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Semantic Segmentation

A opyrve 3agayu:

* pose estimation
» face recognition
e super resolution
* reHepauus KapTUHOK

(GAN)

* nap.



MeTpuku oueHkm kadecta (loU)

+ Bblumcnaem Intersection Over Union (loU) precicted box
Ground Truth
« 3apgaem nopor loU threshold (Hanpumep 0.6) \‘ )

Area of Overlap

Area of Union
loU = 0.4034 loU = 0.7330 loU = 0.9264

CpegHe Xopoulo
(loU > 0.6) (loU > 0.6)

[Tnoxo (loU < 0.6)



MeTpukun oueHkn kadectea (Prec-n, Recall)

» True Positive (TP) : IoU >= nmopora, Hawnu o6bekT

» False Positive (FP) : IoU < nmopora, Hawnn o6beKkT Tam, rae ero Het
» False Negative (FN) : He cmornn HanTn o6bLEKT, TaM rae OH eCcTb

* True Negative (TN) : He BbluucCnAeTCA

TP TP Recall TP TP
= ecall = =
TP + FP all_detections TP + FN all_ground_truths

Precision =

loU = 0.4034 loU = 0.7330 loU = 0.9264




COCO (Common Objects in Context) dataset meTpuka:

mean Average Precision (AP @ [. 5: .95]) - (AP B COCO pgaHHbIX) 9TO cpefHee 3HayeHne gns
Precision ana Heckornbkmx noporos loU (o1 0,5 go 0,95 ¢ pasmepom wara 0,05), pacuyntaHHoe ons

Kaykgown KaTteropum (knaccy).
Avarage Recall Bbliuncnserca aHanormyHo

Pascal VOC meTtpuka Habopa gaHHbix Pascal,
Ha nopore 0.5

Average Precision (AP):

AP ¥ AP at IoU=.50:.05:.95

ApFoU=-30 $ AP at IoU=.50 (PASCAL

ApIoU=-75 $ AP at IoU=.75 (strict
AP Across Scales:

Apomall $ AP for small objects:

aApuedium $ AP for medium objects:

aplarge $ AP for large objects:

https://cocodataset.org/#detection-eval
https://arxiv.org/pdf/1502.05082.pdf
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ceTb rnybxe AlexNet

NCNONb30BaHNE TOSbKO ManbIX punbTpos (3X3)
CBEPTKM -> MEHbLUE 0B6y4yaeMbIX NapamMeTpoB B
cetu

2 punbTpa (3x3) = PunbTp (5x95)
3 punbTpa (3X3) = punbTp (7X7)

ecTb Npobnema 3aTyxarLlmx rpagneHToB



[Tpobnema rnyobuHbl ceTn

20-layer
56-layer

training error (%)
test error (%)

20-layer

i A
1 |

" ter. (led) " ter. (led)

Figure 1. Training error (left) and test error (right) on CIFAR-10
with 20-layer and 56-layer “plain” networks. The deeper network
has higher training error, and thus test error. Similar phenomena
on ImageNet is presented in Fig. 4.



ResNet (2015)
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Residual Block (OctaTo4HbI 6M0K)

256-d

1x1, 64

 relu

F(x) 3x3, 64
relu

1x1, 256

F(x) + x

* F(X) 1 X 4OMKHbl UMETb OQMHAKOBYIO Pa3MeEpPHOCTb NpU onepaumumn CrnoxXeHum
e cBepTKa 1x1 No3BONSAET N3MEHATb KOM-BO OUNbLTPOB



ResNeXt (2016)

J' 256-din
4../—/,,;7 \_\—\A
256, 1x1, 64 256, 1x1,4 256, 1x1,4 total 32 256, 1x1,4
- - 2 paths 2
64, 3x3, 64 4,3x3,4 4,3x3,4 e 4,3x3,4
v ¥ ¥ v
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).

KonnyecTtBo napameTpoB CBEPTOK:

256-64+3-3:64-64+64:256 VS 32:(256-4+3-3-4-4+4-2506)
= 69632 =70144

Npes: pasgeneHne Ha rpynnbl CBEPTOK

+PasgeneHune Ha rpynnbl BbICTynaeT
B Ka4yecCTBe perynapusaumnm

+ O PeKTUBHOCTL OBYyHEHUS
(mnapannenbHOe BblYMCIIEHME rpynn)
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OKBMBArNeHTHble nNpeacTtaBneHns ResneXt brioka

