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PeBblo: LeNet-5

[LeCun et al., 1998]

Image Maps
Input

FuIIy Connected

/!

Convolutions
Subsamplmg

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-FC-FC]



PeBbto: Convolution
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PeBbto: Convolution

activation maps
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[Krizhevsky et al. 2012]
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Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.



Keunc: AlexNet

[Krizhevsky et al. 2012]
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=>
Q: Kakou pasmep Ha Bbixoae? nogckaska: (227-11)/4+1 =55

Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.



Keunc: AlexNet

[Krizhevsky et al. 2012]
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Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.



Keunc: AlexNet

[Krizhevsky et al. 2012]
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Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.



Keunc: AlexNet

[Krizhevsky et al. 2012]
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Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.



Keunc: AlexNet

[Krizhevsky et al. 2012]
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Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.



Keunc: AlexNet

[Krizhevsky et al. 2012]
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Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.



Keunc: AlexNet

[Krizhevsky et al. 2012]
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Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.



Keunc: AlexNet

[Krizhevsky et al. 2012]
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Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.



Keunc: AlexNet

[Krizhevsky et al. 2012]
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[13x13x256] CONV5: 256 3x3 dpunbtpos ¢ warom 1, pad 1
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[4096] 4096 HenpoHOB

[4096] 4096 HenpoHOB

[1000] 1000 HenpoHOB, oueHKKN Ans Knaccos (class scores)

Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.




Keunc: AlexNet

[Krizhevsky et al. 2012]
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Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.



Keunc: AlexNet NEEEEE R ><_><0_
[Krizhevsky et al. 2012] i] Bl NN Al
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[[E5x55X06] CONVT: 96 TTXTT puAbTpOoE C LiaroM 4. Qaﬂ 0] [55x55x48]x 2
[27x27x96] MAX POOLL1: 3x3 dpunbTpbl € Lwarom 2

[27x27x96] NORM1: cnon Hopmanusauum (LRN)
[27x27x256] CONV2: 256 5x5 comnbTpos ¢ warom 1, pad 2

[13x13x256] MAX POOL2: 3x3 hourbTpbl C LUarom 2 ObyueHue Ha GPU:

[13x13%x256] NORM2: cnown Hopmanusaumm (LRN) Ha aByx GTX 580 GPU ¢ 3T namatu.
[13x13x384] CONV3: 384 3x3 cpurisTpa ¢ warom 1, pad 1 CHC pacnpenenena mexay 2 GPUs, no
[13x13x384] CONV4: 384 3x3 cpunbtpa ¢ warom 1, pad 1 MOMOBMHE HEMPOHOB (KapT akTusauun) Ha
[13x13x256] CONV5: 256 3x3 domnbTpos ¢ warom 1, pad 1 kaxnom GPU.

[6x6x256] MAX POOL3: 3x3 omnbTpbl € LWarom 2
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[1000] 1000 HenpoHOB, oueHKKN Ans Knaccos (class scores)

Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.



Keunc: AlexNet

[Krizhevsky et al. 2012]
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Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.



Keunc: AlexNet

[Krizhevsky et al. 2012]
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Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.
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Z F N et [Zeiler and Fergus, 2013]
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filter size 7 [ 1]
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Input Image
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OT1nuumsa ot AlexNet:
CONV1: usmenunu (11x11 stride 4) Ha (7X7 stride 2)
CONV3.,4,5: BmecTo 384, 384, 256 filters use 512, 1024, 512

ImageNet top 5 error: 16.4% -> 11.7%



[Tobeoutenun ImageNet Large Scale Visual Recognition Challenge (ILSVRC)
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Kenc: VGGNet

[Simonyan and Zisserman, 2014]

ManeHbkne gounetpel, 6onbLuasn rmybuHa
cetun

8 cnoes (AlexNet)
-> 16 - 19 cnoeB (VGG16Net)

Tonbko 3x3 CONV tride 1, pad 1
n 2x2 MAX POOL stride 2

11.7% top 5 error in ILSVRC’13 (ZFNet)
-> 7.3% top 5 error in ILSVRC’14
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Kenc: VGGNet

[Simonyan and Zisserman, 2014]

Q: noyemy maneHbkmne punestpbl? (3x3 conv)
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Kenc: VGGNet

[Simonyan and Zisserman, 2014]

Q: noyemy maneHbkmne punstpbl? (3x3 conv)

CTtek 13 Tpex 3x3 conv (stride 1) crnoes
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Kenc: VGGNet =

Softmax FC 4096
[Simonyan and Zisserman, 2014] FC 1000 FC 2096
FC 4096 Pool
. . FC 4096 3x3 conv, 512
Q: Kak nocuutarts receptive field Tpex == e —
1 3x3 conv, 512 3x3 conv, 512
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Kenc: VGGNet

[Simonyan and Zisserman, 2014]

Q: lNoyemy TONBLKO ManeHbkne punesTpbl? (3X3 conv)

