u\

N YA
e. +WEO

cyj@ict.ac.cn




Driving Example

7

oray

) & |
y

9a0abel,

porence

% “http:// novel.ict.ac.crilaies






| CNN
| CNN

} Y

} Y

\ GAN
1 Driving Example

}

% “http:// no;el.ict.ac.CNaiCS




LY foz Ht)=

A 32x32i 32x32x3 = 3072
A 1004 3072 x100 = 307200




AN«

=

A 1024x10244 1000
A 1079

http:// noVeI.ict.ac.cn/aics




e CNNXx

L ———]
//
—— |

M

Y

/

A A1

(7]
9
(V]
F=
O
Q
©
Gd
0
o
A\ 1>
(@)
el
=
o
]
({eud




1 VGG16
e convx
e max poolx
e FCx

Softmax

| 3x3mony, 64
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| Maxpool, /2
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. FC, 4096
Y

. FC,1000
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Output size: 224x224
convl

Output size: 112x112

conv2

Output size: 56x56

conv3

Output size: 28x28

conv4

Outputsize: 14x14

convb

Output size: 7x7
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filter

6X6X3 3x3x3 4x4
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BX6X3 3X3x3 4x4
0|00 1|1 1
C=0 0[2]2 11 |1
0|12 1 1|1
2-2-1+2
1 -1 | -1 +
C=1 * 10 |- = 0-2+0+2 — 2
-1 10 1 +
1T (-1)+0+0+2
C=2 1(-11|0
1|1
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output

6X6Xx3 2X3x3x3 4Ax4x2
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filterl
* output
0 Q © ® Q00 o P p 0 Q ©
A stride A filtery
A pad A biasy 7
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A activation
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Pooling

A Max Pooling / Avg Pooling / L2 Pooling

A Z J "
A LLI

21311523

714151231 3

slolelolal2 Max pooling

064|712 QI OQIg NnOQT i 01 QRQ |7(8]|6

411(0|8|0(6

710]12|1]|6]|3

Max pooling /i .4
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Fully Connect
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A VGG16 ‘ . 3x3 c%n\/, 64 ‘ Output Size: 224x224
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| Maxpool, 2]
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| Maxpool, 2 |
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3x3 cony, 512 \J

Maxpool, 2]
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CNN

, neocognition X
1979 1980 n e visual cortexx
aneocognition 0 X

~ AlexNet n ILSVRC2012

state-of-art X X
28.2
25.8 252 layers
4
!
[
/
')
')
'l
164 152 layers | 152 layers "
[ ep—————) ?
’ \\ 7
11.7 / o/
I! S
; é
7.3 6.7 ” 101 layers
[ ./
8 layers 8 layers | | 19 layers | | 22 layers 3.57 2.99 3.01

i . HEE=

ILSVRC'10 ILSVRC'11 |ILSVRC'12 ILSVRC'13 ILSVRC'14 I[LSVRC'14 ILSVRC'15 ILSVRC'16 ILSVRC'16 ILSVRC'17
NEC-UIUC XRCE AlexNet Clarifai VGG GoogleNet  ResNet Trimps-SoushenResNeXt SENet




CNN

AlexNet
VGG
Inception

ResNet
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AlexNet

A Paper: ImageNet Classification with Deep Convolutional Neural Networks (2012)

)

A Author: Alex Krizhevsky llya Sutskever Geoffrey E. Hinton

A Test: error rate on ImageNet, topl: 37.5%, top5: 17.0%

EN .
,;.;{ 3 - { 3 'ih SRLL Y

\ [ ] [
192 192 128 2048 04 \dense

27 PN\ N 1A ]
TN 13 13

[\ ]

224 5 -_-_7"':"1:1:”:_» 3’ -", = 3-’ -4 3 '_‘:__-' - o

- 13 1= ’ dense’| |dense
27 EIN 3\ 3
3N 1000
192 192 128 Max

Stride Max 28 Max pooling
Uof 4 pooling pooling

""j‘f—"f55

2048 2048

e GPU X




AlexNet

What®& Newb

7

E5 | BA | AR | BEREEGhLE DO | dAEER | fiimiEs | PK
1 Conv | 224 x 224 11 x11 3 96 4
C ReLU D—55%55 - 5% o6 i » RelLU
LRN 55 %55 - 96 96 1
MaxPool | 55x55 3x3 96 96 2
2 Conv 27 x27 5%5 96 256 1
ReLU 27 %27 - 256 256 1
C LRN D_27x27 - 256 256 1
MaxPool 27 x 27 3x3 756 — 256 ) _;A LRN
3 Conv 13x 13 3x3 256 384 1
ReLU 13x13 - 384 384 1 "
4 Conv 13x 13 3x3 384 384 1
ReLU 13x13 - 384 384 1
5 Conv 13x 13 3x3 384 256 1
ReLU 13x13 - 256 256 1 A MaxPooly
MaxPool D13 13 3% 3 256 756 o) .
6 FC _ _ 9216 4096 1
ReLU - - 4096 4096 1
Dropout Ll
7 FC _ _ 4096 4096 1
ReLU - - 4096 4096 1 )
¢ Dropou> A Dropout y
8 FC _ _ 4096 1000 1 o
softmax _ _ 1000 1000 | n
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AlexNet

Local Respose Normalization (LRN)

A L
min(N—1,i4n/2) B
) ) . .9
by y = a;’y/ k+a Z (ag:,y)
j=max(0,i—n/2)
A 0 6 7 Ll
A 7 7 L
u X
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AlexNet

Dropout
. X
; Ll
. e X i
L
A co-adaptation i L
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AlexNet

AlexNet
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VGG

image

| 3x3c3nv,64 | Output size224x224
Paper: Very Deep Convolutional Networks for Large -Scale | SECTEE |

Image Recognition (2014) | Maxrfol,/z |
| 3x3cony,128 |

p

Output size112x112

A Author: K.Simonyan, A.Zisserman

v
| 3x3cony,128 |

v
Test: error rate on ImageNet, topl: 24.7%, top5: 7.5% [ Maxpool/2 |
3x3 conv, 256