256-d in 256-d in E 256-din

x ) .
256, 1x1, 4 256, 1x1,4 | oe137| 256, 1x1,4 \ 256, 1x1, 4 256, 11,4 |ioear 30| 256, 1x1, 4 \ 256, 1x1, 128 \\.
+ + paths ¥ I'| & + paths - ' \
4,3x3, 4 4,3x3,4 | ++++ | 4,3x3,4 ‘ 4,3x3, 4 43x3,4 | **0| 4 :fxa, 4 |‘ 128 5,3, 108
* ¥ 3 f B s i i . SEcCa | group = 32
4,1x1, 256 4, 1x1, 256 4,1x1, 256 / L--E?ﬂ!?%f!’.‘?.‘f.-i
e, O 128, 1x1, 256 128, 1x1, 256 )
e e 2 /
T ( T RV
- Kl
256-d out 256-d out 256-d out
(a) (b) (c)

C (cardinality) mowHOCTb nnn Kon-Bo rpynn = 32
d (dimension) kon-so ounbTpoB = 4
Cymma pasmepHocTteun Beex rpynnd *C =4 * 32 =128

*B 6noke (c) ncnonbayetcsa nageqa “Grouped Convolution”



Grouped Convolution

PucyHok 1 - OOblyHas onepauunst CBEPTKM

s

c, filters

C, RelU

b H
1

W

c, filters x €2/g

............

............

|14

PucyHok 2 - CeepTka AByMmS rpynnamMmu

12



Backbone u task-specific apxnutekTypbil

SOTA (State of the art) apxutekTypbl 4ns 3agay KOMMNbLOTEPHOro 3PEHNSA YACTO MOXHO
pa3duntb Ha backbone-yacTtb (M3BNeyeHne npmnsHakos) u task-specific yactn (Hanpumep
npeackasaHme bounding box-oB, cermeHTMpoBaHMe 06beKTOB). Takke BbliaenaoT head-
apXUTEKTYpbI ANg ynydleHns pacno3dHaBaHMa NPU3HaKoB, NosyyYeHHbIX oT backbone-yacTtu
(Hanpumep Feature Pyramid Network)

Transfer Learning - MOXXHO 00y4yaTb Ha O0MbLWIKMX AOCTYMHLIX HAbopax AaHHbIX (HanpumMmep
ImageNet, COCOQO) c nocneayowinm goobyyeHnem Ha Tpebyembie Mmanble Habopbl AaHHbIX

Mbl paccmoTpenu Yyactb nonynapHbix backbone-apxutektyp

[anee paccmoTpum task-specific-apxutekTypbl (OeTEKTOpbI, cermeHTaTopsl) 1 head-
apXUTEKTYpPbI

13



Object Detection Milestones

+ Bounding Box Regression

DPM /

HOG Det. (P. Felzenszwalb et al-08, 10)
(N. Dalal et al-05 )

+ Multi-resolution Detection
+ Hard-negative Mining

SSD (W. Liu Retina-Net

t al-16 T. Y. Linetal-17
YOLO (1. Redmon €t 216 ( )

etal-16,17)
One-stage
detector

VJ Det.
(P. Viola et al-01) / + AlexNet
/ 2014
> see

2001 2004 2006 2008
20k 2014

>
2015 2016 2017 2018 2019

2015 2016 2017 2018 2019

Traditional Detection N
Methods #

/

(R. Girshick et al-14)

Wisdom of the cold weapon 4 Deep Learning based

'/ Detection Methods

4 Technical aesthetics of GPU

https://arxiv.org/pdf/1905.05055.pdf

) RCNN\ \
‘ SPPNet
f (K. He et al-14)
Fast RCNN
(R. Girshick-15)

Two-stage
detector

Faster RCNN

Pyramid Networks
(S. Ren et al-15)

(T. Y. Lin et al-17)

+ Feature Fusion

+ Multi-reference Detection
/ (Anchors Boxes) /

14



Classification

Region-based methods

Object Detection

CAT, DOG, DUCK

15



Classification

Region-based methods

* Wcnonbsyetca metoq Anga nssnedyeHnsd
PErnMoHOB (4Yacten n3obpakeHust) ¢
Object Detection MOMOLLbIO OKOH

CAT, DOG, DUCK

16



Classification

Region-based methods

Object Detection

CAT, DOG, DUCK

NcnonbayeTca meToq ANs N3BreYeHUs
PErnMoHOB (4Yacten n3obpakeHust) ¢
MOMOLLbK OKOH

Hy)KHO NCNOJ1b30BaTb OKHA pPa3HbIX

pasMepoB N COOTHOLLUEHWE CTOPOH AJs
U3BIeYeHns pasHoro pasmepa 06bLEKTOB

17



RCNN

Bbox reg || SVMs
Bbox reg || SVMs
Bbox reg SVMs
Conv
Conv Net

[Mpobnembl ?

18



RCNN

[Mpobnembl ?

