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model=Sequential()
model.add(Dense(units=5input_dim=X.shape[1],
activation="relu)

model.add(Dense(units=5activation="relu))
model.add(Dense(units=5activation="relu’))
model.add(Dense(units=5activation="relu))
model.add(Dense(units=5,activation="relu’))
model.add(Dense(units=5,activation="relu))
model.add(Dense(units=5,activation="relu’))
model.add(Dense(units=5activation="relu’))
model.add(Dense(units=5,activation="relu’))
model.add(Dense(units=1,activation='sigmoid’))

model.add(dense(units=5, activation="sigmoid"
model.add(dense(units=5, activation="sigmoid"
model.add(dense(units=1, activation='sigmoid'

model=Sequential()
model.add(dense(units=5, input_dim=2,

activation='"sigmoid’)) # hidden layer
model.add(dense(units=5, activat\'onz'sigmmd ¢ hidden Ia jer
model.add(dense(units=5, activation="sigmoid’)}#3° hidcen layer

(
model.add(dense(units=5, activation='sigmoid’)}#4th hidden layer
model.add(dense(units=5, activation="sigmoid
model.add(
model.add(dense(units=5, activation="sigmoid"
(
(
(

)
}#3
J*
J#5th hidden \ayer
J#6th hidden layer
J#7th hidden layer
J#8th hidden layer
J#9th hidden layer
)‘_r

( )
( )
( )
( )
dense(units=>5, activation='sigmoid’)
( )
( )
( )
( )#output layer




1. Background of Convolutional Neural Networks

A bit of history: i

= Recording electrode ——.

= S

Hubel & Wiesel, \\j s e
1 9 59 Stimulus {ﬁ
RECEPTIVE FIELDS OF SINGLE
NEURONES IN
THE CAT'S STRIATE CORTEX 5
1962 g N
RECEPTIVE FIELDS, BINOCULAR v /.[\\
INTERACTION g 0- / %
AND FUNCTIONAL ARCHITECTURE IN 8 o ' \
THE CAT'S VISUAL CORTEX = / \1\
1968... o T T (RN
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1. Background of Convolutional Neural Networks

Case Study: LeNet-5

[LeCun et al., 1998]

C3. 1. maps 16@10x10
C1. loature maps S4 1. maps 16@5x5

INPUT
6@28:28
3232 S2. 1. maps 5 |

6@14x14 f’m""' fahw ?glpm

: |
| l | Full connection Gaussian connections

Convolutions Subsamping Comnvolutions Subsampling Full connection

Conv filters were 5x5, applied at stride 1
Subsampling (Pooling) layers were 2x2 applied at stride 2
i.e. architecture is [CONV-POOL-CONV-POOL-CONV-FC]
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2. CNN, Convolution Neural Network

74" (FC NN, Fully Connected Neural Network)
4 ol el A 339 oA LApalow 3
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| 2 dl5o] 7he3k o] vl= CNN (Convolutional
Neural Network) ¢ Y t}.
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ZF glojof ol 1=
olw] A o] 3t Xéi——g
Ao Z Q1
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SA5HA Q4 ol A she)

] ]X]J S 3} Pooling @ ©]o]
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Feature Extraction(CNN)

Classifitcation
(FCNN)

=% 9 so] W EE Aol n A

Input Feature maps  Feature maps Feature maps Feature maps\ Hidden Ouput
Csonvolution, Pull, Convolution, Pull,
=
1. 78 %01
« 2435 (Convolution)

#A4d (Kernel)

A Egto| = (Stride)

3 (Padding)

u] 2] ¥ (Feature map)

olE]H|o] A 7 (Activation Map)
=3 #o]o] (Pooling layer)



2.1 convolution

. 2.1 3A ‘Q‘(COI‘]VOMUOI’]) Input (5,5) Filter (3,3) (F3e§’;ure map
12157 6 = N s . = 1{0|l0]|0]O 10 ’
FAFE ohtel Fs w U #5E '

