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CNN

ALeNet5

— C3: f. maps 16@10x10
: feature maps S4: f. maps 16@5x5
INPUT @202 pe16@

S2: f. maps

32x32
6@14x1

I
Full coanection ‘ Gaussian connections

Convolutions Subsampling Convolutions  Subsampling Full connection
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CNN vs. DNN

ACNN ¢ DNN1 Y
A a

FULLY CONNECTED NEURAL NET LOCALLY CONNECTED NEURAL NET CONVOLUTIONAL NET

Example: 1000x1000 image
IM hidden units
M) 10712 parameters!l|

Example: 1000x1000 image
IM hidden units
Filter size: 10x10
100M parameters

E.g.: 1000x1000 image
100 Filters
Filter size: 10x10
10K parameters

- Spatial correlation is local

- Better to put resources elsewhere! Ran

Ranzof
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CNN V¥

Al (Convolutional Layer)
AKernelsizeks)

1x1 1xl‘J 1xl 0 0
Q:O 1xl 1x0 1 0 4
Qd q<0 1xl 1 1
0/0|1|1]|0
ol1]1]of0 * 5 o i o
Convolved
Image

Feature
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CNN V¥

Al (Convolutional Layer)
AZeropadding

AStride o O C.zhd')’Q
i Ol QQfl
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CNN V¥

Al (Convolutional Layer)
AW @ G ON 4
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A (Pooling Layer)
-

Convolved Pooled
feature feature
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CNN V¥

A (Pooling Layer)

. 1

¥ :
‘ ® Qi ¢z QQ
® o1 oag P
Convolved Pooled
feature
feature QI conv pooling, ¥ Y
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CNN V¥

A (Activation Layer)
ASigmoid £
@y — =l |

05k L Tanh | /

ATanh £ " /

@y

f(x)

Sigmoid Tanh P
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CNN V¥

A (Activation Layer)
ASigmoid £

W | [~sigmoid =

ATanh £ 0.5/,

@y

f(x)
o

0.5}

Q2 sigmoid tanh® H s . H TR S A

Sigmoid Tanh P
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An (Fullyconnected layer)

W 00w hoN s hoN 9
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CNN ¥ &
An (Fullyconnected layer)
W W ® «hosa fooN 5
A Ngs 9 ®

Cj/ ~®

Q34 S
Q4:H W 9 ?
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(Endto-end) 3
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—

Trainable
Classifier

Low-Level
Feature

Mid-Level| |High-Level
— p——"
Feature Feature
A »

hand-crafted
Feature Extractor

“Simple” Trainable

Classifier

CNN
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LeNet AlexNet 1o
(1998) (2012)

_ VGGNet ResNet
(2014) (2015)

& \IN(2013)

Inception
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Inception
— ResNet ngiﬁget
2016
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1

LeNet AlexNet 1
(1998) (2012)

_ VGGNet RESE
(2014) (2015)

& \IN(2013)

3

Inception
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Inception
— ResNet ngiﬁget
2016
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28.2

DenseNet
(2016)

\ I 11.7
‘ 22 Iayers 19 Iayers

\67

3.57 I I 8 Iayers 8 Iayers shallow

ILSVRC'15 ILSVRC'14 ILSVRC'14 ILSVRC'13 ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)



AlexNet(2012) 1

Aa, ’ n %o
A CNN ¢ /
Aa, GPU «

AlmageNet 3t top-5

“E

“E

ImageNet

/£
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AlexNet(2012)

A’?’

Aa RelU £ 97 D sigmoid tanh
4 CNN[ %o
A tani 1 60

A~ Dropout
A @ mini-batch forward-backward T~ n

¥ Y W W0
A~ Group convolutioh \

A H - ¥ H -
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NIN(2013) 12

A FW Network in Network - MLRA 9
b
A 1 a 1x1 conv HRelLU+conv MLPcon 1x1 conv 4 CNN
T %
A ¥ a global average pooling fc ~ Loa

AAlexNeT n U\« 95%(68million)
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VGGNet2014) [3

AlmageNet 2014

Aa I3 4 9 AexNefT7x7 + ~ La
v A 3x3 Y CNN T

A 16 19 VGG16 VGG19 ~ \

K I %0



VGGNef2014) 3!