CTtek 13 Tpex 3x3 conv (stride 1) cnoes

. Softmax
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INPUT: [224x224x3] memory: 224*224*3=150K params:0 (not counting biases)
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*3)*64 = 1,728
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*64)*64 = 36,864
POOL2: [112x112x64] memory: 112*112*64=800K params: O

CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 = 73,728
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147,456
POOL2: [56x56x128] memory: 56*56*128=400K params: O

CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*128)*256 = 294,912
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
POOL2: [28x28x256] memory: 28*28*256=200K params: 0

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512 = 1,179,648
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
POOL2: [14x14x512] memory: 14*14*512=100K params:0

CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
POOL2: [7x7x512] memory: 7*7*512=25K params: 0

FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448

FC: [1x1x4096] memory: 4096 params: 4096*4096 = 16,777,216

FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000

Softmax
FC 1000
FC 4096
FC 4096

Pool

| Pool |

| Pool |
| Pool |
| Pool |

VGG16



INPUT: [224x224x3] memory: 224*224*3=150K params:0 (not counting biases)
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*3)*64 = 1,728
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*64)*64 = 36,864
POOL2: [112x112x64] memory: 112*112*64=800K params: O

CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 = 73,728
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147,456
POOL2: [56x56x128] memory: 56*56*128=400K params: O

CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*128)*256 = 294,912
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
POOL2: [28x28x256] memory: 28*28*256=200K params: 0

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512 = 1,179,648
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
POOL2: [14x14x512] memory: 14*14*512=100K params:0

CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
POOL2: [7x7x512] memory: 7*7*512=25K params: 0

FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448

FC: [1x1x4096] memory: 4096 params: 4096*4096 = 16,777,216

FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000

TOTAL memory: 24M * 4 bytes ~= 96MB / image (for a forward pass)
TOTAL params: 138M parameters

Softmax
FC 1000
FC 4096
FC 4096

Pool

| Pool |

| Pool |
| Pool |
| Pool |

VGG16



INPUT: [224x224x3] memory: 224*224*3=150K params:0 (not counting biases)

CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*3)*64 = 1,728 OTMETUM:
CONV3-64: [224x224x64] memory: 224*224*64=3.2M s: (3*3*64)*64 = 36,864

POOL2: [112x112x64] memory: 112*112*64=800K parM

CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 = 73,728 OcHogHas
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147,456 NnamMATb B PAHHUX
POOL2: [56x56x128] memory: 56*56*128=400K params: O CONYV cnosx

CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*128)*256 = 294,912
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
POOL2: [28x28x256] memory: 28*28*256=200K params: 0

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512 = 1,179,648
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296 OCHOBHbIE
POOL2: [14x14x512] memory: 14*14*512=100K params:0 napameTpbl B
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296

CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 MO3AHNX
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 NOMHOCBASHbIX
POOL2: [7x7x512] memory: 7*7*512=25K params: 0 cnosx FC

FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448

FC: [1x1x4096] memory: 4096 params: 4096*4096 = 16,777,216

FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000

TOTAL memory: 24M * 4 bytes ~= 96MB / image (only forward! ~*2 for bwd)
TOTAL params: 138M parameters



INPUT: [224x224x3] memory: 224*224*3=150K params:0 (not counting biases)

CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*3)*64 = 1,728 :zﬁlrz:z .
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*64)*64 = 36,864 a0 o
POOL2: [112x112x64] memory: 112*112*64=800K params: O FC 4096 fc6
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 = 73,728 Pool
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147,456 convs-3
POOL2: [56x56x128] memory: 56*56*128=400K params: O conve-2
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*128)*256 = 294,912 o convet
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824 [P | o
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824 conva-2
POOL2: [28x28x256] memory: 28*28*256=200K params: 0 conva-1
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512 = 1,179,648 | Pool |
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296 conva-2
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296 conva-t
POOL2: [14x14x512] memory: 14*14*512=100K params: 0 [ f |
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 zz:zi
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 [ ro0 |
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 convi-2
POOL2: [7x7x512] memory: 7*7*512=25K params: 0 convi-1
FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448

FC: [1x1x4096] memory: 4096 params: 4096*4096 = 16,777,216 VGG16 /
FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000

TOTAL memory: 24M * 4 bytes ~= 96MB / image (only forward! ~*2 for bwd)

Obwwme Ha3BaHuSA
TOTAL params: 138M parameters



Kenc: VGGNet

[Simonyan and Zisserman, 2014]

Npew/goctmxkeHus:

ILSVRC’14 BTOpOM B KNnaccudgukaumn,
yctynun GoogleNet, nepBbi B
nokanunsaumm

O6yyeHne nogobHo AlexNet

HeT Hopmanusauunn Local Response
Normalisation (LRN)

Ncnonbayem VGG16 or VGG19 (VGG19
HEMHOro fny4yLle, HO CUnbHO 6orbLue)
AHcambnu ans yToyHeHus