- o 1= o < 110fl0]0]o0 112 |1
A ol e wH ok, el el A T
B = @) =]~ = O~ = 1 0 1 O 0 O 1 O
Ralo] Az F5E ol 5 A SERE
. 111 ]1]1
o|t}. [link] _,é_,
— olof1]o0]o0 41614
et & (Convolve)
10501500+ - ek
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https://ko.wikipedia.org/wiki/%ED%95%A9%EC%84%B1%EA%B3%B1

2.2 channel

« 2.2 2 €, channel
« A7 ojulx] Al MALL Red, Green, Blue? I7]& A FH Yt} uepA] HAe AL oju] A +=
349 AMEdE FAET Ay o|n A ] shape=(32,32,3) 5% o]u]X]= shape=(32,32,1) ]
=5

Blue Channel

AR YA

RED Channel  Green Channel
S VRO Y kS | 7 1 (1 2 ¥ "‘.vl',‘ ) ?fﬁ!"l.

97/

e} S 03

O|O|X| &X: https://en.wikipedia.org/wiki/Channel_(digital_image)




2.3 filter, kernel, stride, feature map and activation map

« 2.3 3 ZE, A Eglo| &, 3] X W (feature map), A E (kernel)
- A 9} Y, AEZ| T I ol F JA 5, v A 1 A w e AAHE # o)A
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0]10]0
110 |1
0]10]0 - 2 |0
01-11]0
0]10]0 112
110 |1
1T(1]1
\l/\r/]iF’sz\JtEBlTr?agnenels 3 channels 3 filters 3 feature maps Feature map Activation map
shape=(5,5,3) shape=(5,5) shape=(3,3) shape=(2,2) shape=(2,2) shape=(2,2)
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2.4 padding

$ 2.4 9
BAFS b el nlsko] 3 Apojo|=r} Holath, e A7)} HEE
2] ZpgAre o 0% A¢E YL B

Input Filter Feature map L%F;Lét:gt; i silét;:(EB,B) :E:;uerj(gn;p
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2.5 pooling layer

« 2.5 pooling layer
» Convolution layer?] & (activation map) 2] 47
Pooling W< max, min, average pooling®] 1t}
« Pooling 5%
« St sEkn B 7 Sl
« Pooling #lo|ol & E3sld s§d o 77 ZH4
« Pooling #lo]o]l & EaA 2ld 5 HA 9

dxav 3718 Fole HH 0 A Er
1F2] © 2 pooling size ¢} stride size 2 3o},

2 1
> 111010 Maxpooling | 4 6
2111110 Min pooling 1 0
21313 ]2 2 2
3 (416 |4 Averagepooling | 1.5 0.25

3 375

Pooling example, Max pooling, Min pooling, Average pooling
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2.5 pooling layer

Convolution Max pooling
20|00 l l
0]0]o0 i i
ol-2]o » -2101-2|0 I |
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shape=(5,5,3) 1 papdding'g pe=ts, pe=t& Convolution layer Max-pooling layer :
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2.7 Fully Connected Layer(FC layer)

Fully Connected Layer (FC layer)

- Contains neurons that connect to the entire input volume, as in ordinary Neural
Networks

RELU RELU RELL RELU RELU RELU

CONV | CONV

-

-
—
e
—
e —
-
—_—
-

e —
—_—

|
—
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3. Case study

A

LeNet-5
AlexNet
GoogleNet
ResNet
AlphaGo
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3.1 LeNet-5

Case Study: LeNet-5

[LeCun et al., 1998]

C3. 1. maps 16@10x10
INPUT C1. leature maps S4 1. maps 16@5x5

6@28:28
232 S2. 1. maps 5 |
6@14x14 ?20 e r& Qyer %npm

: l
| ‘ | Full condection Gaussian connections

Convolutions Subsampiing Comvolutions  Subsampling Full connection

Conv filters were 5x5, applied at stride 1
Subsampling (Pooling) layers were 2x2 applied at stride 2
i.e. architecture is [CONV-POOL-CONV-POOL-CONV-FC]