A

A VGG16

Output size56x56

€

3x3 conv, 256

3x3 conv, 256

8 l€S « s

Maxpool, /2

Output size28x28

3x3 cony, 512

3x3 cony, 512
\ 4

| |

| 3x3cony,512 |
v

| |

| |

Maxpool, /2

Output size14x14

3x3 cony, 512
\ 4

3x3 cony, 512
\ 4

| |
| |
| 3x3conv,512 |
[aspoolz ]

Maxpool /2

Output size 7x7

| FC,4096 |
v

| FC,4096 |
v

| FC,1000 |
v

softmax
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VGG

VGG1le AX

X

A
ConvNet Configuration
A A-LRN B C D E
11 weight | 11 weight | 13 weight | 16 weight 16 weight 19 weight
layers layers layers layers layers layers
input (224 x 224 RGB image)

conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
LRN conv3-64 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
convl-256 | conv3-256 | conv3-256
conv3-256

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | 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 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | 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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VGG

Table 3: ConvNet performance at a single test scale.

ConvNet config. (Table[l)

smallest image side

top-1 val. error (%)

top-5 val. error (%)

train (S) | test (Q))
A 756 756 796 104
A-LRN 356 756 39.7 105
B 2356 256 28.7 9.9
756 256 281 04
C 384 384 281 93
[236,512] | 384 373 53
256 256 27.0 83
D 384 384 26.8 87
[236,510] | 384 5.6 81
256 256 273 9.0
E 354 354 36.9 57
[256,512] | 384 55 8.0
A A/A-LRN4  LRN w
A A/BIDIE w
A C/Du conv3x3 convixl L
A Multi-scale training Ll




VGG

ConvNet Configuration
A A-LRN B C D E
11 weight | 11 weight | 13 weight 16 weight | 16 weight | 19 weight
layers layers layers layers layers layers
input
conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
LRN conv3-64 conv3-64 conv3-64 conv3-64

maxpool
conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128
conv3-128 | conv3-128 J conv3-128 J 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
convl-256 | conv3-256 | conv3-256
conv3-256

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 § 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 | conv3-512 | conv3-512 | conv3-512 | conv3-512 § conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool

Conv

A
A fiter  /stride/pad L
A filter=3*3, stride=1, pad=SAME L

A pad=SAMEy

pad

A pad=VALIDu pad=0ww

A Maxpool
A fiter  /stride/pad L
A filter=2*2, stride=2, pad=0

y

e X

y

e X




VGG

, < - >

A ,

A 4y  VGG13( B 5x5conv 3x3convii LI
A Y 5x5conv 3x3conv L

RelLUx 3x3conv

N

< B

A y 5x5conv 3x3conv  top-1 7%%
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Inception

A Inception-vlGoogleNet)uy Szegedy C, Liu W, JiaY, et al. Going deeper with convolutions, CVPR
2015:19.

>

BN-Inceptionu loffe S, Szegedy C. Batch normalization: accelerating deep network training by
reducing internal covariate shift. ICML, 2015:448 456.

A Inception-v2,Inception-v34y Szegedy C, Vanhoucke V, loffe S, et al. Rethinking the Inception
Architecture for Computer Vision[C]// CVPR 2016:28182826.

A Inception-v44y Szegedy C, loffe S,Vanhoucke V, et al. Inception-v4, Inception-ResNetand the

Impact of Residual Connections on Learning, AAAI 6.2017

__—_

GoogLeNet Y inception " 6.67%

BN-Inception Y Batch Normalization, 3x3Q 5x5 4.82% n

Inceptionv3 v T I xé v AL 3.5% 42
No N W BN

Inceptionv4 inception M, . ResNefj ! 3.08% n
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Inception

e

Filter
concatenation

Inception-v1

1x1 convolutions

3x3 convolutions

5x5 convolutions

T

Previous layer

e —

3x3 max pooling

(a) Inception module, naive version

A Napve

wer si

L

A Dimension redutionsu

on

1x1

1x1 convolutions

Filter
concatenation

7

Previous layer

3x3 convolutions 5x5 convolutions 1x1 convolutions
1 ) [}
1x1 convolutions 1x1 convolutions 3x3 max pooling

(b) Inception module with dimension reductions

¢

(

channel)i

X

0




Inception-v1

_ 0 .
/ W
W ,
1 0
1
A " LLI
A m co<ci = n LLI
A y Network in Network
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1x1

5

A 1x1

output

A

5x5 conv

A

input

y

281 281 961 51 51 25624.81 1018

y

Inception-v1

=
o

CYcyY we

W v

CYgyPcgue

961 51 51 256 6.7 1075
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o LLI
output (Y Y w@
5x5 conv WL LV OG
L QUL O I cwcuwocg
1x1conv GC P P CUG
input W cYgue

y

y
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5

GooglLeNet

Inception-v1

type pa:::i:;zd m;:;“t depth #1x1 iij:cj #3x3 ii;j #5%5 E::: params ops
convolution TXT/2 112x112x64 1 27K 34M
max pool 3x3/2 56 X 56 X 64 0

convolution 3x3/1 56x56x192 2 64 192 112K 360M
max pool 3x3/2 28x28x192 0

inception (3a) 28x28x 256 2 64 96 128 16 32 32 159K 128M
inception (3b) 28x28x480 2 128 128 192 32 96 64 380K 304M
max pool 3x3/2 14%x14x480 0

inception (4a) 14x14x512 2 192 96 208 16 48 64 364K 73M
inception (4b) 14x14x512 2 160 112 224 24 64 64 437K 88M
inception (4c) 14x14x512 2 128 128 256 24 64 64 463K 100M
inception (4d) 14x14x528 2 112 144 288 32 64 64 580K 119M
inception (4e) 14x14x832 2 256 160 320 32 128 128 840K 170M
max pool 3x3/2 TXT7Tx832 0

inception (5a) TXTx832 2 256 160 320 32 128 128 1072K 54M
inception (5b) TXTx1024 2 384 192 384 48 128 128 1388K 71M
avg pool TXT/1 1x1x1024 0

dropout (40%) 1x1x1024 0

linear 1x1x1000 1 1000K IM
softmax 1x1x1000 0

~ *http:// no@el.ict.ac.cn[aics

Table 1: GoogLeNet incarnation of the Inception architecture




Inception-v1

Softmax

Conv Conv Conv Conv
1x1+1(S) 3x3+1(S) 5x5+1(S) 1x1+1(S)

