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Driving Example
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}

} CNN

} CNN

} ч

} ч

} GAN

}Driving Example

}

5
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}

6

Å 32x32й 32x32x3 = 3072

Å 100й 3072 x100 = 307200
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¸ й ӂ

7

Å 1024x1024й 1000

Å 10^9й

Å
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еCNNж
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CNN

} VGG16

¸ еconvж

¸ еmax poolж

¸ еFCж

¸ Softmax

9

3x3 conv, 64

3x3 conv, 64

Maxpool, /2

3x3 conv, 128

3x3 conv, 128

Maxpool, /2

3x3 conv, 256

3x3 conv, 256

3x3 conv, 256

Maxpool, /2

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

Maxpool, /2

3x3 conv, 512

3x3 conv, 512

Maxpool, /2

FC, 4096

FC, 4096

FC, 1000

softmax

Output size: 224x224

Output size: 112x112

Output size: 56x56

Output size: 28x28

Output size: 14x14

Output size: 7x7

image

conv1

conv2

conv3

conv4

conv5
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¸

Å w0 w1 w2

w3 w4 w5

w6 w7 w8

filter/kernel

й ӂ

ü ч Ӂ

й й ӂ
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} ч

11

¸

ώὲ ὼὭὬὲ Ὥ ὼὲ Ὤzὲ

} ч ( )ш

( ò * ó)
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¸

*input filter = output

6x6x3 3x3x3 4x4
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* =

6x6x3 3x3x3 4x4
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1 -1 -1

-1 -1 0

-1 1 1

1 -1 -1

-1 0 -1

-1 0 1

-1 1 1

-1 1 -1

1 -1 1

C = 0

C = 1

C = 2

* =

2-2-1+2
+

0-2+0+2
+

(-1)+0+0+2

= 2
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¸

*input

filter1

= output

6x6x3 2x3x3x3 4x4x2

Å ӂ

filter2

output
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¸
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¸ (padding)

Å /

Å

Å

¸ (stride)

Å

Å pad

Ὥὲὴόὸύ Ὤ̦ὪὭὰὸὩὶὪ Ὢ̦ ὴὥὨὴ̦ ίὸὶὭὨὩί

έόὸὴόὸ
ύ ςὴ Ὢ

ί
ρ

Ὤ ςὴ Ὢ

ί
ρ

Ὥὲὴόὸτ τ̦ ὪὭὰὸὩὶσ σ̦ ὴὥὨρ

ίὸὶὭὨὩς
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¸ ч

*input

filter1

= output

ύ Ὤ ὧ

filter
2

output+ bias

ὧ Ὢ Ὢ ὧ ρ ρ ὧ ύ Ὤ ὧ

Å stride

Å pad

Å ÏÕÔÐÕÔ ρ ρ

Å filterч

Å biasч й

й ш

Å activation
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¸Pooling 

Å Max Pooling / Avg Pooling / L2 Pooling

Å й й ш

Å ш

2 3 1 5 2 3

7 4 5 2 3 1

3 9 6 0 4 2

0 6 4 7 1 2

4 1 0 8 0 6

7 0 2 1 6 3

7 5 3

9 6 4

7 8 6

Max pooling

ὪὭὰὸὩὶς ς̦ ὴὥὨπ̦ ίὸὶὭὨὩς

Max pooling й ӂ
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¸Fully Connect 

