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[1naH nekumnn O

« Bunsyanunsauusa paboTtbl HeEMpoceTun

* [loHATME 0 HeEMpOCeTEBLIX NpM3Hakax n 6a3oBbIX MOAENAX
« AlexNet, VGG, Inception

 ResNet-mogenu n SkipConnections, penapamMmeTpusaums

« Kak 0byuynTb MOLLHYIO MoAdEenNb?

o ApXUTEKTYpPbI ANst MOOUNbHBIX MOAENEN

* Hackonbko xopouwa ImageNet?



Buayanusaunsa paboTbl HEMPOCETU



YTO nponcxoauTt BHYTpU ceTn?

Mbl ymeem obyyaTb HEMPOCETb AN Knaccndunkaumm n3odpakeHmn
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UTo npouncxoant BHYTpU Hee? YTto byaem BM3yannsnpoBaTtb?
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Buayanunsauusa pabotbl HEMPOCETK

Buayanusauma punstpos
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Cnoun convl Cnown conv2

http://cs231n.github.io/understanding-cnn/



PeuenTnBHOE None wu BU3yaJin3alnA

//', / 11x11 Map 1
|

5x5 conv ) S
% | [}
' .. .
/ U 757 Map 2

/%l conv ; f
VAT Map 3

 HanommnHaHue — peuenTuBHOE nore, 3To obracTb n3obpakeHus, ot
KOTOPOW 3aBUCUT BbIXO 3TOMO HEMPOHa

o 3anuuiem, Kakme pparMeHTbl Bbl3bIBaOT HANDOMee CUMbHbIN OTKITUK
KOHKPETHOrO HEMPOHA CEeTU



Top-9 pparmeHTOB
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Cnown 2: Ton-9 dpparmeHTOB
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Cnowu 3: Ton-9 pparmMeHTOB
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Cnowu 4: Ton-9 pparmMeHTOB




Cnown 5: Ton-9 dpparmMeHTOB
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Buayanunsauusa pabotbl HEMPOCETK

N3o0bpakeHns1, Ha KOTOPbIX JOCTUraeTca MakCMMarsibHbIN
OTKIUK cpvlanpa

PunbTpbl cnos pool5
http://cs231n.github.io/understanding-cnn/



OBOMOLUNA NPU3HAKOB
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Bbixo cnos Kak BEKTOP-Npu3Hak

(1.5 0.17 . -3.17 1.4 1.85 | 1.33

* Mbl yBNaenu, 4to otaesibHble HEUPOHbLI KaXXO0ro Criost HECYT
BaXXHOE CeMaHTU4YecKoe 3Ha4YeHune

e COBOKYMNHOCTb BbIXO0OB CII051 MOXXHO paccMaTpuBaTbh Kak
BEKTOP-NMPU3HaK N300paxeHus

« EcTb cnocobbl aHann3a BEKTOP-NPU3HAKOB B COBOKYMHOCTM



-SNE

e Moxem BbluMCNTb L2
paccToaHne Mexay BblIXogamu
fulle nnn full7 cnoées

* Bocnonb3yemca
OTOOpaXeHUeM TOYEK U3
4096-MepHOro NpocTpaHcTBa
Ha 2X MEPHOe, coXpaHsatoLee
L2 paccTosHuSA
(NpUBNUKEHHO)

« Busyanusmnpyem nsobpaxeHus

 Buaum, 4yto 6nunskue no
CMbICIY U3obpaXkeHus
oKasblBaloTCA BNU3KM OpYr K

Apyry

http://cs.stanford.edu/people/karpathy/cnnembed/






UMAP Busyanunsayus

9999999999

MNIST Digits Embedded via UMAP
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https://github.com/Imcinnes/umap



https://github.com/lmcinnes/umap

UMAP Busyanunsayus

Fashion MNIST Embedded via UMAP

et Ankle boot

-

P i Sneaker
Shirt
Sandal

Coat

A Dress

Pullover

Trouser

T-shirt/top

https://github.com/Imcinnes/umap



https://github.com/lmcinnes/umap

BbiBOAbI

MNIST Embedded via UMAP

MNIST Digits Embedded via UMAP > Fashion M

« HenpoceTb obyyaeTcsa oTtobpaxaTb U300paXeHUs1 B BEKTOP-NPU3HaKN,
KOOMPYIOLLIME CEMAHTUYECKYHO «MOXOXKECTb» N300paKeHUN.

« Bnuskne 1 BM3yanbHO NOXOXME APYr Ha Apyra oObeKkTbl OKa3bIBaKOTCS
6113KK MO HEMPOCETEBBLIM BEKTOP-MPU3HAKaM.

