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NCTOKU

3KCNEPUMEHT C KOTUKaMM
OaBna Xbtoben n TopcteH Busenb: “MpuHumnnbl nepepaboTkn MHGOopMauum B HEMPOHHBIX CTPYKTypax”
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onpeneneHHble 06nacTy 3pUTENbHON KOPbl aKTUBUPYIOTCS TONbKO TOraa, korga nuHus
NpoeLupyeTcst Ha onpeaeneHHyo YacTb CeT4YaTKu;

YPOBEHb aKTUBHOCTU HEMPOHOB 0GNACTU N3MEHSAIETCA NPU U3MEHEHMM Yriia HaknoHa
NPAMOYrofbHUKA;

HEKOTOopble obnactu aKTUBUPYIOTCA TOJIbKO TOr4a, Koraa obbekT OBNXeTCA B onpeageneHHom
HanpasleHnn.



NICTOKU

AKCMEPMMEHT C KOTUKaMMU

MOAenb 3pUTENbHOMN CUCTEMbI CO CBOMCTBaAMMW:

coceHne HenpoHbl 0bpabaTbiBaOT CUrHarnbl C cCoceaHuxX obnacren ceTyaTku;
HEeNpPOHbI 0BPa3yT nepapxmYecKyo CTPYKTYpY (M306paxkeHne HMXe), rae Kaxabiv
cneaywoLwnn ypoeeHb BblaeNsieT Bce bonee n 6onee BbICOKOYPOBHEBLIE MPU3HAKM.
HENPOHbI OPraHM30BaHbl B TaK Ha3blBaeMbl€ KOSTOHKN — BbIMUCIUTENBbHbIE BMOKM,
KOTOpble TpaHCHOPMUPYIOT U NepeaaroT MHOPMALMIO OT YPOBHS K YPOBHIO.

Hubel & Weisel featural hierarchy
topographical mapping

complex cells

simple cells




LeNet

by Yann LeCun

C3: f. maps 16@10x10
INPUT C1: feature maps S4: f. maps 16@5x5
6@28x28
32x32 S2: f. maps
6@14x14

I
Full mnAedion ‘ Gaussian connections

Convolutions Subsampling Convolutions Subsampling Full connection



ImageNet classification

ImageNet Large Scale Visual Recognition Challenge(ILSVCR) - copeBHoBaHue rno
MaclwTabHoMy pacno3HaBaHWio rpadomyeckmx obpasos, crnoHcMpyemMble npoektom ImageNet
KOTOpPbIN NpeacTasnseT cobon orpomHyto 6a3y nsobpaxxeHnn. B HacToswwee Bpems B 6ase
nmeetcs 6onee 14 MUNNIMOHOB N300paXXeHUN.

CMbICn cOpeBHOBaAHNA B TOM, YTOObI BbIABUTbL Ha MPOM3BOSIbHO B3AITOM rpadoMyeckom
n3obpaxeHnn onpeaeneHHble 00bEKTbI, KOTOPblE MOXHO BbIPa3uTb OCMbICIIEHHBIM TEKCTOM
(crnioBamum).
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ImageNet classification

OpauH U3 MeTo0B OLEHKN anropuTMOB B COPEBHOBaHUM - 3To top-5 error meTpuka.
MeTpuka, B KOTOPOW anropuTM BbiAaeT 5 Ny4ylnx BapnaHToB Kracca KapTUHKK U omnbka
3acUYNTbIBAETCS, €CNU CPean BCEX 3TUX BApPUaHTOB HET NPaBUbHOrO.

cat




AlexNet

"ny6okoe obyyeHne = moaernb + Teopus obyyeHus + Bonblune gaHHble + Xeneso.
Ha Tpu nopsagka 6onblue napameTpoBs, ABa rpaduyecknx yckoputensd. 8 yposHen (5 convolutional n 3
fully-connected). Pasmep aaep cBepTkM yMeHbLUaeTCsa OT BXo4a CETU K BbIXo4y

Convolution Layer
+ RelLU

Fully Connected ﬁ Max Pooling
Layer

_ Local Contrast Norm.




VGG

VGG-19 cocTtonTt n3 144 MmnnmoHoB napamMmeTpoB.




Network in network

MpoGnema: B cCBEPTOYHOM CETU YpE3BbIYANHO MHOIO NPU3HAKOB - AAep CBEPTKM.

PeweHue I'IpO6.l19MbII 3aMEeHUTb CBEPTKN Ha MalrieHbKne HGVIpOCeTM.
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(a) Linear convolution layer (b) Mlpconv layer



Network in network: CCCP pooling

HoBas npoGnema: OrpoMHOE KOJITM4eCTBO MNMapamMeTpoB BO BHYTPEHHUX HeVIpOCeTHX

PeweHne HoBOM npobnembl: caenatb BHyTPEHHNE ceTu cBepToYHbIMKU - Cascaded Cross Channel
Parameter pooling



Network in network

Convolution [l Dense

Computations

Memory usage

Ewe ogHa naoes - nonHbIN 0TKa3 OT NONMHOCBA3HbIX CIOEB.
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(a) Inception module, naive version

Figure 2: Inception module
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(b) Inception module with dimension reductions




Inception

Inception 832

FTITTIY

Width of inception modules ranges from 256 filters (in early modules) to 1024 in top inception
modules.



