KomnbloTepHoe 3peHune, 4acTb 1

CBepTouHble ceTn: backbone apxuTekTypbl
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3ajauu KOMMNbOTEPHOTO 3peHNA Z(eal PAH

- Knaccnukaums:

airplane o é-
automobile v ‘
bird “
cat !
deer d !
dog .
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3agauu KOMMNbOTEPHOTO 3peHNA Z(eal PAH

: . - Instance segmentation:
- Semantic segmentation: -

- W gpyrue (pose estimation, reHepaumnsa kapTuHOK, super-resolution, ...)
- State-of-the-art — cBepToUHble HermpoceTn
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IBONOLMA CBEPTOUYHDIX ceTen PAH

- LeNet (LeCun et al., 1998):

C3: f. maps 16@10x10
INPUT C1: feature maps S4:f. maps 16@5x5

39x32 6@28x28

S2: f. maps
6@14x14

\
‘ Full conr#ection ‘ Gaussian connections

Convolutions Subsampling Convolutions  Subsampling Full connection

4/30



IBONOLMA CBEPTOUYHDIX ceTen PAH

- AlexNet (Krizhevsky et al., 2012):
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IBONOLMA CBEPTOUYHDIX ceTen PAH

- VGG (Simonyan et al., 2014)":

convl

conv2

conv4

conv fe6 fe7 fc8

—— e —y
14% 14 %512 1x1x4096 1x1x1000

28 x 28 x 512

5
56 % 56 % 256 TxTx512

Y112 % 128

@ convolution+ReLU
@ max pooling

@ fully connected+ReLU

224224 x 64
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kapTuHka: mc.ai (VGG16)



ResNet (He et al., 2015) PAH

- Skip connections ynpouwatoT rpaAneHTHyY0 ONTUMU3aLMIO
- TIYHKTUpPOM — CBepTKM 1 X 1, U3MEHsoLLIMe KONUYeCTBO KaHanoB
- ResNet-34 u plain 34-cnonHas ceTb:
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ResNet (He et al., 2015) PAH

256-d

1x1, 64

1x1, 256

- Bottleneck: ons ResNet-50 n rny6xe, 6onee ahhHeKTUBHbIN 6NOK
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Backbone un task-specific apxutekTypbl men [

- SOTA apxuTeKTypbl ANa 3a4a4 KOMMNbOTEPHOTO 3PeHUs YacTo MOXHO
pa36utb Ha backbone (n3Bneuerve npusHakos) u task-specific yactu
(Hanpumep, npefckasarve bounding box)

- Transfer learning: backbone moxHO 06y4yaTb Ha 60NbLWKX gaTaceTax
ana knaccuukaumum (ImageNet)

- CerogHs paccMoTpum nonynapHbie backbone?

- Cnepyiowas nexkuns: task-specific mogenw (getexropbl, agantaumu
backbone ana cermenTtaumm)

’https://towardsdatascience.com/
illustrated-10-cnn-architectures-95d78ace614d
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https://towardsdatascience.com/illustrated-10-cnn-architectures-95d78ace614d
https://towardsdatascience.com/illustrated-10-cnn-architectures-95d78ace614d

ResNeXt (Xie et al., 2016)

PAH

256-d in

256-d in

256, 1x1, 64

256, 1x1,4 256, 1x1,4 total 32 256, 1x1, 4
- - - paths v
‘ 64, 3x3, 64 ‘ ‘ 4,3x3,4 | ‘ 4,3x3,4 4,3x3,4 ‘
E2 E2 - k2
‘ 64, 1x1, 256 ‘ ‘ 4,1x1, 256 | ‘ 4,1x1, 256 ‘ ‘ 4, 1x1, 256 ‘

256-d out

256-d out
Figure 1. Left: A block of ResNet [14]. Right: A block of
ResNeXt with cardinality = 32, with roughly the same complex-
ity. A layer is shown as (# in channels, filter size, # out channels).

KonuuecTBo napameTpoB CBEPTOK:

256-64+3-3-64-64+64-256 VS 32-(256-4+3-3-4-4+4-256) 10/30
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Grouped convolutions B AlexNet (Krizhevsky et al.,, 2012)  vcn M

13 dense dense|

1000

192 128 Max

Max 128 Max pooling
pooling pooling

2048 2048

- bnarogaps grouped conv cmornu 06yunTb Ha ABYx GPU ¢ 3 GB namdaTu
- B cTatbe ResNeXt noka3biBaeTcs, Uto grouped conv MOryT 1 yiy4llaTh -
1
KauecTBo



JKBMBANEHTHble NpeactaBneHna ResNext 6noka PAH
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- Nyywe, uem ResNet, Ha ImageNet, CIFAR, COCO minival
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Squeeze-and-Excitation nets (Hu et al., 2017) men

