DMQA Open Seminar

Backbone Network in Deep learning

2022-11-25

Korea University

Data Mining & Quiality Analytics Lab.

o M Z

Data Mining

{.. Quallity An Iy’r




Xt AN

< AAMIEI (Sejin Sim)
 Jlo{Cishul ARATSS Tek X!
 Data Mining & Quality Analytics Lab. (282 w4H)
o MAFIFA (2022. 03 ~ Present)

\/
0‘0

2

A 17 20}

* Deep Learning for Multichannel Signal Analysis

* Time Series Representation

% 12t

* ssj259@korea.ac.kr

Q.. Daota Mining
ob Quallity Anailytics



B Contents

** Introduction

* Backbone Network
* Swin Transformer
« ConvNext

* Conclusion

*»» References

Q.. Daota Mining
ob Quallity Anailytics



Introduction

Data Mining

{.. Quallity An Iy’r




Prediction

MLP(multilayer perceptron)

Output
Prediction
Dog
Cat
Bear

N 1 N 1 M
N mn AN mn .7
(NN VALY PAREENEN VALY 251
[N /v\ [P BN /v\ [P
L IEAN [ SV BN [ RV |
~ e ~ e

T N A Y N A V|
1 NN A 1 NN A 1
R VAT N N T 2 VA N S

PAS VA A VA
N R R A N 2 R
17,7 Ay Nolg Ay Ay
v v, . V. '}
N 1 B s %)
AN N AN LN i
(NN VAL > S~ 4 |
[ TN N S N
[N YO AP B R AR A A
1 AR AR 4 1 NNt N !

AN A |
1 n 1~ A I PN
TS RS Y

1 7 N7 TN A ] ‘L 1

RS VAR soeN oINS N
(AN I | 1,00 N sy
1,7 1 Sals Ay )
., Ay QL v N
v v 04

- Introduction

¢+ What is Backbone Network?

Feature Extraction

Feature Extractor

Features

Input Image

(%2}
O
-
g 2
E=
> =
o%
(o=
aod

.ﬁ



B Introduction

¢+ What is Backbone Network?

© UHKEQI O|D|X| 22S QB 1B AP X

Input Image \/ Feature Extraction
BackBone Network

AlexNet
VGG
GooglLeNet
ResNet

Features

Q.. Daota Mining
ob Quallity Anailytics

Predicti
- ———————- . - - - .
> 4 4
IS ] N )
S " SO~ U2y
s 7, s 7,
N Y
e 7N e 7N
- ’ N / ~.
<~ A R4 \ Pid
Sz N S N o
DA ANl
> A > A
VPR s L7~
7 - SO 7 - SO
e -
e’________\\ _________ X,
2 Z
DS /,' ~ ,'
s SN 2Ty
o< ¢,
NoTN g ~
~ p he
- - N
\ ~
el L __ SRS C AN,
\ 4 S i
7/ ' ’
~ N P
~ A S A
S0 P2
- \ -
4 S 4 SN
- S . N
N N

Output
Prediction

Dog
Cat

Bear




- Introduction

¢+ What is Backbone Network?
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“* What is Backbone Network?
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“ Swin Transformer: Hierarchical Vision Transformer using Shifted \Windows
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ICCV (2021), 20224 11& 18 7|& 3,7123| 218

Transformer A& Q0| =76t CNN 7|8t REID} QAISHA|ZEAQES

Swin Transformer: Hierarchical Vision Transformer using Shifted Windows

Ze Liu"  Yutong Lin™

Zheng Zhang

Yue Cao”
Stephen Lin

Han Hu't  Yixuan Wei'
Baining Guo

Microsoft Research Asia

Abstract

This paper presenrs a mew vision Transformer, called
Swin Transformer, that capably serves as a general-purpoese
backbone for compouter vision Challenges in adapring
Transformer from language to vision arise from differences
between the two domains, such as large variarions in the
seale of viswal entities and the high resolution of pivels
in images compared to words in fexr.  To address these
differences, we propose a hierarchical Transformer whese
represeniation is computed with Shifted windows, The
shifted windowing scheme brings greater efficiency by lim-
iring self-attention compuiation to non-overlapping local
windows while alse allowing for cross-window conmnection.
This hierarchical architecture has the fexibility 1o model
ai varions scales and has linear computarional complexity
with respect to image s These qualities of Swin Trans-
former make it compatitle with a broad range of vision
rasks, including image classification (873 top-1 accuracy
ait fmageNer-1 K] and dense prediction tasks such as object
detection (5387 box AP and 311 mask AP on COCO tesit-
dev) and semandic segmentation (335 mfoll on ADE2OK
vall. lis performance surpasses the previows state-of-the-
art by a large margin of +2.7 box AP and +2.6 mask AF on
COC0, and 4+3.2 mlol’ on ADEZOK, demonstraring the po-
rential of Transformer-based models as vision backbones,
The hierarchical design and the shifred window approach
alse prove beneficial for all-MLP architectures. The code
artd models are publicly available ar hotps @ yithub.