FC7 npu3Hakn xopoLwuun ang MHOrmx
3agad, B TOM yucre ang perceptual loss

fc7
fc6

convs

conv4

conv3

conv2

convl

Softmax
FC 1000
FC 4096
FC 4096

Pool

| Pool |
| Pool |

AlexNet

fc8
fc7
fc6

conv5-3
conv5s-2

convs-1

conv4-3
conv4-2

conv4-1

conv3-2

conv3-1

conv2-2

conv2-1

convl-2

convl-1

Softmax

FC 1000

Softmax

FC 4096

FC 1000

FC 4096

FC 4096
FC 4096

Pool

| Pool |

| Pool |
| Pool |
| Pool |

I Input I

Pool

Pool

Pool

Pool

Pool

Input

VGG16

VGG19



[Tobeoutenun ImageNet Large Scale Visual Recognition Challenge (ILSVRC)

30 282

Bornee rny6okve 152 layers| |152 layers| |152 layers

CHC \ A A

19 layers| |22layers

25

20

15

10

5.1
5 8layers | | 8layers 3.6 3 . .

2010 2011 2012 2013 2014 2014 2015 2016 2017 Human

Lin etal Sanchez&  Krizhevsky etal  Zeiler & Simonyan &  Szegedy etal He et al Shao et al Hu etal Russakovsky et al
Perronnin (AlexNet) Fergus Zisserman (VGG) (GoogleNet) (ResNet) (SENet)

7.3 6.7




Keuc: GooglLeNet

[Szegedy et al., 2014]

[my6okune, BblYUCINTENBHO
addekTnBHble CHC

- ILSVRC’14 nobeantenb (6.7% top 5
error)

- 22 Cnoes

- Bcero 5 munnnoHoB Becos!
B 12 pa3 meHbLUe AlexNet
B 27 pa3 meHblue VGG-16

- OdpdekTusHbIN “Inception” module

- Het FC cnoes!

Inception module



Keuc: GooglLeNet

[Szegedy et al., 2014]

“Inception module”: ynayHas
TOMOSOrNS, CETb BHYTPU CETY
(network within a network) n
cobepem nx B CTeEK

: .

3x3 max
pooling

Previous Layer




Keuc: GooglLeNet

[Szegedy et al., 2014]

Filter
concatenation

e~

3x3 max
pooling

T 7 —

Previous Layer

Naive Inception module

[MpMmeHnM napannenbHble
donneTpbI:

- Heckonbko receptive field
sizes ans ceeptku (1x1,
3x3, 5x5)

- Pooling (3x3)

Cobepem Bce 3TO
noKaHanbHO

Q: B yem moxeT bbITb
npobrnema?
B BbluMcnnTEnbHOM CIOXHOCTU



Kenc: GooglLeNet

[Szegedy et al., 2014]

Q1: Kakue 6yayT pasmepHoCTH

|_|pI/IM8pZ Mo BbIXO4Y Yy BCeX punsTpoB?
Filter
concatenation
28x28x128 28x28x192 28x28x96 28x28x256
1x1 conv, 3x3 c/onv, 5x5‘éonv, —
128 192 96 3x3 pool
Module input: Input
28x28x256

Naive Inception module

[Mpobnema B BbIYUCIIUTESTBHON
CJTOXXHOCTM



Kenc: GOOg LeNet Mpo6Gnema B BbIYNCIIUTENBHOM

[Szegedy et al., 2014] CITOKHOCTWU

Q2: Kakaa 6byget pasmepHOCTb
nocrie KOHKaTeHauum puneTpos...?

[MTpumep:

Filter
concatenation

28x28x128 28x28x192 28x28x96  28x28x256

Ix1 conv, 3x3 Conv, 5x5 conv, 3\3 I
128 192 96 X3 poo
Module input: Input
28x28x256

Naive Inception module



Kenc: GOOg LeNet Mpo6Gnema B BbIYNCIIUTENBHOM

[Szegedy et al., 2014] CITOKHOCTWU

Q2: Kakaa 6byget pasmepHOCTb
nocrie KOHKaTeHauum puneTpos...?

[Tpumep:

28x28x(128+192+96+256) = 28x28x672

Filter
concatenation

28x28x128 28x28x192 28x28x96  28x28x256

Ix1 conv, 3x3 Conv, 5x5 conv, 3\3 I
128 192 96 X3 poo
Module input: Input
28x28x256

Naive Inception module



Kenc: GOOg LeNet Mpo6Gnema B BbIYNCIIUTENBHOM

[Szegedy et al., 2014] CITO’)KHOCTH
) 2: Kakaa byget pa3amepHOCTb
|_|pI/IM8p. Socne KOHKa)'/I"D'eHaEVIVI (bEJ‘IprOB...?
CKonbKoO 3TO onepauun:
28x28x(128+192+96+256) = 28x28X672 [1x1 conv, 128] 28x28x128x1x1x256
= [3x3 conv, 192] 28x28x192x3x3x256
C‘ij}e_*f“o” [5X5 conv, 96] 28x28x96x5x5x256
28x28x128 28x28x192 28x28x96 28x28x256 Bcero: 854M onepauuu
1xllggnv, 3x318/gnv, 5x5;c6onv, Sgpool
Module input: Input
28x28x256

Naive Inception module



Kenc: GooglLeNet

[Szegedy et al., 2014]

Q2: Kakaa 6byget pasmepHOCTb

Mpumep: nocre KoHKaTeHauum punsTpos...?