Conv Conv MaxPool

1x1+1(S) | 1x1+1(s) [l 3x3+1(S) softmax
7
MaxPool
3x3+2(S) o
7
DepthConcat )T(
Conv Conv Conv Conv Conv
Ix1+1(S) 3x3+1(S) 5x5+1(S) 1x1+1(S) 1x1+1(S) o
X
Conv Conv MaxPool AveragePool 'y
1x1+1(S) 1x1+1(S) 3x3+1(S) 5x5+3(V) A n SOftmaX

DepthConcat
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BN-Inception

VGG 3x3 5x5

5

=
X

A VGG

Filter
concatenatio

Filter

concatenatiol

3x3 conv
5x5 conv 3x3 conv 1x1 conv| T
T T T ‘ 3x3 conv 3x3 conv 1x1 conv|
1x1 conv, 1x1 conv, Pool 1x1 conv| T T T
W 1x1 conv| 1x1 conv, Pool 1x1 cony|

previous W
layer n
previous
layer

BatchNorm v K
BN
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BN-Inception

~ BatchNorm
- A normalize
Input: Values of = over a mini-batch: B = {z1._ m };
Parameters to be learned: v, 3 A
Output: {y, = BN, s(z;)} e Ol DK L
1 « \
UB — — T; // mini-batch mean i
m
i=1
;o 7 7
2 2 - .
— — i— // mini-batch variance v
9B m ;(iﬁ )U’B) N4
A // normalize A Scale and shift
VO % + € A
Yi <+ 7T; + = BN, s(z;) // scale and shift
L
Algorithm 1: Batch Normalizing Transform, applied to A 7

activation x over a mini-batch.
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BN-Inception

BatchNorm
A BN LRN / Dropout / L2 Normalization L
A X LI
A 7 Ll
Model Steps to 72.2%  Max accuracy
Inception 31.0 - 10° 72.2%
BN-Baseline 13.3-10° 72.7%
BN-x5 2.1-10° 73.0%
BN-x30 2.7-10° 748% A -x5
BN-x5-Sigmoid 69.8% inception 5 s

Figure 3. For Inception and the batch-normalized variants,
the number of training steps required to reach the maximum
accuracy of Inception (72.2%), and the maximum accuracy
achieved by the network.
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Inception-v3

Factorization

A 3x3 1x3 3x1 LI
A

<
E
~
—
~

Filter
concatenatiol

nx1l conv

T

1xn cony|

T

nx1 conv nx1 conv

) )

1xn cony| 1xn cony| 1x1 conv|

1 1 )

Filter
concatenatiol

Filter
concatenatio

3x3 conv

T

3x3 conv 3x3 conv 1x1 conv|

) ) )

1x3 conv| |3x1conv

\/’

3x3conv| |1x3conv| |3x1conv| |1x1conv

(N P |

1x1 conv 1x1 conv, Pool 1x1 cony| 1x1 conv 1x1 conv Pool 1x1 conv| 1x1 conv 1x1 conv Pool 1x1 conv|
previous previous previous
layer layer layer
Figure 5 Figure 6 Figure 7
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5

A
A GooglLeNet
A

Inception-v3

iInception
X7 3X3
BN
type patch size/stride input size
or remarks

conv 3x3/2 299x299x 3
conv 3x3/1 149x149x 32
conv padded 3x3/1 147x147x 32
pool 3x3/2 147 %147 x 64
conv 3x3/1 T3xT3x64
conv 3x3/2 T1xT1x80
conv 3x3/1 35x35%192
3x Inception As in figure 5 35x35x288
5x Inception As in figure 6 17x17x768
2x Inception As in figure 7 8x8x1280
pool 8 x 8 8 x 8 x 2048
linear logits 1 x 1 x 2048

softmax

classifier

1 x1 x 1000




ResNet

Paper: Deep Residual Learning for Image Recognition (2015)

>

Author: Kaiming Hen Xiangyu Zhangn Shaoding Reni Jian Sun

>

Test: error rate on ImageNet, top5: 3. 57% (resnet152)

>

ResNets @ ILSVRC & COCO 2015 Competitions

* 1st places in all five main tracks
* ImageNet Classification: “Ultra-deep” 152-layer nets

* ImageNet Detection: 16% better than 2nd REVOIUtIOn Of Depth
* ImageNet Localization: 27% better than 2nd

152 layers
* COCO Detection: 11% better than 2nd A
* COCO Segmentation: 12% better than 2nd N
T 22 layers | 19 layers \
S

i I I 8 layers | 8 layers 7 shallow ]

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

A Y b
A Y 20 56 cifar10 %
n ImageNet X
20 20
% 3 56-layer
O R
E 10F E 1ok 20-laycr
%ﬂ 56-layer 2
£ [
E 20-layer
h i ; ; ; 5 . % i ; 3 : 5 :
iter. (1ed) iter. (1e4)
A Y b NO, BatchNorm L
b NoO, LLI
Y W X
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0 o)

plain network

iInput m output

A Plain network(

A Residual network(

M

)&

ResNet

input

BN

"