A e
AT S
{a) Swin Transformer {ours)

Figure 1. (a) The proposed Swin Transformer builds hierarchical
feature maps by merging image patches (shown in gray) in deeper
layers and has linear compuiation complexity to input image size
dwe o computation of self-strentio nly within each Jocal win-
dow (shown in red). It can thus serve as a general-purpose back-
bone for both image classification and dense recognition tasks.
ib) In comtrast, previous vision Transformers [20)] produce fea-
tare maps of a single low resolotion and have quadratic compa-
tation complexity to input image size due to computation of self-
anention globally.

greater scale [ |. more extensive connections [ 54 ], and
muore sophisticated forms of convolution |70, |. With
CMNMNs serving as backbone networks for a variety of vision
tasks, these architectural advances have led to performance
improvements that have broadly lifted the entire ficld.

Omn the other hand, the evolution of network architectures
language processing (NLP) has taken a different
path, where the prevalent architecture today is instead the

in nature
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“ Swin Transformer: Hierarchical Vision Transformer using Shifted Windows
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“ Swin Transformer: Hierarchical Vision Transformer using Shifted \Windows
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Bl Backbone Network

“ Swin Transformer: Hierarchical Vision Transformer using Shifted Windows
Architecture (ex. Swin—tiny)
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“ Swin Transformer: Hierarchical Vision Transformer using Shifted Windows
* Patch Partition & Linear Embeding
v" Patch Partition : 4 x 4 Pixel size€| Patch= L= F, X2 SO = Concat
v" Linear Embedding : CAFRICZ projection A& (Swin-Tiny2| Z<L C=96)
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“ Swin Transformer: Hierarchical Vision Transformer using Shifted Windows
* Patch Partition & Linear Embeding
v Patch Partition : 4 x 4 Pixel sizeQ| Patch= Lt+= 5, 2l O = Concat
v" Linear Embedding : CAFRICZ projection A& (Swin-Tiny2| Z<L C=96)
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“ Swin Transformer: Hierarchical Vision Transformer using Shifted \Windows

* Patch Merging
v' H7|(Stage)E Q1T PatchE HE6H SHAEE E0F= 21

v" Patch Merging = Merge + Linear Layer
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Bl Backbone Network

“ Swin Transformer: Hierarchical Vision Transformer using Shifted \Windows

* Patch Merging
v’ CHH|(Stage)d Q1 PatchS HE6I0] SHATEE 20T = MY

v" Patch Merging = Merge + Linear Layer
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“ Swin Transformer: Hierarchical Vision Transformer using Shifted \Windows
*  Swin Transformer Block2| W-MSA & SW-MSA
v 7|& ViT Encoder?| Multi-Head Attention= CHA| &

ViT Encoder I A
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" M ! 1 '
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Embedded \ Two Successive Swin Transformer Blocks
Patches

Q.. Daota Mining
ob Quallity Anailytics




Bl Backbone Network

“ Swin Transformer: Hierarchical Vision Transformer using Shifted Windows
Swin Transformer Block2| W-MSA & SW-MSA
v W-MSAWindow Multi-head Self Attention) : Local Window 2tH|A{2] self-attention
v SW-MSA(Shifted Window Multi-head Self Attention) : Local Window 72| self-attention

o= = === —— - =,

#
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Layer | Layer I+1 L e ) | P
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Bl Backbone Network

“ Swin Transformer: Hierarchical Vision Transformer using Shifted Windows
Swin Transformer Block2| W-MSA & SW-MSA
v W-MSA(Window Multi-head Self Attention) : Local Window 2tH|A{2] self-attention
v SW-MSA(Shifted Window Multi-head Self Attention) : Local Window 72| self-attention

- ~ P i
Pl (D ' 1 1 e \
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“ Swin Transformer: Hierarchical Vision Transformer using Shifted \Windows
W-MSA — SW-MSA ZI2X0]| O|of]

v Window=0| SW-MSAOIA HZAE|0] &k&

v
Layer | Layer I+1
W-MSA SW-MSA
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“ Swin Transformer: Hierarchical Vision Transformer using Shifted Windows
«  Swin Transformer Block2| SW-MSA(Shifted Window Multi-head Self Attention)
v W-MSAQIA HEE|0] JAX| L2 Window=0| SW-MSAOM HEE| Sk
v WindowZ (M/2, M/2 )22 O|SA|7{ 28t
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“ Swin Transformer: Hierarchical Vision Transformer using Shifted \Windows
«  SW-MSAZ| Cyclic Shift & AttentionMask — W-MSAL} S5t window/H4= AR
v Cyclic Shift : M x M 2L} 22 AO| XS] Window?®! A, B, CE E0fA 7|&1 st 27 |= DI
v' AttentionMask : A, B, C= Local Window Self-attention At Al maskE X250 HA0| £8HE|X] 04| St
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“ Swin Transformer: Hierarchical Vision Transformer using Shifted \Windows
«  W-MSA & SW-MSAZL| Self-attention Al Al

v Relative position bias : &THZEE Holiz= A2 = 71 AL ZHHQI Positional Encoding ELt £22 ds5 2

Attention(Q, K, V) = SoftMax(QK” /vVd + B)V.
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“ Swin Transformer: Hierarchical Vision Transformer using Shifted \Windows

«  W-MSA & SW-MSAZ] Self-attention At Al

v" Relative position bias Attention(Q, K, V) = SoftMax(QK"' / Vd + B)V.
(=, ) =1, 1=+