28x28x(128+192+96+256) = 28x28x672

Filter
concatenation
28x28x128 28x28x192 28x28x96
1x1 conv, 3x366nv, 5x5%onw
128 192 96
Module input: Input
28x28%x256

Naive Inception module

28x28x256

—

3x3 pool

[Mpobnema B BbIYUCIIUTESTBHON
CJTOXXHOCTM

PelwweHue: “bottleneck” cnon n3
cBepToK 1x1 4yToObl COKpPaTUTL
rMyOnHY — KONMMYEeCTBO KaHanos



Npes: 1x1 convolutions

64

56

56

1x1 CONV
N3 32 ounsrpoB

Kaxxgbi punetp
pa3mepa 1x1x64
BbINOSTHAET 64-MepHoe
cKansipHoe
npounsseneHue (dot
product)

32

56

56



Npes: 1x1 convolutions AnbTepHaTUBHas MHTeprpeTaLms -

910 FC cnou B Kaxxgom nukcene!

| f 7
1x1x64 1x1x32

1x1 CONV
56 13 32 punsTpoB

Kaxxgbi punetp
pa3mepa 1x1x64
BbINOSTHAET 64-MepHoe
56 cKansipHoe
npounsseneHue (dot
product)

56

56

64 32



Npes: 1x1 convolutions AnbTepHaTUBHas MHTeprpeTaLms -
910 FC cnou B Kaxxgom nukcene!
C
| " 7
1x1x64 1x1x32

1x1 CONV
56 13 32 punsTpoB 56

CoxpaHsaeT NpOoCTPaHCTBEHHbIE
pPa3MEepPHOCTM, COKpaLLLaeT
rmyonHy

56 Peanuayet npoekLmio B 56
64 MEHbLLIYIO Pa3MepPHOCTb - 32
KOMOWHMPYET Criou

aKTVMBaLMK




Keuc: GooglLeNet

[Szegedy et al., 2014]

Filter
concatenation

3x3 max
pooling

T 7 —

Previous Layer

Naive Inception module

[lobaBunun 1x1 conv “bottleneck” cnowu

Filter
concatenation

I —

T T *
3x3 max
- pooling
~
Ms Layer

Inception module ¢ cokpaweHnem pasmepHOCTU



Keuc: GooglLeNet

[Szegedy et al., 2014]

28x28x480
Filter
concatenation
28x28x128 _ 28x28x192  28x28x96 28x28x64
1x1 conv, 3x3 c/onv, 5x5\conv, 1>Econv,
128 192 96 64
A A A
28x28x64 28x28x64 28x28%x256
1 | ]
1x1 \ ,

X 6c40nv 1x16c4onv 3x3 pool

‘k:::=.4£:;:”"’———='

Module inpUt: Previous Layer
28x28x256

Inception module ¢ cokpawieHnem pasmepHoOCTH

icnonb3yem napannesibHble
douneTpbl 1 1x1 conv, 64
JonnbeTpbI:

Onepauuu:

[1X1 conv, 64] 28x28x64x1x1x256
[1X1 conv, 64] 28x28x64x1x1x256
[1x1 conv, 128] 28x28x128x1x1x256
[3X3 conv, 192] 28x28x192x3x3x64
[5X5 conv, 96] 28x28x96x5x5x64
[1x1 conv, 64] 28x28x64x1x1x256
Bcero: 358M onepauuu

INTyywe yem 854M onepauuin MoXxem
coKpaTuTb rMyobuHy ele n nocne pooling



Kenc: GooglLeNet

[Szegedy et al., 2014]

CO6epeM HeCKonb\.Ko Filter ;
Inceptlon MOﬂyﬂeM B -concatenanon

CTekK

——

3x3 max
pooling

Previous Layer

Inception module




Keuc: GooglLeNet

[Szegedy et al., 2014]

[MonHaga apxutektypa GooglLeNet

0y _I 1 _<’. |

I i |

Stem Network:
Conv-Pool-
2X Conv-Pool




Keuc: GooglLeNet

[Szegedy et al., 2014]

ApxuTtekTypa
GoogLeNet

»
-

0y _I 1 _é’. |

Crekus Inception
MoAaynen



Keuc: GooglLeNet

[Szegedy et al., 2014]

ApxuTtekTypa
GooglLeNet / /

Bbixon
Krnaccudmkaropa



Keuc: GooglLeNet

[Szegedy et al., 2014]

ApxuTtekTypa
GoogLeNet

[locne nocnegHero CBEPTOYHOrO Crosi, NPUMEHSAEM
rmoobanbHbIn yepeaHsowmun poolng (global average
pooling) ycpeaoHAs rno NPOCTPAHCTBY KaXKAbIW Crou
akTMBauun, nepeg  uHanbHeiM - FC  cnoem.
Hukaknx ctekoB n3 FC croes!