- MexaHu3m BHUMaHuA (self-attention)

F. (- W)

F,, ()~ [T ——— S X
/ e e \

H' F,. H Focaie (1)

X U

c’ C

- MoxHo gnsa Fi, 6paTb ResNext (monyuutca SE-ResNeXt), Inception v ap.
+ Fsq — global average pooling: Fsg(uc) = iy Yoy S0, (i, )
- Fox — nByxcnonHasna feedforward c bottleneck (ReLU cnon + sigmoid

cnon) 1430



ResNeSt (Zhang et al., 2020): split-attention PAH

)/ ]
| Dense ¢ | | Dense ¢ |
(c)} !
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ResNeSt (Zhang et al., 2020): split-attention PAH

- Otnnyme oT ResNexXt: KonnmyecTBO rpynn B cBepTke 3 x 3 paBHo KR, a
He K (runepnapametp R — radix)

- Ho BbIXxOZ 3 x 3 ANg rpynnbl AenatoT ¢ % KaHanamu, a He ﬁ (BuAMMO,
uT06bl MOAHATH KAYECTBO)

- Mepep self-attention cymmupytoT R TaKMX BbIXOAOB

269 b7 #P |crop|img/sec|acc(%)
84l | ResNeSt-101(ours) | 48M | 256 | 291.3 | 83.0
EfficientNet-B4 [55]| 19M | 380 | 149.3 | 83.0
83 SENet-154 [29] 146M| 320 | 133.8 | 82.7
X NASNet-A [74] 89M | 331 | 103.3 | 82.7

€ ol | AmocbaNet-A [45] | 87M |299] - | 828
]A\‘I,\» 4 - ResNeSt-200 (ours) | 70M | 320 | 105.3 | 83.9
50 o ResNeSt EfficientNet-B5 [55]| 30M | 456 | 84.3 | 83.7
SliesNeXt-64x4d | pHigeRtiet AmocbaNet-C [45] |155M|299| - | 83.5
% 7 - SENet ‘ResNeSt-269 (ours) |111M| 416 | 51.2 | 84.5

0 5 10 15 20 25 30 GPipe 557M| - | - | 843 16/30

avg latency (ms) EfficientNet-B7 [55]| 66M | 600 | 34.9 | 84.4




DenseNet (Huang et al., 2016): dense block PAH
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PAH

DenseNet (Huang et al., 2016)

Input

Prediction

‘horse”

Dense Block 3

=

Dense Block 2

=

Dense Block 1

=

- Dense block — Heckonbko NoBTOPeHU napbl cBepTok (1 x 11 3 x 3,

kaxnas ¢ BN n RelLU)
- Kaxpgas napa BHyTpu dense block yBennumnBaeT KoNn4ecTBO KaHanoB

UONNIOALIOD
UORNIOAUOD)

UORNIOAUOD)

Ha growth rate
- CBepTka 1 x 1 BHYTpu dense block asnsetca bottleneck: Ha Bbixoae

4 - growth rate kaHanos
- Transition layer (mexgy dense block): ymeHblIaeT KoNMMyecTso

kaHanos (conv) u paspetweHue (pool) 18/30



DenseNet: apxuTekTypa PAH

Layers Output Size DenseNet-121 DenseNet-169 DenseNet-201 DenseNet-264
Convolution 112 x 112 7 x 7 conv, stride 2
Pooling 56 x 56 3 x 3 max pool, stride 2
Dense Block [ 1x1conv ] [ 1x1conv | [ 1x1conv ] [ 1x1conv |
(1) 36 %36 _3><3conv_><6 _3><300nv<><6 _3><300nv_><6 _3><3c0nv_><6
Transition Layer 56 x 56 1 x 1 conv
(1) 28 x 28 2 x 2 average pool, stride 2
Dense Block [ 1x1conv ] [ 1x1conv | [ 1x 1conv ] [ 1x 1conv |
(2) 28 28 _3><3conv_><12 _3><3conv<><12 _3><300nv_><12 _3><3conv_><12
Transition Layer 28 x 28 1 x 1 conv
2) 14 x 14 2 x 2 average pool, stride 2
Dense Block [ 1x1conv | [ 1x1conv | [ 1x 1conv ] [ 1x 1conv |
14 x 14 24 32 48 64
(3) * _3><3conv_>< _3><300nv<>< _3><3'conv_>< _3><3conv_><
Transition Layer 14 x 14 1 x 1 conv
3) T x7 2 x 2 average pool, stride 2
Dense Block [ 1x1conv | [ 1x1conv ] [ 1x1conv | [ 1x 1conv ]
7x17 16 32 32 48
“4) x _3><3conv_>< _3><300nv<>< _3><3'conv_>< _3><3conv_><
Classification Ix1 7 x 7 global average pool
Layer 1000D fully-connected, softmax
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Depthwise separable convolutions PAH

O6blyHas cBepTka (oanH unstp)?