« BekTop-npu3Hakm o6 bEKTOB pa3HbIX KNaccoB Janeku apyr ot gpyra



HenpoceTeBble Npu3Haku 1 6a3oBble apXUTEKTYPbI



HeunpoceTteBble NPU3HaKK
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« Mo)XHO Mcnonb3oBaTb BbIXOAbl BbIODPAHHOIO CNosi HEMPOCETU Kak
BEKTOP-NPU3HaK

* MoxHO 00y4nTb ceTb Ha oaHMX AaHHbIX (ImageNet) n npumMeHATb ee
Ha OpYyrmx Onasa Bbl4MCIIEHNS NPU3HAKOB, 0byyasi noBepx
KrnaccudukaTop

Donahue et. al.DeCAF: A Deep Convolutional Activation Feature for Generic Visual Recognition, 2013



[lepeHOC Ha gpyrve oaTtaceThl

—y

DeCAFsx DeCAFg DeCAF; e
@ 0.8 T + + ™
LogReg 63.20+ 6.6 8430+16 S487+06 3 e : *
LogReg with Dropout - 86.08+ 0.8 8568406 gosr 3
SVM 7712411 84.77+1.2 8324+ 1.2 )
SVM with Dropout - 86.91+0.7 8551409 3 %44
"é 0.2 —+— LogReqg DE.-GP.FE? w/ Dropout | |
Yang et al. (2009) 84.3 g L Vamgeta o
Jarrett et al. (2009) 65.5 0 ——————————
0 5 10 15 20 25 30 35

MNum Train per Category

Figure 4. Left: average accuracy per class on Caltech-101 with 30 training samples per class across three hidden layers of the network
and two classifiers. Our result from the training protocol/classifier combination with the best validation accuracy — SVM with Layer 6
(+ dropout) features — 1s shown in bold. Right: average accuracy per class on Caltech-101 at varying training set sizes.

« Obyuunnm HenpoceTb aAng Kknaccudpukaumm nobpaxeHumn ImageNe

* KMcnonb3yem ans ussBrie4eHunst NpM3HakoB Ha APYrnx KONneKkumsix,
Hanpumep, Caltech 101

Donahue et. al.DeCAF: A Deep Convolutional Activation Feature for Generic Visual Recognition, 2013




Fine-graded classification

Method Partinfo  mean Accuracy
Sift+Color+SVM[ ' '] X 17.3
Pose pooling kernel[V] v 28.2
RF[ ] v 19.2
DPD[50] v 51.0
Poof] "] v 56.8
CNN-SVM X 53.3
CNNaug-SVM X 61.8
DPD+CNN(DeCaf)+LogReg[ 1] v 65.0

Table 3: Results on CUB 200-2011 Bird dataset. The table dis-
tinguishes between methods which use part annotations for training and
sometimes for evaluation as well and those that do not. [I0] generates
a pose-normalized CNN representation using DPD [51)] detectors which
significantly boosts the results to 64.96.

« Bo3bMEM HenpoceTb, 00y4eHHYI0 aAna knaccudpumkauymm ImageNet

e [MpmeHnm e€ ans nony4YeHnsa BEKTOP-NPU3HaAKoOB N300pakKeHnn
Oby4aem knaccmdumkaTop NoBepx aTUX NPU3HaAKOB

 Profit!

Ali Sharif Razavian Hossein Azizpour Josephine Sullivan Stefan Carlsson
CNN Features off-the-shelf. an Astounding Baseline for Recognition. 2014
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[1ntockl JOO0Yy4eHUS

« BTopas konnekumsa MmoxeT 6bITb HEAOCTATOYHOIo pasmMepa ans
o0y4eHuns HerpoceTn «c Hyna» (from scratch)

* [lpenoby4veHne Ha 6onNbLLIOU U pa3HOODPAa3HOW KOMNMNEKLUMN MOXET
«XOPOLLUO» MHULUMANN3NpoBaTb HOBYIO CETb, U OOOYYNTCS OHA
bbicTpee u ny4yiue



Noesa «ba3oBon» apXUTEKTYpPb
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Vegetable, veggie, veg

* Moxem obyyaTb HenpoceTun-
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Pa3BunTtmne 6a30BbIX apXUTEKTYP
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[lepBble Da3oBble MOOENW:
AlexNet, VGG, Inception



AlexNet

AlexNet, 8 layers I 11x11 conv, 96, /4, pool/2 I
(ILSVRC 2012) 4
| 5x5 conv, 256, pool/2 |

| 3x3 conv, 384 |

| 3x3 conv, 384 |

| 3x3 conv, 256, pool/2 |

| fc, 4096 |

| fc, 4096 I

| fc, 1000 |

Krizhevsky A., Sutskever I., Hinton, G. E. ImageNet Classification with Deep Convolutional
Neural Networks // NIPS 2012



[TpumeHeHne AlexNet

* Ha Bxog HerpoceTb NpMHUMAaET nsobpaxeHne PUKCUPOBAHHOIO pasmepa 224x224
nukcena. Moxem nn mel nogaTb gpyroe?

* Kak ObITb C n3obpaxeHnsimm gpyrux pasmepos?
e 2 BapuaHTa EUCTBUM:

MaclitabmnpoBaTb K pasHbiM [MpBOANTL K OUKCUPOBAHHOMY
pa3peLueHusm, np. [256;512]xN paspeLueHuio (image warp)

Clly4anHo 1 Bbipe3aThb
domkcmnpoBaHHble (image crop)

« Cxema npumeHeHus

image ‘r crop / warp »> conv layers » fc layers » output




[IlpumeHeHne mopgenen

. r ! -—?I_,

« BapunaHT 1
* [lpUMeHUTb K PUKCNPOBAHHOMY
N3o0bpakeHuto, Kak ckasanu paHblue
« BapunaHT 2
* [pMEHNTb HECKONBLKO pa3 K pa3HbIM
BEPCUAM N300paeHns
 BapunaHTt 3

* [lpMeHNTb KO BCEM bparMeHTam
3a[laHHOro paspelueHus, T.€.
«NpOoCcKaHMpoBaTb» n3obpaxeHne

384

224

Nz384

image

conv.
layers

class
score map

J:j7 pooling

class scores




Spatial Pyramid Pooling (SPP)

