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Intro

« What is quantization?
- B3 Z[ X3S 2|2 motivation
- Performance 1 = Model size 1
;HEE HHOM RHUELS B Y MOIXE I JHXBAM 458 By
> D& SHE50| A7 latency & H|-E St

- Edge device

.« Edge devicel| 50 22| &
- Appllcatlons such as real-time intelligent

' health care monitoring, autonomous driving, ...
- Method for optimizing models
- Quantization, Pruning, Knowledge Distillation, Efficient Network Design
- Quantization= It2F0| E{ 9| Zf(weight, activation)2| B3 MU E Y= 0ty
- Floating point (FP32) value = INT value
- Basic equations

ization : x. = X b _
Quantization : x, = clamp(u +2,02° —-1) —a _ min(o)
L scale factor s = Zero-point z = l— —]
DeQuantization : X = s - (x; — z) 20 -1 s
R A TSk VDS
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Intro

« What is quantization? How to quantize?
* Dynamic
« Static (calibration, clipping)

Hardware-aware?
What to quantize? * Integer-only

«  Weight « Simulation (fake quantization)

» Activation map \ /'

guantization

Uniform vs. Non-uniform? / \ When to quantize?

*  Asymmetric » Post-training quantization
*  Symmetric * Quantization-aware training
« Power of two

How much to dhantize?

Binary, Ternary, INT K,
FP16, Mixed-precision
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Intro

« What is quantization?

- Fine-tuning methods : PTQ vs QAT
- Post-Training Quantization (PTQ)

“: Fine-tuning 10| pre-trained modelO| Al 2= weight, activation quantization It 20| E{ 2
quantizationot= 24|

=+ Inference 0| A quantizationSt= 2
' QATRE H| W80 &2 accuracy

- Quantization-Aware Training (QAT)
- Fine-tuning2 St A lossE XA R St= %| X 0| mi2td|f &h= HhAl

- O 1
: LossE X[A R St XA o mlato|H & 7| 2|8l fine-tuningdl| B2 AlZtDHHIES

ujn
o
rr
rf
oz
Iz
e’

' PTQRF H[ W50 =2 accuracy 27

Overview of QAT and PTQ

4 I
Pre-trained model [ Pre- tramed model ] [ Calibration data ]
Training data ¢

Quantization [ Calibration ]
+ 1

[ Retraining / Finetuning J [ Quantization ]
v v

[ Quantized model ] [ Quantized model ]

R AMABTHE-D \_ < Left : QAT, Right : PTQ > ) |V_DS|
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1) Ding, Yifu, et al. "Reg-PTQ: Regression-specialized Post-training Quantization for Fully Quantized Object Detector.” Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

Reg-PTQY

« Introduction YOLOF R50

RetinaNet-R50

I backbone [N neck [N head

. = | CI&SSlflcatlon taSk O‘” A_I X'” Ol_-él;l_ o|_ % 9_| 6.1'7:” F . R(;) The proportion of FLOPs for full-precision structures.
st - % 37%
= 3} : er\"OLOF-REﬂi)
|' = RetinaNet-R50

- Obeject detection taskOf| 7| = PTQ & ME A|
- 7| obeject detection taskOf| A| X{| Qs Hf 20

~ Detector®| headE quantization SHX| %S

Obeject detection 22 0f| CHot 244 Sl M 22 quantization & 8 At
» Analysis
- 1) Regressor is more sensitive to perturbation than classifier.
2) Minimizing local quantization error selects sub-optimal scaling factors for regressor.
3) Regressor has non-uniform weight distributions, which differs from the classifier.

0.0025 10 0.0004 - oy 0.004
0.0012 04 e
0.9 04
e \ 02 = . [ 0.972 N
5 \ 0.0010 § 5 0.0003 |\ {o.e70 0.003 06
2 0.0015 0.15  0.0008 oo 1 J\‘\ 0968 > &
© 14 L] N LW 8 o002\ 08 5
o 0.0006 R 0966 5 el 32
‘5 0.0010 0.10 049 & X 102
2 0.0004 & 001 S~ —[9%4 " 001 N\ miiried =
o o 3 I} 0.00 . imai ertor .9
= 0.0005 005 oo 02 ] / 0.962 - \ 12
W minimal error / e
0.0000 0.960 0.000 14
0.0000 = - ——1ooo  0.0000L—— T 57— %0 0018 0024 0030 00178 0024 0030 o - o
a o scaling candidates scaling candidates (a) Weight in classifier (b) Weight in regressor
(a) Perturbation sampled (b) Perturbation sampled (a) Quantization error and accuracy (b) Quantization error and L1-distance to
from Gaussian distribution from uniform distribution of quantized classifier gt (ground truth) of quantized regressor
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 Method