3kapTurka: elithegreenplace.net
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grouped ¢ 1 KaHanom B rpynmne) + pointwise ceepTka

Depthwise (



MobileNet (Howard et al., 2016) PAH

Table 1. MobileNet Body Architecture

BatCh norm v ReLU nocne Ka)K,D,OM Type / Stride Filter Shape Input Size
CBEPTKY, B TOM uncne mexay depthwise  —Gvari sxsxmaw i e
Conv /sl 1x1x32x64 112 x 112 x 32
7 1 X 1 Cvad\SN/SZ 3 x 3 x 64 dw 112 x 112 x 64
Conv /sl 1x1x64x128 56 x 56 x 64
. o, [o) Conv dw /sl 3 x 3 x 128 dw 56 x 56 x 128
95A) BpeMeHM v 756 napaMeTpOB Conv /sl 1i1i128><128 56i56i128
Conv dw /52 3 x 3 x 128 dw 56 x 56 x 128
3dHUMatoT CBepTKM 1 X 1 Conv /sl 1x 1 x 128 x 256 28 x 28 x 128
Conv dw /sl 3 x 3 x 256 dw 28 x 28 x 256
Mopenb Acc Mult-adds | Params | cowrsi Tx 1 x 256 x 256 28i28i256
- Conv dw /52 3 x 3 x 256 dw 28 x 28 x 256
MobileNet 0.706 569M L DM Conv/sl Tx1x256x512 | 14 x 14 x 256
eronvdw/sl 3 x 3 x 512dw 14 x 14 x 512
Conv MobileNet | 0.717 |  4866M 29.3M | Conv/sl | Lxlxblaxiz | Lix1x502
Conv /sl 1x1x512x 1024 7 x7x512
* MOXHO elle CUbHEee yMeHbLINTb Gy ST D L 1000 T [ T T 1021
. . . . Avg Pool / sl Pool 7 x 7 7 xTx1024
MOLEeNb (Wldth/l’eSOlUtIOﬂ multlpller), FC /sl 1024 x 1000 Tx 1 x 1024
Softmax / s1 Classifier 1 x 1 x 1000

HO MNoTepn B aCCuracy yxe 6onbluve 22/30



MobileNetV2 (Sandler et al., 2018) PAH

(a) Regular (b) Separable

Regular Convoluti

- BctaBuM nuHenHbin bottleneck ' ‘ '

mMexay depthwise M pointwise (c) Separable with linear (d) Bottleneck with ex-
bottleneck pansion layer
ceepTkamu (+ K 3 heKTuBHOCTH)

MpumeHatoTca naen ResNet —
skip connections u bottleneck

- Skip connections mexay
nnHenHbimun bottleneck smecto

expan dedn pencrtaBieHu n Figure 2: Evolution of separable convolution blocks. The

diagonally hatched texture indicates layers that do not contain
(CO MAacHO 3KCNEPUMEHTAM, non-linearities. The last (lightly colored) layer indicates the

ynyyllaeT KauecTs O) beginning of the next block. Note: 2d and 2c are equivalent
blocks when stacked. Best viewed in color.
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MobileNetV2 (Sandler et al., 2018) men N

(a) Residual block (b) Inverted residual block
- Pabotaert nyyue, yem V1, Ha p
ImageNet n kak feature extractor ' ' "
AN JeTekunn 1 cermeHTaumnm : ; '
. I 0 t
- [lns netekumu B3anm SSDLite nput | Operator |t ¢ |ns
2242 x 3 conv2d -] 32 |12
(SSD ¢ 3aMeHeHHbIMK Ha 1122 %32 | bottleneck | 1| 16 | 1|1
. 1122 x 16 bottleneck |6 | 24 |2 |2
depthwise ceepTkam) u 562 x 24 | bottleneck | 6 | 32 |3 |2
282 x 32 bottleneck | 6 | 64 | 4 |2
npuncoegnHmnmn K Bbixogam 2
14° x 64 bottleneck | 6 96 311
MobileNetV2 — NONy4Ynnoch 142 x 96 bottleneck | 6 | 160 | 3 | 2
72 % 160 bottleneck | 6 | 320 | 1 |1
nyywe, yem YOLOV2, y KOTOpPOTo 72%320 | conv2d Ix1 | - | 1280 | 1 | 1
72 x 1280 | avgpool 7x7 | - - 1] -
11x 6onblue napameTpos 1x1x 1280 | com2dIxl | - | k | -
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EfficientNet (Tan & Le, 2019) PAH

- Neural architecture search: MmoxxHO nouynTaTb 0630p Elsken et al.

