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# Current research areas:
- Object classification & detection 7| A+
- Scene text detection and recognition (OCR) 7|&

o1

# Homepage: http://dongyoonhan.github.io

# Google scholar:
https://scholar.google.com/citations?user=jcP7m

1QAAAAJ&NI=en



http://dongyoonhan.github.io/
https://scholar.google.com/citations?user=jcP7m1QAAAAJ&hl=en
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1. Deep Neural Network8| Z9iO =
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1.0 Convolutional Neural Network (CNN) — *®

- CNN:Y. LeCundj 23 M2 7 (LeNet, 19893 &), Hidden layerZ convolution layer2
ArE
- Convolution layer?| 757} B2 2 E: Deep Convolutional Neural Network (Deep CNN)
o) VGG16 [1]:

224 x 224 x 3 224 x 224 x 64

1“1 1"“ 1"1 010 | 112 x 112 x 128
Oxﬂ 1::1 1::1] 110 4 %l;%xz% e
Oﬂ Om 1?:1 1)1 | _ﬁzguswummmsu 400 1515100
0/0{1|1|0 | |
ol1]1(0]0 11 R
Convolved / 20 tuly nectac+ el
mage Feature Il o

0|0l Xl X https://giphy.com/qifs/blog—daniel—keypoints— O|0l Xl &X: https://neurohive.io/en/popular—

[1I b ) I n and A. Zisserman. “Very deep convolutional networks for large—scale image neworksiy 16./In ICLR, 2015



https://neurohive.io/en/popular-networks/vgg16/
https://giphy.com/gifs/blog-daniel-keypoints-i4NjAwytgIRDW
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- Neural Network &85t7| & =0|= Z 8ot ot
- Alex Khrizhebsky”Zl Z|Z=2 GPU & AE35I3 Deep CNN Ed0|d (&&)
NIPS 2012 0| =222 X|Z&, 7H&= ZHO0| 1 SHS AlexNet (Of2= =&)

ImageNet Classification with Deep Convolutional
Neural Networks

Alex Krizhevsky Ilya Sutskever Geoffrey E. Hinton
University of Toronto University of Toronto University of Toronto
kriz@cs.utoronto.ca 1ilyalcs.utoronto.ca hinton@cs.utoronto.ca

Abstract

We trained a large, deep convolutional neural network to classify the 1.2 million
high-resolution images in the ImageNet LSVRC-2010 contest into the 1000 dif-
ferent classes. On the test data, we achieved top-1 and top-5 error rates of 37.5%
and 17.0% which is considerably better than the previous state-of-the-art. The
neural network, which has 60 million parameters and 650,000 neurons, consists
of five convolutional layers, some of which are followed by max-pooling layers,
and three fully-connected layers with a final 1000-way softmax. To make train-
ing faster, we used non-saturating neurons and a very efficient GPU implemen-
tation of the convolution operation. To reduce overfitting in the fully-connected
layers we emplnyed a recently develnped regulanzatmn HlEl'hﬂd called ‘dropout”

- TTT. PR L e = A1 T adl L



1.1 AlexNetl| %

- 8702| weight layerQ| Deep CNN, =78 2= RelU, dropout 7H&, 8& [1]
- ImageNet HO[HANM =& d5 U= &4 (top-5 acc.”7[& +10% O|&)

— 104 O| & X|EHEUE Hs AN E CHHO| ol A

- 3ol Model Top-1 (val) | Top-5 (val)
ok =11 M [ [ SIFT+ FVs[7] | — —
" o " Al 1 CNN 40.7% 182%
" \ e R = 7 2048 \ / 20as \flense 5 CNNs 38.1% 16.4%
. \ A, \ - \ B 1 CNN* 39.0% 16.6%
Nl E oy —— AT 7 CNNs* 36.7% 15.4%
. *1 ) &13 2 '-:'."-]3'3-'_1- 1H --“-_3 dense | [dense ¥ ) .
27 EI e 4 1 \ Table 2: Comparison of error rates on ILSVRC-2012 validation and
\ £ I _ _ — Looo test sets. In italics are best results achieved by others. Models with an
Max | " pooling ¥ 7048 asterisk* were “pre-trained” to classify the entire ImageNet 2011 Fall
pooling pooling release. See Section 6 for details.

[1] A. Krizhevsky, |. Sutskever, and G. E. Hinton, “Imagenet classification with deep convolutional neural networks”,



DEVIEW

1.2 =2l3t Al A|Ch

Object detection in the Wild [1] Image Segmentation in the Wild [2]

i
-

AN .