Npes: npeobpasoBaTtb BbIXOAbl CBEPTOYHOIO Crnos (NpU3HaKin)
NPOWU3BOJSIbHOIO paspeLleHUs K BEKTOP-NPU3HaKy douKCMpoBaHHON OSNHGI

crop

image - crop / warp » conv layers » fc layers » output

image > conv layers = spatial pyramid pooling p fc layers » output




Spatial Pyramid Pooling (SPP)

fully-connected layers (fcg, fc;)

t

fixed-length representation
T [ ... o o [ —— ' I
4 - R
— — ... — — | e
4 16x256-d ¢ 4x256-d 4 256-d
// £ L J F / /
ll ht—? -3
£ b & F F L ‘
Y . J . .
spatial pyramid pooling layer

feature maps of convs
(arbitrary size)

f convolutional layers
input image



] J“_'_?L
Average Pooling &

fully-connected layers (fcg, fc)

/L\r

& 256-d

feature maps of convs
(arbitrary size)

7'\ .
| convolutional layers
input image

* MoxHo obonTmnch 6e3 Nupammabl, OrpaHNYMBLLUUCE TOSTbKO Average
Pooling no Bcemy crnoto

« Torgay Hac NonyvynTcAa BEKTOP NPU3HaK ANMHOW paBHOW Yucny
CBEPTOK Ha NocneaHeM ypoBHe

o [lnga pA0a 3afad 3TOro oka3biBaeTCA AOCTATOHHO



Mogenb VGG (Visual Geometry Group)

Npoew:

iccneooBaTb POCT KayecTBa 3a CYET yBeNMYeHnd
rnMyoOuHbl HEMpPOCETH

icnonb3oBaTb TOMLKO ManeHbkne 3x3 CBEPTKU
Stride 1 B CBEpPTKax YTOOLI HE TEPATL MHJOPMAaLNIO
RelLU aktnBauus

HeT Hopmanunsauuu

YMeHbLUeHne paspeLlleHma Yyepes maxpooling

Hncno ounbTpoB X2 NpU YMEHbLUEHUN pa3peLleHnd
B 2 pasa

K. Simonyan, A. Zisserman Very Deep Convolutional Networks for Large-

image

Scale Image Recognition . ICLR 2015

conv-64
conv-64

maxpool

conv-128
conv-128

maxpool

conv-256
conv-256

maxpool

conv-512
conv-512

maxpool

conv-512
conv-512

maxpool

FC-4096
FC-4096
FC-1000
softmax

. r ! -—?I_,


http://arxiv.org/pdf/1409.1556
http://arxiv.org/pdf/1409.1556

CBepTKM 3X3

« CTeKk CBEPTOK NO3BONSIET 0becnevnTb 5
60nbLee peuentTnBHoe norse (reception

field) -

« 5x5 onsa 2-x cBepTokK

e /X7 onsa 3-X CBEPTOK

« BOnbWwaga HennHenHocTb 3a cyeT RelLU
aKTUBaLM BERERE

 MeHblLle napameTpoB
e 18x (2 3x3) vs 25x (5x5)

o 27X (3 3x3) vs 49x (7x7) D

Ui
A
NEEE

15t 3x3 conv. layer

2"d 3x3 conv. layer



lccnepoBaHWe BapuaHTOB

A A-LRN B C D E
11 weight | 11 weight | 13 weight | 16 weight 16 weight | 19 weight
layers layers layers layers layers layers
mput (224 x 224 RGB mmage)
conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
LRN conv3-64 conv3-64 conv3-64 conv3-64

maxpool
conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128
conv3-128 | conv3-128 | conv3-128 | conv3-128

maxpool
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
convl-256 | conv3-256 | conv3-256
conv3-256

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool

FC-4096

FC-4096

FC-1000

soft-max

D - VGG-16
E - VGG-19




ApxutekTypa Inception n noeqa BeTBeu

[TocTpommM HenUpoceTb N3 Moayrien bornee CroXHOW CTPYKTYPbI, YEM
NPOCTO HAabop CBEPTOYHBLIX crnoeB VGG

Flter
concatenation
1x1 convolutions ] I 33 convolutions 5x5 convolutions | 23 max pooling
- r | 1 ‘ :r — . -

B yem cMmbICcn NPpUMEHATb OQHOBPEMEHHO CBEPTKU pa3HbIX pa3mepoB?

Christian Szegedy et. al. Going deeper with convolutions. CVPR 2015



icnonb3oBaHue cBepTok 1x1

640

« Kak TpakToBaTb CBEPTKY 1X17?

« OToOpakeHne BeKTopa ANUHLI N (TOMLWMHA BXOAHOIO CIosi = YNCMNO CBEPTOK
npeablayLero cros) Ha BekTop AnuHbl k (uncno ceeéptok 1x1)

* Wnun kak Habop «fokanbHbIX KNaccndnkaTtopoB»

* MoxeMm ynpaBnaTb «rnyobunHony» TeH3opa, perynupys k - 4ncrno cBeptok 1x1, rno
CpaBHEHUIO C N — rMyObMHOM NpeabIayLLEero TeH3opa

* K <N, 3Ha4nT Mbl yMeHbLUMN 00 K rmyOunHy TeH3opa (cxanw)

