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Introduction

%+ Evolution of CNNs
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Introduction

%+ Evolution of CNNs
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Introduction

% Vision Transformer
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An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale(Dosovitskiy et al, 2021)
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Introduction

»» Which one is better, CNN vs Transformer?
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Introduction

+»» Three main questions of this seminar

1) EEo| 7|2 X2 XM CNNI} Transformer = Ot Z10| O A 50| E271?

A Battle of Network Structures: An Empirical Study of CNN, Transformer, and
MLP(Zhao et al., 2021)

2) H[H™ NN 22 d5S =0l= FR Q02 B

A
Revisiting ResNets: Improved Training and Scaling Strategies(Bello et al., 2021)

3) TransformerQ| O|ES CNNOj| &3l UHA|ZL == QUSSP

A ConvNet for the 2020s(Liu et al., 2022)
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Basic concepts

% CNN
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Basic concepts

s CNN

« convolution &1} pooling 2 7%l £
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Basic concepts
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Basic concepts

% Vision Transformer
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Basic concepts

% Vision Transformer
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iransformer in Computer Vision

Open DMQA Seminar
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Basic concepts

< Vision TransformerQ| ZHctH
 Global(« local) attentionZ 7|82 2 5ff O|O0|X|Z SVARHO| 244 7t Sk kkk
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Basic concepts

% Swin Transformer
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CNN vs Transformers

1) REIo| 7|2 X2 M CNN2} Transformer & OftH 710| . Ms0| E27?
o L polo|siAlMO| HES JIHHQt =Qlst 1AM O 2 OL= | H|w AlS
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A Battle of Network Structures: An Empirical Study of CNN, Transformer, and MLP

Yucheng Zhao*" Guangting Wang*" Chuanxin Tang* Chong Luo? Wenjun Zeng?
Zheng-Jun Zha *
University of Science and Technology of China’ Microsoft Research Asia?

{lnc, flylight}@mail.ustc.edu.cn {chutan, cluo, wezeng}@microsoft.com zhazjQustc.edu.cn
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CNN vs Transformers

. Is{ H
** )é?:'ul I'él

o
e 3H 27HX| EE20Z 0|F Xl Mixing 2S£ 0} BE 1M

o 27t context HHE EAMSIH= spatial = : ZF CNN, Transformer £ X2 A7

Io

« MY MEE EMSI= channel 22 : S5} Layer normalization, Multi-layer

Perceptron(MLP)2 £ 1A

N; N, N,
(0)
: - - 2| |5
g < S| S S| e = = g o
il . x| 2 X x| = X X > o
m 5 5 || 5 5 51| 5 5 5 > =2
3 p g f... o @ M ... o @ ..o @ L o > o5 p O » Class
& © @ || 3 © @ || 3 © © - @
a o o ||3 o o ||l 5 o 9] o @
a o o =2 o o S o o 3 =
2 =~ =~ ) =~ ey ) =~ =~ e o
E : G
da

)

I.. Data l\hininé/
.’. Quality Analytics



CNN vs Transformers

e spatial EE {14
e« CNN : 3 x 3 depth-wise convolution S £ {14
e Transformer : layer normalization, multi-head self-attention S92 1M

: convolutional positional encoding(Chu et al,, 2021) 2E2 7}
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CNN vs Transformers

e spatial EE {14

« CNN: 3 x 3 depth-wise convolution L& 74

« Transformer : layer normalization, multi-head self-attention S22 1

: convolutional positional encoding(Chu et al,, 2021) 2E2 7}
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CNN vs Transformers

2+ A3 A7
« ZA| S0lM= Transformer(S)7t 7H& £2 Ms& HO[X|T, 7 AAHY(XS)O|ME F
80| 5| LIEME
o 71E 72 2R(XXS)0|A= CNNO| ESot 452 H0{ CNNe| 284S 5e
Network scale Model variants Top-1 accuracy(%)
CNN C =64,R =2,N; ={2,2,6,2} 75.3
XXS
Transformer C =32,R=2,N; ={2,2,6,2} 65.4
XS CNN C =96,R =2,N; ={3,4,12,3} 80.1
Transformer C =64,R =2,N; = {3,4,12,3} 80.1
. CNN C =128,R =3,N, = {3,4,12,3} 81.6
Transformer C =96,R =3,N; ={3,4,12,3} 82.9