N

residual network

2

(output & input)

output




ResNet

* Plaint net * Residual net
% 1 X
weight layer We'ghlt Iayler
anytwo F(x reiu identit
stacked lavers l re|U ( ) : Y
weight layer X
weight layer
lrelu H(x)=F(x)+x
H(x)
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VGG-19 34-layer plain 34-layer residual

image image image
output
Dot
[ dconv64 |
I, /2
output poal./ 5
| 33conv,128 | | W7 conv,64,/2 | | W7 conv,64,/2 |
I I ! N H
"y A VGG plain-network
sie56 TG o, 26 | [ 3x3conv,ea | [ 3x3convea |
v ¥ ¥
[ 33conv,256 | [ 3x3 conv, 64 ] [ 3x3 conv, 64 _]
v ¥ H
[ 3@cov,256 | [ 3x3cn*nv.64 | [ 33conv6a | A plaln - network Yy L
| 33conv, 256 | | 3xconv,64 | | 3x3conv,64
¥
| 33cony64 | | 33conv 64 | A H —N% H — —
¥ Y filter=3*3, stride=1, pad=SAME LU
I 3x3 conv, 64 | [ 3x3 conv, 64
oot pool, /2 | 3aconv,128,/2 | | 3x3conv, 128, /2 A .
outpu t d —_— 2
228 g o512 | [ 33comv,128 | [ 3x3conv, 128 striae= L
[ 33conv512 | [ 33onv128 | [ 3aconv,128 |
A
[ 3@com,512 | [ 38wn,128 | [ 3acony, 128 A Vl Lu
| 3x3 conv, 512 | | 3x3 conv, 128 | [ 3x3 conv, 128
| 3x3conv, 128 | [ 3x3conv, 128 A
¥ Z L
3x3 cony, 128 3x3 cony, 128
[ ] I
| 3x3conv, 128 | | 3x3conv, 128
output V. ey e -
size 14 pool, /2 | 3x3conv,256,/2 | | 3x3cony,256,/2 | Y A reSn et
[ 3x3conv, 512 | [ 3x3conv, 256 | [ 3adconv256 | .
v 2 g
[ 33conv,512 | [ 33conv,256 | [ 3x3conv, 256
A
[ 33cm,s512 | [ 33comw,256 | [ 33comv,256 | A Ll |/| | | |
[ 3dconvs12 | [ 3x3conv,256 | [ 3x3conv,256 |
2 L
[33com, 255 | [ 3x3conv, 256 A Ny
¥ Y " L
[ 3x3conv, 256 | | 33conv256 |
2 L2
| 3x3conv, 256 | | 3x3conv, 256 A
[ 3x3conv,256 | [ 3x3conv,256 | LI
2 2
[ 3acon,256 | [ 3acom,256 |
- A
[,z | [ 3xaconv,256 | a. Strlde:2 n O(
| 3x3conv,256 | | 3x3conv, 256
\ Yy N
output e . (¥ w
. poal, /2 | 3x3conv,512,/2 | [ 3x3conv,512,72 | . b t d f— 2 1 1
size: 7 v v ¥ . S rl e - M X M
[ 33ony512 | [ 3acony, 512 K
[ 33cony512 | [ 3acony512 | [
| 3x3cony,512 | | 3x3cony, 512 M LLI
¥
[ 33conysi2 | | 3x3cony, 512
2 L2
[ a3conysi2 | [ 3x3cony, 512
\ 4 v A\
2;‘;‘1‘ fec 4096 avg pool avg pool
[ fc 4096 | [ fc 1000 | [ fc 1000 |




| CNN
| CNN

} Y

} Y

\ GAN
1 Driving Example

}
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CAT

CAT, DOG, DUCK

singleandbig object

singleandbig object

multi andsmall object

label

label& bounding box

multi label& bounding box

precision(topl/top5)

loU( mb)

mMAP (Mean Average Precision)

http:// ndilel.ict.ac.chaics




N loU

loU( )

A 7 loUu O 0.5 (true detection) L

ANB

IOU =
AUB

http:// novel.ict.ac.cn/aics



N A MAP

. mMAP(mean Average Precision )
A 7 L
A / / 1 MAP
LLI
- MAP
/ (recall)4 N k M k/IM
/ (precision) y N k K/N w
N 7 7 LLI
SMUR Y
— — MIFREAT S
Recall=k/M= TP/(TP+FN) MR 1] (Positive) Jz 5| (Negative)
Precision=k/N= TP/(TP'FFH 1Ef1)(Positve) FLIE(True positive, TP) | & IE4(False positve, FP)
S 5l (Negative) i1 2 15 (False negative, FN) | ¥ f5(True positive, TP)
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A I 5 n 100 L

A Al 100 25 A w

A 100 20 A L
~ H & H
1 0.35 0 3 0.92 1
2 0.15 0 4 0.78 1
3 0.92 1 11 0.69 0
4 0.03 0 20 0.52 1
5 0.24 1 9 0.47 0
6 0.10 0 17 0.45 0
7 0.78 1 12 0.43 0
8 0.01 0 1 0.35 0
9 0.47 0 14 0.35 1
10 0.09 1 19 0.32 0
11 0.69 0 13 0.26 0
12 0.43 0 S 0.24 1
13 0.26 0 18 0.16 1
14 0.35 1 2 0.15 0
15 0.11 0 15 0.11 0
16 0.07 0 6 0.10 0
17 0.45 0 10 0.09 1
18 0.16 1 16 0.07 0

0 4 0.03 0




y

- H
3 0.92 1
confidence_threshold=0.5 u ! 0./8 1
L. 11 0.69 0
3,7,11,20 (score>0.5) positiven 20 052 1
3,7,20  (label=1) true positive i 9| 047 0
= 5 . 17 0.45 0
precision=3/4 1 25 A 7 12 0.43 0
_ 1 0.35 0
recall=3/25 14 035 1
19 0.32 0
_ 13 0.26 0
confidence_threshold=0.2 u 5 0.24 1
12 (score>0.2) positiveit 5 128 8-12 (1)
true positive precision=5/12 15 | 0.11 0
_ 6 0.10 0
recall=5/25 10 0.09 1
16 0.07 0
o o o 4 0.03 0
n n n 8 0.01 0




g H recall recision
3 0.92 1 1/25 1/1
7 0.78 1 2/25 2/2
11 0.69 0 2/25 2/3 -
20 0.52 1 3/25 3/4
9 0.47 0 3/25 3/5 oo
17 0.45 0 3/25 3/6
12 0.43 0 3/25 3/7 0.80
1 0.35 0 3/25 3/8 £
14 0.35 1 4/25 4/9 Z 060
19 0.32 0 4/25 4/10 5
13 0.26 0 4/25 4/11 0.40
5 0.24 1 5/25 5/12
18 0.16 1 6/25 6/13 0-20
2 0.15 0 6/25 6/14 o
15 0.11 0 6/25 6/15 0 0.05 0.1 0.15 0.2 0.25 0.3
6 0.10 0 6/25 6/16 Recall
10 0.09 1 7125 7/17
16 0.07 0 7/25 7/18
4 0.03 0 7/25 7/19
8 0.01 0 7/25 7/20
A A AP (VOC2012\ recall i precision L

A 4 recall=4/25 , precision=6/13; recall=6/25 , precision=6/13;




N A MAP

g H recall recision [maxPrec

3 0.92 1 1/25 1/1 1

7 0.78 1 2125 212 1

11 0.69 0 2/25 213 -

20 0.52 1 3/25 3/4 '

9 0.47 0 3/25 3/5 Lo .