Å й ш

Å й

й ӂ

¸Softmax

Å й й ш

Å ш

Å Softmax Ӂ ш

Å ̴Ὢᾀ Ὡ ȾВ Ὡ
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ь

22

Å VGG16 3x3 conv, 64

3x3 conv, 64

Maxpool, /2

3x3 conv, 128

3x3 conv, 128

Maxpool, /2

3x3 conv, 256

3x3 conv, 256

3x3 conv, 256

Maxpool, /2

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

Maxpool, /2

3x3 conv, 512

3x3 conv, 512

Maxpool, /2

FC, 4096

FC, 4096

FC, 1000

softmax

Output size: 224x224

Output size: 112x112

Output size: 56x56

Output size: 28x28

Output size: 14x14

Output size: 7x7

image

conv1

conv2

conv3

conv4

conv5
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¸

Conv
+

relu
pool

FC
+

relu
FC/softmax

N M K

ê

dog

Å е жӁ ш

Å й NӁMӁK ш

Å чN=3йM=1йK=2 ч

ÉÎÐÕÔᴼÃÏÎÖÒÅÌÕOÃÏÎÖÒÅÌÕOÃÏÎÖÒÅÌÕOÐÏÏÌO&#ÒÅÌÕO&#ÒÅÌÕO&#O ÏÕÔÐÕÔ

Å й ӂ
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й

24

Å ч

conv6

conv9

Springenberg, J. T.; Dosovitskiy, A.; Brox, T. & Riedmiller, M. Striving for simplicity: the all convolutinal net ICML, 2015,1-12
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}

} CNN

} CNN

} ч

} ч

} GAN

}Driving Example

}

26



& & et al. 2020http:// novel.ict.ac.cn/aics

CNN

27

¸ neocognition ӂ

1979 1980 й еvisual cortexж

òneocognition ó ӂ

¸ AlexNet й ILSVRC2012

state-of-art ӂ ӂ
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CNN

28

¸AlexNet

¸VGG

¸ Inception 

¸ResNet
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AlexNet

29

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

Â Author:  Alex Krizhevsky,  Ilya Sutskever,  Geoffrey E. Hinton

Â Test: error rate on ImageNet,  top1: 37.5%, top5: 17.0%

е GPU ж
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AlexNet

30

Whatôs Newь

Â Dropoutч

й ш

Â LRN ч

й ш

Â ReLU ч

ш

Â MaxPoolч

й

ш
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AlexNet

31

¸Local ResposeNormalization (LRN)

Å ш

ὼ

ώ
ὔ

Å ò óй й ш

Å й й ш

й ӂ
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AlexNet

32

¸Dropout

Å

Å й ӂ

й ш

Å е жй

ш

Å co-adaptationй ш
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AlexNet

33

¸AlexNet

Å й ш

Å ReLU ш

Å DropoutӁ й ӂ

ь
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VGG

34

Â Paper:  Very Deep Convolutional Networks for Large -Scale 

Image Recognition (2014)

Â Author:  K. Simonyan, A. Zisserman

Â Test: error rate on ImageNet,  top1: 24.7%,  top5: 7.5%

Å VGG16

3x3 conv, 64

3x3 conv, 64

Maxpool, /2

3x3 conv, 128

3x3 conv, 128

Maxpool, /2

3x3 conv, 256

3x3 conv, 256

3x3 conv, 256

Maxpool, /2

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

Maxpool, /2

3x3 conv, 512

3x3 conv, 512

Maxpool, /2

FC, 4096

FC, 4096

FC, 1000

softmax

Output size: 224x224

Output size: 112x112

Output size: 56x56

Output size: 28x28

Output size: 14x14

Output size: 7x7

image
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VGG

35

Â

VGG11еAж

4 3
4

3 й
ш
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VGG

36

¸

Å A/A -LRNч LRN ш

Å A/B/D/Eч ш

Å C/Dч conv3x3 conv1x1 ш

Å Multi -scale training ш
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VGG

37

¸ -
Â Conv

Å filter /stride/pad ш

Å filter=3*3,  stride=1,  pad=SAMEш

Å pad=SAMEч pad

Å pad=VALIDчpad=0ш

Â Maxpool

Å filter /stride/pad ш

Å filter=2*2,  stride=2,  pad=0 ш

ч
е ж

ч
е ж
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VGG

38

¸ < - >

Å ;

Å ч VGG13( B)й 5x5conv 3x3convй ш

Å ч 5x5conv 3x3conv ш

ReLUй 3x3conv

Å ч 5x5conv 3x3conv top -1 7%ӂ
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Conv
7x7

ύὩὭὫὬὸᾧέόὲὸ χ χ τω

Conv
3x3

Conv
3x3

Conv
3x3

ύὩὭὫὬὸᾧέόὲὸ σ σ σ ςχ

39
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VGG

40

¸VGG

Å й й

Å й й

Å й

ь ь
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Inception

41

Â Inception -v1(GoogLeNet)чSzegedy C, Liu W, JiaY, et al. Going deeper with convolutions, CVPR

2015:1-9.

