& (ImageNet, Swin)

VDS
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1) NoisyQuant: Noisy Bias-Enhanced Post-Training Activation Quantization for Vision Transformers [CVPR 2023]

NoisyQuant!

A

Experiments
- VIT 7|8t B & M8 Ao
- Table 3 : COCO datasetd| LSO detection taskO| M-8 A| |10 H5 =9l

Model Method W/A mAP
Pretrained 32/32 42.0
Percentile [18] 8/8 38.6
DETR [4] Bit-Split [32] 8/8  40.6
(COCO02017) Liu et al. [23] 8/8 41.2
EasyQuant [36] 8/8 411
NoisyQuant-Linear 8/8 41.4+0.05

Table 3. 8bits 2t F 0| A{ 2| A& (COCO, DETR)

- Table 4 : fc2 layer0f] M EE|AS I 71 2 d& &S 22 (GELUL| power-law distributiond| £2 M52 2 ¢)

gkv proj fcl fc2 Top-1
noise noise noise noise W6A6
75.27
75.38
75.45
75.33
76.21
76.37
79.51
79.53
79.56
79.52
79.80
80.01

Table 4. NoisyQuant on Different layers (ImageNet, W6A6 DeiT, Swin)

P i g d k- VDS
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1) NoisyQuant: Noisy Bias-Enhanced Post-Training Activation Quantization for Vision Transformers [CVPR 2023]

ERQ: Error Reduction for Post-Training Quantization of Vision Transformers
[ICML 2024]
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1) ERQ: Error Reduction for Post-Training Quantization of Vision Transformers [ICML 2024]

 Introduction

- ViT 7|8t 2 & 9| power-law distributiont F2t
- Activation quantizationZ} weight quantization2 =

- Activation/weight quantizationO| SA|0f| D 2{st= 4=
 Key contributions

- Activation quantization} weight quantization2 25 11 2{$} Error Reduction Quantization(ERQ)S M| A&
- Activation quantization error reduction (Ager)

s+ Activation quantization2 E Qo W lSt=errorE =AM E 24
;= O] & ridge regression problem2 2 ¢ Z3S

45FO 2 weight updateSt &S
- Weight quantization error reduction (Wger)

AN
s+ Ager2| Zt7t B El weightS quantizationshO] 2
s+ Weight2] HEMY ypdatestH B XM O Z errorE 2t3tstE HAHUS S MOHSIAS

= errorg =AM E 2 A

A B
S

SOGANG UNIVERSITY



1) ERQ: Error Reduction for Post-Training Quantization of Vision Transformers [ICML 2024]

ERQVY

» Objective

- Activation/weight quantization error0i| 2|8l| & St lossE E0|= A

A
- Weight quantization error = §x = X — x (x € RPin)
- Activation quantization error = W = W — W (W € RPout*Din)

. H 00| 25 MK . [MSE =E[||Wx—W)_(||§] =E[||WX—(W+5W)(X+5X)||2]

 Method
- W2l 6x2| Fa2 SA0 L2{s5tH X[ AMolst= A2 & 7| |20 =XtA QO | Mo} B2 K| otat

- Activation quantization — Error reduction (Ager) — Weight quantization — Error reduction (Wger)

Activation quantization error reduction (Ager)

Ridge Regression

ﬁ Error
Reduction
( w + W' )X (X + 8X) e w X

1
\

M

e

Error

w
x%¥ Reduction

[ ws + sws , wf+5wr-]x|§|4—> w X X

l Ridge Regression
Rounding Refinement —» §W*

Weight quantization error reduction (Wgqer) f
R BTN Fig 1. The overview of ERQ | VDS |
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1) ERQ: Error Reduction for Post-Training Quantization of Vision Transformers [ICML 2024]

ERQVY

* Method

- Activation quantization error reduction (Ager)

. . . . o . 2
- Activation quantization2t= M-&3H S M 2| loss function : LMSE = E [| |[Wx — W(x + 8x)||2]

M

rir

- Activation quantization0il 2|t &St errorg Z| 22l 5h= W2 = weight updatedtZ| 2|3l ridge regression X-&

E “|Wx — (W + W (x + ax)||§] + A1||aw*||i =F [||—aw*(x + 8x) — w5x||§] + ,11||aw*||§
E[|lsws + w5x||§] + 2415w

aﬂw*{E“IEW % + Wox|| ]+al||aw*|| } = E[2(W's + Wsx)XT] + 22,6W" = 0

- W' = —WE[x5xT |(E[z="] + A,D 7T

- Ager: W « W + §W* (Errorg X|A315H= B2k 2 weight update)

Activation quantization error reduction (Aqer)
Ridge Regression

m Error

Reduction
(I W 4+ W Ix( X+ 6X)e—> W xx |

----------”

\ /
-, g
~- 1 1 .

