Convolutional Neural Network (CNN)
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A 3-layers fully connected neural network (DNN)
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1.What isConvolutional Layer?
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1.What isConvolutional Layer?
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1.What isConvolutional Layer?
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Destination pixel

Convolution filter
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Source pixel

1.What isConvolutional Layer?
(2) filter



2.Convolutional Layer— & & H 9

(WFcol+ M XN B A
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2.Convolutional Layer— & & H 9

A oS
(2)Conv@| =AM H A
— REEXKWXCinXCout
EE 3x3, 5x5, Tx7 58 AIR '
o Woo, = Wom-1
kg X Iy X Cin X Cout W = ] " &
‘ Houe X Woye X C W e Whseamae
I’i?l x Mn X Cin 5 7 - out out out N 1'0 N l,M 1

A4

b — [bOn b]! "'!bM—1]T

Vij = a(Wy; * X; + by)

Clin) xClout)H2| Bt &= A ALO| O] 2O &



2.Convolutional Layer—
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2.Convolutional Layer— & & H 9

6x6x3 Image Convolution

3 x 3 x 3 filter 4 x 4 output
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2.Convolutional Layer— & & H 9

6 x 6 x 3 Image Convolution
3 x 3 x 3 filter
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3.Why Convolutional Layer?
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(2) FeatureM ap
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(5) Pooling

Max Pooling

Average Pooling

Pooling Layer (vs Convolution Layer)
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(5) Pooling

why pooling? Receptive Field?
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(7) SoftmaxFunction

for Multi-class Classification

LOGITS
SCORES SOFTMAX PROBABILITIES
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5.Dropout
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(

M= x)

F

testing!

To prevent overfitting!
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6. Mini-Batch

[= 5] Gradient Descent

J[B] | Iterations Blg Iearn'”g rate Small Iearnlng rate

Optimal pointE & OF 7t = 11 (

too big, to small LR (X) )




6. Mini-Batch

Vanilla(Batch) Gradient Descent

Stochastic
(OEI Ht A Al o2 H ) Gradient Gradient
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6. Mini-Batch
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6. Mini-Batch

Vanilla Gradient Descent
(L BAF S E )
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6. Mini-Batch

(Vanilla) Gradient Descent (GD)

TRAINING DATASET (10007 )

Mini-Batch Gradient Descent(MBGD)
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(B0 LESIM MX| Q= AT )
\ 4

Stochastic Gradient Descent (SGD)
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6. Mini-Batch
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6. Mini-Batch

Gradient Descent

Stochastic Gradient Descent

e

Mini-Batch Gradient Descent




7. BatchNormalization

Gradient Vanishing?

(77 =2

W11(1) \ W11(2)
( X, > g @ >
DEEP Y === gradient vanishing! WHY? J \1// \
(Backpropagation2| =41 = M ZI S| 2 X} ) OE OF 01, 00(12)‘ OFE  OFE 0y
waﬁ 991 9a'® O'wﬂ) c‘)wﬁ) 2 (‘)wﬁ)

=)

Vanishing gradient (NN winter2: | 986-2006)




7. BatchNormalization

Gradient Vanishing?

How to Solve?

1) Activation Function2 = Sigmoid ->RelU

Lo sigmoid

; ReLU

R(z) =maz(0, z)

2) A A Bt weight 2= 7| 4 :Xavier Initialization, H e Initialization

3) Batch Normalization



7. BatchNormalization

Internal Covariance Shift

© © ©
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7. BatchNormalization

Batch Normalization

Activation
function

Batch
normalization

)
)

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

m
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7
m i—1
m
1 5 s :
0% - Z(.r,- — pB)”° // mini-batch variance
1=
P T — |IB :
B // normalize
VOt E€
yi + YZ; + B = BN, 3(x;) // scale and shift
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parameter2| update”} Mini-batchEH| 2 O| & 0f 7(| 7|
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7. BatchNormalization

Internal Covariance Shift

|

N1y
RER] WJON Yaieg v
A
pa1dauuo) 1 T §L i
pPajoauuo) A4 A
Ajing ; :
A
n19y N9y
pajoauuo) WLION ydieg 4 :
>=,:“_ pajauuo) ,, \ = \
Aln4 ,{ / /
< g ¢
N1°y A‘, i
pajauu0) N9y s
Ajing —
N yoreg J
pa1dauu0) _ N
Aing < <
A = =
o o
=3 o
< =
@ o)




7. BatchNormalization

Batch Normalization

< BNO| &A™ >
1) Gradient vanishing= X| Sff 2!
2) Regularization 2 2t 7t U= (overfitting & X| )

8=

=]

o

- (regularization 2 1t & F+) Dropout= X[ 2| 2 = UA|

- Dropout 8% 21t= X atg 27 X Ch= A

T

0jo

3) Gradient2|scale @ 2= E 2F 2
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FCNN