- Reg-PTQY method

1) Ding, Yifu, et al. "Reg-PTQ: Regression-specialized Post-training Quantization for Fully Quantized Object Detector.” Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

Reg-PTQY

- Filtered Global Loss Integration Calibration (FGIC)

* AnaIyS|s 2), local quantization errorg Z[ 225}
29| A& &=

Hessian-guided metric calibration &

- Learnable Logarithmic Affine Quantizer (LLAQ)

=+ Analysis 3), regression of object location2| weight distribution

- Regression head%l LLAQ > FGICE

— Full-precision activation |

<—— Backward propagation
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1) Ding, Yifu, et al. "Reg-PTQ: Regression-specialized Post-training Quantization for Fully Quantized Object Detector.” Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

Reg-PTQY
« Method
- Filtered Global Loss Integration Calibration (FGIC)

. . . . . 0¥ k-th layer output
- Hessian-guided metric calibration { Yoo

n:number of bounding box
A: hypher parameter

Ak T [ OL : Ak k
LHk=z (0f - 0f) 30K (0fF -0F)| —
i A

Calibration= /¢! total loss
- Global Loss Integration Calibration (GIC) = ¥

| LYot =Lyk+1L
P . - k
classification logit  regressed bbox tot H G
1 n l
p— ) . . h . . —
LG - § (LCE(yl'yl) + /u‘p(bubl)
n4 \ J \ J
i=1 I !
classification loss regression loss
1e-4
\ Distance to gt
I .51 2.0

: = “ minimal error g minimal error
: & . . . \ i A 153
. ; © Hessian-guided metric - || g FGIC g
3 e ‘\ | i 10 7
i w VYT o : 2
minimal ertor ‘ 7f N\ 5049 ‘ &

0'01?. 9,024 0020 0024 002 0028 0.030 0024 0025 0026 0.027 0.028
.. scaling candidates scaling candidates
(b) Quantization error and .Ll-dlstance to &) Diagons] Hessian Informion (b) Diagonal Hessian Information
gt (ground truth) of quantized regressor : v :
and distance to gt (ground truth) and precise Hessian
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1) Ding, Yifu, et al. "Reg-PTQ: Regression-specialized Post-training Quantization for Fully Quantized Object Detector.” Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

Reg-PTQY
« Method

- Filtered Global Loss Integration Calibration (FGIC)
- Global Loss Integration Calibration (GIC)
= Global loss L; 2| =X
I A Olo

v Detection head+ classification scoreE Z &0t = B2 bounding box

v 2 confidence score@} loU= %[ &M 9| scale factorS ot=0| 2tsl 7} =

== Two-step bounding boxes filtering mechanism

v =2 confidence score2t loUE MEHSHY| 2|5 mechanism

b"=b-Tyc Ty b=b'FHC'FHI

v T'E= bbox?} EH & &|=X|F LIEIL = position indicator
SIS ¥ ify =6, roolt if loU(b, b) = 6,
HC 0, otherwise HI 0, otherwise

- Global Loss L

B Tl Femmmmmmmm e e o

Global Loss Lg

L.

cls logits filtering

o A [ i

,-"'; \__| @:Eﬂ
6,

bbox loU filtering

n n
1 - 1 -
Le = EZ(LCE @iyi) + ALp(bi' b;) ‘ L; = ” E (Leg i yi) + )LLp(b Tye Ty b Tye - Typ)
i=1 i=1
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1) Ding, Yifu, et al. "Reg-PTQ: Regression-specialized Post-training Quantization for Fully Quantized Object Detector.” Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

Reg-PTQY

* Method
- Learnable Logarithmic Affine Quantizer (LLAQ)