Â BN-InceptionчIoffe S, Szegedy C. Batch normalization: accelerating deep network training by 

reducing internal covariate shift. ICML, 2015:448-456.

Â Inception -v2,Inception-v3чSzegedy C, Vanhoucke V, Ioffe S, et al. Rethinking the Inception 

Architecture for Computer Vision[C]// CVPR, 2016:2818-2826.

Â Inception -v4чSzegedy C, Ioffe S, Vanhoucke V, et al. Inception-v4, Inception-ResNetand the 

Impact of Residual Connections on Learning, AAAIõ2017.

Ἐ Top5ὗ Ẁ

GoogLeNet Ỵinception ꜗ 6.67% 22

BN-Inception Ỵ Batch Normalization, 3x3Ὠ 5x5 4.82% ñ

Inception-v3 ♆⁪ ẍệ ♆ ̦└
№ ᾒ Ẁ BN

3.5% 42

Inception-v4 inception , ResNetᾒ ꜗ 3.08% ñ
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Inception-v1

42

¸ Inception 

Å Naµve versionч й й

ш

Å Dimension redutionsч 1x1 ( channel)й ò óй

ӂ
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Inception-v1

43

Å ч й е ж й ӂ

¸1x1

Ὤ

ύ

ὧ

* =

Ὤ

ύ

ὧ
ὧ

1
1

ê

ὧ

Å й ш

Å й co < ci й й ш

Å чNetwork in Network
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Inception-v1

44

¸1x1

Å 1x1 й ò óй ш

output

input

5x5 conv

ςψςψςυφ

ωφυ υ ςυφ

ςψςψωφ

output

input

5x5 conv

1x1 conv

ςψςψςυφ

σςρ ρ ςυφ

ωφυ υ σς

ςψςψσς

ςψςψωφ

ч

28ī28ī96ī5ī5ī256æ4.8ī10^8

ч

96ī5ī5ī256 æ6.1ī10^5

ч

28ī28ī32ī256+28ī28ī96ī5ī5ī32æ6.7ī10^7

ч

32ī256+96ī5ī5ī32 æ8.5ī10^4
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Inception-v1

45

¸GoogLeNet
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Inception-v1

46

¸Softmax

Å й

softmax

й

й

ӂ

ӂ

Å йsoftmax

ӂ
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BN-Inception

47

Å VGG й ӂ

¸ VGG 3x3 5x5

¸ BatchNormй Ӂ

BN

1x1 conv 1x1 conv Pool 1x1 conv

3x3 conv 3x3 conv 1x1 conv

previous 

layer

Filter 

concatenation

3x3 conv

1x1 conv 1x1 conv Pool 1x1 conv

5x5 conv 3x3 conv 1x1 conv

previous 

layer

Filter 

concatenation
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BN-Inception

48

¸BatchNorm

Â normalize

Å

е 0й 1жш

Å

й

й й

ӂ

Â Scale and shift

Å

ш

Å й

ӂ
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BN-Inception

49

Å BN LRN / Dropout / L2 Normalization ш

Å Ӂ ш

Å й ш

¸BatchNorm

Å -x5 

inception 5 ӂ
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Inception-v3

50

Å 3x3 1x3 3x1 ш

Å й ш

¸Factorization

Figure 5 Figure 6 Figure 7

1x1 conv 1x1 conv Pool 1x1 conv

3x3 conv 1x3 conv 1x1 conv

previous 

layer

Filter 

concatenation

3x1 conv1x3 conv

3x1 conv

1x1 conv 1x1 conv Pool 1x1 conv

1xn conv

nx1 conv

1x1 conv

previous 

layer

Filter 

concatenation

nx1 conv

1xn conv 1xn conv

nx1 conv

1x1 conv 1x1 conv Pool 1x1 conv

3x3 conv 3x3 conv 1x1 conv

previous 

layer

Filter 

concatenation

3x3 conv
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Inception-v3

51

Å inception 

Å GoogLeNet 7x7 3x3

Å BN

¸
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ResNet

52

Â Paper:  Deep Residual Learning for Image Recognition (2015)