C: feature dimension, R: expansion ratio of MLP in channel block, Ns: number of mixing blocks
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CNN vs Transformers

o Multi-stage X7} single-stageE2LCt 2X71 {2|5ICt
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samplingsh= 70| Ms0| £
« O|0JX| X2]0f| 0] Locality EE*'%% 02 S5}
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Findings

- CNN7[ZHOHEH ds2 ZIthZ 2022 + U= 7| A
SIS

o erm
N2 Nu=

Revisiting ResNets: Improved Training and Scaling Strategies

Irwan Bello! William Fedus' XianzhiDu' Ekin D. Cubuk' Aravind Srinivas? Tsung-Yi Lin'
Jonathon Shlens' Barret Zoph !
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Findings

% ResNet 7|2 =
* Deep Residual Learning for Image Recognition(He et al., 2015)
o ElEd REIO| R ZI0H M7= 7|27 A4 (vanishing gradient) 28| skip

connection@ 2 af{ A5t BE!

> e
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Findings
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« Cosine learning rate decay
« Momentum optimizer

o A HEt
« Weight decay
« Label smoothing
 Dropout
e Stochastic depth

- GHloJH &&

« RandAugment(Cubuk et al., 2019)

S Er

e Squeeze-and-excitation

e ResNet-D
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Findings

< A M2F @D Weight decay )
. Qo BXt 7} =0bElof 2} gradient descent 7|8t 5t A| 7ESX|7}
Xt &7tz 40| ghdet
« O|Z Qlst npHEHE 87| flal lossol| 7tEX|2| Hl&aE2 HHEIE
Bilst= MYE 2O
1 2
Loss Loss(w,x) = DataLoss(w, x) + Elllwll
dDataloss
ojs Wﬁw—n(T+Aw)
aDatal
=w(l—nd) —n=5= @ 8E
optimizier = torch.optim.Adam(model.parameters(),
Jc Ir=1e-3,

weight_decay=0.9)

| w2t

Weight decay
Label smoothing
Dropout

Stochastic depth
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Findings

% T+H| M2F @ Label smoothing

AR 2

Weight decay

o =22 IAH0IM (1,0,0,-,0)22 E7|5t= Bl[0|& softstA| HH = 718 . Label smoothing

o BEI0[ smoothstH| OS5t FEete 2 AHAerS YX|at

ol

dog cat
(0,1
Yoot = yi(1—a) + a/K
a: smoothing factor
K : number of class
(1,0)

Dropout

Stochastic depth

dog cat

(0.1, 0.9)

(0.9, 0.1)
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Findings

. RS
< 1A H=F 3 Dropout H "
® elg ecay
« &5 Al Fully connected layer2| LL.E 5 2SS AEHGIH M= AZS - Label smoothing
LEII-S E:EED._l' 6}&3'.5 =13=¢! . Dropout
. Stochastic depth

od
- O M2 CHE 2EO| ehgEl= dl0]7] =0 ensemble 2117t L0
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Findings

H . 2k
< A ®M2F @ Stochastic depth A H
. Weight decay
« Residual blockOj|A| &t&E[= convolution 2£2 711 A Bt . Label smoothing
- U2 UEYIE FXItHME dropoutt RAFSt SutE 27| & * Dropout

Stochastic depth
Deep Networks with Stochastic Depth(Huang et al., 2016)
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Findings

PE ¥
Squeeze-and-excitation

* Squeeze-and-excitation networks(Hu et al., 2018) : SENet -+ ResNet-D

« Global average pooling(GAP)C 2 MHEE =of

o AX HZA @ Squeeze-and-excitation

— Fully connected layer2 A2 = ULt 2 22 2 S2

~ Helie| EF X|=0f &8l x{ 20t 7HES K| F0

U Fm/l___]:[l—»-ﬂ]

H' FH‘ H FV(‘uh' (.*-)

W' W
" i (& C

Figure 1: A Squeeze-and-Excitation block.
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Findings

% X B @ ResNet-D

Bag of tricks for image classification with convolutional

neural networks(He et al., 2018)