- Regression of object location2| weight distribution

0t

= Weight distribution = 0| &5 - laplace, gaussian distribution} 7 AFeH S E|

'+ Non-uniform®t distributionE X 2| & /2t quantization 2'H He

B E!_S EéIE O}AE xl/\ o|-_/|\_0-”A-I A‘|O=| —T'—I7_|' Etﬂgl'
[x—ul

S 1 _lx—ul
= Laplace distribution 224 2> f(x|p, ) = 7€ 2, u : location, A: scale parameter
= Logarithmic-affine transformation y > 21 57t 2 FAs|7| 2|&t
Y(x) = k*log, x + a*, k*: scale, a*: offset (learnable parameter)

= Location uOf| (2t &= £ 22 2 LI+0] Logarithmic-affine transformation = &

7(;1 —x)—k*log, 21+ at, ifx >y,
W(f (xlp, D) -
— (x w —k~log. 21+ a”, otherwise

Laplace distribution PDF Gaussian ibution PDF
#Params #Params A { b= J
be2|1

y . |- ; NG|

-005 0.00 0.05 -005 0.00 0.05
(c) Weights in Res50 convs (d) Weights in RetinaNet-R18 convs T S e
R S UL | VDS I
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1) Ding, Yifu, et al. "Reg-PTQ: Regression-specialized Post-training Quantization for Fully Quantized Object Detector.” Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

Reg-PTQY

* Method
- Learnable Logarithmic Affine Quantizer (LLAQ)

Learnable Logarithmic Affine Quantizer

s{—LnAQ

- Logarithmic-affine transformation i
k+ P § ff ;o,a 02 04 a,s-—u 10 12

T (u—x)—ktlog, 21+ a™, ifx>p, lt_rggz)r‘gfr?g;oan I{;)e() dequantization ||

l/J(f(xl,u,/l)) k- / ¢ | — Unifom H

- (x—w) —k~log,24A+a", otherwise 4 ,_H_‘_/' :

- 2 [T

;= Weight in regressor= uniform distribution Off F-AHSHA| H et S LR

Logarithmic-affine transformation

Layer.1.weight o

Layer.2.weight B

Layer.3 ' Layer..weight 7 Layer.2.weight

(b) WCight in regressor Layer.0.weight Layer.3.weight . Layer.0.weight - Layer.3.weight

< Non-uniform weight Of Ci St quantization scale HE 21 > < Weight distribution >

| MW THSE A | VQS I
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1) Ding, Yifu, et al. "Reg-PTQ: Regression-specialized Post-training Quantization for Fully Quantized Object Detector.” Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

Reg-PTQY

» Experimental results

A

COCO dataset
Method #Bit RetinaNet YOLOF Faster RCNN Mask RCNN
(W/A) " ResNet-50 ResNet-101  ResNet-50 ResNet-50  ResNet-101  ResNet-50  ResNet-101
Full-precision 32/32 374 38.9 375 385 39.8 392 40.8
BRECQ 2/4 14.0 18.7 10.8 12.5 13.0 11.0 12.0
PD-Quant 2/4 19.3 20.6 15.4 1.7 6.1 11.8 10.8
QDrop 2/4 19.9 22,9 17.4 17.8 19.9 18.2 19.9
Reg-PTQ (Ours) 2/4 23.9 24.8 19.3 19.1 21.5 19.1 20.7
AdaRound 33 19.3 20.7 77 212 228 21.6 22.6
AdaQuant 313 21.1 19.9 13.3 4.8 5.8 4.5 4.4
BRECQ 313 22.8 24.6 18.4 16.7 16.5 15.9 15.2
PD-Quant 313 24.5 25.6 222 14.0 14.0 18.7 17.3
QDrop 313 26.5 26.8 25.8 23.6 24.1 24.4 24.7
Reg-PTQ (Ours) 33 28.1 28.3 27.3 28.1 29.1 28.4 28.8
AdaRound 4/4 20.5 20.8 171 0.6 23.8 243 24.8
AdaQuant 4/4 33.5 34.5 25.6 12.8 14.5 12.0 14.6
BRECQ 4/4 34.2 35.8 29.0 28.8 30.8 31.7 30.1
PD-Quant 4/4 33.2 33.4 31.4 25.7 28.3 27.6 27.5
QDrop 4/4 34.1 35.1 334 33.7 344 34.5 35.6
SubSetQ 4/4 334 35.0 31.8 33.3 354 349 36.8
Reg-PTQ (Ours) 4/4 36.7 359 343 36.7 36.2 36.4 372
AdaQuant 4/8 36.5 38.1 35.0 16.9 19.2 142 18.4
BRECQ 4/8 36.8 38.6 36.2 20.0 22.0 21.2 23.4
PD-Quant 4/8 36.8 38.5 36.5 24.1 24.2 27.4 26.9
QDrop 4/8 37.0 38.5 36.7 37.6 38.9 38.2 39.9
SubSetQ 4/8 36.7 38.3 36.2 36.1 38.7 38.1 39.8
Reg-PTQ (Ours) 4/8 374 38.6 36.8 37.8 39.1 383 40.0
AU
SOGANG UNIVERSITY 12
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1) Ding, Yifu, et al. "Reg-PTQ: Regression-specialized Post-training Quantization for Fully Quantized Object Detector.” Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

