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VGG

In [0]: def wgglinput_shape, n_classes):

input = Input {input_shape)

% = ConveD(R4, 3, padding='same', activation='relu')(input)
% = ConveD(B4, 3, padding='same', activation='relu')(x)
¥ = MaxPool2D(2, strides=2, padding='same') (%)

% = ConveD(1268, 3, padding='same', activation='relu'){x)
% = ConveD(128, 2, padding='same', activation='relu'){x)
% = MaxPool2D(2, strides=2, padding='same')(x)

% = ConveD(206, 3, padding='same', activation='relu'){x]
% = ConveD(256, 3, padding='same', activation='relu'){x)
¥ = ConveD(2h6, 2, padding='same', activation='relu')(x)
x = MaxPool2D(2, strides=2, padding='same')(x)

% = ConveD(B12, 2, padding='same', activation='relu'){x)
x = ConveD(512, 3, padding='same', activation='relu'){x)
¥ = ConveD(B12, 2, padding='same', activation='relu')(x)
x = MaxPool2D(?, strides=2, padding='same')(x)

% = ConveD(B12, 2, padding='same', activation='relu'){x)
x = ConveD(512, 3, padding='same', activation='relu'){x)
¥ = ConveD(B12, 2, padding='same', activation='relu')(x)
% = MaxPool2D(2, strides=2, padding='same')(x)

% = Flatten()(x)

x = Dense(4096, activation='relu')(x)

% = Dense(4096, activation='relu')(x)

output = Dense(n_classes, activation='softmax')(x)

model = Model{input, output)
return model



224 x 224 x3 224 x 224 x 64

112 x 128

56|x 56 x 256
&
' 2§x28x512
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X1 %x9512
1£§x14x512

_J :

— convolution+RelU
) max pooling
! fully nected+RelLU
softmax

1x1x4096 1x 1 x 1000
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* Inception structure



Inception Blocks

4 paths extract information from different aspects, the
concatenate along the output channel

>

Concatenation |e

Input

. |
| 3x3 Conv, pad 1 5x5 Conv, pad 2 1x1 Conv
1x1 Conv t f f
1x1 Conv 1x1 Conv I 3x3 MaxPool, pill
| Sl ]

googleNetO| Inception Block=




def googlenet(input_shape, n_classes):

def inception_blaock{x, f):
t1 = Conw2D(f[0], 1, activation='relu')(x)

tz = Conw2D(f[1], 1, activation='relu'){x)

tz = ConwzD(f[2], 2, padding='same', activation='relu'1{t2]
t3 = Conw2D(f[3], 1, activation='relu'){x)

t3 = Conw2D(f[4], 5, padding='same', activation='relu'1{t3]
td = MaxPool20(3, 1, padding='same') (=)

td = ConwzD(f[52], 1, activation='relu'1{td)

odtput = Concatenatel){[t1, t2, t3, t4])
return output

input = Input {input_shape)

% = ConweD(64, 7, strides=2, padding='same', activation='relu'l{input)
% = MaxPool2D(3, strides=2, padding='=zame"'){x]

% = ConweD(E4, 1, activation='relu'){x)

% = ConweD(192, 3, padding='same', actiwvation='relu')(x]
% = MaxPool 2003, strides=2){x)

% = inception_block(x, [B4, 96, 128, 16, 32, 32])

% = inception_block(x, [128, 128, 192, 32, 96, B4])

¥ = MaxPool2D(3, strides=2, padding='same"'){x]

% = inception_block(x, [192, 96, 208, 16, 48, B4])

% = inception_block(x, [160, 112, 224, 24, B4, B4])

% = inception_block(x, [128, 128, 286, 24, B4, B4])

% = inception_block(x, [112, 144, 285, 37, B4, B4])

% = inception_block(x, [#B6, 160, 320, 32, 128, 128])

¥ = MaxPool2D(3, strides=2, padding='same"'){x]

% = inception_block(x, [#B6, 160, 320, 32, 128, 128])

% = inception_block(x, [384, 192, 384, 48, 1258, 128])

% = AvgPool 2007, strides=1)1{x)