0,-1 . . _ = _
0-1]-1 o1 |  Relative position2| | IndexZ 0 E AIZfol== ‘E'J;}-E x2M-1 &g
-1,011, -1 ’ ’ ’ [_M+']’ M_‘|] - [_1’ .|.‘|] =X+ 1(M-1) =‘_3o|'|}_|'EX(2X2—1)
=XHE+102-1)=%2H +1 = XHE x 3
Feature Map I
MxM=2 ’ ’ 0.1100/-1.1/-1,0 .O,—'l -1,0}-1, -1 .1,0 0,1100
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1.0/1,-1 1,011,-1, 0,0 21120 1,1|1,0
> 1,0(1,-1, 0,0 |0, -1
0,00, -1 1,171 1,01 0,1 2,212111,2
1,171 1,0
1,111,001 .
0,1
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“ Swin Transformer: Hierarchical Vision Transformer using Shifted \Windows
«  W-MSA & SW-MSAZL| Self-attention Al Al

Attention(Q, K, V) = SoftMax(QK” /vVd + B)V.
v" Relative position bias

Relative position bias table (=B)

s ZHE x 2M-1 M
=&l X1 x (2x2-1) ) o Index bias _ - _
= S F}H x 3 Relative position Index o 5 Relative position bias(=B)
300100 3|10 1102 08| 02 | 01
2 103
32(31/02/01 5 14| 2|1 06 [ 01| 03|02
3 |08
6,1/60/31/(30 7 16|43 Y 0404|0108
6,261 3,2. 8| 7|5 5 |06 07| 04|06
6 |04
7 |04
8 (0.7
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“ Swin Transformer: Hierarchical Vision Transformer using Shifted \Windows

* Data Shape Example

Image 224 x 224 x 3
— (Patch Partition=Flatten) 56 x 56 x 48(=4 x 4 x 3)

Stage 1.
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sl |2 swin |1 | & Swin |1 | & Swin |1 | & Swin |, — (Patch Merging—2. linear layer S1failA C £%8) 28 x 28 x 2C
Images [ & ] 5—} Transformcr—:—:)‘ = —)‘Transfonncr'—:—':" = [ Transformer | = | Transformer 3> ( 'ging=2. Yers foliM C £)
SRR e Block |1t |5 Block |41 |5 Block |1 | Block |, Stage 3
=l o I = 1 | = = 1 -ta e J.
il I bo|s i s ' : - o|x] 72
= )L\ )\ Joo L)\ )1 — (Patch Merging—1. 2x2 Q18 patch77|2| merge) 14 x 14 x 8C
SO X2 M. X2 L M. X6 SN X2 _ e — (Patch Merging-2. linear layer S C 2%) 14 x 14 x AC
(a) Architecture (b)
Stage 4.

— (Patch Merging—1. 2x2 Q1™ patch77|2| merge) 7 x 7 x 16C
— (Patch Merging—2. linear layer S1fsHM C &28) 7 x 7 x 8C
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“ Swin Transformer: Hierarchical Vision Transformer using Shifted \Windows

* Architecture Variants

v" Image Size = 224x224 G{|A|

downsp. rate

. Swin-T Swin-S Swin-B Swin-L
(output size)
A concat 4x 4, 96-d, LN concat 4x 4, 96-d. LN concat 4x4, 128-d, LN concat 4x4, 192-d, LN
stage 1 win. sz. 7x7, win. sz. 7x7, win. sz. 7x7, win. sz. 1x7,
(6x36) 1| 4im96, head 3| *% | |dim96,head3] X% | [dim 128, head4| % | |dim 192, head6] = 2
8 % concat 2x2.192-d , LN | concat 2x2,192-d | LN concat 2x2.256-d , LN concat 2x 2, 384-d , LN
stage 2 win. sz. 7x7, WIn. sz. 7x%7, win. sz. 1% 7, win. sz. 1% 7,
(28x28) dim 192, head 6| <2 | |dim 192, head 6| <% | |dim256.head 8| <% | |dim 384, head 12| 2
concat 2x 2. 384-d , LN | concat 2x2, 384-d | LN concat 2x2.512-d ., LN concat 2x2. 768-d , LN
stage 3 16 win. sz. 7x7 win. sz. 7x7 win. sz. 7x7 win. sz. 7x7
] A9AD ] 4im 384, head 12| < © | |dim 384, head 12| '8 | |dim 512, head 16| < '® | |dim 768, head 24| < '8
concat 2x2, 768-d , LN | concat 22, 768-d , LN | concat 2x2, 1024-d . LN | concat 2x2, 1536-d .LN
32x - - - -
stage 4 win. sz. 7x7, win. sz. 7x7, win. sz. Tx7, win. sz. Tx7,
= (7xT) x 2 2

Q.. Daota Mining
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|dim 768, head 24

dim 768, head 24J X2

dim 1024, head 32| ~

dim 1536, head 43J 2
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“ Swin Transformer: Hierarchical Vision Transformer using Shifted \Windows

* Experiments — Classification

(a) Regular ImageNet-1K trained models

(0] 1mae O q6F
v" Transformer 7:” X H |II|_ method image #param. FLOPs tl:jmu.chput ImageNet
size (image / s)|top-1 acc.
: 7|-§>|' Eﬁ:S )\‘l'— l:-l')k'l RegNetY-4G [15] [ 224" 2IM  4.0G | 1156.7 80.0