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 60 27 Jan 2016




3.1 LeNet-5(cont.)

. {, \ of ~.' "; m‘.l " .:'l‘" d
Case Study: AlexNet | w4 {5 Iy
[Krizhevsky et al. 2012] v SN[ R X\ & r * AL
ImageNet large Scale Visual Recognition Challenge M I : [ .3 l'l .‘-'" —* ;.‘;;,- -k — ‘.,-.:': y
ILSVRC 2012 top-5 error 15.3% ‘z{ v “ , m—" 1 NI b, B LIl L] ™
10.8% 7 M oA [, =, h

Input: 227x227x3 images

First layer (CONV1): 96 11x11 filters applied at stride 4
=>

Output volume [55x55x96]

Parameters: (11*11*3)*96 = 35K

Fei-Fei Li & Andrej Karpathy & Justin Johnson . Lecture 7 - 63

Hinton La

27 Jan 2016
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3.2 AlexNet

Case Study: AlexNet

[Krizhevsky et al. 2012]

Input: 227x227x3 images
After CONV1: 55x55x96

= ":.:I Tah 8 I gense

Second layer (POOL1): 3x3 filters applied at stride 2

Output volume: 27x27x96
Parameters: 0!

Fei-Fei Li & Andrej Karpathy & Justin Johnson

Lecture 7 - 66

27 Jan 2016
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3.2 AlexNet(cont.)

Case Study: AlexNet

[Krizhevsky et al. 2012]

LA, 1
Py amk b e hOEnse
L% J cheb L hdB §
l::llu I"

Input: 227x227x3 images
After CONV1: 55x55x96
After POOL1: 27x27x96

Fei-Fei Li & Andre] Karpathy & Justin Johnson

Lecture 7 - 67

27 Jan 2016
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3.2 AlexNet(cont.)

. (V. e — et L Ul |
Case Study: AlexNet [{ w4 3 = wiviy
[Krizhevsky et al. 2012] :] -' [_. : .. — Y ""ﬁl ’“- " [l - N e&‘-; -:]:ha-
b || (S | — [.I L= ][ ]
Full (simplified) AlexNet architecture: ,11”“ w =
[227Tx227x3] INPUT 4 ___| paces pecling

[55x55x96] CONWV1: 96 11x11 filters at stride 4, pad 0
[27x27x896] MAX POOL1: 3x3 filters at stride 2
[27x27x96] NORM1: Normalization layer

[27x27x256] CONVZ: 256 Sx5 filters at stride 1, pad 2
[13x13x256] MAX POOLZ: 3x3 filters at stride 2
[13x13x256] NOREMZ: Normalization layer
[13x13x384] CONV3: 384 3x3 filters at stride 1, pad 1
[13x13x384] CONWV4: 384 3x3 filters at stride 1, pad 1
[13x13x256] CONV5: 256 3x3 filters at stride 1, pad 1
[6x6x256] MAX POCL3: 3x3 filters at stride 2

[4096] 4096 neurons

[4096] -~/ 4096 neurons

[1000] ~C8: 1000 neurons (class scores)

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 68

27 Jan 2016
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3.3 AlexNet(cont.)

- \ 5 -
Case Study: AlexNet =HE e L
183 [ W s W I £nse

[Krizhevsky et al. 2012] Lanyy e\ I\ \ e\ }*E

i e g 2 iy A A

'.I . '."{. A ' i ; . "-,% F "-..:.j
Full {simplified) AlexNet architecture: :l - I e g T
[227x227x3] INPUT ara | vachos pcling

[55x55x96] COMNY1: 96 11x11 filters at stride 4, pad 0
[27x27x96] MAX POOL1: 3x3 filters at stride 2
[27%27x96]) NORM1: Normalization layer

[27x27Tx256] CONVZ: 256 x5 filters at stride 1, pad 2
[13x13x256] MAX POOLZ: 3x3 filters at stride 2
[13x13x256] NORMZ: Normalization layer
[13x13x384] CONV3I: 384 3x3 filters at stride 1, pad 1
[13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1
[13x13x256] CONVS: 256 3x3 filters at stride 1, pad 1
[Bx6x256] MAX POOLS: 3x3 filters at stride 2