HxWxc

ANgPool[]

1x1xc

i T

Bbixon

Kraccudomkaropa



Keuc: GooglLeNet

[Szegedy et al., 2014]

ApxuTtekTypa
GoogLeNet

[ononHnTenbHble BbIXOAbI KNnaccugmnkaTtopoB YTOObI MOMYy4YnTb
AONOSTHUTENbHbIE rPaANEeHTbl Ha CroAX MeHbLUen rmyOnHbI
AvgPool-1x1Conv-FC-FC-Softmax



Keuc: GooglLeNet

[Szegedy et al., 2014]

ApxuTtekTypa
GoogLeNet

B Al

22 crnos ¢ Becamu
[MapannenbHble uUneTpbl cyMTaem 3a 1 crnon => 2 cnos Ha Inception mogyrnb.
[lononHnTEnNbHbIE BbIXOAblI HE CHUTAEM



Keuc: GooglLeNet

[Szegedy et al., 2014]

[my6okas, BblYMCINTENBHO
addpekTnBHaa CHC

- 22 cnogd
- OdpdekTnBHbIN “Inception”
MOAYnNb
- Ybupaem FC cnoun
- B 12pa3 meHblie AlexNet Inception module
- B 27 pa3 meHbwe VGG-16
- ILSVRC’14 nobeputenb
(6.7% top 5 error)




[Mobeantenn ImageNet Large Scale Visual Recognition Challenge (ILSVRC)

“PeBontoums rnybuHb!”

30 282
25 -
20

15

10

8 layers

shallow

-
2010 2011 2012
Lin et al Sanchez&  Krizhevsky et al
Perronnin (AlexNet)

152 Iayers‘ 152 layers ‘152 layers
A A
19 layers| |22 layers
7.3
3.6
H = =
2014 2014 2015 2016 2017
Simonyan & Szegedy et a He et al Shao et al Hu et al

Zisserman (VGG) (GooglLeNet)

(ResNet)

(SENet)

5.1

Human

Russakovsky et al



Kenc: ResNet

[He et al., 2015]

OueHb rnybokasi cCeTb C OCTAaTOYHbLIMN
ceassamu (residual connections)

- 152-cnoeB anda ImageNet

- ILSVRC’'15 nobegutenb
(3.57% top 5 error)

- [lobegunn B getekumnm u
Krnaccuukauum B
ILSVRC’15 and COCQO’15!

T relu

F(X) + X C.P

F(x)

relu

X
Residual block

X
identity

|

Softmax
FC 1000

I{
o]
1

3x3 conv, 64
3x3 conv, 64

3x3 conv, 64
3x3 conv, 64
@,

3x3 conv, 64
3x3 conv, 64
O

|

—

V

O
3x3 conv, 128
3x3 conv, 128
O

M

|

3x3 conv, 128
3x3 conv, 128

3x3 conv, 128
3x3 conv, 128 / 2

|

|

3x3 conv, 64
X3 conv, 64

|

3x3 conv, 64
3x3 conv, 64
O

|

3x3 conv, 64
3x3 conv, 64
O

|

Pool

Input

[



Kenc: ResNet

[He et al., 2015]

UTto BygeT ecnu npogonmkaTb yBenmymBaTth ryonHy “nrnockon” CBEPTOYHOM CETU?

56-layer
56-layer

Test error
Training error

Iterations Iterations

56-crnoe xyxe no ownodke oby4yeHnst 1 TOHHOCTU
-> rnybokast CHC xyxe, HO y Hee HeT nepeoby4veHuns!



Case Study: ResNet

[He et al., 2015]

Fact: Deep models have more representation power
(more parameters) than shallower models.

Hypothesis: the problem is an optimization problem,
deeper models are harder to optimize



Kenc: ResNet

[He et al., 2015]

dakT: [nybokasa ceTb MMmeeT 6osbLe CNOCOBHOCTH
K annpokcMmaumu, T.K. 6onbLue BECOB.

MNMnoTtesa: npobnema B onmumu3ayuu, rinyookue
MOJENWN XyXKe CXOASATCS

Uemy gormkHa HayumnTcsa bornee rmybokas mogens,
4YTOObI KAaK MMHUMYM ObITb He XyXe boree
MENKOWN?

PeweHne B KONMpoBaHUM 00yYEHHbIX CITI0EB U
HaCTpPoOMKa AOMNOMHUTESNbHbLIX CIOEB ANd
NOEeHTUYHOro npeodbpasoBaHus!