« K >N, 3Ha4MM Mbl yBUNNYUNU rnybuHy TeH30pa




Moaynb Inception

[o6aBnm 1x1 cCBEPTKM AN NOBbILLEHNSA NPOM3BOANTENBHOCTH

Filter
concatenation
3x3 convolutions 5x5 convolutions 1x1 convolutions
1x1 convolutions & s 4

1x1 convolutions 1x1 convolutions 3x3 max pooling

Previous layer

Christian Szegedy et. al. Going deeper with convolutions. CVPR 2015



ApxutekTypa Inception

g m
41 BE.EE
1 oa a8 muaaRineguigglie
TEgidgy B8yt ifigadtgais
Emngﬂnmﬁﬂﬂﬂ@ﬁ&ﬂﬂﬂgg e BaE %g{{‘ -
o - Amﬂ-ﬂﬂf' {1

* ['nybokasa ceTb
* Inception-moaynu
* HeCKOonbKOo ypOBHEW supervision

Christian Szegedy et. al. Going deeper with convolutions. CVPR 2015



ResNet, Skip Connection n penapameTpusauns



[Tpobnema rmyouHbl

[NanbHenwee yBennyeHmne 4nucna
CINoOEB NpMBOAUIIO K NAaAEHNIO KayecTBa
NTOroBOU MOOEnNu

CIFAR-10
train error (%) test error (%)

Wi '
“l) / 56- Iayer

| 56-layer

I

\\.\ / It

A

"\
AN 20-layer

20-layer

\ . r 6 " \
e (led) et (led)

[Mpn 3TOM MOXHO A06aBUTL
«edVHUYHbIE» CINOW K CETN, OCTaBUB TY
Xe caMyto QOYHKLMUIO U Ka4eCTBO

3Ha4uT, npobriema B 00y4yeHnn cetu




Residual net u skip-connections

Xl X

| weight layer weight layer
¥ ':J“A i’ ‘1“'1 ‘," | l relu - F(X) l relu identity
weight layer weight layer X
l relu
H(x) H(x)=F(x) +x

« J[lobaBum obxogHoun nyTb (skip-connection) Kk 6Gnoky
« bynoem yunTtb He npeobpasoBaHue, a gobaBky (NnepTypbaunto) K
TOXXAECTBEHHOMY npeobpas3oBaHus
* Ecnun eguHnyHoe npeobpasoBaHme onTMManbHO, TOrga Mbl Ero COXpaHsieM
* Hebonblune dnykTyaumm okasbiBaeTcs oby4vaTb npoie

« Takxe rpagueHTbl OyayT «obxoanTb» ONOK N nepegaBaTbCs HA
npeablayLwmin Harnpsamyro



ResNet

i ba3oBasi Moaenb
« CBépTKkn 3x3
Vw0 [ an | T . "
L TR N R « Subsampling 4yepes cBEPTKY C warom 2
T o R .
— } : — : * Residual net
[ - 2 |
—— St weight layer
e .'” : F(x) § relu identity
I . e weight layer X
e s H(x) = F(x) + x
Wiumesd ) Craews )
Bl es S| [ wiews ]
. —— [Tpn N3MEHEHUN pa3MepoB TEH30POB NMPodYIOT
- BapUaHThI:
[ '._’.’,;‘u
Lo « [obaBneHune HyNnAMu
o X3
=  JlnHenHas npoeKkuus
m:'-.jsa b
i  llar?2
SEE




[loBbILLEHNE NpPpon3BOoANTEIIbHOCTHA

64-d

* [ToHWKeHne pasmepHOCTN (256->64) 3a cyeT 1x1 cBeEPTOK

256-d

\ 4

1x1, 64
‘rrdu

3x3, 64
‘,rdu

1x1, 256

similar

complexity bottleneck
(for ResNet-50/101/152)

« CBepTka 3x3 Ha TEH30PE MEHbLUEN TTyOUHbI
* [loBbllLeHNEe pa3mMepHOCTUN cBepTKamMmun 1x1



Pe3ynbtaTthl Ha ImageNet

* Deeper ResNets have lower error
this model has

lower time complexity
than VGG-16/19 !
: I I

ResNet-152 ResNet-101 ResNet-50 ResNet-34
10-crop testing, top-5 val error (%)
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Pe3ynbtaTthl Ha ImageNet

ImageNet experiments 28.2
[ 152 Iayers} :

[ 22 layers \ ‘ 19 Iavers

\6?

- I

ILSVRC'15  ILSVRC'14  ILSVRC'14 ILSVRC'13  ILSVRC'12  ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)



ResNeXt

stage | output ResNet-50 ResMNeXt-50 (32 4d)
convl| 112x 112 TxT, 64, stride 2 77, 64, stride 2
| 256-din y_256-din 3x3 max pool, stride 2 | 3x 3 max pool, stride 2
. R g e 1x1, 64 Ix1. 128
convl| 5656
256, 1x1,64 | 256, 1x1,4 | | 256,1x1,4 |; ei3,| 256, 11,4 [\ 3%3,64 | X3 3x3,128,C=32 | 3
s \ + < Saths ;_ | 1x1,256 | 1x1,256 |
64, 3x3, 64 4,3x3,4 4,3x3,4 |+ | 4,3x3,4 Ix1,128 11,256
; s = ' conv3| 28x28 3x3,128 | x4 3%3,256,C=32 | x4
| 1x1,512 | | 1x1.512 |
64, 1x1, 256 / 4, 1x1, 256 4, 1x1, 256 4,1x1, 256 " 1%L 256 ] [ 1xL 512 7
p3 \:}— J/ convd| 14x14 3%3,256 | x6 3x3,512,C=32 | x6
'\;- O, | 1x1,1024 | ix1 104
256 dot (ff [ 1x1.512 [ 1x1.1024 |
i » convs|  7x7 3%3,512 [ x3 || 3x3.1024,C=32 | x3
ASnocrany | 1x1,2048 | [ 1x1,2048 J
Figure 1. Left: A block of ResNet [14]. Right: A block of \,; | dlobalaverage pool global average pool
ResNeXt with cardinality = 32, with roughly the same complex- 1000-d fe. softmax 1000-d fe. softmax
; : 5 ; # params. 25.5x10 25.0<10
ity. A layer is shown as (# in channels, filter size, # out channels). FLOPs 21x10° 42%10°