Shallow

ILSVRC'10

Shallow

ILSVRC"11

H.
™
28.29 -, 25.8%
N\
N\
15.4%\\
- 11.7%
o #of Layers
=il ErrOr (%) ~

16 Layers
8 Layers 8 Layers

ILSVRC12 ILSVRC'13 ILSVRC'14
AlexNet VGG16

Year

22 Layers

ILSVRC'14
GoogleNet

ILSVRC'15
ResNet

CNNO| CHE 2 =0f CHsl|f OotE X},

LeNet-5, AlexNet, VGG16, GoogleNet, ResNet




7. M SFCNN

1.LeNet-5

6 X ‘2 2| 28*28 feature map

C3:1. maps 16@10x10
S4:1. maps 16@5x5

CS:layer rg:jayer OUTPUT

C1; feature maps

INPUT
o 6@28x28 p—

Softmax Lt 2 7| MO AtESH mul
ti-class classification

|
Full cothection ‘ Gaussian connections

Convolutions Subsampling Convolutions Subsampling Full connection

- 1998.CNN2| 7| &4+ = & &

~ MNIST data A2



7. M SECeNN

2.AlexNet

L\J TWVY: soae \dense

= 13 X 1T dense | |dense
3| ...\ 1000
192 192 128 Max

pooling

)
WO
N}
-
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N
=
N
oo
N
r
oo
N
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2048 2048

Max 128 Max
pooling pooling

- Conv, Max Pooling, Dropout 57}
- Activation function : RelLU

- Batch Stochastic Gradient Descent
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7. M SFCNN

3.VGG-16

224 X224 x3 224 X224 X 64

112x[112x 128

28 TxTx512

)
f [ —

@ convolution+ReLLU
[——3’] max pooling
1 fully connected+ReLU

1 softmax




7. M SFCNN

4.GoogleNet(Inception)

“Let’s go Deeper and Deeper”

Inception 2= Off CHSH T A O|SH S Of!
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4.GoogleNet(Inception)

Filter
concatenation

[ e

1x1 convolutions

3x3 convolutions

5x5 convolutions

Previous layer

3x3 max pooling

(a) Inception module, naive version

Inception module : C & oF

1x1 convolution :for & £ ZF

7|9

Filter
concatenation

ﬂ\

1x1 convolutions

3x3 convolutions

5x5 convolutions

1x1 convolutions

[}

3

ot

= A
= 0| 7|1 (bottle neck 7+

M

ol

1x1 convolutions

(=]
=

Previous layer

of =0
= =

[jot

AL
)

4

3x3 max pooling

(b) Inception module with dimension reductions
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4.GoogleNet(Inception)

1x1 convolutions

1x1 convolutions

Previous layer

[}

3x3 max pooling

———

(b) Inception module with dimension reductions

3% 3% 32X 64
18432

Bottleneck

4

@%S%B

I

11 X332 16 3Xx3X16 X 64
9728

1x1ConvE ot ™, of &
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FCNN

101

4.GoogleNet(Inception)

M2l E& 71

API M 7|27 220



7. M SFCNN

5.ResNet

152 Layers? Ho w thatdeep? Residual Block

152 layers
A
\
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\
\
\
\— N .
{ 22 layers 19 Iayers |
| v 6.7

3.57 I I I 8layers 8Iayers shallow

H N -1 I l—l
ILSVRC'15 lLSVRC‘14 ILSVRC'14  ILSVRC'13  ILSVRC'12  ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

-
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7.4 3tCNN
5.ResNet
X
weight layer
F(x) Jrelu
weight layer
F(x) + x
Residual 7=
X
weight layer
F(x) Jrelu
weight layer
F(x) +x

TRl

Identity Mapping

X
identity

X
identity

Featuremap= == 2t F, activation function=
ofE A0 LEHHO[RUSLE, JfHE =0 A=

“Pre-Activation” (activation functionO| T X = O Zr1)

| addition |

Re‘LU addition
X[+1 X1
(a) original (b) proposed



7. M SECeNN

6.DenseNet

ResNet Ot O| C| O 2| AH&FM 2

OF £t 7FX| 2 pre-Activation ( BN-ReLU-Conv )

Figure 1: A 5-layer dense block with a growth rate of &k = 4.
Each layer takes all preceding feature-maps as input.

Input

Prediction
g Dense Block 1 g Dense Block 2 g i Dense Block 3 L
=
-2 {3+ {3 -g[ | horse”
g § 5| I° &l (8

Figure 2: A deep DenseNet with three dense blocks. The layers between two adjacent blocks are referred to as transition layers and change
feature-map sizes via convolution and pooling.



7. M SECeNN

6.DenseNet

_____________________________________________

Dense Block with Growth Rate k = 4

£ A 2Z5l, “O| ™ feature mapdi| A SH A concatenate!”
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6.DenseNet

Ix3x(C+kxl)xk

',‘ 3% 8 %Oy X R

\ 4

2ldk Dense block Al At

Deep-> ¢ At 2F too much!

2§ A “xiConv (= BottleneckLayer)'At-&

7 /
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v v,
Bottleneck £ =

(=13
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8.Summary

CNN isgood forimage classification!
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HIDDEN LAYERS CLASSIFICATION