17 0.45 0 3/25 3/6 3/4

12 0.43 0 3/25 3/7 0.80

1 0.35 0 3/25 3/8 E

14 0.35 1 4/25 4/9 § 0.60

19 0.32 0 4/25 4/10 =

13 0.26 0 4/25 4/11 0.40

5 0.24 1 5/25 5/12

18 0.16 1 6/25 6/13 pits 0.20

2 0.15 0 6/25 6/14 o

15 0'11 O 6/25 6/15 0 0.05 0.1 0.15 0.2 0.25 0.3

6 0.10 0 6/25 6/16 fecall

10 0.09 1 7125 7/17

16 0.07 0 7/25 7/18

4 0.03 0 7125 7/19 L

8 0.01 0 7125 7/20
A A AP (VOC2012\ recall i precision L
A 4 recall=4/25 , precision=6/13; recall=6/25 , precision=6/13,;

A AP( A) = (1+1+3/4+6/13+6/13+6/13+7/17)/25 0.1819
ey, - S ‘*http// novel ict.ac.cifaies




CNN

- R-CNN

- YOLO

~ SSD

W y
1. e two-stagex y " W CNN (R-CNN )
2. e one-stagex y " (YOLO )

o “http:/ Bo;el.ict.ac.cnlaics 255




R-CNN

A R-CNNu Girshick R , Donahue J, Darrell T, et al. Rich Feature Hierarchies for
Accurate Object Detection and Semantic Segmentation[C]. 2014.

A Fast RCNNuy Girshick R. Fast RCNN[J]. Computer Science, 2015.

A Faster RCNN 4 Ren S, He K,Girshick R, et al. Faster RCNN: towards real-time object

detection with region proposal networks[C], 2015:91 -99.

2

R-CNN _ RegionProposal ~ CNN 53.3%
SVM\e = Bounding Bo# » -
Fast RCNN Y ROIPooling softmaxXNe - 65.7% 2S
Faster RCNN RPN(Region Proposal Network) 67.0% 02s
é M

-3 http:// 'no;/"él.ict.ac.cn/aiCS




R-CNN

R-CNN Y

A y Selective Search 2000

A y 7
AlexNet(5conv+2FC)

A y SVMs

A y %

aeroplane? no.

person? yes.

tvmonitor? no.

1. Input 2. Extract region 3. Compute 4. Classify
image proposals (~2k) CNN features regions

" “Shitp:// novel.ict.ac.criaies




R-CNN

(Region Proposal)

5

A UijlingsJRR, K. E. A. van de Sandeé. Selective Searc
Journal of Computer Vision, 2013, 104(2):154171.

A y ( )W RCNN
Region Proposal 7
7 X
A y (Selective Search)

it http:// iho:—el.ict.ac.cn/aics



R-CNN

A

>

Algorithm 1: Hierarchical Grouping Algorithm

DontPrintSemicolon Input: (colour) image
Output: Set of object location hypotheses L

=(

Obtain initial regions R = {ry, - - , ry} using Felzenszwalb and
Huttenlocher (2004) Initialise similarity set § = @: X
foreach Neighbouring region pair (ri, r;) do

Calculate similarity s(r;, r;):

i S=5Us(ri,rj).

<

N

while § #= I do
Get highest similarity s(r;, r;) = max(S); 7 7
Merge corresponding regions ry = r; Ur;:

Remove similarities regarding r; : § = S\ s(rj, rs):
Remove similarities regarding r;j : § = S\ §(ry, rj). o o
Calculate similarity set S; between ry and its neighbours;
S=5U Sg:.

| R=RUr;:

Extract object location boxes L from all regions in R:

™
X
X

<

*RND 7

>

(RRCNN 2000 )

Uijlings, J. R. R.; van deSande, K. E. A.;Gevers, T. & Smeulders, A. W. M. Selective Search for Object
Recognition. International Journal of Computer Vision, 2013, 104, 154-171.

7 48

s ) et al. <~~~ Shittp// novel.ict.ac.cifaics




¢000

D

2. Extract region
proposals (~2k)

R-CNN

aeroplane”\

_______________

\ 1. SYM

person? yes.

2.

___________________

tvmonitor? no.

3. BoundingBox

3. Compute
CNN features




R-CNN

(Non-Maximum Suppression, NMS)

N

A I NMS
A NMS y

~
L]

2. w
3. W W loUw loU

X
=

J

4, % X

S http:// iho;\;él.ict.ac.cn/aics




R-CNN

R-CNN Y
A Y CNN 7

A SVM Y

A y X X X Y

A y GPU 13 1 CPU 53




Fast RCNN

2000

)w
(ROI feature vector)ww

w

7

Outputs:

bbox
ax regressor

] L

softm

Rol
pooling

Fast RCNN Yy
A Y Selective Search
A y CNN "
A ROIPoolingu 7
(
A y ROI
A Y " softmax
% NMSx
Deep <Q§§§§>
| |ConvNet| | \\
Rol |
projection\_
Conv N

feature map

Rol feature

vector

For each Rol




Fast RCNN

ROI Pooling
A ROl regions of interest in region proposal LLI
A Y ROI X
ROI 7 LI
X
A y X 7 (HxW)
(hxw) (h/H x w/W [ X0 X