RegNetY-8G [£5]] 224 39M  8.0G 5391.6 81.7
RegNetY-16G [18]| 224* 84M  16.0G | 334.7 829

EffNet-B3 [4] | 3007 12M 1.8G | 732.1 81.6

v CNN A€ H|Z EffNet-B4 [55] 3802 19M 4.2G | 3494 | 829
EffNet-B5 [5%] 4562 30M 99G  169.1 83.6

: = M7} SEAALO O EffNet-B6 [55] [5282 43M 190G 96.9 84.0

- throughput %, IS Sf559] Trade off/t %5 EffNet-B7 [58] |600° 66M 37.0G  55.1 84.3
ViT-B/16 [20] |384° 86M 554G 859 77.9

ViT-L/16 [20] |384% 307M 190.7G  27.3 76.5

DeiT-S [67] 224° 22M  4.6G 940.4 79.8
DeiT-B [67] 224> 86M 175G 2923 &81.8

DeiT-B 3847  86M 554G 85.9 83.1
Swin-T 224 29M  4.5G 735.2 81.3
Swin-S 224° 50M  8.7G 436.9 83.0
Swin-B 224° 88M 154G | 278.1 83.5
Swin-B 3847 88M 47.0G 84.7 84.5
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ob Quallity Anailytics



Bl Backbone Network

N

“ Swin Transformer: Hierarchical Vision Transformer using Shifted \Windows

Daota Mining
Quallity Anailytics

Experiments — Object Detection
v ZhI[Q! Q|T0fAf K H|T

: ReNet 50 [HH| 2 Ms

C
=d

v Cascade Mask R—-CNN T2X0|A

HH
=i

 ItEH0]E] T2 TH2 A| Et = CH|

C
=

vs ResNet

VS

Swin

Method

(a) Various frameworks

Backbone

AP™* APX* APSY

#param. FLOPs FPS

Cascade
Mask R-CNN‘ Swin-T

R-50

463 643 505

82M 739G 18.0

50.5 69.3 54.9

86M 745G 15.3

ATSS

R-50

435 619 470

32M 205G 28.3

‘ Swin-T

47.2 66,5 51.3

36M 215G 223

RepPointsV?2

R-50

46.5 64.6 503

42M 274G 13.6

| Swin-T

50.0 68.5 54.2

45M 283G 12.0

Sparse
R-CNN

R-50

445 634 482

106M 166G 21.0

‘ Swin-T

479 67.3 523

11OM 172G 18.4

(b) Various backbones w. Cascade Mask R-CNN

AP™* AP AP7SAP™* APS;™* APTS™ |param FLOPs FPS

DeiT-S7
R50

48.0
46.3

67.2
64.3

| Swin-T

50.5

69.3

51.7
50.5
54.9

414 64.2
40.1 61.7

43.7 66.6

443
43.4
471

80M 889G 10.4
82M 739G 18.0
86M 745G 15.3

X101-32

48.1

66.5

524

41.6 63.9

| Swin-S

51.8

70.4

56.3

44.7 679

45.2
48.5 \ 107M 838G 12.0

101M 819G 12.8

X101-64

48.3

66.4

523

41.7 64.0

| Swin-B

51.9

70.9

56.5

45.0 68.4

45.1
48.7 ||145M 982G 11.6

140M 972G 10.4
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Experiments — Semantic Segmentation
v DeiT-SetH|ul

v =
i

Method + Backbone H|1!

TR =0 A
O ITL

I_

O

Al
M2 O0HZ O &

QA
IT

CFA

=

d

=k
~

ADE20K val  test

Method Backbone |[mloU score #param. FLOPs FPS

DANet [23] ResNet-101 | 45.2 - 6OM  1119G 15.2
DLab.v3+[!1] ResNet-101 | 44.1 - 63M 1021G 16.0

ACNet [24] ResNet-101 | 45.9 38.5 -

DNL [71] ResNet-101 | 46.0 56.2| 69M 1249G 14.8
OCRNet [73] ResNet-101 | 453 56.0| 56M 923G 19.3
UperNet [6Y] ResNet-101 | 449 - 86M  1029G 20.1
OCRNet [73] HRNet-w48 | 45.7 - TIM 664G 12.5
DLab.v3+[!1] ResNeSt-101| 469 55.1| 66M 1051G 11.9
DLab.v3+[11] ResNeSt-200| 484 - 88M 1381G 8.1

SETR [#1] T—Largei 503 61.7| 308M - -

UperNet DeiT-S! 40 - 52M  1099G 16.2

UperNet Swin-T 46.1 - 60M 945G 18.5

UperNet Swin-S 49.3 - S8IM 1038G 15.2

UperNet Swin-B* 51.6 - 12IM 1841G 8.7

UperNet Swin-L* 53,5 62.8| 234M 3230G 6.2
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- 4=
v' Transformer 220 Local WindowZ X &350 M5 0| =

v" Patch MergingS Soli Stage'® AISHQ1 71X ad

— VIiT 20t O M2 AiEs 7
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CNN 2E=S 7