719 37|2f stride, max pooling

My

o
=2

s

S

Hz

Squeeze-and-excitation
ResNet-D

Block
Group

Output
Size

Layout

Convolution

stem

112x112

3x3, 64, 82
3x3, 64
3x3, 64

x1

c2

56x56

1x1, 64
353, 64
1x1, 256

x3

c3

28x28

Ix1, 128
3x3, 128
| 12|

x4

cd

1l4x14

Ix1, 256
x3, 256
Ix1, 1024

x23

c5

Tx7

Ix1, 512
3x3, 512
Ix1, 2048

x3

1x1

Avg Pool
Dropout
| 10004 e |

x1

.ﬁ

Do'ro\!%mng
Quality Analytics



Findings

v M3z

e 7§M X ImageNet0]| CHal 79% REHE — 83.4% 2 Z7H+4.4%p)

+ B WAL H| H2FOR QIEH HEHT BHAL0| %E XIEH+3.2%D)

Improvements Top-1 A
ResNet-200 79.0 —
st~ ppay  + Cosine LR Decay 95 +0.3
1H ©71 4 Increase training epochs | 78.8T  -0.5
+ EMA of weights 79.1 +0.3
+ Label Smoothing 80.4 +1.3
TH| M2k  + Stochastic Depth 80.6 +0.2
+ RandAugment 81.0 +0.4
+ Dropout on FC 80.7%+ -03
+ Decrease weight decay 82.2 +1.5
+ Squeeze-and-Excitation 82.9 +0.7
TE 88 | ResNet-D 834  +0.5

\ ‘ \vy//,
Data Mining
0.:.0 Quality Analytics



Findings

» MEH
«  Weight decay?| HZEst AtE0| 0| S3IT}
. C}2 7A| M2 Lopp M=X|of| e S =X ¢on 3t 3R|7t E|0] M 5tat

« Dropout, Stochastic depth A&t I lambda Zf £01%|0fF &t

Improvements Top-1 A
ResNet-200 79.0 —
=t npay + Cosine LR Decay 79.3 +0.3
“1E S | Increase training epochs | 78.8T  -0.5
+ EMA of weights 79.1 +0.3
+ Label Smoothing 80.4 +1.3
M| ®2F + Stochastic Depth 80.6 +0.2
+ RandAugment 81.0 +0.4
+ Dropout on FC 80.7% -03
+ Decrease weight decay 82.2 +15V
+ Squeeze-and-Excitation 82.9 +0.7
TE B8 | ResNet-D 834  +0.5
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Hybrid CNNs

3) TransformerQ| O|HES CNNOj| ME3| LUXMA|ZL &= Q2?2

TransformerZt 28Xt QUX|2F O[0|X| 257 2| CtFsh H|H TtA|0|A HHE HEQZZ

&t25|7|0l 31747} BChD X

=O
H

. CNNL 0|0|X| &{Z|0l| Zgtst inductive biasE 2t1 Q0] BHE X2 Sk O|HS

—

—
Fs

CNN(ResNet)0| Transformer0j| A0l 7|HES M3l 2™ A|Z] 510|E2|E CNN

J

‘ConvNext” XA|ot

A ConvNet for the 2020s

Zhuang Liu»?* Hanzi Mao! Chao-Yuan Wu' Christoph Feichtenhofer! Trevor Darrell? Saining Xiel!

IFacebook AI Research (FAIR) 2UC Berkeley

Code: https://github.com/facebookresearch/ConvNeXt
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Hybrid CNNs

ResNet-50/200

stage ratio
Macro I: 9

Design “patchify” stem

depth conv
ResNeXt I:

e widih T e .
Inverted i 0
Bottleneck  nverting dims 3 Inverted bottleneck : +0 1A)p

""""" — move 1 d. conv

kernel sz. » 5
Large 0
Kernel kemel sz. - 7 4 Large kemel +O 7 A)p

kernel sz. - 9

—kernel sz. -» 11

— RelLU—GELU
fewer activations 5. Micro dCSign s +1 4%p

Design fewer norms

BN — LN

- sep.d.s. conv

ConvNeXt-T/B

-1/B

ImageNet

Top1 Acc (%) 78 80 82 // )‘ . N
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Hybrid CNNs

ResNet-50/200 |

»» 1. Macro design
Design

Macro stage ratio
@ ResNet-502| =& 42 Swin-T2} FAISt HIE2E =F I:“patchify" stem
:1(3,4,6,3)>(3,3,9, 3)

@ 0|0|X| = == convolution H[O|X{S VIT HAloZ A

: 7 x 7 convolution (stride 2) = 4 x 4 convolution (stride 4)