SRS http:// iho;\;él.ict.ac.cn/aics




Fast RCNN

Fast RCNN Y
A " n
X

A ROI pooling X
A I L
A softmax  SVM X
Fast RCNN Y
A selective searchi

e region proposal 2~3s 1 0.32sK LW

S http:// iho;\;él.ict.ac.cn/aics



Faster RCNN

Faster RCNN Y

Faster RCNN = RPN + Fast RCNN

image

\/

ZF/NGG
conv layers

- 3x3conv |

region reg layer g~ ~~~cls layer
Ixlconv  Ixl conv

proposal
network

softmax

e

~ proposals |

\ 4
——— | ROI pooling |

| FC

classifier | FC

and / \
regressor Ff FC

\
| softmax | bbox regressor |




Faster RCNN

Faster RCNN Y
1. 4 o il
(ZPKVGGX 1 i RPN network
Fast RCNN X RPN Fast

R-CNN

LLI
2.RPN uy 7 softmax

7
bounding box regression 7
LLI

3. ROIPooling 4  Fast RCNN#
4. Y Fast RCNNIi  softmax

S http:// iho;\;él.ict.ac.cn/aics

image
ZF/NGG
conv layers
J
A4
3x3 conv
reg layer cls layer
Ixl conv  Ixlconv |

\ softmax
e

proposals

\

classifier
and
regressor \

\ 4

) 4
——»| ROI pooling

FC
) 4
FC
—
FC FC

softmax

| bbox regressor

X<




Faster RCNN

RPN (region proposal networks )

. 3x3conv |
reglayerg—" clslayef
region | | Ixlconv | | 1x1conv |
proposa
network i?ﬂmax
. proposals |
A y i Vi / X
X RPN Anchor n
selective search n n X
A Y
1. 3x3 n 256 (ZF X 512 e VGGI16K X
2. Y 7 reshape
7 softmax 7 reshape feature map w
bbox regression X
3. n e X ¥ NMS
n X




Faster RCNN

anchor box
| 2k scores | | 4k coordinates | <mm  /anchor boxes
cls layer ‘ ’ reg layer
| 256-d |
intermediate layer
. p =
Slid»irlg‘m
conv feature map
A feature map 7
9 d A RPN i feature map 2k
128 128, 256 256, 7 k anchor
517 512 3 / LU
i 2:1, 1:2, 10 4k n o [xywh
anchorsy anchor X

“V'Shitpd/ novel.ict.ac.criaies




R-CNN

R-CNN

5

region proposal (SS) region proposal (SS)
region proposal
feature extraction (Deep Net) feature extraction fi.ea?tur'e extraction )
classification + rect refine classification + rect refine
ification + i
classification rect refine (Deep Net) (Deep Net)
(SVM) (regression)
RCNN fast RCNN faster RCNN
(VOC2012) R-CNN Fast RCNNWM Faster RCNN#n
R-CNN 53.3% 50 s e Y Y
Fast RCNN 65.7% 2s n X
Faster RCNN 67.0% 0.2s n X
4y R-CNN n RossGirshick ICCV15 W Training R-CNNSs of various velocities(Slow, fast, and faster)

" “Shitp:// novel.ict.ac.criaies



../../RCNN_training.pdf

CNN

- R-CNN
- YOLO
One-stage
~ SSD
n y
1. e two-stagex y " W CNN (R-CNN )
2. e _one-stagex Y " (YOLO )

o “http:/ Bo;el.ict.ac.cnlaics 255




YOLO

A YOLO(v1} Redmon J,Divvala S, Girshick R, et al. You Only Look Once: Unified, Real Time Object
Detection[J]. 2015.

A Yy bounding boxes
7 (you only look once, YOLO) X
YOLO one-stage 7 7
X YOLO 7 45 | n X

1. Resize image.
2. Run convolutional network.
3. Non-max suppression.

Figure 1: The YOLO Detection System. Processing images
with YOLO is simple and straightforward. Our system (1) resizes
the input image to 448 x 448, (2) runs a single convolutional net-
work on the image, and (3) thresholds the resulting detections by
the model’s confidence.

" “Shitp:// novel.ict.ac.criaies




YOLO

(Unified Detection)

A S S 7
B Bounding box i bbox
4 X, Yy, w, h confidence;

=

2 I i e
"\ Dl
e e ey, Y

A x,y,w, h bbox 7 -
| (0, L T
A Conﬂdence( ) S xS grid on input
bbox Pr(Object)
|OU(pred|truth )in
Class probability map
Y

e o PPy S 7o 7 D £ ®QQOEW0ND Nd®R & &
Oé & Q00 DIHE QI Y ObeQ}Q(o(% L g 006 IOE b6 &

A C 0@ & b o QYHQ oTipk8 6 C
L W B bbox C W
bbox y
Pr(Class; |Object) * Pr(Object) x* IOUg;gg = Pr(Class; ) = IOUE}‘gg
A tensor yY Y 6 v 0O

% “http:// no;el.ict.ac.CNaiCS




YOLO

s A LeakyRelLU: fix)=max(x,0.1x) x O
| i 0.1 RelLU
5 e Dead RelLUProblemx vi
7 X
12
|«
3 o -
448 3 28 aﬁﬁ
3 1 —) X P
12
56 28 143 !

o 7 7 7

3 192 256 512 1024 ' 1024 1024 4096 30
Conv. Layer Conv. Layer Conv. Layers Conv. Layers Conv. Layers Conv. Layers Conn. Layer Conn. Layer
7x7x64-s-2 3x3x192 1x1x128 1x1x256 1x1x512 7,5 3x3x1024

Maxpool Layer ~ Maxpool Layer 3x3x256 3x3x512 3x3x1024 3x3x1024
2x2-5-2 2x2-s-2 1x1x256 1x1x512 3x3x1024
3x3x512 3x3x1024 3x3x1024-5-2
Maxpool Layer  Maxpool Layer
2x2-s-2 2x2-s-2
A GoogleNet L
7 S=7n B=2ih C=20i tensor 71 71 30 (

A PASCAL VOC 7
30=B*5+C)
28 et al.