Fig 2. The overview of Ager
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ERQVY

* Method

- Weight quantization error reduction (Waqer)
- Ager?| M2 2 A2 weight WOl CHSHO weight quantization &-&

1) ERQ: Error Reduction for Post-Training Quantization of Vision Transformers [ICML 2024]

2
- Weight quantization Z-& A| loss function LM% = E [|[wx — (W + sW)x ||§] = Y Pout [MSE — yPout [||wi;( — (W, + 5wi,:)r;||2]

- Step 1) Quantization= weight2| 202 H&

s+ W = [WS, W'] (WS: quantization H-& CH&f, W™ : remained full-precision weight) 0| Ci 10§ Of2i et 20|
2
I
2

= oWt (SWE)" + SWEES (sWE) = sWE (upT + ) (6ws)

L?SE =E [l | [wif: ' wi'l::] [J_{SJ ir] - [wisr + SWE-S_: 'wi'i;][is’ X"

= & [[lowz=|[[] = (slowzs))” + var[swiz]

E .EvaE 8 T
Gowg, = alc;‘wf,: = gawr (OWE (" +22)(6WE)' | = 207 (epe” + 29)

¥ v

T
Error

X% Reduction

[ we +ows, wr+swr] % < I <
X

!

Rounding Refinement =» §W*

— M

»

Ridge Regression

Weight quantization error reduction (Wger)

Fig 3. The overview of Wqer
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1) ERQ: Error Reduction for Post-Training Quantization of Vision Transformers [ICML 2024]

ERQVY

* Method

- Weight quantization error reduction (Waqer)
- Step 2) Loss function2 X235t 22F2 2 rounding direction A7 (Round refinement)
e SW - Gows, > 0 2l Z20f CH3H M2t round refinement &

SW;] (SWS = 5W;)

_ .I. l T T
L
- Round refinement : W7, « W}, + 6W;,
- Step 3) W* quantizationOf| 2|5l &5t errorE Z|A215= ek 2 WTE updatedt”| 2|5l ridge regression &-&

S W = —sWEE[R R T (E[xr & ] + A1)

E[||5w5:>—(5+5w5*)—<r z + 2 ||swi z

- Waer : W/, « W/, + 6W/ "
- Step 4) 2= weight0i| CHoll HE & U7X 52 £78 R0 F step 1-3 B =

v v

/ \ b

X% Reduction
[ we +ows, wr+swr] % < I <
X

!

Rounding Refinement =» §W*

»

Ridge Regression

Weight quantization error reduction (Wger)

Fig 3. The overview of Wqer
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ERQVY

* Method

- Weight quantization error reduction (Waqer)

Algorithm 1 Weight Quantization Error Reduction

I: Input: W, W = @, {X,}_,. maximum iteration T

2: for i in range( [}, ): Step 1
P Wo=o (ki = x0T
4: 1 while 'W;.| =0 |
51 Partition W, . into [W? , W/ ] ;
6:1  Partition {%,} X, into {[%5, %3]}V, Step2]
- :i = Rnundling R_eﬁneﬂmem "y E:
8: ii Obtain p° ,C.r;“r + X" from cache or calculate itii
twith {x 1Y, caleulate SW.H aW: T with Wi, ¥
9: " whille (172 T e H
10: | Calculate proxy £,;4 with dW? by Eg.12 |
1: Calculate gradients (= jy0y- by Eqg. 14 i
12:1 Obtain S by Eq. 15 ' ;
13:! Obtain adjusted SW | _ by Eq. 13
I4:i Calculate proxy L, with JW;-_: by Eq. 12 i
15:1 if Lopu > Lopar break ;
16:1 FW: = dW, |
I?:i W, « W,. U fo_: e JW;E"_:]I i
18:{____/* END Rounding Refinement */_______ Step.3!
19:i /% Ridge Regression */
20:!  Caleulate §W? by Eq. 17 :
21:0 Wi+ WL +6WIT
22 /% END Ridge Regression */
23: {Xn o=t = {X0 0=