% = Dropout (0,47 (%)






def resnetl input_shape. nNn_classe=s):

def conv_bh_rl(=. f. k=1. ==1. p= samee 1:
= = ConwzZDif, k., strides=s., padding=pli(=]
= = BatchMormal ization{ ) {=2
# = FelLU{ =2

returm =

def identitw_blaock{tensar. f21:
= = conwvw_bn_rl{tensor. {2
2 = conv_bn_rl{=, f. 352
= = ConwZDla=f. 1230:=2
= = BatchMormal ization{ ) {=2
= = AddClIC[=. tensorl]l

output = FRelLU (=)
returm output

def conv_blocki(ten=sar, f. =21:
# = conwvw_bn_rl{tensor. {2
= = conwvw_bn_rlCx. f. 3. =2l
# = ConwZ00a-f ., 1 230:=2
= = BatchMormal ization{ ) {=2

shortcut ConwZDild=f ., 1. strides==slltensaorl

shortcut EatchMaormal izat ioni{ J{shartcutl
= = SAddClC[=. shortcutl]l
output = FRelLU (=)

returm output

def resnet_blocki(=. f. r. ==21:
= = conwvw_block{=. f. =1
for _ in rangel{r—173:
# = identitw_blocki(=. {2

returm =

input = |Inputiinput_shapel

# = conv_bn_rl{input,. 54, 7. =2

# = Ma=zPoolZDI{=S, =strides=Z., padding= same 1=

# = resnet_blocki(=. B4, =, 12

= = resnet_block{:x, 1zZ5., A2

# = resnet_blocki(=. 2EE., B2

= = resnet_blocki{=, 51Z, 32

= = GlobaladwaPool 200 2=

output = DeEnsein_classes. actiwvat ion= s=oftm=ax=" J10(=1
model = Model{input. outputl

retiarm mode |



Residual Block

“1740| Ht= ResNetC| ai4£l01 Residual Block2
O

Block= LIEFHCE 7|

P=0& A F0|o

SH
9

| 2312 71=#| giCt. Ofel =20 2E=Z20| Residual

3t 2p0|7F QUCHH UBZUS 2L CIFHE 4 UE= 2B W(shortcut) S 34

|

weight layer

l RelLU

weight layer

l RelU

H(x)

weight layer
F(x) l ReLU

weight layer

identity

H(x) = F(x) + x
Residual block
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QUOIO[X| - FHYY FEF- CNN SAAM- I 25
* Fast R-CNN
-2 = €= orLkel CNNOIM Me[shr| M=o &E s

» R-CNNZ2| AIZtZ2XHIE It 2
v ROl Pooling 0l2t= HE &
v CNNOIA 2OE SEXIE (Feature map ) 2 LEHHOZ LH HASIE SRS T
v Fast R-CNN& 2 RP(Region Proposal) 0l CNN= BtS& 22 MZ0ot= U, EH
A0 CNNS SHHOFMEZGI1I RIO Pooling 22 243IE EHEHeD| 28t SAS =& (R-
CNN Ofl BIGHA AI2HEHS)



Fast R-CNN o] 251

- A= 85 = HI2YSAE BtE=Region Proposal &HA|

1. Input 2. Extract region 3. Compute
image | proposals (~2k) CNN features




Fast R-CNN 2| 24 sjZA

- Region Proposal SHIS CNNOi| Z&HAI BISS ol 2. = Faster R-CNN ¥112|&

1. Input §2. Extract region 3. Compute
image |} proposals (~2k) CNN features




Faster R-CNN 2 &85t AIEZAZ( )

» Faster Regions With Convolutional Neural Network

Faster R-CNN

2k scores ] l 4k coordinates ] <mm  kanchor boxes
' pooling cls layer \ ’ reg layer ‘
Pmmsal / 256-d .
intermediate layer
SRR i
O * PyTorch : https://github.com/longcw/faster_rcnn_pytorch
i I sliding window :
4
—rr 77

= conv feature map

- O|0|X|ZH & (Region Proposal ) = HF2EY®A ( Bounding Box ) ‘85 4| ol - Fast R-
CNN =X[siZ

« 2 : Region Proposal &HE CNN 0ff ZZ&AIZ

« CNN = =1 PJ SEYUA =2t0ld 2 =RE 0I&0H 2t XIE (Anchor ) OtCH bS8 Hi2E2rA 9|
J

5D1LF Se 2Mc EHA 22B2 2:1,1:1, 1:2 S ZIH| 2L
« Faster R-CNN 2 &H0] 010|132 A2 EWM == (HEHQI HFH "|&E AL



Processing Flow
* R-CNN
* Fast R-CNN
* Faster R-CNN

‘ Image

’ Image

’ Image

| Selective

Search

CNNs

| Selective

Search

CNNs

FC

CNNs

i Pooling

" Pooling

(a)R-CNN

ROI FC

(b)Fast R-CNN

ROI FC

(c)Faster R-CNN

SVM

" Regressor

FC

FC

FC

FC

Score

1 Position

Score

1 Position

Score

1 Position



[At11] R-CNN OlIA Faster R-CNN 77IX|2] A&

o« [FA&Z2]] https://youtu.be/kcPAGIgBGRS
« [==AtZ] https://arxiv.org/abs/1506.01497