2oz

oM, Swin Transformer?| &

Swin Transformer: Hierarchical Vision Transformer using Shifted Windows

Ze Liu"  Yutong Lin™

Zheng Zhang

Yue Cao”
Stephen Lin

Han Hu't  Yixuan Wei'
Baining Guo

Microsoft Research Asia

Abstract

This paper presenrs a mew vision Transformer, called
Swin Transformer, that capably serves as a general-purpose
backbone for compouter vision Challenges in adapting
Transformer from language to vision arise from differences
between the two domains, such as large variarions in the
scale of viswal eniities and the high resolution of pivels
in images compared to words in fexr.  To address these
differences, we propese a hicrarchical Transformer whose
represeniation is computed with Shifted windows, The
shifted windowing scheme brings greater efficiency by lim-
iting self-atteniion compuiation to non-overlapping local
windows wihile alse allowing for cross-window conmnection.
This hierarchical architecture has the fexibility 1o model
ai variows scales and has linear computarional complexity
with respect to image size. These qualities of Swin Trans-
former make it compatible with a broad range of vision
rasks, including image classification (873 top-1 accuracy
ait ImageNer-1K) and dense predicrion tasks such as object
detection (5387 box AP and 311 mask AP on COCO tesit-
dev) and semandic segmentation (335 mfoll on ADE2OK
vall. lis performance surpasses the previows state-of-the-
art by a large margin of +2.7 box AP and +2.6 mask AF on
COC0, and 4+3.2 mlol’ on ADEZOK, demonstraring the po-
reniial of Transformer-based models as vision backbones.,
The hierarchical design and the shified window approach
alse prove beneficial for all-MLP architectures. The code
and models are publicly available ar hocps yithub.

zhez,

e
=

{a) Swin Transformer {ours) (B ViT

Figure 1. (a) The proposed Swin Transformer builds hierarchical
feature maps by merging image patches (shown in gray) in deeper
layers and has linear compuiation complexity to input image size
dwe o computation of self-strentio nly within each Jocal wis
dow (shown in red). It can thus serve as a general-purpose hack-
bone for both image classification and dens
ib) In comtrast, previous vision Transformers [20)] produce fea-
tare maps of a single low resolotion and have quadratic compa-
tation complexity to input image size due to computation of self-
anention globally.

recognition lasks.

greater scale [ |. more extensive connections [ 54 ], and
mare sophisticated forms of convoluton [ 70, 15, |. With
CNMNs serving as backbone networks for a variety of vision
tasks, these architectural advances have led to performance
improvements that have broadly lifted the entire ficld.

Omn the other hand, the evolution of network architectures
in natural language processing (NLP) has taken a different
path, where the prevalent architecture today is instead the
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» ConvNext: A ConvNet for the 2020s
- SYHE
v' VT 0|Z Swin Transformer S Transformer0f| 8717} ESE[11 U2
— CNN E2Z2 Sliding Window& &ofl I2t0|E{E SR70l0 Inductive biasE Soll E2 Hs5 H
> Inductive biasZt?

: C|O|E{0]| CHSH 7H™E F71610 O £2 M52 ST (ex. CNN2| AL Locality, Transitional Invariance)

el [/ 17 \
- 1A/, i
/ - Y |
A - 7/, L |
-1 |- // -

ek W ZAE |
/,f;——/gf;:————' 1 ’
fullv-conrected unit i e T |

Locality Transitional Invariance

= 2ot HEST|E| S5E=E 7 = Ol IX[of| A === =H
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¢ ConvNext: A ConvNet for the 2020s
- SHHE
v VIT 0| Swin Transformer S Transformer0f| 977} EI=E| 11 S
— CNN 222 Sliding WindowsE &ofl I2t0|E{E SR/o61% Inductive biasE Sofl £2 4

— Z£2 452! Swin Transformer2| Window 7|#2 Z= CNNOfIA] 7k42 71O 2 = 4~

olr

20
Ojo

L

Sliding Window Approach for Object Detection (a) Swin Transformer (ours)

.‘:‘. giﬁt[\;m%%yﬂcs https://towardsdatascience.com/understanding-regions-with—cnn—features—r-cnn-ec69c15f8ea7
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- SEHIE

v" ViT 0| Swin Transformer < Transformer0|| 1727} Z=E[ 1 AL

— CNN 2 2= Sliding Window= Soli IIZt0|EE S$5otH Inductive biasS

—_ =

£= | gds oI8d EES 20| ZF /el
Transformer E2ELC H £2 d5= & A0

sz Y

Z2 4521 Swin Transformer?| Window 7|#2 Z= CNNOAM 7FN2 MO = =

.C:O. giglnh;l/r\‘r‘:;ﬁyﬂ cs  https//towardsdatascience.com/understanding-regions-with-cnn—features—r-cnn—ec69c15f8ea’

olr

o

O

k=]
=]

$
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% ConvNext: A ConvNet for the 2020s
- XotEIEHE
v ResNetb02 7|2tO 2 Transformer2t SASHA Modernizing(Z|213h)31H Ms2 =21 ConvNeXt |2t

— Swin Transformer 2} H|wgHS [ff & HAMEF CHH| O £2 ds2 EY

ImageNet-1K Acc.
90

88
weight layer
| 86 Swin Transfo '?n(;r:VNEXt
F( %) 1reu (2021)

X . 84 DeiT

weight layer dentit Modernizing (2020)
y 82 ® Transformer
A

80 ResNet
(2015)

78 .
CINN 7IEt ResNet50 76

F(x) +x

ImageNet-1K Trained
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*  Modernizing

v' Attention modulesS 2X| %11 ResNetS Swin Transformer?} Z0| £ S} &t
ResNet-50/200