4 W WUW,,
25: Qutput: Quantized weight W
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1) ERQ: Error Reduction for Post-Training Quantization of Vision Transformers [ICML 2024]

- Step 1) Quantization= weight2| H 80| Tt X &

- Step 2) Loss function= £|22t5H= WeFO 2 rounding
direction 2’3 (Round refinement)

- Step 3) W* quantizationOf| 2|3l L/t errorE | A3t5H=
HISFO 2 WTE updateSt”Z| 2|3l Ridge regression X2

- Step 4) 2= weightOf| Lol § &2 WIHX| 52 573
Sl =0t step 1~3 HH=E
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ERQVY

» Experiments

- Image Classification task

1

ERQ: Error Reduction for Post-Training Quantization of Vision Transformers [ICML 2024]

Method W/A VIT-S ViT.B DeT-T Deil-S DeiT-B Swin-S Swin-B Method W/A ViT-S Vil-B Deil.-T Deil-§ DeiT-B  Swin-S  Swin-B
Full-Precision 32/32 8139 8454 7221 7985 8180 8323 8527 Full Precision 3232 8139 8454 7221 7985 8180 8323 8527

FQ-ViT (Lin et al., 2022) 6/6 426 010 5866 4551 6463 6650  52.00 FQ-ViT* (Lin et al., 2022) 34 010 010 010 010 010 010 010

PSAQVIT (Lietal.2022b)  6/6 37.19 4152 ST.58 6361 6795 7286 7644 PTQ4VIT* (Yuanetal,2022) 34 010 0.0 020 015 059 064 053
Ranking (Liu et al., 2021h) 6/6 - 7526 - 7458 77.02 - § GPTQ* (Frantar et al., 2022) 34 2332 4463 4225 4895 6175 6671 7143
PTQ4ViT (Yuanetal, 2022)  6/6  78.63 81.65 69.68 7628 8025 8238  84.01 RepQ-ViT* (Li et al., 2023) 34 1565 2698 2934 4582 5892 5983 44.17
APQ-VIT (Dingetal,2022)  6/6 7910 8221 7049 7776 8042 8267  84.18 AdaRound* (Nagel etal, 2020b) 34 1104 472 3605 3356 6250 6812  53.92
NoisyQuant? (Liu et al., 2023b)  6/6  76.86  81.90 . 7637 7977 8278  84.57 BRECQ* (Li et al., 2021) 34 497 125 2923 1858 4049 6693 5338
NoisyQuant] (Liu et al., 2023b)  6/6 7865 8232 - 7743 80.70 82.86 84.68 QDrop* (Wei et al., 2022) 3/4 9.77 11.87 17.85 30.27 61.12 7347 74.33
GPTQ* (Frantaretal., 2022)  6/6 8044 8372 7105 7895 8137 8282  B84.89 PD-Quant* (Liuetal, 20230) 34 456 2181 4187 4165 5363 7007 5648
RepQ-ViT (Li et al., 2023) 6/6 8043 8362 7076 7890 8127 8279  84.57 ERQ (Ours) 34 4568 5388 4409 5763 7033 7508 7578

EasyQuant (Wu et al., m”l 6/6 7513 8142 - 7527 7947 8245 8430 FQ-ViT (Lin et al., 2022) 44 010 010 010 010 010 010 010
Bit shrinking (Lin ctal., 2023)  6/6 8044 83-;(‘ - 7851 8047 8244 - PTQAVIT (Yuan ctal. 2022)  4/4 4257 3069 3696 3408 6439 7609  74.02
BREC? (Lietal, 27”2“ 6/6 6118 7129 6962 7093 7946 8185  B84.08 APQ-ViT (Ding et al., 2022) 44 4795 4141 4794 4355 6748 7715 7648
QDrop* (Wei et al., ~7”22]‘ 6/6 6857 7438 6998 7657  80.66 8253 84.31 GPTQ" (Frantar et al., 2022) 44 6759 7512 5896 7085 7610 8017  81.08
PD-Quant* (Linetal, 20232) ~ 6/6 7138 63.14  70.74  77.63 7932 8233  84.38 RepQ-ViT (Li et al., 2023) 44 6505 6848 5743 69.03 7561 7945  78.32
ERQ (Ours) 6/6 8048 8389 7114 7903 8141 8286  85.02 AdaRound* (Nagel et al, 2020b)  4/4  63.09 7051 5565 6924 7520 7605  78.12
BRECQ* (Lietal., 2021) 44 11.31 3.03 38.41 32.89 59.10 68.40 56.51

it S O| Al QDrop* (Wei et al., 2022) 44 1777 2172 3165 3579 6547 7892 8049

Table 1. 6bit 2t 0| A2 ImageNet p* (Wei ctal. 202 TOAT2 3L 3T 6. ; :

