OCHOBbI NPaKTUYeCcKoro
MCMNO/Ib30BAaHNA HEUPOHHbIX CEeTEN.

Nekuma 8. Ob630p coBpeMeHHbIX ryboKnx ceten ana
KnaccuduKaumm n3obparkeHumin.




3a4a4a KnaccupuKaumm n3obpaxeHmm

1 MHoecTBo M306parKeHUN.
L Kaxkgoe nsobpaskeHne coaep>KUT oanMH 06beKT KaKoro-To Kaacca.
1 Knaccbl 06beKToB 3a4aHbl.
[ Heobxoamnmo onpeaennTb K KaKOMY U3 U3BECTHbIX KNacCoOB OTHOCUTCA
n306pa*KeHHbIN 0OBEKT.
1 He TpebyeTca onpeaenatb NO3ULUIO, FAe HaXOAUTCA OO BEKT.
] [NBa BapunaHTa 3agaum KnaccuduKkaLmm:
= Kaxkgoe nsobpaxeHne coaepKMT TONbKO 06BHEKTbI 3a4aHHbIX KN3aCCOB;
" EcTb n306parkeHns 06BbEKTOB He M3 3a4aHHOro Habopa Knaccos.
[ ToyHOCTb anroputma Knaccudpukaumm: M*100% )
M — uyncno nsobpaxkeHum c npasmanoNonpep,eneHHblm KNaccom,

N — obuiee KOMYECTBO N306parKeHUn.
label =5 label =0 label = 4 label =1 label = 9

O Npumep: knaccndumkaums




ba3sa nsobparkeHun IlmageNet

O ImageNet
= Co3pgaHa B 2009
= bonee 14M un3obparkeHni c aHHOTaLUAMM
= 1M n306pakeHni c oTMeYeHHbIMU 06 BEKTAMM
» bonee 20K KnaccoB (HECKONBKO COTEH M30bOpaXKeHMIN Kaxkaoro
Knacca

O ImageNet Large Scale Visual Recognition Challenge (ILSVRC)
= [MTpoBogunca ¢ 2010r no 2017r;
= KnaccudpuKkaumsa naobpaxkeHmumn, obHapyxeHne o6 beKkToB.

O ILSVRC. KnaccudpuKkauma nsobpaxeHui
= 1.2M n3obpaxkeHuni (obyyatowan BbibopKa)
= 100K TecTtoBbIX n30b6parkeHnmn
= 1000 Knaccos



[Mobeautennb ILSVRC-2012. AlexNet

O AlexNet (A. Krizhevsky et al, 2012)

= [lepBas cBepTO4Has ceTb nobeauntens ILSVRC;
= OwwnbKa Top-5: 15.3% (BTOpOI pe3ynbtaT SIFT — 26.2%);
= CBepTo4yHana HC, 8 cnoes (5 cBepTouHbIx), 60M napameTpos;

= ReLU, Dropout, YBennyeHne obyyatoulen BbI6OpPKU (CABUT, OTPaXKEHUE);
= Oby4yeHue 3aHANO 5 AHeln Ha HecKonbKknx GPU.
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Mobeagntenn ILSVRC-2013. Clarifai

O ZFNet (Clarifai — ctaptan aBTopos ZFNet) — (M. Zeiler et al, 2014)
= OwnbKa Top-5: 11.2% (HeckonbKo ceTen);
* Bu3yanumsauma akTMBaUU BHYTPEHHUX cnoeB - Deconvnet;
" AHa/AIM3 BHYTPEHHMUX WabAoOHOB - TOHKaA HacTponKa AlexNet;
= dunbTpbl Nepsoro cnoa (11x11) - (7x7); war cBepTKM nepsBoro cnoa 4 - 2;
= Oby4yeHune 12 gHeMn.




VGG Net

O VGG (K.Simonyan, A. Zisserman, 2014)
= OwwunbKa Top-5: 7.3% (ILSVRC-2014);
= Knaccnyeckasa CNN;
= [lpumeHeHune agep 3x3;
= (3x3)+(3x3) ~ (5x5); (3x3)+(3x3)+(3x3) ~ (7x7);
= O6yyeHue 4GPUx(3 Hepenn);
* AKTUBHO NPUMEHSAETCA NPU peLLleHnn 3a4au.

D
6 weight
layers

o

conv 3-Hd
conv3i-6d

convi-128
convi-128

comvi-256
conv3-256
conv3-256

comv3-512
convi-312
conv3-512

convi-312
conv3-512
conv3-512

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




Mobeautens ILSVRC-2014. GooglLeNet

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

" «MapannenbHble cBepTKN-KoHKaTeHauma»:

Inception moayne.

= 22 moayns, bonee 50 cBEPTOYHbIX C/I0EB;
" HeCKO/IbKO BbIXOAHbIX C/10EB;

= Pasamep 55M6 (VGG16 — 490M6);

= Oby4yeHue 7 gHeun Ha HeckonbKknx GPU;

/

A\
CHEHIHHEHEHHE g,

Filter

concatenation

ﬂm

1x1 convolutions

3x3 convolutions

5x5 convolutions

1x1 convolutions

[}

[

X‘lwn lutions
— N = ———————

1x1 convolutions

Previous layer

4

3x3 max pooling




Mobeautensb ILSVRC-2015. Re Net

[ ResNet — (K. He et al, 2015) i
= Owwnbka Top-5: 3.57%;
= PocT rnybuHbl = MeHblle ownbka -
CNOXHOCTb ONTUMM3ALNY;
= «OCTaToO4YHbIE» CBA3U — €AUHUNYHOE
oTobparkeHne, HeT A0NO/IHUTENbHbIX
napameTpoB;
= «OcTaTo4YHbIE» COEANHEHUS = Nydlle
pacnpocTpaHeHue rpagneHTa
= 152 cnoa, agpa 3x3; S
» O6yueHue 21 aeHb Ha 8 GPU. ; “‘if}
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Mobeagutennb ILSVRC-2016. Trimps-Soushen

