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Review: LeNet-5

[LeCun et al., 1998]
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ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners

30 282

25.8
25

20
16.4
15
11.7

10

2010 2011 2012 2013

Linetal Sanchez &  Krizhewvsky et al  Zeiler &
Perrennin (AlexNet) Fergus

152 layers

152 layers

152 layers

A

19 layers| |22 layers |

2014 2014 2015
Simonyan &  Szegedy et al ke etal
Zisserman (VGG) (GoogleNes) [ResNet)

A

2016
Shao et zl

A

7.3 67
. - H = =

2017 Human
Hu et 3l Russakovsky et al
[SENet)



‘. »1! -
.c.,
)

r



-
£

»
’

.)

\

WE NEED TO GO
" DEEPER "'




Input data Convl

55X 55 X 96

IR 22T X3

Conv2

21X 27 %256

Conv3

13X 13 x 384

Conv4

13x 13 x 384

Convs

FC6

FC7

FCS8

13x 13 X 256

4096

4096

1000



-
£

»
’

.)

\

WE NEED TO GO
" DEEPER "'




960¥ 94

4 » N\
9601 9}
4 » 7\
9601 94 £:0218
N\:Mon
f Z2lS ‘AU0D £Xg |
4 * N
ZLS ‘AUOD £XE
e * R
ZLS ‘AUOD £X§ v1:az1§
N\NHQQ
_
Z2LS ‘AUO0D £Xg
4 » N\
ZLG ‘AUOD £XE
e * ™
Z¢lg ‘AUOD gXg 82218
N\:Moa
( 9GZ ‘AUOD £Xg |
(" * 7\
9G¢ ‘AUOD g£XE
4 » N\
9GZ ‘AUOD £XE 9G:921§
Sm&
82l ‘nuooEXE |
\ t
82l ‘Auod gxg | ILazIS
N\:M%
ﬁ 9 ‘AUOD £XE u
*
m 79 ‘AUOD EXE w veiozis




-
£

»
’

.)

\

WE NEED TO GO
" DEEPER "'




L=

AveragePool
7x7+1(V)

DepthConcat

[
5x5+1(S)

Conv
1x1+1(S)

Conv
3x3+1(5)

Conv
1x1+1(5)

MaxPool
3x3+1(S)

Conv
X1+1(S)

[
1x1+1(S)

DepthConcat

Conv
5x5+1(S)

Conv
33+1(5)

Conv
1x1+1(S)

Conv
1x1+1(S)

Pl SoftmaxAdtivation

x3+1

Conv
1x1+1(S)

Conv
1x141(S)

[
3x3+2(5)

DepthConcat FC

Conv Conv
1x141(S) 1x141(S)

Conv
5x5+1(5)

[
1x141(S)

Conv
3x3+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

MaxPool AveragePool
3x3+1(S) 5x5+3(V)

[
1x1+1(S)

[
3x3+1(5)

[
5x5+1(S)

Conv
1x1+1(S)

Conv MaxPool
1x1+1(S)

Conv
x1+1(5)

DepthConcat softmax0

[
3x3+1(5)

Conv
5x5+1(S)

Cony
1x1+1(S)

oo SoftmaxActivation
1x1+1(S)

Conv Conv MaxPool

1x1+1(5) [l 1x1+1(5) [ll 3x3+1(5) G
DepthConcat FC
Conv Conv Conv Con Conv
a+1(s) [l 33+1(5) [l 5x5+1(5) [l 1a+1(s) [l 1a+1(s)

Conv
1x1+1(S)

MaxPool [l AverageP
3x3+1(5) 5x5+3(V)

[
1x1+1(S)

DepthConcat

Conv
1x1+1(S)

[
5x5+1(S)

Conv
1x1+1(S)

Conv
3x3+1(5)

Conv MaxPool
La+1(s) [ 3x3+1

[
1x1+1(S)

MaxPool

3x3+2(S)

DepthConcat

[ [
5x5+1(5) [l 1x1+1(5)

[
1x1+1(5)

[
3x3+1(5)

MaxPool
3x3+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

DepthConcat

[
1x1+1(S)

[
5x5+1(S)

[
1x1+1(S)

Conv
3x3+1(5)

MaxPool
3x3+1(S)

[
LA+1(S)

Conv
1x1+1(S)

MaxPool

3x3+2(

LocalRespNorm

Conv
3x3+1(S)

Conv
1x1+1(V)

LocalRespNorm

MaxPool
3x3+2(5)

Conv
Tx7+2(S)






-
£

»
’

.)

\

WE NEED TO GO
" DEEPER "'




|ood 8ae

TIS ‘AUOD EXE

716 ‘AUO) £XE
TIS ‘AU0d £XE

|ood 8ae

TIS ‘AUOd EXE
TS ‘AUOD £XE

ZIS ‘AU0d £XE

8TT ‘AUOD £XE

2/ 821 'Au03 £xg

..... 7t o o]

[ sscnume |

[ sscuoex |

957 o> BXE 95T ‘AUOD EXE

L [ oz umex |

[ oscnumee | [ sscnume |

‘!Em. [ sscnumee |

oo pe | o exe ]

st mope ] [ ooz nuaexe |

mg [ oz uorex |

BT [ oz nuoexe |

gl oo ] | 95z'Auocdgxg |
A

..., [ e ] [ o o]

s oo ] s woroe ]

[ _samwooe e ]

[ sauoex |

[ /se oo

[ wuooe |

[ e |

[ oo |

[ wworee |

BT

[ oo |

¢/ ‘1ood

u
:

T/ ‘v9 ‘0D /X[
y

>

a8ew

|enpisai JaAe-p ¢

7/ ‘1ood

2/ 99 ‘Au0d £XL

adewn

uie|d 12Ae|-y€

[ oooty |

9601 24
o 1 @218
9601 34 1ndino
. L2218
2/ ‘lood andyno
A
ZTS ‘Au0d £XE
TTS ‘MU0 £XE
TTS ‘Au0D £XE
. v -ezs
2/ 100d ndino
TTS ‘AU EXE
I —
ndino
¢/ ‘|1ood
957 ‘AUOD EXE
| ostmooee | ..o
indino
7/ ‘lood
8ZT ‘AU0D £XE
8TT ‘AUOD E£XE 21T s
indino
7/ lood
e eus
[ saueE ] ndino
afew
6T-99A

identity

layer

|
layer

F(x)

x + F(x)



-
£

»
’

.)

\

WE NEED TO GO
" DEEPER "'




Companng Comple)“ty"' Inception-v4: Resnet + Inception!
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An Analysis of Deep Neural Network Models for Practical Applications, 2017.

Figures copyrighl Afredo Canzani, Adam Peszke, Eugenio Culurdiello, 2017, Reprocuced wih permission.






Okay but the data...



Transfer Learning / finetuning









UNet - Architecture for Dense Prediction Tasks
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What about not image
recognition?

Other Computer Vision Tasks

Semantic Classification Object Instance
Segmentation + Localization Detection Segmentation
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Other vision tasks

Optical Flow
https://flowseek25.github.io/

Feature Matching, Stereo Matching
https://sterecanywhere.github.io/

3D Reconstruction
https://github.com/naver/dust3r
https://github.com/naver/mast3r
https://vgg-t.github.io/

Image and Video Segmentation
https://ai.meta.com/sam3/
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Architecture of the day:

Transformer