ROUXIEE || SV + [onroe obyyeHne Ha CryYanHbIX
Bbox reg || SVMs pernoHax ¢ NPOroHOM Yepes BCIO
Bbox reg | | SVMs CNN ansa nssnedyeHus npusHakos
Conv
Conv Net « CNN ucnonb3oBana Ha Bxo[
JoMKCnMpoBaHHbIN pasmep 227x227

pernoHoB. --> TpeboBanocb bpaTtb
HaMMEeHbLUUW OXBaTbIBaOLLUNA
KBagpaT pernoHa, AonosHATb
HYNSMU

=

«  OBPUCTUYECKUN anropuTm

227227 Selective Search He oby4yaeTcsa n
cTabunbHo ownbaeTcs
NexoaHbin
pPernoH « O6paboTka ogHOro n3obpaxeHus

okono 47 cekyHp, :( 19



Fast RCNN

» [lporoH Bcero nsobpaxeHus
: Outputs:
Deep bbox yepe3 CNN;
_ = | softmax regressor
i"| ConvNet| | ® R )
. Rol E——— « BMecTo He3aBMCMMOrO
pooling 0byueHunsa Tpéx mogenen (CNN,
layer [\ ECs SVM, bbox regressor)
DTOJECTIONNG COBMECTUTb BCe NpoLeaypbl
. \ TPEeHpPOBKM B oaHYy end-to-end,
Conv || Rol feature
feature map NECIOT ity * Wcnonb3osaHue RolPooling

cnos. OKHO pernoHa WUpUHON
W U1 BbICOTOM h Aennnocb Ha
" . ceTky, nmetrowtyto HxW guyeek
L(p,u,t*,v) = Las(p,u) + Alu > 1] Lo (%, v) pasmepom h/H x w/W. (ABTOpbI
ncrnosibdosanm W=H=7).

20



Faster RCNN

classifier BolgensoT 2 yactu: B two-stage detector:

*
'Rolpoolmg - backbone - reHepupyeT BbICOKOYPOBHEBbLIE

npusHaku Ha nsobpaxeHuun (ResNet, VGG,
MobileNet u 1.4.)

propoy
1 - reHepaumsa pernoHoB nHTepecos Rol (Region

Region Proposal Networ Of Interest)
2 - nporoH 4Yepes cnon Rol Pooling,

Krnaccudukaumnsa permoHa u perpeccuda bounding
box

conv layers /
y

gy 77

21



Faster RCNN

classifier

Rol pooling

propoy

Region Proposal Networ

Z

feature maps

conv layers /
y

2k scores 4k coordinates

cls layer \

t reg layer
256-d

' intermediate layer

sliding window

conv feature map

<mm

k anchor boxes

22



Faster RC

23



Mask RCNN

RolAlign

Y

‘conv>

L VWO .
NN RONTR NN

NN NN NN
NN N NN\

Ncnonb3oBaHue gon.
BETBU ANSA peLleHund
3agaym instance
segmentation

Macka ka)goro knacca
onpenenseTcs
He3aBMCMMO OT ApPYrmx
KIacCoB;

RolAlign BmecTo
RolPooling

24



i (6.25) ——

:19.25. 8 1200/32 =6 ———
-
a2
0 o
=5
<
s

Rol Pooling

4x6 Rol
1X2 (4/13=1x6/3=2)

9T

3x3 Rol Pooling

25



Rol Align

6.25

1x1 = MAX(0.14, 0.21, 0.51, 0.43) = 0.51

3x3 RolAlign

0.51

"

Yo—Y [ T2— T r— T Yy—uy Ta— & T — T
P= ( Qu + —Qzl) + ( Q12 + —sz)

Y2 — Y1 \ T2 — 1 Iy — I Y2 — Y1 \ T2 — 1 Iy — I



RolPool 23.6 46.5 21.6 28.2 LT 26.9

RolAlign 30.9 51.8 S 34.0 323 36.4

+7.3 +5.3 +10.5 +5.8 +2.6 +9.5

APbb aT0 average precision anga onpegenenuda bounding boxes.
TectnposaHue nposogunocb Ha ResNet-50-C5 co stride=32.

27
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Fully Convolutional Network (FCN)

peweHne 3agadm Semantic
Segmentation

otctytcTBue FullyConnected cnoes

ncnonb3oBaHue Deconvolution crnoes
(backwards convolution) - upsample
layers

Mcnonb3oBaHUE image pasnnyHbIX A P 6/5%“ 4% 490
pasmepoB '

forward /inference

backward /learning

SRR

FCN-32s FC- 16s FN-Ss Ground truth

32x upsampled 2x upsampled 16x upsampled 2x upsampled 8x upsampled
prediction (FCN-32s)  prediction  prediction (FCN-16s)  prediction prediction (FCN-8s)

pool3
prediction

/
.‘
image pooll pool2 pool3 pool4 poolb | pool4
PR /.r' prediction

-
— —--—‘-
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Non-Maximum-Suppression (NMS)

—

[MnoTes3bl COPTUPYIOTCA MO UX «YBEPEHHOCTUY.