Table 1. (Left) ResNet-30. (Right) ResNeXt-50 with a 32x4d
template (using the reformulation in Fig. 3(c)). Inside the brackets
are the shape of a residual block, and outside the brackets is the
number of stacked blocks on a stage. “(C'=32" suggests grouped
convolutions [24] with 32 groups. The numbers of parameters and
FLOPs are similar between these two models.

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



https://arxiv.org/abs/1611.05431

Sgueeze-and-excitation blocks

Fex (W) 2
X U  F, ()~ I . WD R
5q -
1x1xC 1 x1%(
H' E H Fesae C5)
—lp > >
W' W -
¢’ C C
« BapwuaHT «attention» . A
« [logyepkmBaem ornpeaerieHHble Npu3Hakm (KaHanbol) R werran N
Global pooling | 1x1xC
original re-implementation SENet % i ”
top-1 top-5 top-1 top-5 top-1 top-5 el Ix1x—
GFLOP GFLOP 1
err. err. err. err. * err. err. ° . ReLU s
ResNet-50 [0] 247 78 | 2480 | 748 | 3.86 | 2329151, | 6.620s5 | 3.87 = ;
ResNet-101 [2] 23.6 7.1 23.17 | 6.52 758 | 223879y | 6.07(0.45 | 7.60 ; bepxe
ResNet-152 [] 23.0 6.7 2242 | 634 | 1130 | 215745 | 57316 | 11.32 Sigmoid | 1x4xc
ResNeXt-50 [ ] 222 i 2211 | 590 | 424 | 21100101 | 549041) | 4.25 o
ResNeXt-101 [7] 212 56 21.18 | 5.57 799 | 20.70(0.4s) | 5011055 | 8.00
BN-Inception [ /] 252 | 782 | 2538 | 7.89 203 | 2423115 | Tldqqs | 204 W xHXC
Inception-ResNet-v2 [¢] | 19.9" | 491 | 2037 | 521 | 1175 | 19.80sn | 479042 | 1176 X

SE-ResNet Module



y =3
[pobnema TeopeTnyYecKom CrnoXHOCTH &>

« TeopeTuyeckasi BblMMCIUTENBbHASA CITIOXKHOCTb MIOX0 KOPPENUPYET C
peanbHON NPON3BOAUTENBHOCTBIO MOAENN

« Hanpumep, VGG-16 TpebyeT B 8.4 pas 6ornble FLOPS, yem
EfficientNet-B3 (o Hein ganee), HO paboTaeT B 1.8 pa3s obicTpee Ha GPU

* [loaTtomy y VGG-16 npaktudeckas «BblMUCNUTENBHASA NNOTHOCTbY
(computational density) B 15 pa3 Bbiwe, Yem y EfficientNet

* [loyemy Tak nponcxoauT?



[1lpakTnyeckaa npom3BoaAUTENBLHOCTb

Pa3sHble 611okn ¢ pa3dHon adpPEKTUBHOCTbLIO
peanunsyroTcs

« Winograd Convolution obecneuymBaeT BbICOKYHO
9 PeKTUBHOCTb AN 3X3 CBEPTOK

PasHasa cteneHb napannenuama

« Kaxgbin HOBbIW TUM onepaunn B 6510Kke BNeYeT
gononHuTeneHble pacxogbl (overhead) v noBbiwaeT
doparmeHTaumio

Ooctyn k namatn (MAC) o4eHb 3aTpaTteH no

BpEMEHM

[ononHuTenbHble 3aTpaTtbl NaMATM B NpoLecce
pPaboTbl TAKXKE CHMXKAIOT NPaKTUYECKYHO
NPOU3BOAUTENBHOCTb

Kernel Theoretical Time Theoretical
size FLOPs (B) usage (ms) TFLOPS

1x1 420.9 84.5 9.96

g X3 3788.1 198.8 38.10

HhXd 10522.6 2092.5 10.57

T RT 20624.4 4394.3 9.38

BbluncnurenbHasa nnoTHOCTb pa3HbIX CBEPTOK

Ixmemory -====-==-=~= > | R R e oy 1 x memory
3x3 3x3
2X MEMOrYy - = = = = = = = = = > o =i 1 x memory
2X MEMOTY = = = = = = = = = > R e 1 x memory
3x3 3x3
b et et 1 x memory
1x memory - ----c---- >
(A) Residual (B) Plain

3aTtpatbl NaMaT NpU BbIYUCTIEHNN
0OXOAHbIX NyTeN



PenapameTpusaumnsa ceTen
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Busyanusauusa penapametpusauumn Habopa
BETOK B OfHY CBEPTKY

RepVGG: Making VGG-style ConvNets Great Again (CVPR-2021)



https://github.com/megvii-model/RepVGG

Kak o0y4nTb MOLLHYO Moaenb?