GFLOFs

v ResNet500(M Ofell M= HEoH Swin-T2| ds= S/t [
. Design “patchify” stem
@ MaCrO DeSIQn r p depth conv &
ResNeXt
. . width T
@ ReSNeXt_Ify E::tﬁizik inverting dims

—move T d. conv

3 Inverted Bottleneck

kemel sz. -+ 5

Large

Large Kernel Sizes Kool | “7% 7
@ g kemel sz. —+ 8
® Micro Design e —
fewer activations
Micro
Design fewer norms

BN — LN

= sep.d.s. conv

ConvNeXt-T/B

/B

ImageMest

Top1 Acc (%) 7O 80 82
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* Modernizing — M Macro Design : stage ratio

v' Stage P2 Swin Transformer HIZQ! 1:1:3:12 £8 (x 3, x4, x6, x3—>x 3, x 3, x 9, x3)

output size w ResMet-50 & ConvMNeXt-T Swin-T
stem | 5656 h?&lﬁﬁﬁﬁc | 44,96, stride 4 434, 96, stride 4
=1, 9hGx3
11, 64 ] d7=7, 96 M5SA, wTx7, H=3, rel. pos.
res2 5656 I=3 6 | = 3 1=1,384 | |= 3 =1, 96 x 2
[lxj,zsf, [Jxl.?ﬁ] ) 1=1, 384 i
) 1= 1,96
T=1, 19223
=1, 128] 47 =7, 192 MSA, w77, H=6, rel. pos.
resd | 28x28 3x3, 128 px 4 1x1, 768 || = 3 1x1, 192 % 2
|:li,5|1 [lxl,mz] ) 11, 768 ’
) 1=1. 192
1x=1. 3843
li,zsf,] [d?ﬂ.sm MSA. w7=7, H=12, rel. pos.
resd | 14x14 3x3,256 || = 6 1x1, 1536 = 9 1x1, 384 % 6
[ln. 1024 ll:{l,}EHJ i 1=1,1536 )
[ 11,384 ]
T=1, Th8 =3
1x1,512 d7 =7, TH8 MSA, w7=7, H=24, rel. pos.
ress TxT 3x3,512 || = 3 1x1, 3072 | = 3 1x1, 768 x 2
11, 2048 =1, ToH i 11,3072 )
L [ =1, 7o ]
FLOPs 1= 100 15 = 107 15 = 100
# params. 200G = 100 756 = 1 253 = 107

Q.. Daota Mining
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¢ ConvNext: A ConvNet for the 2020s

Modernizing — @ Macro Design : patchify stem

v Swin Transformer?| Patch PartitionZt 20| Patchify =8 (7 x 7, stride 2— 4 x 4, stride 4)

.ﬁ

S . TranSfO er output size # ResMet-50 & ConvMNeXi-T Swin-T
win rm ) T=7, 64, sinde 2 e :
stem | 56=56 oo A, M, stride 4 44, 96, stride 4
H W48 qH W 3x 3 max pool, stride 2 3
474 474 I=1, 953
‘. Stage 1 Sy 131, 64 ] d7=7, 96 MSA, w77, H=3, rel. pos.
— | l: res2 56 =56 I3 b | = 3 l=1, 384 = 3 I 1=1, 96 % 2
= I %1, 256 11, 9 1x1, 384
W3 gl = ‘! il 11, 96
1T : . Ix1, 1923
21 || 2 Swin ]
Images [ E E ] Transformer _1_: l=1, 128 d7 =7, 192 MESA, w7 =7, H=f, rel. pos.
o Block : ] res3 | 2ExIR Ix3 128) =4 I=1,768 | <3| | 1=x1, 192 x 2
..2 E i ! 1=1,512 I=1,192 1=1, THE
= E : : ) 1x1, 192
— 11, 38423
b X2 ! I =1, 256 |-|:IT-T".3:H MEA, w7=T, H=12, rcl. pos.
resd 14 14 323,256 ) =6 =1, 1536 =9 1=1, 384 = 6
ll:l. I[:II-I-J ll::{l.."-ﬂ-ﬂJ =1, 1536
‘1) _______ 1=1, 384
T % l=1, ThE=3
1=1,512 d7=T7, THhE MEA, wT=T, H=24, rcl. pos.
"""" 3136 ress TuT 3«3, 512 | = 3 D=1, 3072) = 3 =1, THE w2
11, 2048 1=, TGHH =1, 3072
56 x 56 x C
224 x 224 x 3(RGB) 8190 xdx4x3 [ 11, 768 ]
Patch  Patch ET [P L1 = T 7 T
e FLOPs I._.l = 10 L5 = 10 |.:|.l " ][:lI
- # params. 25.6 = 10" 2EG = 1P 253 = 107
Data Mining

Quallity Anailytics




Bl Backbone Network

» ConvNext: A ConvNet for the 2020s
*  Modernizing — @ ResNeXt : depth conv
v" Vanila ResNet0| O} ResNext2 At (Grouped convolution = ex. 32702| 1&)
v" Depthwise seperable convolution= AF26HA] AL |