Â Author:  Kaiming HeйXiangyu ZhangйShaoqing RenйJian Sun

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

53

Å ч ь

Å ч 20 56 cifar10 й

й ImageNet ӂ

Å ч ьNo, BatchNorm ш

ь No, ш

ч й ӂ
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ResNet

54

Å Plain network( )ч ш

Å Residual network( )ч BN й ш

Å ч й ӂ

¸ ò ó

input CNN output

plain network

input CNN output

residual network

+

(output ðinput)
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ResNet

55

¸

Å
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¸

Â VGG plain-network

Å plain-networkч ш

Å чfilter=3*3, stride=1, pad=SAMEш

Å stride=2 ш

Å й ш

й ш

Â resnet

Å ч й ш

Å ч й ш

Å ч

a. stride=2 й 0( )

b. stride=2й 1x1 й

й ш

57
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}

} CNN

} CNN

} ч

} ч

} GAN

}Driving Example

}

58
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№ Ῐ +№ ṿ

singleand big object singleand big object multi and small object

Ỵ label label& bounding box multi label& bounding box

precision(top1/top5) IoU ( ḿḇ) mAP (Mean Average Precision)

59
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ññIoU

¸ IoU( )

60

Å й IoU Ô 0.5 (true detection)ш

bounding box
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ññmAP

¸mAP(mean Average Precision )

61

Å й ш

Å / / йmAP

ш

/ (recall)ч N k M k/Mш

/ (precision) ч N k k/Nш

N й й ш

¸mAP

Recall=k/M= TP/(TP+FN)

Precision=k/N= TP/(TP+FP)
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Å й 5 й 100 ш

Å Aй100 25 A ш

Å 100 20 A ш

ññmAP

62

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

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

confidence_threshold=0.5 ч

3, 7, 11, 20 (score>0.5) positiveй

3, 7, 20 (label=1) true positiveй

precision=3/4й 25 A й

recall=3/25

confidence_threshold=0.2 ч

12 (score>0.2) positiveй 5

true positiveй precision=5/12й

recall=5/25

й й й

ññmAP

63

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



& & et al. 2020http:// novel.ict.ac.cn/aics

Å A AP (VOC2012)ч recall й precision ш

Å чrecall=4/25 , precision=6/13;  recall=6/25 , precision=6/13; 

ññmAP

64

recal l precis ion
1/25 1/1
2/25 2/2
2/25 2/3
3/25 3/4
3/25 3/5
3/25 3/6
3/25 3/7
3/25 3/8
4/25 4/9
4/25 4/10
4/25 4/11
5/25 5/12
6/25 6/13
6/25 6/14
6/25 6/15
6/25 6/16
7/25 7/17
7/25 7/18
7/25 7/19
7/25 7/20

Ḥ
3 0.92 1
7 0.78 1
11 0.69 0
20 0.52 1
9 0.47 0
17 0.45 0
12 0.43 0
1 0.35 0
14 0.35 1
19 0.32 0
13 0.26 0
5 0.24 1
18 0.16 1
2 0.15 0
15 0.11 0
6 0.10 0
10 0.09 1
16 0.07 0
4 0.03 0
8 0.01 0
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Å A AP (VOC2012)ч recall й precision ш

Å чrecall=4/25 , precision=6/13;  recall=6/25 , precision=6/13; 