[TpoLiecc oby4eHuns nrpaet 0onbLUYIO POonb

Moaundomnkaumsa npouecca oby4eHnss MOXeT NoBbICUTb TOYHOCTb ResNet-50
c ~76% po ~82% Ha ImageNet

OcCHOBHbIE naeu:
* [lpoaBnHyTasa ayrmeHTaumns n3obpaxeHun

« Tptoku B npouecce obyyeHus
 Warmup
« Cosinel/linear decay learning rate
» Exponential Moving Average (EMA)

e [Hductunnaumna HempoceTu



CutMix

ResNet-50 Mixup [4%] Cutout [3] CutMix

Image

Dog 0.5 Dog 0.6
Label Dog 1.0 Cat 0.5 Dog 1.0 Cat 0.4
ImageNet 76.3 77.4 171 78.6
Cls (%) (+0.0) (+1.1) (+0.8) (+2.3)
ImageNet 46.3 45.8 46.7 47.3
Loc (%) (+0.0) (-0.5) (+0.4) (+1.0)
Pascal VOC 75.6 139 [=A | 76.7
Det (mAP) (+0.0) (-1.7) (-0.5) (+1.1)

Yun et.al. CutMix: Regularization Strategy to Train Strong Classifiers with Localizable Features.
https://arxiv.org/abs/1905.04899 (Naver)



https://arxiv.org/abs/1905.04899

Nunctnnnauuns

‘/-"'_f‘\:’ Ieacher
=== T+ -

=" O Selection ——
; s :
A~ Module

L =

- Y
Xl e—

Teachef output

WA

o [Huctnnnauus — obydeHns ceTn CTyadeHTa Tak,
YTOObI €ro BbIXxoabl ObISIN MOXOXW HA CETb-

Input

KLLow yunTend
{}Dxx{  ECTb MHOXEeCcTBO MeTo40B ANCTUNNALNN
Student Student outputs
MO o MBAL * [lpnmep — MEAL V2
1N, | Teacher Ensembles « bBepém KOMUTET MOLLHBIX yYnuTeENen
N ‘
- . l N * YcpenHsieM uX BbIXoapbl
*1 \g 3 Teacher? « Tpebyem OT yyeHMKa NOXOXKECTU BbIXOAOB Ha yunTens
Input Tcachcru%an output] < _—, . Student?
P S —— « [ob6aBnsaem knaccudunkaTop yumtenb/y4eHUK no
KL Loss | | == npu3Hakam, rpagueHT
- e
Student émdcm outputs

(b) Ours
Figure 1. An illustration of the comparison between MEAL [ 7]
and our method. We use an ensemble of all teacher networks in-
stead of the teacher selection module as adopted in MEAL.

Zhigiang Shen, Marios Savvides "MEAL V2: Boosting Vanilla ResNet-50 to 80%+ Top-1 Accuracy on ImageNet without Tricks» NeurlPS 2020 workshop.



http://zhiqiangshen.com/
https://www.cmu-biometrics.org/
https://arxiv.org/abs/2009.08453

PesynbTaThl

Network Resolution | #Params | Top-1 (%) | Top-5 (%)
ResNet-50 224 25.6M 76.51 93.20
ResNet-50 + DropBlock, (kp=0.9) [5] 224 25.6M 78:13 94.02
ResNet-50 + DropBlock (kp=0.9) [5] + label smoothing (0.1) 224 25.6M 78.35 94.15
ResNet-50 + MEAL [15] 224 25.6M 78.21 94.01
ResNet-50 + Ours (MEAL V2) 224 25.6M 80.67 95.09
ResNet-50 + FixRes [27] 384 25.6M 79.0 94.6
ResNet-50 + FixRes (*) [27] 384 25.6M 79.1 94.6
ResNet-50 + Ours (MEAL V2) 380 25.6M 81.72 95.81
ResNet-50 + FixRes [22] + CutMix 320 25.6M 197 94.9
ResNet-50 + FixRes [22] + CutMix (*) 320 25.6M 79.8 94.9
ResNet-50 + Ours (MEAL V2) + CutMix 224 25.6M 80.98 95.35

Zhigiang Shen, Marios Savvides "MEAL V2: Boosting Vanilla ResNet-50 to 80%+ Top-1 Accuracy on ImageNet without Tricks» NeurlPS 2020 workshop.



http://zhiqiangshen.com/
https://www.cmu-biometrics.org/
https://arxiv.org/abs/2009.08453

bbiCcTpble CBEPTOYHbIE MOAENN



SqueezeNet

* AKTMBHO uUcnosnb3oBaTtb 1x1 cBEPTKM ONS
YMEHbLLUEHNA Ynucna napameTpoB

¢ «CxumaTtb» Mbl Oyaem ans Toro, YTobbl Ha

BXoA4 3X3 ounbTpam nogaBaTb MEHbLUE
OAaHHbIX

Forrest N. landola et.al. SqueezeNet: AlexNet-level accuracy with 50x fewer parameters
and <0.5MB model size. ArXiv 2016

global avgpool

softmax

"labrador
retriever
dog"




dakTopusauuns CBEPTKA

| 3x3 Conv | |33 Depthwise Conv|
I I

| BN | BN
I I

| RelU | RelU

|

| |
| |
| 1x1 Conv |
| |
| |

L
BN

I
RelU

S S

Depthwise Convolutional Filters Pointwise Convolutional Filters

Figure 3. Left: Standard convolutional layer with batchnorm and
ReLU. Right: Depthwise Separable convolutions with Depthwise
and Pointwise lavers followed by batchnorm and Rel.U.