> XM H 71580]7| IH20| Self-attention2t SAFSH HALS

A;
— —= _l_(gl

256-din ¢ 256-din
— - —
256, 1x1, 64 256, 1x1,4 256, 1x1,4 total 32 256, 1x1, 4 . R
4 - v paths v -
64, 3x3, 64 4,3x3,4 4,3x3,4 ceee 4,3x3,4 Depthwise Pointwise
v v - -
64, 1x1, 256 4,1x1, 256 4,1x1, 256 4, 1x1, 256

256-d out

256-d out
ResNet ResNext

Depthwise seperable convolution

.C:.. gi?lwhjllr\\g;glyﬂ cs Xception: Deep Learning With Depthwise Separable Convolutions
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“* ConvNext: A ConvNet for the 2020s
*  Modernizing - @ Inverted Bottleneck & @ Kernel Size
v Swin Transformer= MLP Block hidden dim0| Input dim2| 4HH
v' ResNextZ Swint} SU6HH| 23

Swin Transformer Block

— .
1x1 ,‘;Ex3
MSA, wrx7, H=3 1"1. 384_'95
Ix:fgﬁ
X d3x3, 96—96
.
-
| 1x1, 384
GELU
¥
([t ] 7|& ResNeXt
&
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¢ ConvNext: A ConvNet for the 2020s
*  Modemizing - @ Inverted Bottleneck & @ Kernel Size
v" ResNextHIM AF2El 3 x 3 kernel size — Swin Window sizeQl 7 x 7 2 H4

Swin Transformer Block

96-d ConvNeXt Block
LN
Y
1x1, 96x3 a6-d
TTel pos. W win. Shil [ d7=7, 96 ]
MSA, w7x7, H=3 -
LN
v
) o)
f!\ GELL
(w 4
96-d
| [ 1x1, 96 ]
I 1x1, 384 v
o]
GELU ..\L:}
1x1, 96 ¥
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» ConvNext: A ConvNet for the 2020s
*  Modernizing — ® Micro Design
v' RelU— GELU
v" Fewer Activations & Norm
> SHHEE M5 2OR WY

v"Batch Normalization — Layer Normalization

Q.. Daota Mining
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Swin Transformer Block

w
1x1, 96 ]
b4
an
ALY
B6-d
1|th I
1x1, 384 ]
GELU I
w
1x1, 96 ]

ResNet Block

256-d

ConvNeXt Block

9&-d
v
d7x7, 96 ]
LM I
"
1x1, 384 ]
1x1, 96 ]
v
)
anr
L
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“ ConvNext: A ConvNet for the 2020s
*  Modernizing — ® Micro Design : Down—-sampling Layer & Off Stage =&
v Swin&| Stage At0| down sampling = Patch Merging

> [QAISH2 x 2 conv with stride 2= Convolution Layer 0|12 &

Swin Transformer _ i .
output size # ResMNet-50 o ConvNeXit-T Swin-T
stem | 5656 ,iﬂ\n;:’:'m:]“f;'sc 5 | 474, 96, stride 4 44, 96, stride 4
"""""""""""" =1, 963
11,64 d7=7, 96 MSA, w77, H=3, rel. pos.
g 80 res? 5= 56 Ix3 6 | 3 Ix1,384| = 3 11, 96 w 2
HxWx3 |2 ! 1x1, 256 [I\l.m’:} : 1x1, 384 ’
Images E Transformer § Transformer I=1, 96
= Block = Block ] ] i L, 1923
kS = 1:1, 128 77, 192 MSA, w77, Heh, rel. pos.
resd | 2Ex28 Ix3, 128 = 4 1], 768 | =3 1=1, 192 %2
1:1,512 [lxl.llﬂl B 1x1. 768 )
“““““““““““ ) . . 1=1.192
p } i} 1=1, 384=3
/ 1:1, 256 d7x=7, 354 MSA, w77, H=12, rel. pos.
Stage1 ’ AN Stage 2 | resd 1414 3x3, 256 ) =6 I=1, 1536 =9 =1, 384 = b
[1; 1, 1024 [ 11, 384 i [ 1x1.1536 ] )
- ) . 1x1, 384
: oD, 708 =3
iH ﬂx 1x1,512 ] Tx7, T68 ] MSA. w7 =T, H=24_ rel. pos.
——— 4c @ ress T7 3%3, 512 | =3 1:1,3072| = 3 1x1, 768 w2
i 11, 2048 Ixl, 763 | ) [ 11,3072 ] )
11, T8
FLOPs 1= 10 15 = 107 15 = 100
56 x 56 x C 28x28x4C 28x28x2C # params. 256 % 100 256 % 107 253 x 107
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ob Quallity Anailytics




Bl Backbone Network

¢ ConvNext: A ConvNet for the 2020s

* Architecture Variants

output size s ConviNeXi-T

v C = channels in each stage

siem 56 = 56 x4, W, stride 4

d7=T, 96
res2 56« 56 l=01,384]| = 3

v B = number of blocks in each stage

11, ¥
e ConvNeXt-T: C' = (96,192,384, 768), B = (3,3,9,3) 477, 192]
e ConvNeXt-S: C' = (96,192, 384, 768), B = (3,3,27,3) =P e |
e ConvNeXt-B: C' = (128, 256, 512, 1024}, B = (3 3,27, 3)
e ConvNeXt-L: C' = (192, 384, 768,1536), B = (3. 3,27, 3) Y R Sl I
e ConvNeXt-XL: C' = (256, 512, 1024, 2048), B = (3,3,27,3) 11,384
[d7 %7, T68]
resS T=T 1=1,3072) = 3
| 1x1,768
FLOPs 15 = 100
# params, 2806 = 1P

Q.. Daota Mining
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Experiments — Classification

v

Transformer A&
. FARHIEIO|EE

CNN A<}

. throughput

H|

= M

-, O

ThH|™

28 HEHN O 22 d

=i SEASA L

9| Trade off7t A

= cCt
s 29

HO

d

model

image
size

#param

. FLOPs

throughput IN-1K

(image / s) top-1 ace.