2. B uukne Bblbnpaetcs nepBas runotesa A (MMeeT HanbornbLUYHO BENTMYNHY YBEPEHHOCTN) U
nobasnsieTcs B pe3ynbTupyowmn Habop.

3. B uwukne BblibnpaeTtcs cneaytowas B.

4. Ecnn mexgy BblibpaHHbIMK rmnotesamun loU(A, B) > threshold, To BTopas runotesa B
oTOpacbiBaeTCs 1 fanee He NPUCYTCTBYET B pe3ynbTupytowem Habope.

Bce noBTopsieTcs, Ha4YnMHasa ¢ wara 2 40 MOMEHTa MosIHOro nepebopa rmnoTes.

30



YOLO (You Only Look Once)

Biml8 g g e S (|

S X S grid on input Final detections

Class probability map

31



448x448x3

GoegleNet
modification

(20 layers)

14x14x1024

C.R

14x14x1024

CR

YOLO

T4x14x1024

CR

x7x1024

CR

xTx1024

FC,R FC
— —
4096x1

Reshape

-

14701

TxTx30

32



Input
mage|

N

448x448x3

GoeogleNet
I modification
(20 layers)

S x S grid on input
S=7

14x14x1024

YOLO

C.R CR CR

MxIx1024
14x14x1024 14%14%1024 a2

30 3HavYeHuu:

C.R FC.R

fxIx1024

.-

4096x1

FC

0-4: x, y, w, h, conf gna box ¢ box#1
9-8: X, y, w, h, conf gnsa box ¢ box#2
9-29: BepoAaATHOCTb Kaxaoro n3 20 knaccoB

7x7x30

Pr(Class: |Object) * Pr(Object) * 10U

= Pr(Class; ) *x IOU

truth

pred

L

Reshape
— O

TxTx30

1470x1

Conf_box_class = conf_box * conf_class
Total: 7x7x2 = 98 boxes

33



YOLO

OcobeHHOoCTU:

npumeHeHne NMS (Non Maximum Suppression)
45 fps, YoloTiny - 155 fps
end-to-end training

MeHbLUe false positive cpabaTtbiBaHU (OeTekTMpoBanu
0DBEKT, HO ero Tam Her)

OorpaHn4yeHmne Konmyectesa OObLEKTOB Ha SYENKY (M Lienoe
Ha n3obpaxxeHune)

34



SSD - Single Shot Multibox Detector

59 FPS Ha 300x300 Bxoae
Ncnonb3oBanne NMS
MultiScale feature map

Extra Feature Layers
A

VGG-16 \
: = _th_ro_ugh_ConvS__g I— ZG\"- Classifier : Conv: 3x3x(4x(Classes+4)) o
N 7] c
[N N Classifier : Conv: 3x3x(6x(Classes+4)) © A=)
| N N o 5
‘ \ N [&] g
‘ M —— e | ® =l
300 | ‘ | o o
[ ! ' - 3
= l | e 19 A=Y 74.3mAP
Bl | mes ! ‘ | B E| 59FPS
| \ Convd:3 | | Conve Conv?, Conv: 3x3x(4x(Classes+4)) | 2 £
| | || (Fce) (FCT) o %
300 ‘ | = =
I e
\ | 8 | 8 =
\\ } : 17 19 Convii_2 5 &
o
5N | o2
N2 s2| | 1024] | 1024] L 1~ |
Conv: 3x3x1024 Conv: 1x1x1024 Conv: 1x1x256 Conv: 1x1x128 Conv: 1x1x128
Conv: 3x3x512-s2 Conv: 3x3x256-s2 Conv: 3x3x256-s1 Conv: 3x3x256-s1
=
(/] o
\ | | ’ 5
YOLO Customized Architecture S ]
| =
448 @ &
o S
9 @ = @ 63.4mAP
Of | mae i E| 45FPs
E
o =
448 ‘8‘ §
= =
2 <
a o
3 =

[ns Kaxxgon BbIXOOHOW KapTbl (MX HECKOSTBKO):
KOS-BO_SlYeeK_B_KapTe * konyectBo default_anchor _boxes * (4 + konnyecTBO KnaccoB)
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CpaBHEHMNE apXUTEKTYP