H(x)

relu

H(x)

{ relu



Kenc: ResNet

[He et al., 2015]

PelleHune: ncnonb3dyem crion cetn YTobbl annpoOKCMMNPOBATL OCTATOK/ pasHuULy,

BMECTO TOro, YTo0bl annpoKCUMUPOBATb NCXOAHYIO (PYHKLMIO NpoeHTUYHoe
H(X) = F(x) + T | npeobpasoBaHue:
X) = F(X)+X relu _
H(x) “ m F(X) + X GP H(x) =xif F(x) =0
Annpokcummnpyem
. x  F(X)=H(x)-x
el " e identity gmecTo H(X)
T
X X

“Plain” layers Residual block



Kenc: ResNet

[He et al., 2015]

Apxutektypa ResNet:

Crtek residual 6nokoB
Kaxxabin residual 6nok
COCTOUT M3 3X3 CoNnvV CrnoeB
[Nepmnogndeckun aoyonvpyem
4yucno ounbTpoB N Aenaem
AayHCEMIMIUHI C LWarom 2
(/2 no kaxxgon
pa3mMepHOCTN)
[lononHUTenbHbIN conv
cnown B Havane (stem)

besa FC cnoeB B KOHLUe

(tfonbko  FC 1000 pgns
Kriaccos)
(Teopetnyeckn, ResNet paboTtaetr ans

nto6oi pasMepHOCTU BXOOHOW KapTUHKM)

i

F(x)

Residual block

relu

| Softmax |

| FC 1000
Pool

O

O
&3 conv, 128

3x3 conv, 512
3x3 conv, 512

3x3 conv, 512

=

3x3 conv, 512

3x3 conv, 512
3x3 conv, 512, /2

N 3x3 conv, 128
| X3 conv, 128

|l Het FC crioes
Kpome FC
1000 gns
Knaccos

Global
average
pooling crion
nocne
Kaxkaom
CBepTKU

relu X
identity
X

3x3 conv, 128,/ 2

3x3 conv, 64
3x3 conv, 64

3x3 conv, 64
3x3 conv, 64

o

3x3 conv, 64
3x3 conv, 64

o,

BxoaHown
conv cron



Kenc: ResNet o
[He et al., 2015] 2

3x3 conv, 512
3x3 conv, 512

3x3 conv, 512
3x3 conv, 512
O

3x3 conv, 512
3x3 conv, 512, /2

Ob6was rmybuHa 18, 34, ;
50, 101, or 152 cnos > !

3x3 conv, 128
3x3 conv, 128

3x3 conv, 128
3x3 conv, 128

O
3x3 conv, 128 /2
6

| 7x7conv,64,/2 |

| Input ]



Kenc: ResNet

[He et al., 2015]

28x28x256
output
1x1 conv, 256 punbpos
BO3BpaLLlaeT K Kaptam

Ona rnybokmx cnyyaes rny6uHbl 256 i28X28X256)

(ResNet-50+), ucnonbsyem

“bottleneck” cnown gns 3x3 conv paboraeT
yCTONYMBOCTM (KakK B kapTou B 64 cnos
GoogLeNet) !

1x1 conv, 64 cdouneTpa
NPOEeLMpPYHOT B CIOU
28x28x64

28x28x256
input



Kenc: ResNet

[He et al., 2015]

ObyueHne ResNet Ha npakTuKe:

- Batch Normalization nocne kaxgoro CONV cnos

- Xavier numumnanumsaumsa n3 He et al.

- SGD + Momentum (0.9)

- Learning rate: 0.1, genum Ha 10 Ha KaQom nfaTto owmnbKu
- Mini-batch size 256

-  Weight decay 1le-5

- Hert dropout!



Kenc: ResNet

[He et al., 2015]

Pe3ynbratbl 3KCNEPUMEHTOB

- O6yyaem o4yeHb rnybokue
cetn 6e3 gerpagaumm (152
cnoes gnsa ImageNet, 1202
ana Cifar)

- Tenepb rnybokune cetn MoryT
nosfiydatb OYEeHb ManeHbKyHo
OLUNOKY

- [lepBoe mecTo BO BCeX
copeBHoBaHuUAX ILSVRC u
COCO 2015

MSRA @ ILSVRC & COCO 2015 Competitions

* 1st places in all five main tracks
* ImageNet Classification: “Ultra-deep” (quote vann) 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

ILSVRC 2015 nobegutens (3.6% top 5
error) -- “ ny4ywe 4yenoseka”!
(Russakovsky 2014)
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[Mobegntenn ImageNet Large Scale Visual Recognition Challenge (ILSVRC)
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Ynyywunm ResNets...
“Good Practices for Deep Feature Fusion”