O Trimps-Soushen
= Owwnbka Top-5: 2.99%;
® icnonb3oBaHWe npenobyveHHbIx ceTen ana BbiasneHua Top-10 Hanbonee CNoXKHbIX
KaTeropumn B ImageNet;
= [nception (v3, v4), Inception-ResNet-v2, Pre-Activation ResNet-200, Wide ResNet;
= HeT nyywen cetn anda Bcex kateropui us Top-10 + cnabas KoppenmpoBaHHOCTb
peweHnin - obvegMHeEHME peLLEHN.

Inception- | Inception- Inceptlon Resnet-
2.92 (-

Err. (%) 4.20

Cls Errors for Top-10 Difficult Categories
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[Mobeautensb ILSVRC-2017. SENet

(1 SENet-154 — (J. Hu et al, 2017)
= Owwnbka Top-5: 2.25%;
= B3gelwKBaHME KapT NPMU3HAKOB;
= «Squeeze and Excitation» (SE) moaynb;
" lHTerpauma B pasinyHble CyLLECTBYOLWME apPXUTEKTYPDI:
Inception, ResNet u T.4.
=" Mobeantenos SE+ResNeXt;
= Oby4yeHue Ha 64 GPU ana noaaep»KKu NnaketoB pasmepom
2048 nsobparkeHun.
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CTaTVICTVI Ka ILSVRC

ImageNet Large Scale Visual Recognition Challenge results

100% w
first year
75 . teams had varying success.
Every team got at least 25%
. wrong.
In 2012, the team to first use

> deep learning was the only

50 team to get their error rate

below 25%.

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

o i -
25 e H
In2017,29 of 38
- 8 teams got less than
o o i 5% wrong.
° ‘
]

perfect

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 CV  ® Deep Leaming
e
805 ‘
. .
70% 5 H 1 Inception-v4
60% : H 80 - !
- 3 : Inception-v3 o : ResNet-152
.
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0% =
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O EfficientNet (M. Tan and Q. Lee et al, 2019)

2019. EfficientNet

= OwubKa Top-1: 15.7%;
= bnokn MBConv

= NAS - basoBas moaenb EfficientNet-BO -
— CMmelaHHoe MmaclTabupoBaHne apxXnTeKTypbI

resolution: r = ~%

depth: d = o?
width: w = 3% st.a-f29% =2

a>1,>1,yv>1

—
——
< wider
= —
T e —
#channels | — ]
,,,,,,,,, wider i T
- = T e
deeper
= - . '
. . deeper
| [~y [ E ]
+ higher . higher
} resolution HxW | +resolution H +_resolution
(a) baseline (b) width scaling (¢) depth scaling

(d) resolution scaling (e) compound scaling
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2021. NFNet

L NFNet — Normalizer-Free Network — (A. Brock et al, 2021)
= OwubKa Top-1: 13.5%;
= OcHoBa — residual 6,10ku @ 3133
= be3 Batch Normalization; ) Wi —
=" MacwTtabupoBaHue BecoB; W;; = No,
U; 0;— cpeaHee 1 cpefHeKBaapaTUYHOE OTKIOHEHMEM BECOB
= CKannpoBaHME BXOAHbIX U BbIXOAHbIX AaHHbIX KaXKa0oro
residual 6n0Ka hiv1 = hi+af;(h;/3;) e NeNges
a=02 p;=+/Var(h) Var(h;) = Var(h;_1) + o?

'KOHTDOﬂb 3Ha4YeHuM FDaﬂMGHTOB (Gradient clipping).
amax(Will.) e e NIGHL S,
Gt —

_____ B i Ly ez = - BNt

“EffNet- BS

Lambda‘Nel 152
*DelT-384

Gzl 1Al
Gt otherwise

w2 De|T~22'4
¥ BoTNet-59

ImageNet Top-1 Accuracy (%)

JEffNet-B2

= OnTummnsauma apxmtektypbl SE+ResNeXt. NG LN (S50 o TPUPLS: Bateh GEEh B DEVICE w32
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1 ACC L RACY

TOP

90

80

SIFT =.Fvs

AlexNet

CoBpemeHHOe coCcToAHne

O Owwmbka Top-1

ResheXt-101 64xd
Inceptiong3

VCC-19

Five Base + Five HiRes

PMASNet-5

2018

Other models State-of-the-art models

Meta Pseudo Labels (EfficientNet-L2)

FixResNeXt-101 32x48d,

2021

Model saups
TG/

CoAtNet-7

1 VTG

CoMtMet-&

. Meta Pseudo Labels
EffceniNer 12

£ Swinv2G

7 Florence-CoSwin-H

1 BonbwnHcTo apdekTnBHbIX HC 0ocHOBaHbI Ha TpaHchopmepax

https://paperswithcode.com/sota/image-classification-on-imagenet
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Bonpochl

U B yem otanume 6a3oBbix 610K0B ceTn GoogleNet n ResNet?
O Kakoe Ha3HauyeHue SE moayns?

[ KaKkas nges nexkut B ocHoBe noctpoeHuna cemelictea cetelt EfficientNet?



