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|2 pLacy weizmann Alex Krizhevsky, Ilya Sutskever, and Geoffrey E. Hinton. ImageNet classification with deep convolutional neural networks.NIPS, 2012
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% DL4CV Weizmann Karen Simonyan, Andrew Zisserman. Very Deep Convolutional Networks for Large-Scale Image Recognition. ICLR, 2015.
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Softmax
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* All conv layers are 3x3, stride 1, pad 1
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VGG resources
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Residual Building Block

F(x)

5 2451 DL4ACV Weizmann
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Residual Building Block G E N o

X
[ J M B F(x)
F(x) l Same blocks s
] oy o
X
F(x) + x
F(x)+x

Encourage identity mapping Predict small residual




F(x)+x F(x) + x

—
Gradient highway

5 2451 DL4ACV Weizmann
WAIC




Effic. Trans.
Net Lr

Res
Net

Google
Net

’ -

ResNet Architecture

| 000T 34

7'y

jood ae

TT5 ‘AUOD EXE

A

ZTS ‘AUDd EXE

TT5 “AUD3 EXE

A

TTS “AUDD EXE

-~ _ FIG “AUOD £XE
A A
| 2/ z1s ‘nuodgxg

957 “MIB3 EXE

A

95T ‘A0 EXE

Q57 'AUDD EXE

A

557 ‘AUDI EXE

957 'AUDD EXE

A

95T 'AUDI EXE

95 "'AUDD EXE

A

G5 'ALIOD EXE

557 ‘AUD3 EXE

LY

052 'ALIOD EXE

- _ 957 ‘AU03 FXE

A A

| z/'95z ‘oo gxg

BT "AUOD £XE

A

7T ‘AU0D EXE

AT ‘AUOD EXE

A

BLT ‘AU03 EXE

BET ‘AUDD £XE

A

BTT ‘A0 EXE

pmmwmmn

l.'...r

. _ 27T 'ALIDD EXE

A A

“ | z/ '8zl Auod £XE

T p—

_I 9 'AU0D EXE

A

0 ‘AUOD EXE

+9 'AUOD EXE

LY

0 'AUDD £XE

15 “AUDD EXE

A

9 'AUOD EXE

z/'lecd

A

| 2/ 'va‘auco ixs

F Y

afew

3

25 DL4CV Weizmann

%“

WAIC




EfficientNet DDHDOHO
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EfficientNet
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CNN architecture 005008

* Design your network according to your task and resources

* Take into consideration

* # Parameters
* #f FLOPs
* Memory Size

e Use identity mapping (Skip connections)
* Use existing architecture
e Use a pre-trained model




Transfer Learning
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Questions?
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