OCHOBbI NPaKTU4YeCcKoro
MCMNO/1Ib30BAaHNA HEUPOHHbIX CETEN.

Nekuma 8. O630p coBpeMeHHbIX TyboKnx ceten ans
KnaccmdumKkaumm n3obparkeHun.



3a4a4a KnaccnpuKaumm n3obpaxKeHmnm

1 MHoecTBo M306paKeHUN.
L Kaxkgoe nsobpaskeHne coaep>KUT oaMH 06beKT KaKoro-To Kaacca.
1 Knaccbl 06beKTOB 3aaaHbl.
1 Heobxoammo onpeaenntb K KaKOMy M3 U3BECTHbIX KNacCoOB OTHOCUTCA
n306pa*KeHHbIN OOBEKT.
1 He TpebyeTca onpenenatb NO3ULMIO, FAe HAXOAUTCA OOBEKT.
1 [Ba BapmnaHTa 3a4a4m KnaccubuKaumu:
= Kaxkaoe n3obpaxkeHne coaepKUT TONbKO 06BbEKTbI 3aaHHbIX KN1aCCOB;
" EcTb n3obparkeHns o6bEKTOB He 13 3a4aHHOro Habopa Knaccos.
1 ToyHOCTb anropuTMma Knaccudpukaumu: M*100% )
M — uncno nsobparkeHum c npasmanoNonpep,eneHHblm K/1accom,

N — obuiee KonN4ecTBo M306parkeHnn. N
label =5 label =0 label = 4 label =1 label =9

O Npumep: knaccnomkayma
el > M ON - /W 1




bFasa nsobparkeHun ImageNet

O ImageNet
= Co3pgaHa B 2009
= bonee 14M n3o0bparkeHni c aHHOTaUMAMM
= 1M n3obparkeHnn c oTmeyeHHbIMM 06 beKkTamm
» bonee 20K KnaccoB (HECKONbKO COTEH N30OpaXKEHMIN KarxKaoro
Knacca

O ImageNet Large Scale Visual Recognition Challenge (ILSVRC)
= [IpoBogunca ¢ 2010r no 2017r;
= Knaccudukaums nsobpakeHnimn, obHapyeHne o6beKToB.

O ILSVRC. KnaccuduKauma nsobpaxeHui
= 1.2M n306paxkeHuni (obyyatowan BbibopKa)
= 100K TecTtoBbIX n306parkeHnmn
= 1000 knaccos



[Mobeautennb ILSVRC-2012. AlexNet

O AlexNet (A. Krizhevsky et al, 2012)

= [lepBan cBepTO4YHaAA ceTb Nnobeautens ILSVRC;
= OwwnbKa Top-5: 15.3% (BTOpOI pe3ynbtaT SIFT — 26.2%);
= CBepToyHana HC, 8 cnoes (5 cBepTo4HbIx), 60M napameTpos;

= ReLU, Dropout, YsenmnueHune obyyatowiein BbIbOpKM (CABUT, OTPAXKEHMUE);
= Oby4yeHue 3aHAN0 5 gHeln Ha HeckonbKknx GPU.
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Mobeguntenn ILSVRC-2013. Clarifai

L ZFNet (Clarifai — ctaptan astopos ZFNet) — (M. Zeiler et al, 2014)
= OwmnbKa Top-5: 11.2% (HeckonbKo ceTen);
» Bu3yanunsaumna akTmBaummn BHYTPEHHMX cnoeB - Deconvnet;
" AHa/IN3 BHYTPEHHMX WabsoHOB = TOHKaA HacTporKa AlexNet;
= duneTpbl nepsoro cnoa (11x11) - (7x7); war cBepTKM nepsoro cnosa 4 - 2;
= Oby4yeHune 12 gHewn.




VGG Net

O VGG (K.Simonyan, A. Zisserman, 2014)
= OwwnbKa Top-5: 7.3% (ILSVRC-2014);
= Knaccuveckasa CNN;
= [lpumeHeHune agep 3x3;
= (3x3)+(3x3) ~ (5x5); (3x3)+(3x3)+(3x3) ~ (7x7);
= 0O6yyeHune 4GPUx(3 Hepgenn);
* AKTUBHO NPUMEHSAETCA NPU peLLleHnn 3a4au.

D
16 weight
layers

|

conv 3-64
conv3i-Hd

convi-128
convi-128

convi-256
conv3-256
conv3-256

comnvi-512
convi-512
conv3-512

conv3-512
conv3-512
conv3-512

maxpool
FOC-4096
FC-4096
FC-1000
soft-max




Mobeautens ILSVRC-2014. GooglLeNet

U GoogleNet — (K. Szegedy et al, 2015)
= Owmnbka Top-5: 6.7%;

" «MapannenbHble cBepTKN-KoHKaTeHaums»:

Inception moayneb.