Å AP( A) = (1+1+3/4+6/13+6/13+6/13+7/17)/25=0.1819

ññmAP

65

recal l precis ion
1/25 1/1
2/25 2/2
2/25 2/3
3/25 3/4
3/25 3/5
3/25 3/6
3/25 3/7
3/25 3/8
4/25 4/9
4/25 4/10
4/25 4/11
5/25 5/12
6/25 6/13
6/25 6/14
6/25 6/15
6/25 6/16
7/25 7/17
7/25 7/18
7/25 7/19
7/25 7/20

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

maxPrecis ion
1

6/13

3/4

7/17

1
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CNN

66

¸R-CNN

¸YOLO

¸SSD

й ч

1. еtwo-stageж ч й й CNN (R-CNN )

2. еone-stageж ч й (YOLO )
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R-CNN

67

Â R-CNNчGirshick R , Donahue J , Darrell T , et al.  Rich Feature Hierarchies for 

Accurate Object Detection and Semantic Segmentation[C]. 2014.

Â Fast R-CNNчGirshick R. Fast R-CNN[J]. Computer Science, 2015.

Â Faster R-CNN чRen S, He K, Girshick R, et al.  Faster R-CNN: towards real- time object 

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

ᾱ mAP (VOC201

2)

ά ṿ

R-CNN RegionProposal CNN ̵

SVM№ ̦Bounding Box ̵לּ

53.3% 50 s

Fast R-CNN Ỵ ROIPooling̵ softmax№ ̵ 65.7% 2 s

Faster R-CNN RPN(Region Proposal Network)

ệ

67.0% 0.2 s
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R-CNN

68

R-CNN ч

Å ч Selective Search 2000

Å ч й

AlexNet(5conv+2FC)

Å ч SVMs

Å ч й
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R-CNN

¸ (Region Proposal)

69

Å Uijlings J R R, K. E. A. van de Sandeê. Selective Search for Object Recognition[J]. International 

Journal of Computer Vision, 2013, 104(2):154-171.

Å ч ( )й R-CNN 

Region Proposal й

й ӂ

Å ч (Selective Search)
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R-CNN

70

Å
Â

Â

Â

Â й

ӂ й

Â й

е 1ж

Â Ӂ Ӂ

е Ӂ

Ӂ Ӂ ж й

й

*RND й

Â

(R-CNN 2000 )

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

¸

71

1. SVM

2. 

3. BoundingBox

τπωφ

ê

ς000

ςπ

ê

ς000
SVM

21
( )

NMS

AP
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R-CNN

¸ (Non-Maximum Suppression, NMS)

72

Å ч й

Å ч

Å й NMS й

Å NMS ч

1.
2. ὦ й
3. ὦ ὦ IoUш IoU й
ὦш

4. й ӂ
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R-CNN

74

R-CNN ч

Å ч CNNй й

Å SVM ч

Å ч Ӂ Ӂ Ӂ й

Å чGPU 13 йCPU 53

ь
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Fast R-CNN

75

Fast R-CNN ч

Å ч Selective Search 2000 ш

Å ч CNN й ш

Å ROI-Poolingч й

( )ш

Å ч ROI (ROI feature vector)ш

Å ч й softmax й

й NMSӂ
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Fast R-CNN

¸ROI Pooling

76

Å ROIчregions of interestй region proposal ш

Å ч ROI ӂ

ROI й ш

ӂ

Å ч ӂ й (HxW)

(hxw) (h/H x w/W / жй ӂ
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Fast R-CNN

77

Fast R-CNN ч

Å й й

ӂ

Å ROI pooling ӂ

Å й ш

Å softmax SVM ӂ

Fast R-CNN ч

Å selective searchй

еregion proposal 2~3s й 0.32sжш

ь
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Faster R-CNN

78

Faster R-CNN ч

Faster R-CNN = RPN + Fast R-CNN 
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Faster R-CNN

79

Faster R-CNN ч

4. ч Fast R-CNNй softmax й

1. ч
(ZFӁVGGжй й RPN

Fast R-CNN ӂRPN Fast 
R-CNN
ш

2. RPN ч й softmax
й

bounding box regression й
ш

3. ROIPooling ч Fast R-CNNй
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Faster R-CNN
¸ RPN (region proposal networks )