- Model scaling: dhukcnpyem baseline n npocto npobyem
NPONOPLMOHANbHO YBENMUNBATb/YMEHbLIATb €€ YacTu

- OanH 13 Te3ncos cTaTbu EfficientNet: yennueHne konuyectsa Cnoes
(d, depth), konnyectsa kananos (w, width) nnu paspewenus (r) no
OTAENbHOCTU HbICTPO TEPSIET CMbICN — HAA0 YBENMUMBATb UX BMECTE

- ResNetbl 1 Tak y)xe 6onblne — NonNpodyem B3STb YTO-TO NMOXOXEe Ha
MobileNetV2 B kauecTBe baseline n nockennutb

- OnTumMKM3aumns:

maxAccuracy(N(d,w,r)) Memory(N) <T; FLOPS(N)<T,

d,w,r
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BapuaHTbl model scaling

#channels

jmmm——hm———

deeper

----layer_i

T resolution HxW

(a) baseline (b) width scaling (c) depth scaling

PAH

deeper

"+ higher

. ----higher
. resolution

_1..resolution
(d) resolution scaling (e) compound scaling
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Boi6bop baseline gna EfficientNet nen P

- Baseline mogenb EfficientNet-B0O HangeHa C MOMOLLbIO anroputma
NAS, 0CHOBaHHOI0 Ha 0byyeHun ¢ noaxkpennexdnem (MnasNet, Tan et
al. 2019, Zoph & Le 2017)

- Kputepun adpdeKktnsHocT B 3ToM anroputMe (T — Npou3BONIbHO
B3ATbIV 3TA/IOH):

E(m) = Accuracy(m) x [FLOPS(m)/T]" w = —0.07

- EfficientNet-B0 goctatouyHo noxoxa Ha MobileNetV2 (xoTa npuumnHa
3TOMy — cam anroputm MnasNet)
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Compound scaling PAH

depth: d = o
width: w = ¢
resolution: 7 = v?
st.a-f2-92x2
a>1l,p>1y=>1

- ¢ — runepnapameTp anroputMa (HaCKoMbKO CUTbHO MOXHO CKEWNUTb)

- d, wn r3gecb oTHocuTenbHble (gna baseline pasHbl 1)

- FLOPS yBenuuutca B (o - 3%-+2)? pa3 npu ¢ > 0 N0 CPaBHEHMNIO C ¢ = 0

- OrpaHnyeHue (st.) BbI6paHO Tak, UToObl pasHMLa 6bina B 2° pas

- Grid search ¢ ¢ =1, noToM yBenuyeHue ¢ ¢ PUKC. HAaNOAEHHbIMU «, (3, Y28/30



Pe3ynbTtaTthbl cTatbyn EfficientNet PAH

Model ‘ Top-1 Acc.  Top-5 Acc. H #Params  Ratio-to-EfficientNet H #FLOPs  Ratio-to-EfficientNet
EfficientNet-B0 77.1% 93.3% 5.3M 1x 0.39B 1x
ResNet-50 (He et al., 2016) 76.0% 93.0% 26M 4.9x 4.1B 11x
DenseNet-169 (Huang et al., 2017) 76.2% 93.2% 14M 2.6x 3.5B 8.9x
EfficientNet-B1 79.1% 94.4% 7.8M 1x 0.70B 1x
ResNet-152 (He et al., 2016) 77.8% 93.8% 60M 7.6x 11B 16x
DenseNet-264 (Huang et al., 2017) 77.9% 93.9% 34M 4.3x 6.0B 8.6x
Inception-v3 (Szegedy et al., 2016) 78.8% 94.4% 24M 3.0x 5.7B 8.1x
Xception (Chollet, 2017) 79.0% 94.5% 23M 3.0x 8.4B 12x
EfficientNet-B2 80.1% 94.9% 9.2M 1x 1.0B 1x
Inception-v4 (Szegedy et al., 2017) 80.0% 95.0% 48M 5.2x 13B 13x
Inception-resnet-v2 (Szegedy et al., 2017) 80.1% 95.1% 56M 6.1x 13B 13x
EfficientNet-B3 81.6% 95.7% 12M 1x 1.8B 1x
ResNeXt-101 (Xie et al., 2017) 80.9% 95.6% 84M 7.0x 32B 18x
PolyNet (Zhang et al., 2017) 81.3% 95.8% 92M 7.7x 35B 19x

Cenyac ectb SOTA monensb EfficientDet ona netexkunn ¢ EfficientNet B

kKayecTtBe backbone
29/30



Cnepgyrowan nekums PAH

- Feature pyramids
- Mopenwv ans cermeHTaLum
- Mogenun ana object detection
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