O|0I Xl &XH: [1] https://towardsdatascience.com/using—tensorflow—object—detection—to—do—pixel-wise—classification—702bf2605182

OI0I Xl &=X: [2] https://towardsdatascience.com/review—yolov3—you—only—look—once—object—detection—eab75d7albab



https://towardsdatascience.com/using-tensorflow-object-detection-to-do-pixel-wise-classification-702bf2605182
https://towardsdatascience.com/review-yolov3-you-only-look-once-object-detection-eab75d7a1ba6
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2.0 BackboneO|2t = feature extractor

- Backbone (2%) o[zt? 2 HO|HA (ImageNet §)0| 7| st& & (pretrained) ©2'd
HEs I8

- Backbone 2 feature extractor (E%& F==7|) ¥ L|LC}:
- Backbone0] O|0|X|& YO M feature?t ==: Of2ff 122 ==

ol 7
L 224 x 224 x3 224 x 224 x 64

=l feature (&)= plot

g

: A * Outdoor-Man-Made
s gems “eens” oo Outdoor-Natural

» Qutdoor-Both
* |ndoor
Indoor+0utdoor-Man Made

e '- _'j . ” .\
{ . 'l

112 x 128 .

56[x 56 x 256 7 7 x 512

28 Xx 28 x 512
e 114 x 14 x 512 ” 1x1x1000
— =
‘ 4096—dim feature

(—) convolution+RelLU
“—{} max pooling
fully nected+RelU
| softmax

O|0IXl =H: https://neurohive.io/en/popular— 0|0l Xl &X: https://arxiv.org/pdf/1310.1531.pdf

networks/vagg16/

% 2012 B3k HY HEYT > € HY HEYI > Z HERT — €2y 29 > g 2y - og



https://arxiv.org/pdf/1310.1531.pdf
https://neurohive.io/en/popular-networks/vgg16/
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2.0 Transfer learningO|f? 34

- Backbone?l| feature= A|ZH 2 Z target taskO|A| E0|HE A|ZSI= 7| H
- Backbone?| weight Lt2}0|E =2 AL =Z 0| A7 (transfer) target task G| O] E{Of| A

=] A.
o) ‘Xl—
—/ H A 1
= ASHSE K -
- Ol = 1 O |_|' A E T
Oquab et al., - L : — —— — - — —— ——— Neural Networks, CVPR
Training images Source task abels
Convolutional layers Fully-connected layers African alepham
1: Feature Wall clock
learning o C1-C2-C3-CA-CS FCE [ FCT [ FC 8 g o -
ar -
6144-dim e | Green snake
\ | vector
T Yorkshire terrier
2 : Feature Transfer -
transfer parameters
3 : Claasifiar C1-C2-C3-C4-C5 [+ Fce [+ Fc7 FCa —* FCb —* -
learning 4096 or
£144-dim
9216-dim 4095 or vector
vector 6144-dim itor
Training images  slidi h — P Bapisticn )
| "6 patches o e
Target task on target task Target task labels

0 ] N = X ; https://www.cv—

ﬁ/ﬁf\lﬁ'\"‘f\v‘\"‘ 7\ VNV 0[\1 A /V\I‘\V\I\I’t‘\ /mr\n Iﬁb\ I f\ﬁl’l"\:l"\ﬂ f\v‘\A TI’I‘\V‘\(‘\‘F/‘\VV:V‘\N 0“1 A n\ II_)D NaVeal atvel o V'\A'F

‘FI‘\I IV'\AI‘\"‘:I\V‘\ 7~ V7N /f\v‘\l\lﬁ'\f\f\f\f\ﬁ


https://www.cv-foundation.org/openaccess/content_cvpr_2014/papers/Oquab_Learning_and_Transferring_2014_CVPR_paper.pdf
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2.0 FinetuningO|Zt? T
- Of2li2F €2 object detector (YOLO V1)= transfer learning= &5 Egf|o|d& M, 7=
Faote A=

layers st&5H7| {8 backbonel| weightE 1St O|A|SHA
finetuningO| 2t g L|Cf

Q@8 IOl YOLO V1

backbone fully fully X B times
X C times
................... necte g connected ) . ., " .
Input A
Imde : : %Q (X, ¥, w, h, obj scoreﬁ class probabilityﬁ
DarkNet

\ Architecture \ length: 5B+C
7x7x1024 4096 7x7x30

448x448x3

0|0 Xl &H: https://lilianweng.github.io/lii—log/2018/12/27/object—detection—part—4.html

% 20|19 5k 5 YEYD - g 8 HEYI - & HEY

- oY 28 > g 2d > gd

L



https://lilianweng.github.io/lil-log/2018/12/27/object-detection-part-4.html

2.0 FinetuningO|gt?

- Of2liet &2 object detector (SSD)= transfer learning=2 &0l E&f|0|dg [, =7}
layer2 St&5H7| 28 backbonel| weightE 185t O|M|SHA SEHSt= A4S
finetuningO| 2t g L|Cf

- backbone?| weight Lt2t0|H & JA780HX| il EG0|d ot= 8%k ROt 1 8%k
i SHer POl Single Shot Detector

conv1 to convb5 blocks
\ ¢ A \ backbone
Input : x 24 \
Image 6 conv
il N —
0 i Qconvil
\ 1x1x256
3x3x256
5x5x256
19x19x1024 19x19x1024  10x10x512
300%300%3 38x38x512 s el AL
VGG-16 Extra feature layers
Ol0I Xl &KX https://lilianweng.qgithub.io/lil-log/2018/12/27/object—detection—part—4.html
% 20/0 ¥3h 52 WEYI > 8 2 HEYT > g HERT — € Y 29 - g 2 - Do
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https://lilianweng.github.io/lil-log/2018/12/27/object-detection-part-4.html
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- o MHA20 BEYd 2E
- Pretrained backbone
finetuning=