80

Å ч й й / Ӂ

ӂRPN Anchor й

selective search й й ӂ

Å ч

1. 3x3 й 256 (ZF ж 512 еVGG16ж ӂ

2. ч й reshape

й softmax й reshape feature mapш

bbox regression ӂ

3. й е жй NMS

й ӂ

3x3 conv

1x1 conv 1x1 conv

softmax

proposals

region 

proposal 

network

reg layer cls layer



& & et al. 2020http:// novel.ict.ac.cn/aics

Faster R-CNN

¸ anchor box

81

Å RPN йfeature map 2k

й k anchor

/ ш

4k й [x,y,w,h] 

anchor ӂ

Å feature map й

9 ч

128ī128, 256ī256, 

512ī512й 3

й 2:1, 1:2, 1:1 й

anchorsӂ
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R-CNN 

¸R-CNN

82

Å R-CNN Fast R-CNNй Faster R-CNNй

е й й

й ж

й ӂ

mAP
(VOC2012)

R-CNN 53.3% 50 s

Fast R-CNN 65.7% 2 s

Faster R-CNN 67.0% 0.2 s

чR-CNN йRoss Girshick ICCV15 йTraining R-CNNs of various velocities(Slow, fast, and faster)

../../RCNN_training.pdf
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CNN

83

¸R-CNN

¸YOLO

¸SSD

й ч

1. еtwo-stageж ч й й CNN (R-CNN )

2. еone-stageж ч й (YOLO )

One-stage
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YOLO

84

Â YOLO(v1)чRedmon J, Divvala S, Girshick R, et al. You Only Look Once: Unified, Real-Time Object 

Detection[J]. 2015.

Â ч bounding boxes

й (you only look once, YOLO) ӂ

YOLO one-stage й й

ӂYOLO й 45 / й ӂ
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YOLO

85

¸ (Unified Detection)

Å C 0ÒὅὰὥίίὕὦὮὩὧὸȟὭ πȟρȟȣὅй C

ш й B bbox C й

bbox ч

Å SīS й

B Bounding boxй bbox

чx, y, w, h confidence;

Å x, y, w, h bbox й

(0, 1)ш

Å confidence( )

bbox Pr(Object)

IOU(pred|truth )й

ч

ὧέὲὪὭὨὩὲὧὩ0ÒὕὦὮὩὧὸὍzὕὟ ̦ 0ÒὕὦὮὩὧὸ
ρ̦ έὦὮὩὧὸὩὼὭίὸίὭὲὸὬὥὸὧὩὰὰ
π̦ ὲέέὦὮὩὧὸὩὼὭίὸίὭὲὸὬὥὸὧὩὰὰ

Å tensor чὛ Ὓ ὄ υ ὅ
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YOLO

86

¸

Å GoogleNetш

Å PASCAL VOC й S=7й B=2й C=20й tensor 7ī7ī30 (

30=B*5+C)ӂ

Â Leaky ReLU: f(x)=max(x,0.1x)й x 0
й 0.1xй ReLU
еDead ReLUProblemжй

ӂ
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YOLO

87

YOLO(v1)

1Ӂ ӂ YOLO й й

й 98 bboxй й

Titan X GPU 45 FPSйFast YOLO 155 FPSӂ

2Ӂ ӂ й

й ӂ YOLO й

cell й ӂ

3Ӂ ӂ YOLO й ӂ й

YOLO й йYOLO DPMӁR-

CNN ӂ
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YOLO

88

YOLO(v1) 

1Ӂ ӂYOLO cell bbox й

cell й ӂ

2Ӂ ӂ MSE

3Ӂ ӂ bbox й й

ӂ

cell i cell i j cell
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YOLO

89

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

Conference on Computer Vision & Pattern Recognition. 2017.

