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AlexNet OT US

B 2012r. ctygeHT XuHToHa Anekc KpbikeBckunn obyumnn nepByto NSBECTHYIO ryboKYyto
CBEPTOYHYIO CETb 1 C 8 cnosiMn 3aHaN rnepsoe mecTo Ha ImageNet ¢ pesynbtatom 15%
top5 error.
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Krizhevsky et al. ImageNet Classification with Deep Convolutional Neural Networks. 2012
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Inception (GooglLeNet) OTUS

B 2014r. KomaHga Google cyuwecTBEHHO yny4dwmnia aToT pe3ybTaT, NonbiTaBWnNCh
coenartb ceTb bonee «ahOEKTUBHON»:
24 cnosi n 6% top5b error!

Szegedy et al. Going Deeper with Convolutions. 2014
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Inception (GooglLeNet) OTUS

B 2014r. KomaHga Google cyuwecTBEHHO yny4dwmnia aToT pe3ybTaT, NonbiTaBWnNCh
coenartb ceTb bonee «ahOEKTUBHON»:
24 cnosa n 6% topb error!

* HasBaHne GoogleNet otcbinaet k ctatbe Yann LeCun u Yoshua Bengio 1998r
“Gradient-based learning applied to document recognition” B KOTOpOX NOMUMO
apxutekTypbl LeNet-5 snepsbie nosisnsgetrca MNIST.
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LeCun et al. Gradient-based learning applied to document recognition. 1998
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Inception (GooglLeNet)

OcHoBHOU ngeen Inception 66110 YMeHbLWUTL KonyecTBo BecoB B ceTu AlexNet (60

MWUJIJIMOHOB) 3a CYET CBEPTOK MEHbLLEro pasmepa n ceeptok 1x1. B utore nprmepHo B
10 pas3 MeHbLUE napameTpos nNpuv bonbLen rnyonHe.
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Szegedy et al. Going Deeper with Convolutions. 2014
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Inception-v3

C HOBOW apXMUTEKTYpOU OSIOKOB 1 TpokamMu Tuna gobasrieHns1 NOSIBUBLLVXCS CTOEB
baty-HopmMmanusauum B 2015r Google nokazanu peaynbTtaT 3.58%! Y10 yXe
CYLLECTBEHHO Jlyylle YeM YesioBeyeckun pesynetatr — 5.1%

[TogpobHen MOXXHO NovnTaTb U NOUrpaTbCAa Ha cante Kapnartoro:
http://karpathy.qgithub.io/2014/09/02/what-i-learned-from-competing-against-a-
convnet-on-imagenet/

https://cs.stanford.edu/people/karpathy/ilsvrc

Filter
Filter concatenation
/AV

1x1 convolutions

3x3 convolutions

5x5 convolutions

A

Previous layer

Aptyp KagypuH, CEO Insilico Taiwan

3x3 max pooling
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Szegedy et al. Rethinking the Inception Architecture for Computer Vision. 2015
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http://karpathy.github.io/2014/09/02/what-i-learned-from-competing-against-a-convnet-on-imagenet/
https://cs.stanford.edu/people/karpathy/ilsvrc

Inception (GooglLeNet)
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Inception (GooglLeNet)

Filter Concat

Filter Concat

1x1
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ResNet

OTUS

B koHue 2015 roga, npsamo nepep, noasegeHnem pedynbtatoB ImageNet, Ha Arxiv Obin

3anuT npenpuHT ctatbn “Deep Residual Learning for Image Recognition”. 1 nmeHHO aTa

apxXuUTeKTypa Torga 3aHsina nepsoe mecto oborHas Inception Ha 0.01 %!
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He et al. Deep Residual Learning for Image Recognition. 2015
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ResNet

Tak >Xe Kak n B apxmtekTtype ot Google, komaHaa ResNet paboTtana Han

pacnapannenmBaHmemM notoka gaHHbix rno cnosam. Ho naoes shortcut ceasen HamHoOro
npoule. B ntore, cetb rnyébuHoun 34 cnosi n 3.57% owmnbKa.

Y

weight layer

]:(:x) lrelu

weight layer

X
identity

He et al. Deep Residual Learning for Image Recognition. 2015
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ResNet OTUS

A y>XXe yepes Heckosibko MecsiueB Microsoft nokazana cetb rnyéuHon B 1001 cnow!
Ctount otmMeTuTb, 4TO Hag ResNet pabotan Kaiming He, TOoT cambin, 4bto
NHUUMANN3aumio Mbl UCMOJIb3YEM B CBEPTOYHbLIX cnosax. g Toro 4tobbl 06y4nTb Takyo
CE€Tb OHUM nonpoboBanu pasHblie TUMbl shortcut n pasHbie KOMBMHaUMN akTUBaLUA U
HOopManmnsaauumn.

N npnmepHo Torga >ke Google onybnnkosan kombrHauuto Inception n ResNet.

X
4
weight layer
]—"(x) l relu N
weight layer identity

He et al. Deep Residual Learning for Image Recognition. 2015
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ResNetXt

B kKoHue 2016 roga, 4to y>ke ctano Tpaguunen, ResNet BbikaTui HOBYHO apXUTEKTYPY
6110KOB 1 00 CUX Nop OepP>XUT nepsoe MecTo B ImageNet, XoTa KOHKYPEHTOB Y HEFO

0OCTaTOYHO.
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Xie et al. Aggregated Residual Transformations for Deep Neural Networks. 2016
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FractalNet

BecHon 2016 roga komaHaa n3 Ymkaro BbiK/aablBaeT apxXUTEKTYPY 6€3 LopTKaToB.