= o O.” -I | =0 ( g ) PD-Quant* (Liu et al., 2023a) 44 3264  34.86 58.50 64.85 60.06 T7.04 75.84

ERQ (Ours) 44 6891 7663 6029 7256 7823 8074 8244

Method Runtime Tl]p-l Acc. (%) FQ-ViT* (Lin et al., 2022) 55 010 010 0.10 0.10 0.10 0.10 0.10

PTQ4VIiT* (Yuanetal, 2022)  5/5 7274 7232 6500 7026 7265 8090 8187

- - GPTQ* (Frantar et al.. 2022) S5 7863 8206  69.05 7712 80.17 8219  $3.00

BRECQ* (Lietal., 2021) ~48 minutes 32.89 RepQ-ViT* (Li et al., 2023) S5 7843 8203 69.00  77.04 8008 8208  $322

. - AdaRound* (Nagel etal, 2020b) /5  77.53 8200 6887 7622 8018 8212  $4.00

e

QDrop* (Wei et al., 2022) ~80 minutes 35.79 BRECQ* (Li et al., 2021) 5/5 4735 4351 6212 6315 7561 8066 8231

- ¥ 13 — : QDrop* (Wei et al., 2022) S5 5632 5792 6236 7007 7841 8173 8361
PD Quam (Llu etal, 202321) 110 rpmutes 64.85 PD-Quant* (Liu et al.. 2023a) 5/5 6506 5840  68.02 7494 7461 81.27 82.12
GPTQ* (Frantar et al., 2022) ~3 minutes T70.85 ERQ (Ours) 55 7883 8281 6942 7158  80.65 8244 8450

RepQ-ViT (Li et al., 2023 ~1 minute 69.03 0 S Al'S
pQ-ViT ( . 2023) . Table 2. 3~5bit 240 A 2| &l (ImageNet)
ERQ (Ours) ~d4 minutes 72.56

Table 3. 4bit

ABTNE-D
SOGANG UNIVERSITY
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ERQVY

» Experiments

- Object detection & Segmentation task

- Table4: VIiT 7|EtPTQEIHES S H1EE

1

ERQ: Error Reduction for Post-Training Quantization of Vision Transformers [ICML 2024]

A7 M9 chA]
—‘—l A ooz 2o
Mask R-CNN Cascade Mask R-CNN
Method WA w. Swin-T w. Swin-S w. Swin-T w. Swin-§
APD Apmask g phos APTEEK Apbox  gpmask  apbox 4 pmask
Full-Precision 32/32 460 41.6 48.5 433 50.4 437 51.9 45.0
PTQ4VIT (Yuan et al., 2022) 4/4 6.9 7.0 26.7 26.6 147 13.5 0.5 0.5
APQ-VIiT (Ding et al., 2022) 4/4 237 22.6 44.7 40.1 27.2 244 473 41.1
GPTQ* (Frantar et al., 2022) 444 36.3 36.3 42.9 40.2 47.1 41.5 49.2 43.2
RepQ-ViT (Li et al., 2023) 44 361 360 442401 4024041 470 414 493 431
AdaRound* (Nagel et al., 2020a) 4/4 16.3 19.8 223 225 346 334 358 34.5
BRECQ* (Lietal, 2021) 444 25.2 27.3 324 329 40.4 359 41.5 37.2
QDrop* (Wei et al., 2022) 444 10.4 1.3 39.7 378 17.9 16.2 20.1 17.4
PD-Quant* (Liu et al., 2023a) 444 15.7 16.1 30.2 28.4 34.5 30.1 38.6 34.1
ERQ (Ours) 4/4 36.8 36.6 43.4 40.7 47.9 42,1 50.0 43.6

Table 4. 4bits 2 0| M 2| A& (COCO, R-CNN)