YOLO

YOLO(v1)
DK X YOLO 7 7
7 98 bboxii 7
Titan X  GPU 45 FPS1 Fast YOLO 155 FP
2K X 7
7 % YOLO 7
cell n X

3K X YOLO 7 X 7

YOLO 7 i YOLO DPMXR-
CNN X

S —

S http:// iho:—el.ict.ac.cn/aics




YOLO

YOLO(WVY)
DK % YOLO cell bbox Y
cell n X
25K X MSE
s2 B s? B 9
)\mm ]]-Obj Iq i’i)g + ( i 1 + }‘Wﬂl ]lob'] \/w_i \f \/7 - Ez’
3 8 [l 20 ] e 503 [ (v V) (V- Vi) ]
s2 B s? B " .
PP 1 (oo —€) "noobJZZ]l"“’ (ci-c) + Z 17 ST (i) = pi(e))?
i=0 j= i=0j= cEclasses
15" cell 199 celli ] cell
3K X bbox " "
X

" Shitp:// novel.ict.ac.criaics




YOLO

A YOLO-v2 u Redmon J,Farhadi A. YOLO9000: Better, Faster, Stronger[C]// IEEE

Conference on Computer Vision & Pattern Recognition. 2017.

7 faster rcnn anchor box 7
(Darknet-19)u YOLO Vi coco
/imagenet X

A YOLO-v3 4 Redmon J,Farhadi A. YOLOv3: An Incremental Improvement[J]. 2018.

FPN L e Darknet-53vi resnebk W Sigmord
Softmax X




SSD

Liu W, Anguelov D, Erhan D, et al. SSD: Single ShotMultiBox Detector[C]// European

p>>

Conference on Computer Vision. 2016.

Yy YOLO bbox one-stage 7 Faster R
CNN anchor-box

p>>

7

X<

7 X

Extra Feature Layers
VGG-16 i

f
———= -\ Classifier : Conv: 3x3x(3x(Classes+4)) _
N L
\ \\ \\ Classifier : Conv: 3x3x(6x(Classes+4))
N : N
N ) i

—
| |
| |
| |
| 38 EY 19
Image | I
| Conv4_3 | | come Com? Comv10_2 7]
| || (Fce) (FC7)
300 I I Conve_2 E
N\ | |
3
\\ | I 19 19 Pool 11
3 N |
- | |
Ne N [st2| | 1024 | 1024) 256

“Conv: 3x3x1024 Conv: 1x1x1024 Conv: 1x1x256 Conv: 1x1x128 Conv 1x1x128 Avg Ponllng Global

Conv: 3x3x512-s2 Conv: 3x3x256-s2 Conv: 3x3x256-s2
\ YOLO Customized Architecture

Fully Connected  Fully Connected

Y

| Detections 7308 per Class |
| Non-Maximum Suppression |

72.1mAP
58FPS

SSD

63.4MAP
45FPS

YOLO

448

Detections: 98 per class
| Non-Maximum Suppression |

|

“http:// novel.ict.ac.criaics




SSD

Classifier : Conv: 3x3x(6x(Classes+4)) E
> O
» 8 A CNN 7
[eo] H —
o |8 stride=2 pool
La 32
r-h-.. A4
Conv? 10 Conv10_2 w '/I
(FCT) 5 S o
Conv8 2 Conve_2 N > = anchor box n
19 3 Pool 11 = y/ \7
10 5 cu anchor box n X
3 N o
1024 512 256 256 h |
1 1x1x1024 Conv: 1x1x256  Conv: 1x1x128  Conv: 1x1x128  Avg Pooling:Global
Conv: 3x3x512-s2 Conv: 3x3x256-s2 Conv: 3x3x256-s2
.- LB -'
PN R (P R
Iy e i
== it 1o f=-==1n - (9]
i ]
[ L | L [ LI
Pl o] 1 |:l--—|ll s i1
= LEL::i,_' T Ry i 7 8x8
gl o0 o i1 [0 21 PR 1 7
'_:I = : _/. [} n
'III—JHI /——- - .- - - o
19 - -
4=l Vioc: A(ex, ey, w, h) n
conf : (c1,¢2,- -+, ¢p) X

(a) Image with GT boxes (b) 8 x 8 feature map (c) 4 x 4 feature map

~http:// ndQeI.ict.ac.cn/aics




SSD

Anchor box ( default box)
A Y 6 anchor boxesii 2 4 ( W 2XK3K1/2XK1/3)w
Ak scaled sp=smn+ TG 1) ke [1,m]
m— 1
q Y TRhY ) m anchor box Ll
1 7 7 ka = \/SkSk+1

Ak defaultbox 4 wji = sp\/a,

L= sk/\/ar

Y

F - H /'\/W
S - SIN()

ST "“*'http:—// iho:—el.ict.ac.cn/aics



A IOUn e IOU
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two stage

Object Detection

one stage

R-CNN © SPP-Net © Fast R-CNN O Faster R-CNN

©

HyperNet

MS-CNN
BEFHREERNE O

PVANet

Light-Head R-CNN

MR-CNN

BEFEMRPN @/ FPN

YoLo ©

YOLO9000

OverFeat

http:// noVeI.ict.ac.cn/aics

\ CRAFT

R-FCN ©  CoupleNet

BEREMNROIDE G)/ Mask R-CNN

\ Cascade R-CNN

OHEM

HAGAE O  Soft-NMS

A-Fast-RCNN

EAMmini-Batch ©  MegDet




| CNN
| CNN

} Y

} Y

\ GAN
1 Driving Example

}
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J

Y X X X

E£ESSmHRERERSS ef| S BWsh m B EBFT T — 1 DERI=i.

US President George W. Bush held an hour-long meeting with Israeli Prime Minister
Ariel Sharon on the situation in the Middle East yesterday amewnen

e fouse.