Reg-PTQY

» Experimental results

- Ablation studies

0l o E3l &L ol=
- FGIC oto|m{mj2tojHe 2™ 2 St 21t 43
. Oc
baseline: B30 | oiwpay 565 284 163 182
0(who) | 235 239 S 235 232
0; 0.1 238 239 [239] 238 235
0.5 238 238 238 238 232

Table 2. Ablation study of FGIC and sensitivity analysis of its
hyperparameters, fc and 67, on RetinaNet ResNet-50 on COCO
under W2A4 quantization. Baseline means solely using local loss.

- LLAQ &1t ¥&

Model Quantizer W2A4 W3A3 W4A4
One-Stage Uniform 23.0 27.2 35.2
(Bbox Head) LLAQ 23.6 28.0 35.7
Two-Stage Uniform 223 28.8 343
(Rpn+Roi Heads) LLAQ 23.7 31.7 36.4

Table 3. Comparison of uniform and LLAQ quantizers under var-
ious bitwidth on COCO. Models used here are RetinaNet ResNet-
50 and Faster RCNN ResNet-50.

- Efficiency and storage reduction on single NVIDIA Tesla T4 implemented with TVM

Bt wia Quantize Backbone & Neck Fully Quantize
) FLOPs (G) Storage (M) FLOPs (G) Storage (M)
2/4 2548 21.78 12.14 597
4/4 35.24 23.46 22.65 8.70
4/8 54.75 23.46 43.95 8.70

(a) Faster RCNN ResNet-50. The full-precision one has 171.8 GFLOPs
and 46.91 M Storage while processing one sample.

Quantize Backbone & Neck

Fully Quantize

#Bitwin) props (G) # Storage (M) FLOPs (G) Storage (M)
2/4 8.06 37.11 7.89 14.9
4/4 14.73 39.08 14.46 18.42
4/8 28.07 39.08 27.84 18.42

(b) RetinaNet ResNet-50. The full-precision one has 108.10 GFLOPs and
66.60 M Storage while processing one sample.

Table 4. The FLOPs (G) and the Storage (M) of different detectors
under different bit-width settings.

DataType Latency,s Storageyp)
Float32 796.4 129.7
INT16 4384 68.6
INT4* 132.8 38.6
INT4 84.5 22.8

Table S5. Efficiency and storage reduction on single NVIDIA
Tesla T4 implemented with TVM. DataType denotes the weights
and activation datatype. INT4" means we only quantize backbone
and FPN neck to 4-bit but leave the heads full-precision. Other
results without * means full quantization with uniform bitwidth.

SOGANG UNIVERSITY
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1) Ding, Yifu, et al. "Reg-PTQ: Regression-specialized Post-training Quantization for Fully Quantized Object Detector.” Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

Reg-PTQY

« Experimental results
- Visualization of detection results by full-precision (FP) detectors and 3-bit quantized models

Person
0.91/0.50/0.71

Car
0.90/0.64/0.79

Pizza
0.86/0.47 /0.82

g 44 TH8ED | VDS |
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1) Lv, Chengtao, et al. "PTQ4SAM: Post-Training Quantization for Segment Anything." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.
Kirillov, Alexander, et al. "Segment anything." Proceedings of the IEEE/CVF International Conference on Computer Vision. 2023.

PTQ4SAMY

 Background
Segment Anything Model (SAM?)