« dakTopmnlyem CBEPTKY B «MOCMONHYIO» (deepwise) n NnoTo4YeuHyto (pointwise)
* CnoXHoCTb OObIYHOro CBEPTOYHOIO CIIOS:

Dy Dy -M-N - Ds - Df,tie Dy - paspelleHne Bxoga, M — uncrno kaHanos Bxoga, N —
4YMCNO KaHanoB BbixoAda v Dy - paspeLleHne Bbixoaa

« CnoxHocTb koMmOuHaumn depthwise convolution + pointwise convolution::



MobileNet

Table 6. MobileNet Width Multiplier

Table 8. MobileNet Comparison to Popular Models

Width Multiplier ImageNet Million Million

Model ImageNet Million Million
Accuracy Mult-Adds  Parameters Accuracy Mult-Adds  Parameters
1.0 MobileNet-224 70.6% 569 4.2 1.0 MobileNet-224  70.6% 569 4.2
0.75 MobileNet-224 68.4% 325 2.6 GoogleNet 69.8% 1550 6.8
0.5 MobileNet-224 63.7% 149 1.3 VGG 16 71.5% 15300 138
0.25 MobileNet-224 50.6% 41 0.5
Table 4. Depthwise Separable vs Full Convolution MobileNet
Table 7. MobileNet Resolution Model ImageNet  Million Million
Resolution ImageNet Million Million Accuracy Mult-Adds  Parameters
Accuracy Mult-Adds  Parameters Conv MobileNet  71.7% 4866 29.3
1.0 MobileNet-224  70.6% 569 4.2 MobileNet 70.6% 569 4.2
[.0 MobileNet-192 69.1% 418 4.2
1.0 MobileNet-160 67.2% 290 4.2
1.0 MobileNet-128 64.4% 186 4.2

* VGG-nogobHas apxutektypa ¢ dakTopnu3oBaHHbIMW CBEPTKAMMU

Howard et.al. MobileNets: Efficient Convolutional Neural Networks for Mobile Vision Applications. https://arxiv.org/abs/1704.04861



https://arxiv.org/abs/1704.04861

MobileNetV2

lu6, Dwise

+

O06bI4yHbIN residual block HBepTMpoBaHHbIn residual block

B yem pasHuua?

https://arxiv.org/abs/1801.04381



https://arxiv.org/abs/1801.04381

EfficientNet

—_—
*I
- wider .
1 : j . —
I ‘ ) ! *
A . — ( .
#channels , . - B L ‘
- A - - Wider - ‘ | ‘ J ‘
— = ] \ ¥ A
[ deeper 1 | ]
— - ~ B3 -
- . deeper |

Moo — . | W
|} resolution HxW C ﬁ .| 4 resolution : | +._resolution

| | |

(a) baseline (b) width scaling (c) depth scaling (d) resolution scaling (e) compound scaling

Bbioensiem koapdpuueHT macluTabrpoBaHus Anst NPONOpPLMOHANbHOIO YBENMYEHNS
CINOXXHOCTU BCEX 3NIEMEHTOB

Tan and Le, EfficientNet: Rethinking Model Scaling for Convolutional Neural Networks. https://arxiv.org/abs/1905.11946



https://arxiv.org/abs/1905.11946

EfficientNet

depth: d = a?
width: w = £?
resolution: r = ¢
st.a-B%-v 2
az1l,021q21

> 8

Stage Operator Resolution | #Channels | #Layers
1 Conv3x3 224 x 224 32 1
2 MBConvl, k3x3 1125 112 16 1
3 MBConv6, k3x3 112:% 112 24 2
4 MBConv6, k5x5 56 x 56 40 2
5 MBConv6, k3x3 28 X 28 80 3
6 MBConv6, k5x5 28 x 28 112 3
7 MBConv6, k5x5 14 x 14 192 4
8 MBConv6, k3x3 TX7T 320 1
9 Convlxl & Pooling & FC X7 1280 1

Tan and Le, EfficientNet: Rethinking Model Scaling for Convolutional Neural Networks. https://arxiv.org/abs/1905.11946



https://arxiv.org/abs/1905.11946
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MobileOne

Training Inference
TwartenbHoe nsmepeHne BInaHna pasHbiX pakTopoB Ha BpeMS
NHEPEHCA NMEHHO HAa MOBUIbHBIX YCTPOMUCTBAaX 1 Pl l
: E eparameterize it
BeTkun, cnoXxHble yHKUMM akTuBaLmn, pasmep nsobpaxeHus ER E i =
PE3KO CHUXKAIOT NPOU3BOANTENBHOCTb T S

bepem MobileNetV1, yynm ¢ BeTkamu + penapameTpusaums
Y4nm XopoLlo, Co BCEMU TProKamMu + OAUCTUNNALUNSEN

1x1 | Reparameterize Ctr:v
‘ Conv ‘ § ENj ﬁ BN
BN : Act.
Activation Function Latency (ms)
ReLU [!] 1.53
GELU [27] 1.63
SE-ReLU [37] 2.10
SiLU [ 5] 2.54 o - i
Dynamic Shift-Max [36] 57 04 Ba3oBbin 6nok, noxoxun Ha MobileNetV1 +
DynamicReLU-A [6] 273.49 skip connection + penapameTpusaums
DynamicReLLU-B [6] 242.14

Table 2. Comparison of latency on mobile device of different ac-
tivation functions in a 30-layer convolutional neural network.