Method mAP | FPS | batch size | # Boxes | Input resolution
Faster R-CNN (VGG16) | 73.2 7 1 ~ 6000 | ~ 1000 x 600
Fast YOLO 327 | I>5 1 08 448 x 448
YOLO (VGG16) 66.4 21 1 08 448 x 448
SSD300 74.3 46 1 8732 300 x 300
SSD512 76.8 19 1 24564 512 % 512
SSD300 74.3 59 8 8732 300 x 300
SSD512 76.8 22 8 24564 D12 % 512

Detection Frameworks Train mAP FPS

Fast R-CNN [5] 2007+2012 70.0 0.5

Faster R-CNN VGG-16[15] 2007+2012 73.2 7

Faster R-CNN ResNet[0] 2007+2012 764 5

YOLO [14] 2007+2012 634 45

SSD300[!!] 2007+2012 743 46

SSD500 [!1] 2007+2012 76.8 19

YOLOvV2 288 x 288 2007+2012 69.0 91

YOLOv2 352 x 352 2007+2012  73.7 81

YOLOvV2 416 x 416 2007+2012 76.8 67

YOLOvV2 480 x 480 2007+2012 77.8 59

YOLOvV2 544 x 544 200742012 78.6 40

NctouHuk SSD. PASCAL VOC
2007, 2012 1 MS COCO Ha 300 x
300 n 512 x 512 input images.

NcTouHuK Yolov2. PASCAL VOC 2007 test set.

36



YOLO v2 (YOLO9000)

MHOro masneHbKnx ynydweHnn B CeTu:

« pnobasneHa batch normalization

* TPEHUpOBaNUCb Ha yBENMNYEHHOM
paspeLlleHnmn 2 pasa n3obp-sx
ImageNet 448x448

e 3agaHue anchor boxes ->
npeackasHme bonblie 2-x 06BbEKTOB
B A4enke cetku (default == 5)

* N3MEHEHMe noca BbluUCeHnsa bokca
(OTHOCUTENBHO Ha4arno CeTKn)

« onpepenset bonee menkne oobekTbl
C NOMOLLbIO AOMONHUTENBHOW CETKU
26x26. NN"toroBas KOHKaTUHaLMA CETKN
26x26 ¢ 13x13

« nobasunun ob6paboTky n3obpaxxeHumn
pas3HbIX pa3mepoB (MultuScale)

* 9000 kaTteropun 06BEKTOB

« o140 oo 67 FPS

YOLO

YOLOv2

batch norm?

hi-res classifier?
convolutional?
anchor boxes?

new network?
dimension priors?
location prediction?
passthrough?
multi-scale?

hi-res detector?

<
S R &

g, i K Ay

SRR KRE
SR K AR
R AR B s A

B Y N NN NENEN

VOC2007 mAP

63.4

65.8 69.5 69.2 69.6 744 754 76.8

~J

6

https://arxiv.org/pdf/1612.08242.pdf
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LWmr

@ Concatenation - / _ I
y
i Scale 1 /
Addit
i Aditen 82 Stride: 32

\
\ Prediction Feature Map
Residual Block . 1 // ] | \
Detection Layer Scale 2 A a -~ )
: 94 Stride: 16 4 e
Upsampling Layer it -~
_ / g
e Further Layers p—— \
3 Scale 3
‘ 106 Stride: 8 1
’
4 V4
’

Attributes of a bounding box

(ta]tu ] tw]tn]) [ 2o |[p1] p2] ... pc]] X B

Box Co-ordinates ~ Objectness
Score

YOLO v3 network Architecture

Class Scores
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6 Concatenation

. i Scale 1
G_) Addition 82 Stride: 32 ’V
Residual Block

Detection Layer

i Scale 2
94 Stride: 16

Upsampling Layer

e Further Layers

YOLO v3 network Architecture

Ha Bbixoge TeH30p: 13x13 x ( B x (5+C) ), roe
13x13 - 3TO ceTKa Ha N3o0bpakeHuu,
B - konnyecTBO OOKCOB B O4HOWN AYENKEe CETKU;
5 - 970 3Ha4veHua (tx, ty, tw, th, p0) Bokca
C - KONM4YeCTBO NnpeackasaHHbIX KIaccoB

\ Prediction Feature Map

Scale 3

106 Stride: 8

Attributes of a bounding box

[[tm by | th]’_/po \}[pl P2 ... pc]} x B

Box Co-ordinates Objectness
Score

Class Scores

Total:

((52 x 52) + (26 x 26) + (13 x 13)) x 3 = 10647 bboxes
[ToToM omnbTpyem OOKCHI:

no nopory n NMS 39



. Bug of freebies:
ynyyLleHnsi Ha 3Tane TPEHNPOBKX. Brimset Ha ToOYHOCTL Mogenu
(data augmentation, class imbalance, cost function, soft labeling)

*  Bug of specials:
ynyyLlEeHNsi Ha YPOBHE apXUTEKTypbl Moaenu
BnnseTt HEMHOro Ha TOYHOCTb M CUITbHO Ha NPOU3BOANTENBHOCTb
(skip-connections, FPN n post-processing kak non-maximum
suppression (NMS), pa3Hble backbones, ncnonb3oBaTtb pasHble
NpeTPEeHNPOBOYHbIE BeCa)

YUTto yny4ywmnm 107

* Wcnonb3osanu BoF: CutMix n Mosaic data
augmentation, DropBlock regularization,
CmBN, DloU Loss n T1.4.

