OCHOBbI NPaKTUYeCcKoro
MCMNO/1Ib30BAaHNA HEUPOHHbIX CETEN.

JlekumAa 5. Tunbl CBEPTOYHbIX C/10EB.



Onepaumna cBepPTKH

U CsepTKa 2D matpu,
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].. Add p number of zeros 2. The kernel jumps s pixels when Output
around the image being slided across the image

Input Kernel

- P —uncno snemeHTOB BAONb rPpaHuUL,, 3aN0/IHAEMbIX HYIAMMU
- S — wmnpuHa casura aapa

o= i+2p—k + 1 -Pa3smep BbiIxogHOro maccusa (i- pasmep BXO4HOro MaccuBea)
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https://towardsdatascience.com/what-is-transposed-convolutional-layer-40e5e6e31c11



2D cBepTKa

O 2D cBepTKa

BbinonHeHue 2D cBepPTKM, UNCNIO BXOAHbIX

2D cBepTKa: NoayyYyeHMe O4HOro BbIXOAHOIO .
KapT Din, BbIxoAHbIX - Dout

2/1eMeHTa

O 1D cBepTKa (aHanornuHo ana 2D TeH30pa)

https://towardsdatascience.com/a-basic-introduction-to-separable-convolutions-b99ec3102728



Depthwise Separable

U BxogHo# TeH30op: WxHXC,;
d Agpo: K, xK,;
U BbixogHow TeH3op: WxHxC; z

1 O6bluHas cBepTKa

" Yucno onepaumnin: K;xK,xCxWxHxC,;

O6bluHan cBepTKa, 1228800 dnepaumﬁ

 CsepTtKa Depthwise Separable

= Depthwise, uncno onepaunn: K, xK,xCxWxH;

= Pointwise, uncno onepaumit: CXWxHxC; i ‘
" O6uiee uncno onepaLuii: KxK,xCxWxH+ CXWxHxCy; | ;

+: BoluncnumrenbHaa apPeKTMBHOCTb

-: NoTepa To4yHOCTH

https://towardsdatascience.com/a-basic-introduction-to-separable-convolutions-b99ec3102728

Depthwise Separable, 52952 onepauui
4




Depthwise Separable MobileNet

[ PacnosHaBaHue nsobpaxeHuir. | 23 conv I :3"3 Dep‘““"secc’"":
BN BN
Model ImageNet  Million Million | =0 || =0 |
Accuracy Mult-Adds  Parameters i — |
1.0 MobileNet-224  70.6% 569 4.2 | L |
GoogleNet 69.8% 1550 6.8 |
VGG 16 71.5% 15300 138 [ RetU |
CneBsa: 0bblYHbIN CBEPTOYHbIM COM
CpasHeHue MobileNet c GoogleNet u VGG-16 Cnpasa: Depthwise separable

Object Detection Finegrain Classification

= = : \
/ / / // % ] Photo by HarshLight (CC BY 2.0)
[ o 1 fof 1= i .
Landmark Recognition
MobileNets
= =

O6nactn npumeHeHusa MobileNet

A. Howard, et al., MobileNets: Efficient Convolutional Neural Networks for Mobile Vision Applications, 2017



Dilated Convolution

[ Dilated convolution
= [lpopexunBaHue peLenTUBHOro Nona
= YBe/nvyeHue peLenTUBHOro Nons C
COXpaHeHMeMmM Yncia NapameTpos U
onepauun.

1 Dilated Convolution 2 Dilated Convolution 4 Dilated Convolution

(a) (b) (c)
Mpumepsi dilated convolution

(a) Image (b) FCN-8s (c) DeepLab (d) Our front end (e) Ground truth

MpuMeHeHMe K 3aga4e cermeHTaLmm

https://towardsdatascience.com/a-comprehensive-introduction-to-different-types-of-convolutions-in-deep-learning-669281e58215
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Shuffle convolution

O ShuffleNet (X. Zhang, et al., 2018)

[ Shuffle convolution

= [loKaHaNbHble CBEPTKU C Aa/IbHENLLINM

nepemeLllmBaHneMmM pe3ynbTUPYHOLLNX

KapT.
*hanne = 1= hannel: =~ [ h L)
mput [ ] |:
GCanv1
Feawrs | [TL] [—
ccam v cewvwas v LTI T T] G

{a) (6} (=)

a, b NMokaHanbHas cBepTKa
c. Shuffle convolution

https://towardsdatascience.com/a-comprehensive-introduction-to-different-types-of-convolutions-in-deep-learning-669281e58215

Table 6: Complexity comparison

1x1 Conv

Model Clserr. (%) Complexity (MFLOPs)
VGG-16 [27] 28.5 15300
ShuffleNet 2x (g = 3) 29.1 524
PVANET [18] (our impl.) 353 557
ShuffleNet 1x (g = 3) 34.1 140

AlexNet [19] 42.8 720
SqueezeNet [13] 42.5 833
ShuffleNet 0.5x (arch2, g = 8) 427 40

CpaBHEHWE TOYHOCTU U BbIYUC/IUTEIbHOW CNOKHOCTH
ShuffleNet ¢ gpyrumum apxutekTypamm

l BN RelLU

3x3 DWConv

BN RelLU

1x1 Conv

¢ ReLU

1x1 GConv
J BNReLU

Channel Shuffle

v

3x3 DWConv

¥ BN

1x1 GConv
e

Add
¢ ReLU

(b)

a Depthwise separable
b. Shuffle convolution



3D cBepTKa

U 3D cBepTKa

U NpumenHsatoT ans 06pabotkm 3D AaHHbIX

BbinonHeHune 3D ceepTKMu

https://towardsdatascience.com/a-comprehensive-introduction-to-different-types-of-convolutions-in-deep-learning-669281e58215



Transposed convolution

U TpaHcnoHnpoBaHHas ceepTKa (Transposed convolution) zobpaTHas cBepTka (deconvolution)

U MpumeHaAoT ans nonyyeHns BbIXOAHbIX AaHHbIX 6onbluero pasmepa (aBTosHKoaepbl, GAN)

p'{ 7

.** D1 ey Calculate =
(sp) | z =8-1
pmkepel

1.Cakulal.eparameten 2.Insen:zemsbetwem 3.Addp'numberol’zeroa 4.Thelmmelnlwaysjumpsl
Input K el z, and p' the rows and columns around the image pixel when being slided across the Output
image

- (S,P) — napameTpbl

- Z — YNCNO HyNemn, BCTaBASEMbIX MeEXKAY CTONOLAMM U CTPOKaMM)
- p’ —4ncno Hynem BOKPYr NCXOAHOro MaccuBa

- s’ — war casura sapa

o=(i—1) x s+ k —2p -Pasmep BbIXOgHOro maccuea (i- pasmep BXO4HOro macc1Ba)

https://towardsdatascience.com/what-is-transposed-convolutional-layer-40e5e6e31c11



Transposed convolution

U NMpumeHeHWe B AeKoaepax U reHepaTopax
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Bonpochl

O MNouemy Depthwise Separable cBepTka ABNAETCA BbluMCAUTENBHO BoNee
3pPeKTUBHOM BO cpaBHEHUIO ¢ 0bbIMHOM onepauunen ceepTkn B HC?
O Otanume 2D cBepTKM oT 3D cBepTKU?

[ Kak BbinoniHseTca transposed convolution?