Details/Retrospectives:

- first use of RelLU

- used Norm layers (not common anymore)
- heavy data augmentation

- dropout 0.5

- batch size 128

- 3GD Momentum 0.9

- Leaming rate 1e-2, reduced by 10
manually when val accuracy plateaus

- L2 weight decay 5e-4

[4096] -5 4096 neurons ]
[4096] FC7 4096 neurons - 7 CNN ensemble: 18.2% -> 15.4%
[1000] -5 1000 neurons (class scores)

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 69 27 Jan 2016
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3.3 GoogleNet

Case Study: GooglLeNet szegedyetal, 2014 : @

A A gae JHgHgg. 1
ﬁ !j I~= lH lH]gIHH,i I’ i
rei g gl gt g 1 gy gy B0

Inception module

I ILSVRC 2014 winner (6.7% top 5 error)

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 75 27 Jan 2016 23




3.4 ResNet

Case Study: ResNet reetal, 2015

ILSVRC 2015 winner (3.6% top 5 error)

| 1cev

MSRA @ ILSVRC & COCO 2015 Competitions

* 1st places in all five main tracks

* ImageNet Classification: “Ultra-deep” (quote yann) 152-layer nets

* ImageNet Detection: 16% better than 2nd

* ImageNet Localization: 27% better than 2nd
* COCO Detection: 11% better than 2nd

« COCO Segmentation: 12% better than 2nd

Research

Slide from Kaiming He's recent presentation https://www.youtube.com/watch?v=1PGLj-uKT 1w

Fei-Fei Li & An

drej Karpathy & Justin Johnson

Lecture 7 - 77

27 Jan 2016
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3.4 ResNet (cont.)

Case Study RQSNet [He et al., 2015]

ILSVRC 2015 winner (3.6% top 5 error)

-~ flesearch 2.3 weeks of training
Revolution of Depth on 8 GPU machine

AlexNet, 8 layers ; VGG, 19 layers % ResNet, 152 layers

(ILSVRC 2012) [ILSVRC 2014) {ILSVRC 2015)
at runtime: faster
than a VGGNet!
(even though it has
8x more layers)

2IC

(slide from Kaiming He's recent presentation)

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 80 27 Jan 2016
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3.4 ResNet (cont.)

34-layer plain 34-layer residual

Case Study: L%
Re S N et 224x224x3

[He et al., 2015]

Y Y

| 7x7 comw, 64, /2 | 77coov 84,2 |
¥ v
pool. (2 podt, /2
¥

343 conw, 64

¥

3%3 cone, 64

¥

[
{
[ 3x1 con, 64
[

|
Idcom. 68 |
]
|

A
3x3 o, 64 x5 cone, 64
AT ——
[ o | [ % come, 64
[” Btilnv-w,“ ] { lx_l uun,-Sd
| 3Gconv, 128./2 | | 33 conv, 128, .'2 '] """""" .
v ¥ Y
| 3dcom 128 | [ 3semis |
| 33com,128 |

|__33conv 18 |
[

33 conv, 128 | |  x3comw,128 |
e el i
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3.4 ResNet (cont.)

Case Study: ResNet  eetal. 2015

* Residual net

R X »
} }

* Plaint net

weight layer weight layer
ok loyars L relu ' F(x) L relu identity
weight layer weight layer X
lrEIu -
H(x) Hx)=F(x)+x

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 82 27 Jan 2016




3.4 ResNet (cont.)

Case Study: ResNet  rreetal. 2015

Filter
concatenation

i =~

1x1 convolutions

Fei-Fei Li & Andrej Karpathy & Justin Johnson

3x3 convolutions 5x5 convolutions 1x1 convolutions
) 4 ¢
1x1 convolutions 3x3 max pooling

Previous layer

Lecture 7 - 85

28

27 Jan 2016




ofg=13,4,6,3]

