OCHOBbI NPaKTUYeCcKoro
MCMNO/Ib30BAaHNA HEUPOHHbIX CETEN.

Jlekuna /. Tunbl CBEPTOYHbIX CN0OEB.
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Onepaumna cBepTKU

U CsepTKa 2D matpul,

iLLLLﬁ_ 

| R
L
[
1. Add p number of zeros 2. The kernel jumps s pixels when
Input Kernel around the image being slided across the image Output

- P —uncno anemeHTOB BAONb rPaHmL, 3aNOIHAEMbIX HYAAMMU
- S — wmnpuHa caBura aapa
i+2p—k
5

+ 1 -Pa3smep BbiIxogHOro maccusa (i- pasamep BXO4HOro Macc1Ba)

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



2D cBepTKa

U 2D cBepTKa

BbinonHeHue 2D cBEPTKU, YUCNO BXOAHbIX

2D cBepTKa: Nosly4eHme O4HOro BbIXOAHOIO )
KapT Din, BbIxoAHbIX - Dout

2/1eMeHTa

O 1D cBepTKa (aHanornuHo ana 2D TeH3opa)

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



Depthwise Separable

U BxogHo# TeH3op: WxHXC,;
4 Agpo: K xK,;

[ BbixogHow TeH3op: WxHxC; z

D O6b|‘-IHaFI CBEPTKA O6blyHan ceepTKa, 1228800 (;nepaumﬁ

" Yucno onepaunin: K;xK,xCxWxHxC;

J CsepTKa Depthwise Separable

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

" Pointwise, uncno onepaunin: CxWxHxCg;

= Obuwee yncno onepaumin: K, xK,xCxWxH+ CxWxHXCo;

+: BoluncnmtenoHaa apPekTMBHOCTb

. nOTepFI TOUYHOCTMU Depthwise Separable, 52952 onepauuii

4
https://towardsdatascience.com/a-basic-introduction-to-separable-convolutions-b99ec3102728



Depthwise Separable I\/IoblleNet

[ PacnosHaBaHue n3obparkeHU . 36 Conv__| - [3x3 Depthwise Cony
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 I
VGG 16 71.5% 15300 138 [ Rety ]
CneBa: 0b6bI4YHbI CBEPTOYUHbIN COM
CpasHeHue MobileNet c GoogleNet n VGG-16 Cnpasa: Depthwise separable

& = \
Photo by Juanedc (CC BY 2.0) / / / / / / Photo by HarshLight (CC BY 2.0)
: odo m fm i y
Face Attributes Landmark Recognition
MobileNets
= =

O6nactn npumeHeHuna MobileNet

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



Dilated Convolution

[ Dilated convolution
= [lpopexunBaHMe peLenTUBHOro nNonsd
= YBe/nvyeHue peLenTUBHOrro Nons C
COXpaHeHMeMm Yumca 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 (e) Ground truth

MpumeHeHMe K 3aga4e cermeHTaLmm

(@)

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



Shuffle convolution

O Shuffle convolution O ShuffleNet (X. Zhang, et al., 2018)
= [loKaHaNbHble CBEPTKU C AaSIbHENLLINM

1x1 GConv

1x1 Conv

nepemeLllnBaHMeMmM pPe3y/IbTUPYHOLLINX

l ¥¢ BN ReLU
BN ReLU
Channel Shuffle
Ka pT- 3x3 DWConv v
BN ReLU 3x3 DWConv
. o o 5 o o v
mput [ | |: 1x1 Conv 1x1 GConv
GConvl aN /éF
Fea | J_] 1 ) [_ AddR . AdaH .
oo s S o L L
Table 6: Complexity comparison @ ®)
Output
| . o @ Model Clserr. (%) Complexity (MFLOPs) a Depthwise separable
VGG-16 [27] 285 15300 b. Shuffle convolution
a, b MokaHanbHas cBepTKa ShuffleNet 2x (g = 3) 29.1 524
c. Shuffle convolution PVANET [18] (our impl.) 35.3 557
ShuffleNet 1% (g = 3) 34.1 140
AlexNet [19] 42.8 720
SqueezeNet [13] 42.5 833
ShuffleNet 0.5x (arch2, g = 8) 427 40

CpaBHEHWE TOYHOCTM U BbIYUC/IUTEIbHOW CNOKHOCTU
ShuffleNet c gpyrumm apxutektypamm

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



3D cBepTKa

U 3D cBepTKa

U MNpumeHsatoT ansa 06pabotkm 3D AaHHbIX

BbinonHeHune 3D cBepTKM

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



Transposed convolution

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

U NpumeHsatoT ans nonyyeHUs BbIXOAHbIX AaHHbIX 6bonbluero pasmepa (aBTosHKoaepbl, GAN)

s =1

r{

.** D1 ey Calculate =
(sp) | z =s8—1
p=k-p-1

g=:1
1. Calculate parameters 2. Insert z zeros between 3. Add p' number of zeros 4.’l‘helwmelnlwaysjumpsl
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 HYNEN, BCTAaBAAEMbIX MeX Ay CToNbuamm n cTpokamm)
- p’ —4ncno Hynem BOKPYr MCXO4HOro MaccmBa
- s’ — war casura aapa

o= (i—1)x s+ k—2p -Pa3mep BbIXOAHOro Macc1ea (i- pasmep BXOAHOro Macc1Ba)

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



Transposed convolution

U MpumeHeHMe B AeKoaepax 1 reHepaTopax
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Bonpochl

O Nouemy Depthwise Separable cBepTka ABNAETCA BblUMCAUTENBHO BONee
3pPeKTUBHOM BO CpaBHEHUIO C 0O6bIYHOM onepaumen ceepTku B HC?
O Otanume 2D cBepTKM oT 3D cBEpTKU?

[ Kak BbinonHseTca transposed convolution?