ImageNet-1K trained models

e RegNetY-16G [54] 2247 84M 160G | 3347 | 829
«EffNet-B7[71] 6007 66M 370G  55.1 84.3
e EffNetV2-L [72] 480% 120M 53.0G 837 85.7
DeiT-S [13] 2247 22M  4.6G 9785 | 708
DeiT-B [73] 224 §7M 176G 302.1 81.8
Swin-T 2247 28M  45G 7579 | 813
o ConvNeXt-T 2242 29M  45G 7747 | 821
Swin-S 2242 S0M 887G 4367 | 83.0
o ConvNeXt-S 224 50M 877G 447.1 83.1
Swin-B 224 88M 154G 2866 | 835
e ConvNeXt-B 224> 89M 154G | 292.1 | 838
Swin-B 3847 88M  47.1G  85.1 84.5
e ConvNeXt-B 3842 89M 450G 95.7 85.1
o ConvNeXt-L 2247 198M 344G 1468 | 84.3
o ConvNeXt-L 3847 198M 101.0G  50.4 85.5
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* Experiments — Object Detection and Segmentation

] s Pl!;rl.rj. ﬁFb‘P‘ API.‘Iﬂhk APm.bl: ﬁF'“‘i"“k
v ZFIH0l O 50| A BHE H| T backbone FLOPs FPS AP™" AP, - 50} -
2 2| A0 = Mask-RCNN 3 x schedule
. EHEgl_j.IL_l. |:_| =O A—|:% EOI Swin-T 267G 231 460 681 503 416 0 651 449
" () S OO d

||C1:|]1\'NE:{[-T 262G 256 46.2 679 508 417 650 449 |
Cascade Mask-RCNNM 3= schedule

# ResNet-50 739G 162 463 643 505 401 617 434
*X101-32 819G 138 481 665 524 416 639 452
* X101-64 972G 126 483 664 523 417 640 451
Swin-T 745G 122 504 692 547 437 666 473
oConvNeXt-T 741G 13.5 504 69.1 548 437 665 473 |
Swin-§ 838G 114 519 707 563 450 682 488
o{ConvNeXt-S 827G 120 519 708 565 450 684 491 |
Swin-B 982G 10.7 519 705 564 450 68.1 489
ofConvNeXt-B 964G 114 527 713 572 456 689 495
Swin-B* 982G 10.7 53.0 718 575 458 694 497
o/ConvNeXt-B} 964G 115 54.0 73.1 588 469 706 513 |
Swin-Lf 1382G 9.2 539 724 588 467 701 508

ConvNeXt-L¥  1354G 10.0 548 738 598 476 713 517
ConvNeXt-XL! 1R08G 86 552 742 599 47.7 716 522
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v Ol2f =L £|AIS}EHHS M50 Swin Transformer2 Lt =2 A58 &M
(1 Macro Design
@ ResNeXt-ify
@ Inverted Bottleneck
@ Large Kernel Sizes
® Micro Design

v" CNNZJ Inductive biasE QX|&t 4= Q)

ojo

Q.. Daota Mining
ob Quallity Anailytics



Conclusion

Data Mining

{.. Quallity An Iy’r




B Conclusion

* Conclusion
«  Backbone Network2t H|F0|A 22{E X9 Feature Extractor S22 LUoIH, 22X OZ SkEE RHIO| K|S
Hete S 0|10 A S RF7| floff S8
*  Swin Transformer= Local window?®} Patch Merging= Soff ViT2| = 7HMSI0] Transformer AIEYNHE =
ol E2 dsit e E B
«  ConvNext= CNNZ 7|8t9 2 Inductive biasE {X[oHA Swin TransformerdiA] ZQt5H x|AS} 7 |HES Solf
2 gt s E B

*  Backbone Network2| 2742 21PHQ1 122 Solf HIT S0 ZetE s 2= E0)7|0f G Ve HE S

YA Lo A8 + Us A= A= &
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< 712l o] A
«  7HQI A1 Multichannel Signal El|O|E{0]] ResNet, Swin Transformer, ConvNextE X2 A7t AUS
v ResNet ) Swin ) ConvNext 2| d& =27t LI2ICH, ResNet2t Swine SAIeH Mes2 EY

v H|™ Backbone Network’| Ef 20[HME £2 M= HO|X|T St M5 =212 7HKK|l= L3

-

_|,_
>

v 0|91 2 Backbone Network2| EXI2 O}R6IH &Zol= A0| 5L A= Al H

> ex. ResNet2 SwinO|Lt ConvNext=Lt X|SX0l EXIN| O 2= =
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