50 layers

ofg=13,4,23,5]

101 layers

ofg=13,8,36,3]

152 layers
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Summary of CNN case

Year CNN Developed Place Top-5 error No. of
by rate parameters
1998 LeNet(8) Yann LeCun 60 thousand
et al
2012 AlexNet(7) Alex 1st 15.3% 60 million
Krizhevsky,
Geoffrey
Hinton, llya
Sutskever
2013 ZFNet() Matthew 1st 14.8%
Zeiler and
Rob Fergus
2014 GooglLeNet(1 | Google 1st 6.67% 4 million
9)
2014 VGG Net(16) | Simonyan, 2nd 7.3% 138 million
Zisserman
Inception-vd
Pa— 80.
2015 ResNet(152) | Kaiming He | 1st 3.6% Incegtion-v3 "
ResNet~50° : VGG-16
751 o= 751 ResNet-101
' ResNet-34
£ 704 £ 70 ResNet-18
> >
8 ] GoogleNet
o 3 ENet
9 651 g 65 1
'é 'é © Bn-NIN
~ 60+ " 601 5M 35M  65M  95M  125M 155M
BN-AlexNet
55 4 55 AlexNet
50 - 50 + ~ - - - - - ~ -
0‘\ c;l, \,’5 b 0 5 10 15 20 25 30 35 40

Operations [G-Ops]

*“ e-'S\ “$\$€$e\,e‘\ee\.’\‘ 60' GG’ se\z ‘.’6
@

30
An Analysis of Deep Neural Network Models for Practical Applications, 2017.



3.9 Sentence Classification

« Convolution neural networks for sentence classification [Yoon Kim, 2014]

¢ PR
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et

n x k representation of Convolutional layer with Max-over-time Fully connected layer
sentence with static and multiple filter widths and pooling with dropout and
non-static channels feature maps softmax output

Figure 1: Model architecture with two channels for an example sentence.



3.6 AlphaGo

Case Study Bonus: DeepMind’s AlphaGo

1
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3.6 AlphaGo(cont.)

The input to the policy network is a 19 x 19 x 48 image stack consisting of 48 feature planes. The
first hidden layer zero pads the input into a 23 x 23 image, then convolves k filters of kernel size 5
x § with stride 1 with the input image and applies a rectifier nonlinearity. Each of the subsequent
hidden layers 2 to 12 zero pads the respective previous hidden layer into a 21 x 21 image, then
convolves K filters of kernel size 3 x 3 with stride 1, again followed by a rectifier nonlinearity. The
final layer convolves 1 filter of kernel size 1 x 1 with stride 1, with a different bias for each position,
and applies a softmax function. The match version of AlphaGo used k= 192 filters; Fig. 2b and
Extended Data Table 3 additionally show the results of training with k=128, 256 and 384 filters.

policy network:

[19x19x48] Input

CONV1: 192 5x5 filters , stride 1, pad 2 => [19x19x192]

CONV2..12: 192 3x3 filters, stride 1, pad 1 => [19x19x192]

CONV: 1 1x1 filter, stride 1, pad 0 => [19x19] (probability map of promising moves)
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"The only limit is your imagination’

http://itchyi.squarespace.com/thelatest/2012/5/17/the-only-limit-is-your-imagination.html
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Recap - CNN

1. Background of Convolutional Neural Ne 4. Case study

tworks 1. LeNet—bH
_ 2. AlexNet
2. CNN, Convolution Neural Network 3. GoogleNet
1. Convolution 4. ResNet
9 Channel 5. Sentence Classification
: : 6. AlphaG
3. filter, kernel, stride, feature map pHALO
and activation ma 5. CNN examples
| P 1. CNN T4
4. Padding 2. Mnist digit classifier with CNN
5. pooling layer 3. Exercise
6. =9 glo]o]e a7 AAF 4. ConvNet]S demo: training on CIFA
R—-10
7. Fully Connected Layer (FC layer) = Txnsenble
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