Kumar et.al. MobileOne: An Improved One millisecond Mobile Backbone. CVPR 2023



https://github.com/apple/ml-mobileone
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QP EeKTMBHbIE CBEPTOYHbIE CETU NOKA
06XxoaaT TpaHCOpPMEHbIE MOAENN Ha
MOBOUIIBHBIX YCTPOMNCTBaAX

Kumar et.al. MobileOne: An Improved One millisecond Mobile Backbone. CVPR 2023



https://github.com/apple/ml-mobileone

Hackonbko xopowia ImageNet?
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[Tpobnembl ImageNet

Old label: hammer
Real.: screwdriver;
hammer; power drill;
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[lepeoueHKa nocnegHnUx MeETOA0B
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Figure 4: Comparing progress on Real. accuracy and
the original ImageNet accuracy. We measured the asso-
ciation between both metrics by regressing ImageNet
accuracy onto Real. accuracy for the first (solid line)
and second half (dashed line) of the models in our pool.



BO3MOXXHOCTb yny4lleHUs

Table 2: Top-1 accuracy (in percentage) on ImageNet with our proposed sigmoid loss and clean label
set. Median accuracy from three runs is reported for all the methods. Either sigmoid loss or clean
label set leads to consistent improvements over baseline. Using both achieves the best performance.

The improvement of our proposed method is more pronounced with longer training schedules.

ImageNet accuracy

Real. accuracy

Model

90 epochs 270 epochs 900 epochs 90 epochs 270 epochs 900 epochs
SDP Baseline  76.0 76.9 (+0.9) 75.9 (-0.1) 82.5 82.9 (+0.4) 81.6 (-0.9)
% + Sigmoid 76.3 (+0.3) 77.8 (+1.8) 76.9 (+0.9) 83.0 (+0.5) 839 (+1.4) 82.7 (+0.2)
# + Clean 76.4 (+0.4) 77.8(+1.8) 77.4 (+1.4) 82.8 (+0.3) 83.7 (+1.2) 83.3 (+0.8)
& 4+ Both 76.6 (+0.6) 78.2 (+2.2) 78.5 (+2.5) 83.1 (+0.6) 84.3 (+1.8) 84.1 (+1.6)
g Baseline  78.0 78.3 (+0.3) 77.1(-0.9) 84.1 83.8 (-0.3) 82.3 (-1.8)
< +Sigmoid 78.5 (+0.5) 78.7 (+0.7) 77.4(-0.6) 84.6 (+0.5) 84.3 (+0.2) 82.7 (-1.4)
% + Clean 78.6 (+0.6) 79.6 (+1.6) 79.0 (+1.0) 84.4 (+0.3) 85.0 (+0.9) 844 (+0.3)
~ + Both 78.7 (+0.7) 79.8 (+1.8) 79.3 (+1.3)  84.6 (+0.5) 85.2 (+1.1) 84.5 (+0.4)

Beyer et. al. Are we done with ImageNet? https://arxiv.org/pdf/2006.07159.pdf



https://arxiv.org/pdf/2006.07159.pdf

Mcnonb3oBaHme Apyrmx gaHHbIX
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Precision on MS COCO

JFT-300M by Google

300M nzobpaxeHun,, 1B
MeToK 18291 kateropum

[Tocne dpunbsTpaumm octanoch
375M METOK, HO BCE paBHO
~20% owmnbokK

Oby4yeHne ResNet-101 Ha 50
X K80 B TeyeHune mecaua

[Tony4yeHHy0 Moaenb
NCMosib30Banu Kak
npenody4veHHyo ans
pelleHnsa apyrux sagad

Chen Sun et. al. Revisiting Unreasonable Effectiveness of Data in Deep Learning
Era. https://arxiv.org/abs/1707.02968
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S
Pe3iome 6a30BbIx KnaccnudukaTopos &>

e OCHOBHbIE MPUHLUMBI NOCTPOEHUA apXUTEKTYP
« CTpoum rnybokme moaenu n3 noxoxmnx 6y1o0Kos
* bornbllne CBEPTKN MOXHO NpUdNnXaTh nocrieaoBaTeNIbHOCTLIO CBEPTOK 3X3

« CBépTKM 1x1 NO3BONSAT YNPABMATb «TOSMMHOM» CIOSA N YMEHbLUATb
BbIYNCITUTESTbHYIO CITOXHOCTb

* MoxHo obpaboTaTb AaHHble NapannesibHO B HECKOSIbKUX BETBAX U 3aTeM
o0beaAnHUTb

» Residual-cBaau (nnu skip-connections) No3BoSiF0T CHU3UTL Npobnemy
3aTtyxaHusi rpaaneHTa n obyyartb O4YeHb rnybokme ceTu, HO Ha MHMepeHce nx
nydwe ybmpathb

« PasBuBaem attention n baktopmusyem CBEPTKU

e OOyunTb ny4ywe Ha 60MbLUINX KONMNEKUNAX, MCNOSMb30BaTb XUTPbIE (U
CTpaHHbIe) dyrMeHTaunn N akkypaTHO YNCTUTb TECTOBbIE NAdHHbIE
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