[Shao et al. 2016]
- MynbstmacwTabHein aHcambnb Inception, Inception-Resnet,

Resnet, Wide Resnet mogenewu
- ILSVRC’16 nobeauTtenb

Inception- | Inception- Inceptlon Resnet-

Err. (%) 4.20 2.92 (-0.6)




[Mobegntenn ImageNet Large Scale Visual Recognition Challenge (ILSVRC)
AganTneBHOe B3BeLWMBaAHUE
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Ynydywmnm ResNets...
Sgueeze-and-Excitation Networks (SENet)

[Hu et al. 2017]

[Nob6asum MOoAayb “kKannbpoBkn [z
NPU3HAKOB” KOTOPbLIA Y4UTCA aganTUBHO ™™
B3BELLUMBATb KapTbl MPU3HAKOB

[mobanbHaa wuvH@opmauusa  (global

avg. pooling layer) + 2 FC cnos,

4YTOObI ONpenennuTb Beca NPM3HaKoB

ILSVRC’17 nobegutenb (Ha OCHOBE

apxutekTypbl ResNeXt-152)
Fi (-) o [N ———— [0 X
/ 11 x( 1x1x(C /




[Mobegntenn ImageNet Large Scale Visual Recognition Challenge (ILSVRC)
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[Mobegutenn ImageNet Large Scale Visual Recognition Challenge (ILSVRC)

Bce!
CopesBHoBaHue ImageNet ¢ 2017 roga He
npoBoauTCs -> nepemMelleHo Ha Kaggle.




HOanbHenwee passutmne apxmutektyp CHC



Ynyywum ResNets...

ldentity Mappings in Deep Residual Networks

[He et al. 2016]

- YnydweHne ResNet brnoka ot
co3pnatenen ResNet

- bonee npamon nyTtb ons
pacnpoCcTpaHeHUs Mo CeTH

- Jly4ywas To4HOCTb




Ynyywum ResNets...

LLlnpokme Residual cetu

[Zagoruyko et al. 2016]

- OcTtartok BaxkHee rmyOuHbl %»)
- Wwupokue residual blocks (F x k
douneTpoB BMecCTO F)
- 50-cnonHasa wide ResNet TouHee T
ResNet-152
- YBenu4yeHue LUNPUHbI BbirogHee j\

NS

yBenunyeHua rmyobuHsbl, T.K.
napannernbHO No JaHHbIM Basic residual block Wide residual block



Ynydywaem ResNets...
Aggregated Residual Transformations for Deep

Neural Networks (ResNeXt)

[Xie et al. 2016] 256-d out

- Takxe ot
co3partenen ResNet 256-d out
- YBenuyeHue LLUMPUHbI

residual block 3a c4yet T
HEeCKOIbKNX NPOX040B T paths
(“kapauHarnbHoCTb/ 1
MOLLIHOCTb ") T T

- [lapannensHoCTb

B cTune Inception 256-din W



Ewe noen...

Densely Connected Convolutional Networks (DenseNet)

[Huang et al. 2017] f

Dense blocks raoe kaxkgbin crion
CBSi3aH C KaXXabIM
YCTpaHseT 3aTyxaHue
rpagueHToB, ycunmneas
NPU3HaKN N UX
NCMNOMNb30BaHMNE

_

\

oncat

)
Input

Dense Block

Softmax

[EC

Pool

Dense Block 3

Pool

Dense Block 2

Pool

Dense Block 1

Input




OPdEKTUBHbIE CETMN...

MobileNets: Efficient Convolutional Neural Networks for

Mobile App"cations [Howard et al. 2017]

CBepTKM B rnybuHy BMECTO
0ObIYHbIX HA OCHOBE
doakTopusaumm 1x1 cBepTokK
N «rMYOUHHBIX» CBEPTOK

9C2HW
bonee addekTnBHLIE C

MEHbLLEN TOYHOCTbLIO
MobileNetV2 B 2018
(Sandler et al.)
ShuffleNet: Zhang et al,
CVPR 2018

BatchNorm

Pool

Standard network
Total compute:9C2HW

C2HW

9CHW

BatchNorm

Pool

BatchNorm

Pool

MobileNets

Pointwise
convolutions

Depthwise

convolutions

Total compute:9CHW + C2HW



Oby4yaeMbi NOUCK apXUTEKTYP...