(a) Crop, Rotation, Flip, Hue,

Saturation, Exposure, Aspect.

(d) Mosaic (e) Blur
X
X X

X
X X

X
X X
X [ [ ]

40



YUTto yny4ywmnm 107

YOLO v4 (sota Apr 2020)

Bug of freebies:
ynyyLleHnsi Ha 3Tane TPEHNPOBKX. Brimset Ha ToOYHOCTL Mogenu
(data augmentation, class imbalance, cost function, soft labeling)

Bug of specials:

yIyylleHus Ha YPOBHE apXUTEKTYPbl MOAENN

BrivsieT HEMHOro Ha TOMHOCTb M CUITbHO Ha NMPOU3BOANTESTLHOCTb
(skip-connections, FPN n post-processing kak non-maximum
suppression (NMS), pa3Hble backbones, ncnonb3oBaTtb pasHble
NpeTPEHNPOBOYHbIE BECA)

Ncnonb3osanu BoF: CutMix n Mosaic data
augmentation, DropBlock regularization,
CmBN, DloU Loss n T1.4.

Ncnonb3osanu BoS:

DenseBlock, PANet,
Cross-Stage-Partial-connections (CSP),
Mish-akTtuBauua n 1.4.

https://arxiv.org/pdf/2004.10934.pdf - cama Yolo4
https://medium.com/@jonathan_hui/yolov4 -
c9901eaaBeb1 - nonesHas ctaTbd Npo Yolo4

ase layen

Dense
Block

[T'ransitio

(a) DenseNet

= Mish
—— RelU
-- SoftPlus
— Swish

3.0
25
2.0
15
1.0
0.5

0.0

lgase layen

Part 1 Part 2

!

Dense
Block

Transition

(b) CSPDenseNet
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EfficientNet (2019) FIpYHLAN - MALITAGHPOBAHUE CBEPTONHIIX

ceTok (¢ nomoubto AutoML):

T To_pl Acc. #Params
ResNet-152 (He et al., 2016) 77.8% 60M
EfficientNet-B1 79.1%  7.8M - state-of-the-art Ha ImageNet 84,3% - mawTabuposaHue no wnpuHe cros(puc.
ResNeXt-101 (Xie et al., 2017)| 80.9% 84M accuracy* a)/no rny6MHe CeTm(yBenmqume CnoeB)
EfficientNet-B3 81.6% 12M . 57 6 ResNet-152*
SENet (Hu et al., 2018) 82.7%  146M |:> B O./ pa3 ObICTpee ResSNet- (puc. c)/no rnybuHe cnos (puc. d)
NASNel-A (Zoph ctal. 2019) | 82.7% 89 + B 7.6 pas MeHblue Resnet-152 +  KOMBUHMPOBAHHOE MALLTAGPOBAHHE
cientNet- 9% . 0 _ %
GPipe (Huang et al, 2018) 7 | 843% _ 556M Ha 2% To4Hee Resnet-152 (puc. e)
EfficientNet-B7 84.3% 66M
TNot plotted
#channels
————————— | eeeoo----- wider oo ;
deéper
e -
deeper
== s
---layer_i
; "+ higher ; —,--higher
7} resolution HxW 4 [ i resolution N _+_resolution
(a) baseline (b) width scaling (c) depth scaling (d) resolution scaling (e) compound scaling

*https://arxiv.org/pdf/1905.11946.pdf - cTaTbA 42



EfficientNet (2019)

T Topl Acc. #Params
ResNet-152 (He et al., 2016 77.8% 60M
EfﬁcientNet(.Bl : 91%  7.8M + state-of-the-art Ha ImageNet 84,3%
ResNeXt-101 (Xie et al., 2017)| 80.9% 84M accu racy*
EfficientNet-B3 81.6% 12M *
SENet (Hu et al., 2018) 82.7%  146M |:> B 5.7 pa3 bbicTpee ResNet-152
NASNet-A (Zoph et al., 2018) | 82.7% 89M » B 7.6 pa3 meHbllie Resnet-152*
EfficientNet-B4 82.9% 19M . 0 *
GPipe (Huang et al., 2018) f 84.3% 556M Ha 2% TouHee Resnet-152
EfficientNet-B7 84.3% 66M
TNot plotted
ffffff wider -+
#channels
_________ : lecoscoce: WOBE oo ;
deéper
" -
deeper
—— E
<---layer_i
'+ higher —,higher
}resolutonHxw [ [ ] [ i resolution N . resolution
(a) baseline (b) width scaling (c) depth scaling (d) resolution scaling (e) compound scaling