Kpome Toro, oHu npeanoxunn naeto droppath.
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Larsson et al. FractalNet: Ultra-deep neural networks without residuals. 2016
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DenseNet

Jletom 2016 roga cmewaHHasa komaHaa n3 KopHennckoro YHusepcuteta n Facebook
NyONUKYET apXUTEKTYPY C «MNOJSIHOCBA3HbIMW» OJIOKaMU CBEPTOK.
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Huang et al. Densely Connected Convolutional Networks. 2016
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SENet OT US

A B 2017 rogy komaHaa ns Kntanckom Akagemmn Hayk nybnumkyeT apxXutekTypy
Squeeze-and-Excitation 6noka, KOToOpbIN, MO CYTWN, NEPEB3BELLUMBAET KaHaslbl HA BbIXo4e
nooboro gpyroro cBepTo4HOro 6s10ka.
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Hu et al. Squeeze-and-Excitation Networks. 2017
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EfficientNet

B mae atoro roga Google nybnunkyeT cTaTbto C UCCNeAoBaHNEM TOro, Kak

rmnepnapamMeTpbl CBEPTO4YHbIX CETEN BNNSAIOT HA KA4eCTBO.

[TpaBnnbHO BbIBUPas KoaddununeHTbl W, d 1 BXOgHOE pa3peLLlEHE OHN BblIOMBalOT
Ton1 pesynbTar.

0] co
o —
1

-~
Nej
]

~3
~3
1

ImageNet Top-1 Accuracy(%)
> *

-3
@)}

2

2 4 6 8
FLOPS (Billions)

81

80 1

79 1

78 -

77

76 -

75

d=1.0

d=6.0 d=8.0

1

2 3 4
FLOPS (Billions)

81

80 1

79 1

78 -

77

76 -

75

FLOPS (Billions)

Tan M., Le Q. V. EfficientNet: Rethinking Model Scaling for Convolutional Neural Networks. 2019
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EfficientNet

B mae atoro roga Google nybnunkyeT cTaTbto C UCCNeAoBaHNEM TOro, Kak

rmnepnapamMeTpbl CBEPTO4YHbIX CETEN BNNSAIOT HA KA4eCTBO.

[TpaBnnbHO BbIBUPas KoaddununeHTbl W, d 1 BXOgHOE pa3peLLlEHE OHN BblIOMBalOT
Ton1 pesynbTar.

Ho y>ke B ntoHe ResNetXt o6HOBNSAET CETKY 1 CHOBA BbIXOAUT Ha NMNEpPBOE MECTO.
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Tan M., Le Q. V. EfficientNet: Rethinking Model Scaling for Convolutional Neural Networks. 2019
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Neural Architecture Search OTUS

Bce 310 BOMWELBCTBO C pa3HbIMU apXUTEKTYpPaMn B KOHLE KOHLIOB NPUBESO K
NOSABNEHNIO CETEN, KOTOPbIE yyaTca nogbupaTtb apxmntekTypbl. B KoHue 2016 roga
Google Brain ny6nnkyoT onncaHmne penmeopKka u npumMepbl apxXnTeKTyp.

Sample architecture A
with probability p

i l
Trains a child network

The controller (RNN) with architecture
A to get accuracy R

Compute gradient of p and

scale it by R to update
the controller

Number. Filter ‘ Filter _ Stride . Stride . Number Filter .
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IR R R R R
T : T Y N S N N T ' T
|| || .l} ‘? I| ‘I ‘n ‘u
“‘ '4 “‘\ '4 ““ '4 “‘\ l4 “‘ oA “‘\ '4 .“\ ‘4 “‘\ :‘4
Layer N-1 Layer N Layer N+1

Zoph B., Le Q.V. Neural Architecture Search with Reinforcement Learning. 2016
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NASNet OT US

A NpuUMepHo Yepe3 Noaroaa OOMNOSHAT CBOW MOaXon BO3MOXHOCTbIO cobunpaTtb

KACTOMHbIE BJIOKM C NMOMOLLLIO PEKYPPEHTHON CETU, KOTOPAasi BbIBUpaeT Kakne ns
npegbiayLmnx cnoes o6bLeanHUTL Mexay cobon 1 Kak.
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Zoph et al. Learning Transferable Architectures for Scalable Image Recognition. 2017
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NASNet

ELle yepes nonroga oHW BbIKNagbiBalOT CETb KOTOPas
oby4yeHuns Cc nogKpenIeHNEM.
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Liu C., Zoph B. et al. Progressive Neural Architecture Search. 2017
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NASNet

A B Ha4dane npownoro roga, cHosa ['yrn, nybnukyeTt nogdop apXuUTeKTYPbl AHENKUN C
NOMOLLbIO FTEHETUYECKNX aNlrOPUTMOB.
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Real E., Le Q. V. et al. Regularized Evolution for Image Classifier Architecture Search. 2018



3aknt4dyeHune OTUS

HecmoTpsa Ha TO, 4TO uctopus rnybokoro obyyeHnst Hadanacb HEMHOIO
paHblle, Hanbonee pacnpocTpaHEHHON TOYKOW 3PEHNA ABNSIETCS, BCE Xe,
TO, UTO AlexNet cTan NnpopbIBHON apXUTEKTYPOWN. B 3TOT MOMEHT
NOSABUNNCH rNyoboKne CBEPTOYHbIE CETU ODYYEHHbIE HA BUAEOKaApTax U UX
Pa3BUTNE YCKOPWITIOCb MHOIOKpPAaTHO.

[Tocne nepBbIX yCneLHbIX WaroB ¢ NoAd0opoOM apXUTEKTYPbl CBEPTOYHbIX
CETEN, HAaCTYNunoO BPeEMS, Korga caMmy HEUMPOHHbIE CETY MOTYT NMOMOYb C

BbIOOPOM apXUTEKTYPHI.
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OTUS

Cnacunoo
3a BHUMaHue!