XI=



Mask R-CNN = 225t A[IS4s

- HOIASAIE0| Li=2 1025

Faster R-CNN = 25t 00| XIS 0tAY

w/ ResNet [19] = Faster R-CNN 0f] 2t H&10| QIME (| Si5H= 201X
faee OILIXIZ OIA2GHE HIESIT (CNN ) ZksH 2
= 0123 = HiO|H2I0kA S

14x14 14x14 | §
X256 %80

¢ Rol : Region of Interest
mask §




Mask R-CNN
« HOIA=AIEO| U

= ZSHE O|0IXIE0IAZ
= Faster R-CNN 0| 2+ Z&I0| LEXNEN| oHEOH

OFIXIE OAZGH= WIERIA (CNN) =Dter A

QIR

FII'

= 0tAT = Hio|UHe| 0tA3

LAPXIE F==ol)| ?let &
- CNN S1totHA RolPool EH2| ?IXI0 AJ =
AxE XS 2D MBS Soll 24, 012




71712°| RF-R-CNN
» Refining Faster R-CNN

« SERUIA 2EE AsXte] Hatt AIgS2| €= =d Xiclob| #loll &

Image FC —_—
-~ CNNs RO.I —| FC I FC - Position Hf
Pooling ‘ | ‘ | -
i FC BE | |
, , - ~ core
ROI ‘
J ok =
~ Pooling == 1L Ul—l'ﬂ?jl—l'
= 1 FG 1 Position H
Refining Faster R-CNN e - -
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http://laonple.blog.me/220918802749
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A person riding a

0 I O le ;Hﬁ motorcycle on a dlrt road.
=l 3

o)
« NIC ( Neural Image Caption ) 22!0| CHEH
RNN ©2 14
» CNN22 AP"OﬂM% X2 =260 D 2WERNNS R JE
» RNN2 CNN2Z FE6t SNS ) |OR HIAES Ml

[&]
* RNN ( Recurrent Neural Network )
> EB AR UIERT DX

» =8 PAZ Clo O|M0i| Mi-st 20 Fes e
»  O)'LP ct= 2HOE ddgt 5 ‘UL eke HOE Aot te ©0i2l Zeks 20HE’ Oleks AR ISLZ dd. &t

= 9
» O AIHIZ HI0IH S H540] = CHEM RNN 2 IS EEE D90 S5

ol

o ZEIRY Z2Z2 M4l ( Multi-Modal Processing )
»  ARKOILE A0St 22 (S F2 82 E L&ctil Melote &
UEIDLHIAS 013 QIZHRHA & BSOIA 28 =
2

( 3DIHSE, 3DXH0IZ, 3DXIKID|, DEH, AIRFS 1100 CHASHMIA HESR )
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2. OI0IX] 2
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= ( Deep Q-Network)
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o https://youtu.be/Uxax5EKg0zA
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« DCGAN &=

» Deep Convolutional Generative Adversarial Network

>

>

>

Deep Learning
ConvNet

Generative ( Model ) : MHDE

14
o
i}

Adversarial ( Learning ) : ZCH

0
>.
N
o

( Neural ) Networks : 2!



O|0jx| ‘&8
+ DI CH¥O) OI0IX Bt 2,
« DCGAN &

» OIOIKIE

C)
» Edld A=
F= 22 MBYE 0l

v A4 AE Lz 2R

Hdol= I

m HAXE: AR S22 0/01KIE dd

 AMAXOE- OI0IXIDF &IRRIX] EHE

S O DS ATAE 2T

S NS SsAMAH ddi= U et 001K E 484

t

DA



ClajL
8% EEld
Sj242 7122 0J2f- DCGAN

DCGAN E1Z2|§ =X

£I%} OfX|0|S EHE (AHE/AE)

Z|cist TR ojo|x| 48




e J1=2/ 012H- DCGAN

Adversarial Learning
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Sl24l D122/ 012f- DCGAN

1
/\ Generator

0
Gaussian Distribution

ol 0o MRt =225

Gaussian Distribution
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https://www.slideshare.net/carpedm20/pycon-korea-2016



http://www.slideshare.net/carpedm20/pycon-korea-2016
http://www.slideshare.net/carpedm20/pycon-korea-2016
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o =HAEIE HE0OH| A 80tH 2= CNN J|Et°2| SegNet =&
o S 0|0|K[E LA =N =
« &) AIOIE: http://mi.eng.cam.ac.uk/projects/segnet/tutorial.html

Curated models: SegNet

Convolutional Encoder-Decoder Output

Input

Pooling Indices

Segmentation

RGB |mage I Conv + Batch Normalisation + RelU
I Pooling M Upsampling Softmax

Badrinarayanan et al., 2015



http://mi.eng.cam.ac.uk/projects/segnet/tutorial.html

Z3I5kS ( Deep Q-Network )
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