*https://arxiv.org/pdf/1905.11946.pdf - cTaTbA

MpuHUMN - MawTabupoBaHne CBEPTOYHbIX
ceTok (¢ nomoubto AutoML):

* MawwTabupoBaHue Nno WMpuHe crnos(puc.
a)/no rnybuHe ceTu(yBenuyeHmne crioes)
(puc. c)/no rnybuHe cnos (puc. d)

* KOMOMHMpOBaHHOE MawTabpoBaHue

(puc. e)

AnropuTm:

1.

2,

BaxkHo HanTn K03 PULNEHTDI
mMalwTabupoBaHus alpha, beta, gamma
N3 BblpaXkeHUs:

depth: d = o

width: w = 8%

resolution: 7 = 7?
st. a2y 2
a>1,8>1,v>1

npu 3adukcupoBaHHbIX alpha, beta,
gamma MmawTabupyetcs ceTb
yBenundusaewm fi Ha 1 (fi ==2,3,4..8 )Ha
Ka)kgon ntepaumm n NosyyYnnun cetm
EfficientNet-B1 po EfficientNet-B?43



EfficientNet

EfficientNet-B7 84 - EfficientNet-B6
841 AmoebaNet-C Amoel)g_l;let-c
AmoebaNe-t;A____————'. Ameobayg!_a_-—__————
g - —— g P smirl
» ” - NASNet'A g a® ® SENet 82 | - ”~ NASNet'A ........ SENut

821 s " 9 "
3 : 3 "
3 Lo %) z” ......... .
o " ResNeXt-101 @ A et ResNeXt-101
3 80 F . g 801 #”" . .+Inception-ResNet-v2
8 7" ..-"" Inception-ResNet-v2 3 #7 .+ Inception-ResNet-v
- T = .*Xception
A& ¢~ :Xception £ .
|2 78 - I eResNet-152 |'9 781 y eoResNet-152
5 ' & T I v
S B DenseNet-201 S Bgf DenseNet-201
§76- b § §75- Iy
- ll :  ResNet-50 - ,' < ResNet-50

s A

I Inception-v2 I' Inception-v2

741 4 7414
NASNgt A NASI\iet-A
ResNet-34 . _ , , , , ResNet-34 : : : : . .
0 20 40 60 80 100 120 140 160 180 0 D 10 15 20 25 30 35 40 45

Number of Parameters (Millions)

FLOPS (Billions)
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Feature Pyramid Network (FPN)

predict

predict

predict

—» 1x1 conv AG?

https://arxiv.org/pdf/1612.03144.pdf

45



PANet - Path Aggregatlon Network (2018 Jun)

Figure 1. Illustration of our framework. (a) FPN backbone. (b) Bottom-up path augmentation. (c) Adaptive feature pooling. (d) Box
branch. (e) Fully-connected fusion. Note that we omit channel dimension of feature maps in (a) and (b) for brevity.

 FPN + bottom-top path
* (c) ROIAlign with (element-wise max or sum)

https://openaccess.thecvf.com/content_cvpr 2018/papers/Liu_Path_Aggregation _Net 46
work CVPR_ 2018 paper.pdf



P, O—>O—>Q—>

Ps O—»é—».—»

BiFPN and others

repeated blocks repeated blocks

(b) PANet

4
Ps O—»‘ o
Y 4
P4 O—>.—>
4
P3 O—».—»
(a) FPN
AP #Parz'ims #FLQPS
ratio ratio
Repeated top-down FPN | 42.29 1.0x 1.0x
Repeated FPN+PANet 44.08 1.0x 1.0x
NAS-FPN 4316 0.71x 0.72x
Fully-Connected FPN 43.06 1.24x 1.21x
BiFPN (w/o weighted) | 43.94  0.88x 0.67x
BiFPN (w/ weighted) 4439  0.88x 0.68x

(c) NAS-FPN (d) BiFPN

P2"' = Conv(Pi™)
Pé’“t = Conv(Pé” + Resz’ze(P;’“t))

PJ“ = Conv(Pi" + Resize(P{"")) 47



EfficientDet (2020)

I |
> ! @ »O\\
P-/128 : N o
; ' . Class prediction net
O O——> - N |
Pl ' ' LA )
<. "I ' '
I - N o s o o i o o ) a4
O QO O+ ®_ \,\"/
p5 / 32 L ‘ 1 1 \ ____________
Y Y