¸

ш faster rcnn anchor box ш
(Darknet-19)ш YOLO й coco

imagenet ӂ

FPN ш еDarknet-53й resnetжшSigmoid
Softmax ӂ

Â YOLO-v3 чRedmon J, Farhadi A. YOLOv3: An Incremental Improvement[J]. 2018.
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SSD

90

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

Conference on Computer Vision. 2016.

Â ч YOLO bbox one-stage й Faster R-

CNN anchor-box й й

й ӂ
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SSD

91

¸

Â CNN й
stride=2 pool
й

anchor box й
anchor box й ӂ

Â

й
й 8x8

й
й

ӂ
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SSD

92

¸ Anchor box ( default box)

Å ч 6 anchor boxesй2 4 ( ὥ 2Ӂ3Ӂ1/2Ӂ1/3)ш

Å k scaleч

чὛ πȢςȟὛ πȢω̦ m anchor box ш

1 й й

Å k default box ч

ч

Ὓ

Ὓ/ ὥ

Ὓ ὥ

ὛὛ
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SSD

93

Å IOUй е IOU

ж й ӂ
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https://zhuanlan.zhihu.com/p/33277354
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}

} CNN

} CNN

} ч

} ч

} GAN

}Driving Example

}

95
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ь
ч

ч

ч / /

ч

ч й

й ò ó ӂ

ч
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ч

} ч Ӂ Ӂ Ӂ

97



& & et al. 2020http:// novel.ict.ac.cn/aics

Â GitHub Project: Awesome Recurrent Neural Networks

Â A curated list of resources dedicated to recurrent 

neural networks (closely related to deep learning).

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

98

https://github.com/kjw0612/awesome-rnn
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} еRNNж й

ш

} ὸ ● й ▐ ӂ▐ ●

й ▐ ш

} ▐ Ὢὡ▐ Ὗ● ╫йὪ й tanh ReLU

99

=
unfold

е ж

●
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▐
ὡ

ὠ

Ὗ
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Å sequenceчRNN й Ӂ (● й

● ) й ш

Å recurrentч й

й W Uе жш

Å memoryч ▐ t й ▐

й ш

100

=
unfold

е ж

●

◐

▐
ὡ

ὠ

Ὗ

◐
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▐

●

◐

▐

●

◐

▐
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◐

▐

●

ȣ
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}RNN -

101

image captioning sentiment analysis machine translation
video caption

video classification
е ж

е ж й

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

102

чὬ

ч

Å Ὢ ÔÁÎὬ ὙὩὰόш

Å ὡɠὟɠὠɠ╫ ш

▐ Ὢὡ▐ Ὗ● ╫

◐ ίέὪὸάὥὼ▫

▐ Ὢὡ▐ Ὗ● ╫

◐ ίέὪὸάὥὼ▫

X +

X

f

X

softmax

RNN cell

▐
ὡ▐

╫ ὠ▐

◐

●

Ὗ●

▐

▫ ὠ▐ ╬

▫ ὠ▐ ╬
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} BPTT (back-propagation through time)

ч

ч

●

◐

▐
ὡ

ὠ

Ὗ

ὒ ◐ ÌÎ◐

ὒ ὒ ◐ ÌÎ◐

◐

▐

●

◐

▐

●

◐

▐

●

ὒ ὒ ὒ
‬ὒ

‬◐

W ч ‬ὒ

‬ὡ

‬ὒ

‬ὡ

‬ὐ

‬◐

‬◐

‬▐

‬▐

‬▐

‬▐

‬ὡ

‬◐

‬▐

‬ὒ

‬◐

‬◐
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RNN

} /

104

U W ч

‎

ὸḻὯ й ‎
ᴼЊ̦

‬ὒ

‬Ὗ
ᴼЊ̦

‬ὒ

‬ὡ
ᴼЊ ῼᶸ

ᴼπ̦
‬ὒ

‬Ὗ
ᴼπ̦

‬ὒ

‬ὡ
ᴼπ ῼ

й ӂ
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RNN

105

} /

}

}

}

}

} й LSTMӁGRU

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

106

} й ш

} й й ӂ

} òThe clouds are in the skyó й

òskyóӂ й

йRNNs ӂ

} òI grew up in Italyê I speak fluent Italian.ó й

òItalyóй ӂ

ӂ йRNNs

ӂ

ь
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}

} CNN

} CNN

} ч

} ч

} GAN

}Driving Example

}

107
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}LSTM (Long Short-Term Memory networks)

108

Â Hochreiter S, Schmidhuber J. Long short- term memory[J]. Neural computation, 

1997, 9(8): 1735-1780.