'man in blue wetsuit is surfing on

girl in pink dress is jumping in black and white dog jJumps over young girl in pink shirt is
B wave
‘ bar swinging on swing

% “http:// novel.ict.ac.crilaies




Applications
o MNatural Language Processing
m Language Modeling

Speech Recognition

Machine Translation

m Conversation Modeling

Question Answering

o Computer Vision
m Object Recognition

m Image Generation

m Video Analysis
o Multimodal (CV+NLP)

m Image Captioning

» Video Captioning

m Visual Question Answering
o Turing Machines
o Robotics
o Other
o e

——

A

A

GitHub Project: Awesome Recurrent Neural Networks

A curated list of resources dedicated to recurrent
neural networks (closely related to deep learning).

https://qgithub.com/kjw0612/awesome -rnn

" “Shitp:// novel.ict.ac.criaies


https://github.com/kjw0612/awesome-rnn

} e RNNx I
LLI
} 0 ° i 1 x| .
7 | LI
bl do 0 YO i o i tanh RelU

(1) | q q q q

— A R S R S
0
Y — 8
e X I( — > > > — —_—
A A A
Y unfold




(1) q q | <

W

l
oC
l

W —
e X I( ———
A A A

Y unfold

=(

A sequencey RNN X
° ) 7 LLI
A recurrenty I
7 W Ue X W
A memory 4 i t
7 LLI

=(

h N



} RNN -

one to one one to many many to one many to many many to many

http:// karpathy.github.io /2015/05/21/rnn-effectiveness/

image captioning sentiment analysis ~ machine translation  video classification
video caption e WK

e X "
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O
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} BPTT (backpropagation through time)
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RNN

Algorithm 1 Pseudo-code for norm clipping the gra-
} dients whenever they explode
A dE
g < 90
if ||g|| > threshold then
A threshold
€ gl 8
end if

Pascanu, R.; Mikolov, T. & Bengio, Y. Dasgupta, S. & McAllester, D. (Eds.) On the
difficulty of training recurrent neural networks  ICML 2013

7 LSTMKGRU
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RNN

} " W
} 7 n X
} ol'he clouds are in the skyo 7
B k¥ 6 7
n RNNs X
} dgrewupin ltaly¢ | s p e dtklianf & u e n tn
dtalyon X
X n RNNs
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| CNN
| CNN

} Y

} Y

\ GAN
1 Driving Example

}
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} LSTM (Long ShortTerm Memory networks)

A Hochreiter S, Schmidhuber J. Long short-term memory[J]. Neural computation,
1997, 9(8): 17351780.
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} LSTM (Long ShortTerm Memory networks)

A Forget gatee X Y
(t-1)
L (fo(” + W R+ bf) = U'(Wf (k
0
A Input gate e X R
R M |
()
X
A Output gate e X Y h®
g = (U"x(‘) + WeR"Y 4+ b") =0 (W,
X0
W) 4 )
L} %X > + 7 Ll > H
K #6) 0WEQ ¢ = fWctV 4 iV R
mhh *
— Fx " = tanh (U + Wh'™ 1 b) = U(WC( o ))
X 4
0 We ™
S Lﬁ,j - T LSTMcell
— Stac

K )% I()' B = ¢Otanh(c®)




} LSTM

A (peephole connection) u Q Wi
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—

GRU (Gated Recurrent Unit)

A Chung J, Gulcehre C, Cho K H, et al. Empirical evaluation of gated recurrent neural
networks on sequence modeling[J]. arXiv preprint arXiv:1412.3555, 2014.

A LSTM n n n
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} LSTM GRU
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(a) Long Short-Term Memory (b) Gated Recurrent Unit
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| CNN
| CNN

} Y

} Y

\ GAN
1 Driving Example
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GAN

1 2014 lan Goodfellow GAN

Goodfellow | J,Pouget-Abadie J, Mirza M, et al. Generative adversarial nets[C]//
International Conference on Neural Information Processing Systems. 2014.

20 N A Yann LeCun
Y X X
X
generated distribution true data distribution

=

A

p(x)

unit gaussian

generative

model

(neural net) N e

image space image space

https:/blog.openai.cofgenerativemodels/

GAN
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GAN
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GAN

] D
JP) = —Exn,,,dara(x)[log(l)(x))] - Ez~pz(z)[10g(l - D(G(2)))]
y X W g(11 G(z) #
()7
] G
JC =E,_, o[log(l — D(G(2)))]
Y G(2)i I (x
D(G(2)) X
} GAN e X

minmax V(D, G) = —J ) = E,_,,...co[10g(D(x))] + Ezp, ) [log(1 = D(G(2)))]
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GAN

X

+ GAN

=
S

N7 1 log(1-D(G(z)))

=
X

J9 = =E;p,[l0g(D(G(2)))]

y 7




(model collapse)

=

} 4 GAN

=
X

e I o e~ ]

+

+ #

X

MNIST t-SNE 1 10 10

+ @

X
X

%

X

van der Maaten, L. & Hinton, G. Visualizing Data using t-SNE. Journal of Machine
Learning Research, 2008, 2579-2605

} e WGANX Y n Wasserstein GAN




GANA HD ~

Cumulative number of named GAN papers by month

Total number of papers
N
o

2014 2015 2016 2017 2018

https:// github.com /hindupuravinash/the -gan-zoo
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GAN

} GAN
DCGANy  GAN
ResGAN N ResNet
SRGAM N ResNet
CycleGANY
} GAN
CGAN
InfoGAN
} GAN
BiGAN

VAE-GAN
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GAN

@ A Style-Based Generator Archite...
AN 4

-
vhw
P>

} Super resolution

N 2 . ’ - » 2\ \
} e il r“'zl
' /

~ ¥ - v, 4’,
i B s G 4
N P ) ) } =

wlp

3 ’: N AN s
L& % e Y § e e
" )“ '5\ WA

GAN zoou https://deephunt.in/the -gan-zo00-79597dc8c347
GAN y https://github.com/zhangdianhui/AdversarialNetsPapers
GAN y https://github.com/nashory/gans -awesome-applications
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https://deephunt.in/the-gan-zoo-79597dc8c347
https://github.com/zhangqianhui/AdversarialNetsPapers
https://github.com/nashory/gans-awesome-applications

}  CNN

) CNN

} v

} v

) GAN
1 Driving Example

}
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Driving Example
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Image style transfer

1 Gatys et al. Image Style Transfer Using Convolutional Neural Networks[C]. 2016.
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