. . a m W
P,/ 16 : : B i e
: ? : ? ? /:/ Box prediction net
Ps/8 ... f
P,/4 BiFPN Layer
P./2 *

EfficientNet backbone

PucyHok — Apxutektypa EfficientDet == EfficientNet + BiFPN + ceTb BbluncneHunsa knacc/pamka

https://arxiv.org/pdf/1911.09070.pdf 48



501

CpaBHeHue

EfficientDet-D6

AmoebaNet + NAS-FPN

MS COCO Object Detection

real-ume

\‘()I.()\ﬂll (ours)

-
- -
-
- -
- e
45 g NAS-FPN
7’
’ o
o o e
< e =
£ 10 D2 .,/ o RetinaNet
() 7’
O "
8 D1 » MaSkRCNN |mAP FLOPS (ratio)
EfficientDet-D0 324 25B
— YOLOV3 [26] 33.0 71B (28x)
35 EfficientDet-D1 38.3 6.0B
RetinaNet [17] 37.0 97B (16x)
L T vyoLov3 MaskRCNN [%] 37.9 149B (25x)
I EfficientDet-D57 49.8 136B
. ” AmoebaNet + NAS-FPN [37] ¥ [48.6 1317B (9.7x)
301 h EfficientDet-D7 | 51.0 326B
J AmoebaNet + NAS-FPN [37]1T#[50.7 3045B (9.3x)
"Not plotted, * trained with auto-augmentation [37].

*N3mepeHne FLOPS He unctoe, n3-3a ncnosib3oBaHus

0 200 400

600 800

FLOPS (Billions)

1000

1200

GPU pa3sHbIXx MOLLHOCTEN B pa3HbIX Moaenemn

|
_ EfMicietDe I
‘\.
\\

s \ |
“~ I

od
: |
|

p '“!I‘ . SFI
.?_ [ . l‘
" \, \
&8 .\, 1\
» \ \ \
-0 i
& ’ I\
. | -\
o |
" 0 b ] M I ol
I ]-'I"'\l\'nl!;u)
real-time (30 FPS) on
TitanV/TeslaV100 (server)
250 Watt
$2250 - $8000

—

real-time (30 FPS) on
RTX 2070 (desktop)
175 Watt

$450

1]

B YOLOVA (ours)
YOLOw2
~&— EMcientDet
&— ASFF*
&~ HarDNet
—8—=SM-NAS
—8— ATSS
—o— RDSNet
*— ExtremeNet(MS)

100 120

real-time (30 FPS) on
RTX 2060 MXM (Mobile)
80 Watt

$700

9 FPS on

Jetson AGX Xavier (embedded)
30 Watt

$700
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YOLOV5 (2020 June)

* Tenepb peanusauuna Ha PyTorch

e KBaHuUTU3auma mogenu ¢ 32bit no 16bit

* V100 GPU with postprocessing and
NMS

» 00y4yeHue c ayrmeHTaumen ot Yolod

* CO3[aHWe HEeCKONbKUX Moaeneun c
pasHbIM KONIMYEeCTBOM MNnapamMeTpoB
small, medium, large, very large

Better

COCO AP val

50 1

45 -

40

YOLOv5X

‘\\*o LOV5

YOLOv5s

35 1

30

1

YOLOv5s
YOLOv5mM
YOLOvSI
YOLOv5x
EfficientDet

https://github.com/ultralytics/yolov5 - penosntopuu
https://blog.roboflow.com/yolov5-improvements-and-evaluation/ - onncanve

5 10 15 20
Faster e GPU Speed (ms/img)

25

50

30



[lTone3Hble CCbINKN

https://towardsdatascience.com/fasterrcnn-explained-part-1-with-code-599¢c16568cff -
npumep FasterRCNN Ha pytorch

https://towardsdatascience.com/understanding-region-of-interest-part-2-roi-align-and-roi-
warp-f795196fc193 - ROIAlign

https://arxiv.org/pdf/1512.02325.pdf - ctatba SSD
https://arxiv.org/pdf/1411.4038.pdf - ctatba FCN

https://pjreddie.com/publications/ - cant aBTopa YOLO
https://arxiv.org/pdf/1905.11946.pdf - ctatba EfficientNet
https://paperswithcode.com/methods/area/computer-vision - apxnuTekTypbl C KOAOM

https://openaccess.thecvf.com/content. CVPR_2020/papers/Tan_EfficientDet_Scalable and
_Efficient_Object_Detection_ CVPR 2020 paper.pdf - ctates EfficientDet

https://github.com/ultralytics/yolov5 - penoantopun YOLOVS
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