4
AW . :
Loy -t
S A(] —
o 0 T
“patchify” stem ViT IR
[f ‘jjiiija

!\ Do'ro mlng
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Hybrid CNNs

depth conv i} *:2//,/
o+ 2. ResNeXt ResNeXt I: . E — a5
wi ]

@ Bottleneck E£0f depthwise convolution &

HEEE OHE 7SR EXE ArEst7| MZ 0| self-attention &40 fAFeH 1t 7+

m

@
16

Y X|E *E & Swin-Tet SE5HH =F

- 96

B~

o o =

, .
°FF oy
' '
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Hybrid CNNs

— move T d. conv )f1
< 4. Large kernel el es & b
1
@ 2E S0 LE| 37|15 719 VT2 20| £8 FAS HE  ama | o=
. . . kernel sz. » 9 m 1»12
: 3 x 3 depthwise convolution = 7 x 7 depthwise | vomelsz. 11 WYY YAHILE Yoo
convolution
AWA! N/ e
| | B |
,lzo X | ,l:o X
N </ N L)
/7 N ay, VIin
( | | 1N/ B LA B
_JLLY QA | |
3 x 3 convolution 7 x 7 convolution |
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Hybrid CNNs

«»» 5. Micro design
: 2tM 35t sh4~(ReLU » GELU), M tst giAl(Batch norm —
H

Al
Layer norm) = Swin Transformer &fAlO = A5}

Swin Transformer Block

96-d

i

1x1, 96x3

+ el pos. Y win, shift
MSA, w7x7, H=3|

Micro

— RelLU—-GELU

fewer activations

Design fewer norms

BN — LN

L~ sep.d.s. conv

ConvNeXt-T/B

ResNet Block ConvNeXt Block

1x1, 96

o< "«:<
X

Y
D
(e <
|m\

LN
oA " v
A 3x3 1x1, 384 I
96d
BN, RelLU GELU
"LN v v
BN
GELY b W
L V
RelU
1X1, 9 Y Y

.ﬁ
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Hybrid CNNs

/
0’0

A HEAL

o

Lo
f>

« Transformer(DeiT, Swin Transformer) &t& 7|10} SASHA AH
e training epoch 300
« AdamW optimizer
e data augmentation : Mixup, Cutmix, RandAugment, Random Eraising

e regularization : Stochastic depth, Label smoothing

Al
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Hybrid CNNs

oo |3=4 :IJ_'_I'

o H|OFSt 7|2 ConvNeXt(82.1%)2 Swin Transformer A=(81.3%)S HO{A

. = O|0|X| 27|12 =2 8% 211 855% s 7=

1magc throughput IN-1K

aee (image / s) top-1 acc.

#param. FLOPs

ImageNet-1K trained models
e RegNetY-4G [51] 224 2IM  4.0G 11567 80.0
e RegNetY-8G [51] 2247 39M  8.0G 5916 81.7
e RegNetY-16G [51] 2242 84M  16.0G 3347 82.9
e EffNet-B3[67]  300° 12M 1.8G 7321 81.6
e EffNet-B4 [67]  380° 19M 4.2G 3494 82.9
e EffNet-B5[67] 456 30M 99G  169.1 83.6
e EffNet-B6[67] 5282 43M 19.0G  96.9 84.0
e EffNet-B7[67] 600 66M 37.0G  55.1 84.3

DeiT-S [68] 224° 22M  4.6G 9785 79.8
DeiT-B [68] 224> 8TM  17.6G  302.1 81.8
- Swin-T 224> 28M 4.5G 7579 81.3
e ConvNeXt-T 2242 29M 45G 7747 82.1
Swin-S 224> SOM 8.7G 4367 83.0
e ConvNeXt-S 2242 S50M 8.7G  447.1 83.1
Swin-B 224> 88M 154G  286.6 83.5
e ConvNeXt-B 2242 89M 154G 292.1 83.8
Swin-B 3842 88M 47.1G  85.1 84.5

o ConvNeXt-B 3842 89M 450G 957 85.1
e ConyNeXt-L 224> 198M 344G 146.8 84.3
o ConvNeXt-L 3842 198M 101.0G 504 85.5
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Conclusions
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« Depthwise convolution

e Regularization : Stochastic depth, Label smoothing &
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