Å ч й ӂ
Å ч й й ш

шLSTM й
ӂ

X
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}LSTM (Long Short-Term Memory networks)

109

Â Forget gateе жч

Â Input gateе жч

Â Output gateе жч

●

X

▐

„

stack

„

+

ὸὥὲὬ

X

„

ὸὥὲὬ

X

▐

╬╬

ὡ ὡ ὡ

█ ░

▌

ὡ

ч

LSTMcell ч
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}LSTM

110

Â (peephole connection)ч Ὤ ὼй

ὅ ш

Â ч й ч

X
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}GRU (Gated Recurrent Unit)

111

Â 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.

Â LSTM й й й

ӂ ш

ш

X

stack

„

+

„ ὸὥὲὬ

X

▐▐

1-

●

X

stack

► ◑ ▐

еreset gateжч

еupdate gateжч

ч
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}LSTM GRU

112

Å ӂGRU й ш
йLSTM ш ш
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}

} CNN

} CNN

} ч

} ч

} GAN

}Driving Example

}
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ḘѼנּרᾢײַ

114

ü

YES/NO/SCORE

WEIGHTS

ü

Â й / ш

Â й ш

Iôm better Iôm better



& & et al. 2020http:// novel.ict.ac.cn/aics

GAN
} 2014 Ian Goodfellow GAN

} Goodfellow I J, Pouget-Abadie J, Mirza M, et al. Generative adversarial nets[C]// 

International Conference on Neural Information Processing Systems. 2014.

} 20 ññYann LeCun

} ч ӂ Ӂ

ӂ

}

115

GAN

https://blog.openai.com/generative-models/
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GAN

}

} е жч й

й 0.5й ӂ

} е жч

ӂ й 1ш й

0ӂ
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ь
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GAN

117

Å й ӂ

Å й ӂ

G

x

Gеzж

D

z

ь
ь

G Gеzж Dz
ь
ь

(label=1)

(label=0)



& & et al. 2020http:// novel.ict.ac.cn/aics

GAN

}GAN е ж

118

} D

} ч x й 1ш G(z) й
0ӂ

} G

} ч G(z)й 1 й (1-
D(G(z)) ӂ
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GAN

}GAN й

й ӂ

}

} ч

й ӂ й

} ч

} ч й
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(model collapse)

120

} ч GAN й

й ӂ

} еWGANжч й WassersteinGAN

MNIST t-SNE й10 10 ӂ

й й

ӂ

van der Maaten, L. & Hinton, G. Visualizing Data using t-SNE. Journal of Machine 

Learning Research, 2008, 2579-2605
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GANּגԊֿכ

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

121
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} GAN

} DCGANч GAN

} ResGANч йResNet

} SRGANч йResNet

} CycleGANч

} GAN

} CGAN

} InfoGAN

} GAN

} BiGAN

}

} VAE-GAN

122

GAN
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GAN

}

}

}Super resolution

}ê

127

GAN zooчhttps://deephunt.in/the -gan-zoo-79597dc8c347
GAN ч https://github.com/zhangqianhui/AdversarialNetsPapers
GAN чhttps://github.com/nashory/gans -awesome-applications

https://deephunt.in/the-gan-zoo-79597dc8c347
https://github.com/zhangqianhui/AdversarialNetsPapers
https://github.com/nashory/gans-awesome-applications
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}

} CNN

} CNN

} ч

} ч

} GAN

}Driving Example

}
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Driving Example

129
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Image style transfer

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

130