2014 ~ -

3x3 1 1§ AlexN
a 3x3 Y

VGGl VGGIS

AlmageNet
Ag

\'4

16 19
K I %0

A

/£
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ConvNet Configuration

A A-LEN B C D E
Il weight | 11 weight | 13 weight | 16 weight | 16 weight | 19 weight
layers layers layers layers layers layers
mput (224 = 224 RGB image)

convi-64 conv3i-64 conv3-64 conv3-64 conv3-64 conv3i-64
LRN conv3-o4d conv3-64 conv3-64 conv3-64

maxpool
conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128
conv3-128 | conv3-128 | conv3-128 | conv3-128

maxpool
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
conv1l-256 | conv3-256 | conv3-256
conv3-256

maxpool
conv3-312 | conv3-512 | conv3-512 | conv3-312 | conv3-5312 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool
conv3-512 | conv3-312 | conv3-512 | conv3-5312 | conv3-512 | conv3-512
conv3-512 | conv3i-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool

FC-4096

FC-4096

FC-1000

soft-max
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GoogLeNet2014) 4

AlmageNet 2014 " google ~ LeNet
A23 R H |k "N VGG
(5million vs. 144 million)
Alnception b y
Z
A~ 7 NINT 1x1 conV T B
\‘x_m 1x1 convolutions | | 1x1 convolutions | | 3x3 max pooling

(b) Inception module with dimension reductions
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GoogLeNet2014) 4

AlmageNet 2014 google LeNet
Ann v “ie .l v a0 = \ I~

A




GooglLeNetamily

AGoogLeNet> Inception v1
Alnception v® vl :':
\ S a

) 8

Input: Values of z over a mini-batch: B = {z;_,, }:
Parameters to be learned: ~, 3
Output: {y;, = BN, 5(z,)}

T

1
gy — — E T;
T “
1=1

// mini-batch mean

7

. 1 - .. .
nf;{ — E (z; — pg)? // mini-batch variance
=1
xX; B

.'.i:.:g €

// normalize

Y; + 7%; + B = BN, a(z;) // scale and shift

Algorithm 1: Batch Normalizing Transform, applied to
activation x over a mini-batch.

A BN 4 CNN

08
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Batch Normalization(BN) ¥

|

T % A

= = = |nception
b 1 ‘= = BN-Baseline
os{-t BN-x5
- BN-x30
I + - BN-x5-Sigmoid
- & Steps to match Inception
0.4 1 ! 1

sM 10M 15M 20M 25M 30M
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GooglLeNetamily

Alnception v®: v2 ': T I | Ne L "}“
© Fa H @ Nx1-1xN T
4 N Wae NxNi 7

Vd

Alnception v&l:  v3 :': Ak
¥ W 1 #

A4

nnnnnn

AXceptiore! Inception ~ ¥ Depth
wise Separate Cohvgroup= ¥ - W A A S A

uuuuuu
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ResNet(2015) P!

AlmageNet 2015 * CVPR 2016 best pager "ENe
Z

A ¥152 CNN ~ H |k 23 GoogLeNet

A FT 3 L ) v - ~ shortcuf
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ResNet(2015)

A 2 | A
. .

ohke
FIRRN

“hbe
:,:
—
o (5
s |

(¢
J
-~

>

d

(P !

L .nl | & -lll'lr‘llﬂaﬁ
= LATAN,
= ' = S6-laver
o | = e e
- \, 5 20-layer
:; A G .
= T S6-laver o
g W, 4
5 ]
= 20-laver

. i i 5 i " » 3 -

iter. (1e4) iter, (1ed)

A _ ) " D No Y residual
path identity path " R 1
3 Y |

L

weight layer
F(x) Lrelu

weight layer

identity




A CAMALAB

HHEES SRENITREE

ResNet(2015)
K 7 ‘ " | A

P 2
ar
VAU
' = Se-laver
| -]

“hbe
..”:
—
o (5
(¢
ohke
= ,,.
>
d

= s
E L = 20-laver
¥ e = )
Ty A o
= 1 S6-layer =
= LA S O
5 L
- 20-laver
: i : . r 3 s r
iter. (1ed) iter, (1e4)

A _ ) ” D No Y residual
path J

~

(
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ResNetFamily

AResNetv21%:  Residual block ConvBN-ReLU 3 BNRelLU
Conv @  shortcut path ResNet v [ D
Y [ ¥ D ~

2 T T T T 20
\
Xy X \ ResNet—1001, original (error: 7.61%)
\ ResNet—1001, proposed (error: 4.92%)
3
BlN Foe . 15
BN RelU 02 R
v " N =
RelU [ weight | 8 : 8
) > o
BN £ :
| E g
BN RelU
| 0.02 |
addition | L v ! 5
3 ‘i'ﬂ
RelU addition Llji
M,
+ o
X[+1 X[+ 'h{“:'rﬂ! _
0.002 Ly ! 0
(a) original (b) proposed 0 1 2 3 4 5 6

Iterations x10°



ResNetFamily

AResNet  [25

g
w N

Y W

AWide Residual Network?]

A p - ~
ResNet

¥ ResNet w
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Building block

{a) Conventional 3-block residual network (b) Unraveled view of (a)

I+1 i+ +1

(a) basic (b) bottleneck (c) basic-wide (d) wide-dropout



ResNetFamily

AResNeXt!!  ResNet residual path
T Nea  AlexNefl group
LNe ~ a bi
A v Z

AResNewith DropLaye?4 y W

ResNet residual path
¥ w0 7 G shortcut E 6
- 3 block

/£
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