= 22 moaynsa, 6onee 50 cBEPTOYHbIX C/OEB;
" HeCKO/1IbKO BbIXO4HbIX CNOEB;

= Pasamep 55M6 (VGG16 — 490M6);

= ObyyeHune 7 AHEN Ha HeCcKoNbKux GPU;

/ E
JE

Filter

concatenation

Pl

3x3 convolutions

5x5 convolutions

1x1 convolutions

1x1 convolutions )

[}

1x1 convolutions

u‘l convolutions

Previous layer

3x3 max pooling




[Mobeautensb ILSVRC-2015. Re Ne

[ ResNet — (K. He et al, 2015) I
= OwnbKa Top-5: 3.57%; |
= PocT rnybuHbl = MeHblle ownbka -
CNOXHOCTb ONTUMM3ALNN;
= «OcTaTo4YHbIE» CBA3U — €AUHUYHOE
oTobparkeHne, HeT AONONHUTENbHbIX
napameTpoB;
= «OcTaTo4YHbIE» COEAUHEHUA = Ny4dlle
pacnpocTpaHeHue rpagmeHTa
= 152 cnoa, agpa 3x3;
= ObyyeHue 21 peHb Ha 8 GPU.

RN
: i _+I+,+j+
B W [ Ff [®
[k

44-’ i—fi—'+ i s
‘I
|

{FF | 1'|E|' T ‘|
| e 2| s N al |m L
| |6 | |2 g (&) |bf [

AN EIR G R R
B i |NH e
LAl 0t s i CIE I

identity

Vo
L

+igi
I-IT
I

AN

X

ARCRE
|
!

o [el (el o [e
I ]’*" i
\ ||I| I.'III
b M W

w| (Bl g & ¥
ANRARR AR AR
Ehaely HuH L H
k| g |> 7

/

A

i



Mobeagntennb ILSVRC-2016. Trimps-Soushen

O Trimps-Soushen
= OwmnbKa Top-5: 2.99%;
" /icnonb30BaHWe NpeaobyyeHHbIX ceTen ana BbisiBneHnA Top-10 Hanbonee CNoXKHbIX
KaTeropumn B ImageNet;
= [nception (v3, v4), Inception-ResNet-v2, Pre-Activation ResNet-200, Wide ResNet;
= HeT ny4ywen cetn ana Bcex Kateropui us Top-10 + cnabana KoppennpoBaHHOCTb

pel‘ueHMM % 06'be,£||V|HeHV|e peLueHMM' Cls Errors for Top-10 Difficult Categories

0s
0.4
Inception- | Inception- | Inception- | Resnet-
- - O P Fusion (Vval.) |Fusion (Test) 0s

0.2

Err. (%) 4.20 2.92 (-0.6)
. | | |
[v]
estaural

bakery dough hair_slide hook  letter_open nt  spotlight

on-va



[Mobeautensb ILSVRC-2017. SENet

(1 SENet-154 — (J. Hu et al, 2017)
= OwmnbKa Top-5: 2.25%;
= B3gelnBaHME KApT NPU3HAKOB;
= «Squeeze and Excitation» (SE) moayns;
" lHTerpayma B pasnmyHble CyLeCcTBYOWME apXUTEKTYPbI:
Inception, ResNet u T.A.
=" Mobegntenb SE+ResNeXt;
= Oby4yeHue Ha 64 GPU ana noaaep»KKu NakeToB pasmepom
2048 n3obparkeHun.
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Ctatuctumka ILSVRC

ImageNet Large Scale Visual Recognition Challenge results

100% wro

ng

In the competition's first year

teams had varying success.

©  Every team got at least 25%

. wrong.

In 2012, the team to first use

> deep learning was the only
team to get their error rate
below 25%.

The following year
nearly every team got
25% or fewer wrong.

In2017,29 of 38
- 8 teams got less than
g i 5% wrong.
o ‘
g

AlexNet
ZFNet
VGG
GoogleNet
ResNet
Trimps-Soushen
SENet-154

15.3%
11.2%
7.3%
6.7%
3.57%
2.99%
2.25%
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Paszsutmne HC ana ILSVRC

IMAGENET
Accuracy Rate
100% ®Traditional OV ® Deep Leamning
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70% e ! ' .
. 1 Inception-v4
60% .

50%

80 4 :
Inception-v3 o ResMNet-152
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I . ResNet-34

20%

10% =
= 704 ﬂ ResNet-18
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ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners i
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2010 2011 2012 2013 2014 2014 2015 2016 2017 Human
Linetal Sanchez &  Krizhevsky etal  Zeiler & Simonyan &  Szegedy et al He etal Shao etal Huetal Russakovsky et al
Perronnin (AlexNet) Fergus  Zisserman (VGG) (GaogleNet)  (ResNet) (SENet) 1 2

http://cs231n.stanford.edu/slides/2018/cs231n_2018_lecture09.pdf
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