- Table 5 : Weight quantization error0f] ZZ15t 252 29! (detection taskOl| A activation2| bit-width0 @2fS B0 BHS)

Model Method W/A  AP(box) AP(mask)
Full-Precision  32/32 46.0 41.6
Mask R-CNN (Swin-T) ERQ 4/4 36.8 36.6
ERQ 4/8 41.0 39.2
Full-Precision  32/32 48.5 433
Mask R-CNN (Swin-S) ERQ 4/4 43.4 40.7
ERQ 4/8 46.1 42.2
Full-Precision  32/32 50.4 437
Cascade R-CNN (Swin-T) ERQ 4/4 479 42.2
ERQ 4/8 49.5 433
Full-Precision  32/32 519 45.0
Cascade R-CNN (Swin-S) ERQ 4/4 50.0 436
ERQ 4/8 51.3 44.5

Table 5. 4/4bits, 4/8bits 2-F 0| A 2| AH (COCO)

ABTNE-D
SOGANG UNIVERSITY
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1) ERQ: Error Reduction for Post-Training Quantization of Vision Transformers [ICML 2024]

ERQVY

» Experiments

A

- Ablation studies

Aqger . qur ' Top-1 Acc. (%) Model Image Numbers Top-1 Acc. (%) Model Latency (ms) Throughput (img/s)
ounding Ridge
4 71.58 VITs 184 5.43
Baseline | 68.41 8 71.87 104 (1.77x) 9.62 (1.77x)
v 71.45 (+3.04) 16 72.54 VIT.B 746 1.34
v 69.24 (+0.83) 32 72.56 443 (1.68x) 2.26 (1.68x)
v 70.06 (+1.65) DeiT-S (W4/A4) 64 72.94 DeiT.T 54 1851
v v 70.49 (+2.08) 128 73.19 31 (1.74x) 32.26 (1.74x)
v v 71.83 (+3.42) 256 73.51 DeiT-S 163 6.13
v v 72.01 (+3.60) 512 73.68 106 (1.54x) 943 (1.54x)
v v v 72.56 (+4.15) 1024 73.69 DeiT.B 745 1.34
376 (1.98x) 2.66 (1.98x)
Table 6. Components of ERQ (32 images)  Table 7. Performance of different image numbers Swi 337 297
win-S 217
217 (1.55x) 4.61 (1.55x)
SwinB 683 1.46
461 (1.48x) 2.17 (1.48x)
Table 8. Latency and throughput of W8A8 ViTs
- Table 6 : Ager, Wger 25 72|0|5t d& &2 HO0|H, 25 ME U2 [ baseline CHH| 4.15%2| F=2tr g4t
- Table 7 : Calibration datal| 7 =0l S7tgt0] et 72|0|ot 45 ealS 2ol
- Table 8 : 224x224 imageE Y HSI0] Hotot Aut ut™ o = 1 5H{~2H{ Q| £ Hat2 =0l
;s ONNXE AFHE3H] Intel i5-10210U CPU SHE O A =3
AW U VDS
SOGANG UNIVERSITY 25 e



1) NoisyQuant: Noisy Bias-Enhanced Post-Training Activation Quantization for Vision Transformers [CVPR 2023]
2) ERQ: Error Reduction for Post-Training Quantization of Vision Transformers [ICML 2024]

Conclusion
« NoisyQuant?

- Key contribution
- Power-law distributionOfl noiseE & 7t5}t0] quantizer0i| LA HHE = HHE S HOHSIAS
- Limitations
- Noisy bias2| & EH 7} uniform distributionO| O OF2t SHCH= 2 H 7t &
s+ Gaussian distribution=?
- Z|™ 9] noisy bias parameterE A= Soff 2 &0tof &
;= Hyper parameter searchingOi| A|ZH0| B0 A 2 =

- 5bits 0| 5}2| A& 0| EXYSIX| &S

. ERQZ)

- Key contribution

ajo

- Activation/weight quantizationOfl 2|5l 2 St lossE %[ X 2= two-step PTQ 2 22 X 2HSI S
- Limitations

- WaerOf| A{ 2| O iterationOFCf quantized weight element0i| & & E|= rounding refinementOf| 2|3} gradient?| 227 H E
A0lo2 oA|stn Qe
rAAO=2 T A OO

R A%l 3.',‘-‘1‘- VDS
S
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