2)

- Segmentation= /et HE X QI foundation 2 & - zero-shot

Foundation &2 & :

- Model

Image encoder

v Pre-trained ViTE encoderZ St imageg& YHOZ ©

Prompt encoder
v point || box || text 2t 22 promptE
Mask decoder

=25} = task

olgd o
H =

v Prompt self-attention} cross-attention & YO 2

valid mask valid mask
lightweight mask decoder
model
I image
— encoder
prompt
g * D cat with encoder
. black ears T 1
segmentation prompt image prompt image

(a) Task: promptable segmentation

P AT g
' SOGANG UNIVERSITY

(b) Model: Segment Anything Model (SAM)

15

image

Ot 2 O|O|E{ A1 © 2 pretraining A|Z! 7{CHSH 2
Prompt2} image & & H2 = 910 maskE

O 2 3}0] token

,—> annotate —l

model data
T— train 4—]

Segment Anything 1B (SA-1B):
* 1+ billion masks T
+ 11 million images

* privacy respecting ,_. J
* licensed images QAQA X6 ¥

}0d image embeddingsS =3

2k (img to token / token to img attn)

embedding - -—-|

image to token attn.

(256x64x%64)

mlp

I

token to image attn.

masks

output tokens

I

+
prompt tokens

self attn.

(N,,,.,,X256)




1) Lv, Chengtao, et al. "PTQ4SAM: Post-Training Quantization for Segment Anything." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.
2) Kirillov, Alexander, et al. "Segment anything." Proceedings of the IEEE/CVF International Conference on Computer Vision. 2023.

PTQ4SAMY

* Introduction
- 7|Z classification task Of| A | @t HHEH = 9| GHA
~ Segment Anything Model (SAM2)0f| 7| & PTQ 2} H
- SAM? Of Cist 24 3 A 2 2 quantization 2 H| @t

 Analysis

HE Al 4

or

sha

- Bimodal distribution
- VIiT backbone 2 21t 22| bimodal distribution=S LFEfL]= activation mapO| = XY
- Post-Key-Linear 0| A{ =2 LtEFE

- Post-Softmax distribution

- C}FSH attention mechanism 2 2 Q18l| post-Softmax O| 22| LS distribution
SAM I DeiT-S
0.20 f:li%:f::_image : 1 05
image_to_token 1 104
" ! E 102
I 3
I (U] 102
1 10!
« — — — —> 1
void interval I 1 00 ~ - T T
—10 5 3 5 10 | 0.0 0.2 0.4 0.6 0.8
. . . . value =
< Bimodal distribution > < Post-Softmax distribution > < Post-Softmax distribution >
R 447 T8
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1) Lv, Chengtao, et al. "PTQ4SAM: Post-Training Quantization for Segment Anything." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

PTQ4SAMY

 Method

- PTQ4SAMY method
Bimodal Integration (BIG)
Post-Key-Linear Of| A{ 2| bimodal distribution
: 2702| peakset SH2| Bl 742 d5 St=2| 29l
- Adaptive Granularity Quantization (AGQ)
Post-Softmax O A{ 2| =&t distribution

371X| BHHOf| 5Lt quantzation i 8 Al =0t HEE AN s =X

] Bimodal Integration |

normal

distribution

1
I

normal I I
* distribution I
I

LogQ Log Quantizer

|
|
|
|
I Linear Quantizer
|
|
|
|
|

00 o1 os4 06 08 10

fine-grained low values

I
bimodal :
distribution | [
. . T=2
normal l I I
I
I
Bit Shift | | \
[‘_ ______ — :

00 o1 04 06 08 10

Channel /\ /\ e T/\ Gtoslice [ fine-grained high values
Perspective

1-th channel 2-th channel n-th channel

|
|
|
|
|
|
|
|
|
|
[
|
|
|
|
|
|
|
|
|
12

: : argmin E [||AV - ATV" F] Suitable Granularity
| T

I
|
|
|
|
sign factor y[1,—1,...,1] distribution | Xy I
]—’I value |—r—>| LinQ
|
|
|
|
|
|

R AT VDS
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1) Lv, Chengtao, et al. "PTQ4SAM: Post-Training Quantization for Segment Anything." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