[TpMHUMNBI NOCTPOEHUA TNYOOKNX
HenpoceTeun

N3beraTb representational bottlenecks: He cTouUT pe3ko CHUXaTb pa3MepHOCTb NPeacTaBlEHUS
AaHHbIX, 3TO HY>XHO JenaTb NfaBHO OT Havarna ceTu 1 4o KraccudukaTopa Ha BbiXoge.
BbicokopasmepHble npeacTaBneHms crnegyet obpabaTbiBaTb NokanbHO, yBeNnuynsas
pa3MepHOCTb: HE4OCTAaTOYHO MMaBHO CHUXaTb pasMepHOCTb, CTOUT aHanM3npoBaThb U
rpynnnMpoBaTh KOPPESNTMPOBAHHLIE YHaCTKN.

[MpOCTpaHCTBEHHbIE CBEPKU MOXHO U HY>KHO (pakTOpM30BbIBaThb Ha elle bonee Mernkue: aTo
NO3BOSIUT CAIKOHOMUTbL PECYPCLI U MYCTUTb UX Ha YBENUYEHNE pa3Mepa CETH.

Heobxoanmo cobntogate 6anaHc mexay rnybuHom n WNpUHOM CETU: HE CTOUT Pe3Ko
yBenMuMBaTb rnybuHy ceTn oTAEeNbHO OT WNPKUHBI, 1 HAO6OPOT; creayeT paBHOMEPHO
yBENMYMBATb UM YMEHbLLIATb 06e pasMepHOCTH.
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UTO MellaeT NpPOCTO YBENUYUTL CETL?

e [lepeoby4yeHune ceTein ¢ 6onbLLIMM KONMYECTBOM NapaMeTpoB
e 3aTyxaHue rpagueHTa B rnyOoKMX ceTsax
e KonunuecTBo BblMMCIEHNI B CBEPTOYHOM CIOe NPOoNopLUMOHanbHO KBagpaTy KonmyecTea

CBEPTOK
NEURAL
NETWORKS

STACK
MORE
LAYERS
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Figure 4. Training on ImageNet. Thin curves denote training error, and bold curves denote validation error of the center crops. Left: plain

networks of 18 and 34 layers. Right: ResNets of 18 and 34 layers. In this plot, the residual networks have no extra parameter compared to
their plain counterparts.



ResNet

weight layer H(x) is the true function we
F(x) lre'” want to learn
X
weight layer identity

Let’s pretend we want to learn

F(x) = H(x) —x

Figure 2. Residual learning: a building block. instead.

The original function is then

F(x)+x



CpaBHeHNE apXUTEKTYP
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CpaBHeHVE apXUTEKTYP

AlexNet, 8 layers % VGG, 19 layers ResNet, 152 layers
(ILSVRC 2012) (ILSVRC 2014) (ILSVRC 2015)




CpaBHeHVE apXUTEKTYP

Revolution of Depth 28.2
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ImageNet Classification top-5 error (%)



Inception v4

Softmax Output: 1000 Filter concat | asxsxass
i T Filter concat
3x3 Conv MaxPool ‘“‘-—__1__11_
Dropout (keep 0.8) | outout: 153 (192 V) (stride=2 V)
— 3x3 Conv
T Filter concat | 71a1x192 (96)
Avarage Pooling | output 153 I
3x3 Conv
T (96V) 1x1 Conv 3x3 Conv 3x3 Conv
t (96) (96) (96)
3 x Inception-C Output: BxBx1536 1x7 Conv T I T
3x3 Conv (64)
T (96 V) i 1x1 Conv 1x1 Conv 1x1 Conv

] Ep— Avg Pooling (96) (64) 64)

Reduction-B Output: 8xx1536 (64)
1x1 Conv 1
I (64)
1x1 Conv
: 64
7x lnceptlon-B Output: 17x17x1024 \/( ) F||[er concat

I Filter concat | 73x73xte0
/\
Reduction-A Output: 17x17x1024 3x3 MaxPool 3x3 Conv . .
(stride 2 V) (96 stride 2 V) Figure 4. The schema for 35 x 35 grid modules of the pure
v . o . - .
I sacow Inception-v4 network. This is the Inception-A block of Figure 9.
4 x Inception-A Output: 35x35x364 (614) e
I 3X3 Conv 147x147x32
stem et Puc.1 - obwas cxema cetu
Output: 35x35x384
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(32 stride 2 V) .
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Figure 9. The overall schema of the Inception-v4 network. For the 1, ! ; . ; )

N X g igure 3. The schema for stem of the pure Inception-v4 and
detailed modules, please refer to Figures 3, @, 5, 6, 71 and § for the Inception-ResNet-v2 networks. This is the input part of those net-
detailed structure of the various components. works. Cf. Figures 9 and T3]



Inception ResNet

Relu activation

+
1x1 Conv
(256 Linear)
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Relu activation

Figure 10. The schema for 35 x 35 grid (Inception-ResNet-A)
module of Inception-ResNet-v1 network.



Cnacunbo 3a BHMMaHue!

cool doggo

inception