Neural Architecture Search with Reinforcement Learning (NAS)
[Zoph et al. 2016] sample arcitecure A

[ '

- CeTb “kOHTpONnep” KoTopasa y4nuTcsa nckatb
a pXMTe KTypy (B blxonuu CTpO Ka ) KOD, M pyl'o U_laﬂ The controller (RNN) Tra\jvr;tshaa?'::ge‘liﬁ‘:eork ]
a le/lTe KTypy) A to get accuracy R
- UNtepupyem: t J
1) Bblbnpaem apxuTekTypy u3 BbI6OPOYHOro Compute grdient of p
pacn peﬂ,eﬂeHMﬂ the controller
2) yLI M M CeTb STO l‘;l a pXMTe KTyp bl LI TO6 bl Number Filter Filter Stride Stride Number Filter
of Filters|‘._. Height '.“ Width '..‘ Height '._I Width "'. of Filters}-.: Height

3)

nony4nTb “Bo3HarpaxgeHne” R Ha
OCHOBE TOYHOCTM

CuuTaeM rpagveHT pacnpeneneHns,
B3BeLLNBaeM ¢ R 1 06HOBMRsieM napameTpbl L =L =L =L =L —L
T.e., yBenuuMBaem npasgonogobve ans T D=y,
XOPOLLEN apXUTEKTYpbl, yMEHbLLIAeM AnNs

MNS10XO0N)




O6y4aeMblv MOUCK apXUTEKTYP...
Learning Transferable Architectures for Scalable Image

Recognition
[Zoph et al. 2017]

- [lpnmeHeHne obyyaemoro noucka (NAS) Kk
ImageNet o4eHb 3aTpaTHO

- Onpepgensiem NpoOCTPaHCTBO NoucKa m3
aveek (“cells”) koTOpble MOXHO
CTeKkoBaTb

- NASNet: Ha ocHoBe NAS uLiem ny4yiuyto T i
CTPYKTYpY a4enkn Ha CIFAR-10,
gy Select one Select second Select operation for Select operation for Select method to :_";w_";”;':';’;’i
nepeHOCMM Ha ImageNet %E \\ hidden state |\\| hidden state \ first hidden state |\\ secondh»ddenstale|\\l combine hiddenstate | 02000000000 l==e=a=ee=
- MHoro pabot ans atoro 58 ‘ ‘ ‘ /
noaxoda, AmoebaNet (Realet  *% \* \ \ \ 7 | o | |“”{*"°‘“|
al. 2019) and ENAS (Pham, : [ropeatBimes | e

Guan et al. 2018)



Ho aBpucTtuka rnoka nodoexgaet NAS ...

YBEnMuMM eMKOCTb CeTU MacLuTabupys
LUMPUHY, NYBUHY, 1 paspeLleHme,
coxpaHdasa banaHc TOYHOCTU U
90 PEKTUBHOCTM.

wem onTumanbHble MacwTabupyoume
doakTopbl 4Ns 3a4aHHOro dromkeTa namsaTm
n cprionc.
MacwwTtabupyem Ha OCHOBE XUTPOW 3BPUCTUKMU

depth: d = o?
width: w = 8¢
resolution: 7 = %
st.a-f2-y2~2
azlp=ly21

EfficientNet: Smart Compound Scaling

[Tan and Le. 2019]
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Efficient networks...

T op/s-d
10
e
AlexNet
@
0
o e
GooglLeNet
0.5
e
MobileNet_v1
MobileNet_v2
® ShuffleNet
ShuffleNet_v1_1x ~
0.1 ShuffleNet_v2_1x
L ]
EfficientNet-b0
0.05
2013 2014 2015 2016 2017 2018 2019

https://openai.com/blog/ai-and-efficiency/



https://openai.com/blog/ai-and-efficiency/

ApxutekTtypbl CHC - cnnuckom

Keuncsol

AlexNet
VGG
GoogLeNet
ResNet

A Takxe....

SENet
Wide ResNet
ResNeXT

DenseNet
MobileNets
NASNet



YTO Hago 3anOMHUTBL MO apxXUTEKTypam

AlexNet ytBepanno nobegy CHC B KOMNbIOTEPHOM 3PEHUN,
ZFNet, VGG nokasanu 4yto bonblime Mmoaenu nyyile,
GoogLeNet Bnepsbie cpokycupoBasnimcb Ha aPPEKTUBHOCTU, Ha
ocHoBe 1x1 conv u global avg pooling Bmecto FCcroes

ResNet nokasan 4To MOXHO Yy4YnUTb OYEHb ryDoKMe ceTu

- OrpaHunyeHue Tonbko B GPU & namatun!

- [lokasana 4To C yBenmyeHnem cetm NpmpocT TOYHOCTU CHMXKAETCA
[Mocne ResNet: CHC yxe ctanu nydwe niogeun, u pokyc CMecTusics B
CTOPOHY OJPEKTUBHbBIX CETEN:

- MHOXecTBO ceTern ana MobunbHbix yctponcTts: MobileNet, ShuffleNet
- Neural Architecture Search aBTomaTuU3npyeT MOmUCK
- Ho EfficientNet Bce paBHO ny4yLuas!



ApxutekTtypbl CHC: Ttoru

- OcHoBHble nonyndpHble Mogenu ectb Ha github n B model zoos.
- ResNets/EfficientNet Ha cerogHsi BbIOOP MO yMON4aHuio.

- CeTu cTaHOBATCA BCe rNydxe n rnybxe.

- OcTtanbHble acneKkTbl TOXe Yny4dLarTca MOCTOSAHHO.
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