PTQ4SAMY

* Method
- Bimodal Integration (BIG) strategy

- F7H] 2E0AMe HE 24

- Bimodal Integration (BIG)
= X2 & sign factor y XN EH
v Bimodal distribution= normal distribution2 £ H2t A|7{ 3= factor
v ye 4 MEQl B gt2 125t sign factorg AlLtetCtd 7HY
{+1, ifmean(K:J-) =0
-1, otherwise

'+ Bimodal Discovery

v BIGE AFE3dt7| ?let M 55

10 é
+ 't'% = -;-'I' _£
lqg 0 height
_5 N
0.05 le -~ 2] o + ? *%i$ + +l4 ?
void interval y 0 -15 -10 -85 -8 /R o z a o
| a i . . U 01 2 3 4 5 6 Ic;an:e:(l)nélexu 13 14 15 16 17 18 19
< Per-tensor perspective> < Per-channel perspective> < Three typical examples in BIG strategy >
AW Tndka | VDS I
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1) Lv, Chengtao, et al. "PTQ4SAM: Post-Training Quantization for Segment Anything." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

PTQ4SAMY

A

Method

- Bimodal Integration (BIG) strategy
- Bimodal Integration (BIG)

BIG strategyS AFE 2 Query, Key Al4F B G4+

AMABTHE-D
SOGANG UNIVERSITY

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|

- QKT = (X W, + by) (Xx Wy + by)T
g VAN J

~

normal distribution  bimodal distribution

+1, if mean(K:,j) >0
-1, otherwise

| Bimodal Integration }
[

|
|
normal |
|
|

distribution

X K’
key Oy
|
|
bimodal |
distribution |
|
normal |
sign factor  y[1,—1,...,1] distribution |
|
|
| offline flow }
Channel /\ e

Perspacae: |1 ‘ /\ ‘
= z ) — forward fiow |
1-thchannel  2-thchannel  n-th channel ‘

< BIG strategy >

-

i
—‘1>|X queryQy I—QPI" LinQ
\

\
normal ‘
\

distribution

QKT = ((X,W, + b)Oy)(Xx Wi + b)THOYT)
(X W'y +b' )XW + b )T
N J

Y A J
normal distribution normal distribution
13 14 3 14
K K’

< The distribution of key activations before and after BIG strategy >



1) Lv, Chengtao, et al. "PTQ4SAM: Post-Training Quantization for Segment Anything." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

PTQ4SAMY

* Method
- Adaptive Granularity Quantization (AGQ) strategy

- Softmax activation function
' Softmax 2H<== attention scoreE 2HE = HEHSI0] 0~ 1 AFO|Q| 2f2 7HE
- SAMZ| attention mechanism
= Self-attention mechanism
== Cross-attention in two directions > SAM2| mask decoder0f| = x|
v Token-to-image cross-attention
v Image-to-token cross-attention

- Softmax activation quantization {r:2°,21,22, ..}

Quantize : a, = clamp(l—logz Si],o,zk —1) Quantize : a, = Clamp(l—log lsi] ,0,2k — 1)
a 2T 2a

‘ ——t

_ . B a
DeQuantize : @ = s, - 2™% DeQuantize : @ =5s,-2 =

self_attn
token_to_image ‘
image_to_token

=1 T=2

20 04 06 08 10 0.0 01 04 06 08 10

R 44 7% Chdka < Post-Softmax distribution > < 101| (2 quantization results > | VDS |
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1) Lv, Chengtao, et al. "PTQ4SAM: Post-Training Quantization for Segment Anything." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

PTQ4SAMY

* Method
Adaptive Granularity Quantization (AGQ) strategy

- Softmax activation quantization
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2) Choukroun, Yoni, et al. "Low-bit quantization of neural networks for efficient inference.” 2019 IEEE/CVF International Conference on Computer Vision Workshop (ICCVW). IEEE, 2019.
3) Wei, Xiuying, et al. "Qdrop: Randomly dropping quantization for extremely low-bit post-training quantization." arXiv preprint arXiv:2203.05740 (2022).

PTQ4SAMY

» Experimental results

- Quantization results of instance segmentation on COCO dataset among different detectors

SAM-B | SAM-L | SAM-H
Detector Methods
| FP | W6A6 | W4A4 | FP | W6A6 | W4A4 | FP | W6A6 | W4A4
MinMax [17] 9.2 - 329 - 319 -
Percentile [59] 10.9 - 335 - 32.0 -
OMSE [5] 1.9 - 339 54 33.1 74 2)
: PTQ4SAM-S 15.4 = 357 18.1 36.0 24.1 . . iotinL foatinn-
Faster R-CNN [45] e 314 [ : 364 | 3 e w2 | 3o o OMSE . statistic b'cl_SGd qua_ntlz_atlog,
BRECQ [20] 24.1 - 42| 107 B7 | 151 activation Ofl Al channel-wise quantization =
QDrop [56] 293 13.0 352 226 36.3 323 . oF 1 ; . .
PTQ4SAM-L 303 16.0 358 287 36.5 335 SHX| -1, quantized tensor2t floating point
- = .
MinMax [17] 10.7 - 375 - 36.1 - tensorSEfQI L2 distance= O|g-o|-05| loss 71|A|_|'
Percentile [59] 12.0 - 38.0 - 36.3 -
OMSE [3] 13.5 - 38.4 6.1 375 78 |
. PTQ4SAM-S 174 = 40.0 20.6 40.3 26.7 . 3 . . PSS
YOLOX [9] AdaRound (22 | 70 | 264 = 404 | 35 R B R %) QdI‘Op . learning-based quantization;
BRECQ [26] 26.1 - 389 12.0 38.3 16.3 X Mot=l mEo| WEIMES ZSTFAIZ| 7] S5k
QDrop [36] 33.6 133 39.7 253 40.4 358 -
PTQ4SAM-L 343 18.4 40.3 316 40.7 37.6 reconstruction J—_'|'XO'| 01|A‘| drop —’,<—7|-
MinMax [17] 10.9 - 38.6 - 373 -
Percentile [59] 12.3 - 39.0 - 375 - .
OMSE [5] 150 - 396 62 386 77 *  PTQ4SAM-S : proposed method + OMSE
) PTQ4SAM-S 17.9 - 41.0 209 41.3 273
H-Deformable-DETR (18] ypound (421 | %82 | 272 . 51 309 g0 | 0| 304 16.3
BRECQ [26] 27.9 - 39.9 1.1 39.5 155
QDrop [36] 343 132 405 258 41.4 365 ° -] - +
PTQ4SAM-L 35.1 17.3 412 321 41.6 38.4 PTQ4SAM L: proposed method erop
MinMax [17] 1.2 - 447 - 4238 -
Percentile [59] 14.0 - 454 - 43.1 -
OMSE [3] 16.6 - 459 6.8 445 83
. PTQ4SAM-S 204 - 477 23.1 48.1 305
DINO [69] AdaRound [42] | 3 312 1.2 486 46.6 8.8 49l 46.0 18.2
BRECQ [26] 318 3.6 46.6 12.3 46.0 17.6
QDrop [56] 38.9 12 475 275 48.3 417
PTQ4SAM-L 404 14.4 483 36.6 48.7 439
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1) Lv, Chengtao, et al. "PTQ4SAM: Post-Training Quantization for Segment Anything." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.
2) Jia, Ding, et al. "Detrs with hybrid matching." Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 2023.

PTQ4SAMY

» Experimental results

- Ablation studies

- N|otst HHH BIG, AGQ &1t 95

3) Ge, Z. "Yolox: Exceeding yolo series in 2021." arXiv preprint arXiv:2107.08430 (2021).

;= Quantization results of instance segmentation on COCO dataset H-Deformable-DETR?) detector

RowID | Model | BIG AGQ | FP | W6A6 W4A4

1 X X 40.5 25.8
2 v X 40.6 29.2
3 SAM-L X v 415 41.2 27.3
4 v v 41.2 32.1

:'» Quantization results of instance segmentation on COCO dataset YOLOX?) detector

#bits | Quantizer | SAM-B SAM-L SAM-H
Full-precision | - | 370 40.4 41.0
Uniform 33.6 39.7 40.4
W6A6 Log2 333 40.2 40.6

AGQ (ours) 339 40.3 40.6

Uniform 13.3 25.3 35.8
W4 A4 Log2 14.1 26.5 37.3
AGQ (ours) 15.0 27.8 37.6
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PTQ4SAMY

« Experimental results

- Visualization of instance segmentation on 4-bit SAM-L.
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