=2t 2 5l Al target task?l| G|O|E{ A0 St&5dt= A0
2 L|Cf

1|0

il

00

oF

e

ry
S

. detection AH|AE EHeld ZE2Z A8 oFCHH)
 Hlo|E{2 7+ 2 0|2 b

[0
N
E
ilp,

0X

- 20| O|2{%t target taskM| M2 Hs2 &ESt=0 5% Olfv= A,

- —

- O 2 H|0|HE 0| 8%l EH2{d 2ES pretraining 2 X| {F - H|O[EH 4! O|t
- O EHelE E2= MM O{EA EO]E 2A| - Hd 22 OE & ot Of+r
S

- Pretrained backbone ZE!o| A

O
-2t IPFOIA Edjjo|Y MHE HUs

O

O| AOtL} O LHX| - backbonel| A< 0|4
& - EZOld ME O|FF

*

- 2| HH=2 FOo| A =2|AEL Lt (target taskZ object detections 0| £ =4 &L T}
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4 ImageNet-1k (or 5k), Openimage
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2.2 2 O|O]E] AU7?: ImageNet 2015

- ImageNet-1k (2EtH o 2 =2|= ImageNet, http://www.image-net.org):
- 22 Q| 40|l TmageNet-22k (H|O|E 7H%=: 14,197,122) 2| subset & L|L}.
- O|O[H A& <19
- Training set: ImageNet-1k (class 7i5=: 1k7li, 1,281,1677~=1M7li2| Eg||0|'d 0|O|X])
- Validation set: ImageNet-1k (50,0007} valdiation G| O|E{)
- Test set: Oj A ImageNet Ci2| - ImageNet Large Scale Visual Recognition Challenge
(ILSVRC) Of| A =74

Ol0I Xl &X: hitp://www.image—net.org



http://www.image-net.org/index
http://www.image-net.org/index
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2.2 2 O|O|E{ Al?: ImageNet 2015

IMZAGENE T Large Scale Visual Recognition Challenge 2017 (ILSVRC2017)

- ILSVRC: Oi2 ImageNet-1k H|O|E{E &3l =X 214l/HB= 5= AF= challenge

- OFX]2} ImageNet CHZ| (ILSVRC 2017)2| ™ A:
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2.2 2 O|O]E] AU7?: ImageNet 2015

- ImageNet-1k2|0| = ImageNet-5k H|O[E{AlO] JU&L|LCk

- Openlmage OO Al (VEHHO| Lt 10 x| Z0f EEZ7| A|ZFSE O] O] B All)

- Instagram IO A (ECCV 20180 & X|B, (5| Ol=57 HO[EHA)
- 59| O|=50|A = ImageNet-1k7} 7t EHA, LHIX O = G| ARSE L[C}

- Olf= d¥HLE EEChs A0 X R, 13 2o d4t 2ar=0] ASL Lt
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2.2 2 O|O|Ef All?: ImageNet 2015

- AEE =& 1t

— Huh et al., What makes ImageNet good for transfer learning?, arxiv 2017
— ImageNetO| Al 1) classZ2 2 B2 O|0|X[ = 255, 2) H2 class E WA EO]d 2+
D E0| transfer learning0| & =ICt= Z4}:

z 2 0
> 0.6 —2 0635 5 06 06
N . o wn / . W
od L o <
2 05 = 05 & g 03 0.5 o
S 5 % 5
E‘E.P 0.4 042 B Lo 04 &
= 0.2 -8~ PASCAL - Action Recognition 0.2 E s 0.2 -8~ PASCAL - Action Recognition 0.2 E
] . . . . U

E —a— |magENEt - Classification ,::E E 0.1 i |magemet - Classification 0.1 E‘E
A 0.1 01 & & =
L v 0 o,
i 0 200 400 600 800 1000 = U 0 200 400 600 800 1000 =

Number of Pretraining Images Per ImageNet Class Number of Pretraining ImageNet Classes

0|0l Xl &XH: https://arxiv.org/pdf/1608.08614.pdf



https://arxiv.org/pdf/1608.08614.pdf

2.2 2 4|O|E| Al?: ImageNet
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- AEE =1 2:
— Recht et al., Do ImageNet Classifiers Generalize to ImageNet?, ICML 2019
— ImageNetO| Al £2 A5 (Orig. Accuracy)= EO|l& RE2 E =20A BFE ImageNetd}
SArel
AH E” ImageNet Top-1
Orig. New
Rank Model Orig. Accuracy New Accuracy| Gap Rank A Rank
1 pnasnet_large_tf 82.9 [82.5,83.2] 72.2[71.3,73.1]] 10.7 3 -2
4 nasnetalarge 82.5 [82.2, 82.8] T72.2 |71.3,73.1]| 10.3 1 3
21 resnet152 78.3 [77.9,78.7] 67.0 [66.1, 67.9]|] 11.3 21 0
23 inception_v3_tf 78.0 [77.6, 78.3]  66.1 |[65.1,67.0]| 11.9 24 -1
30 densenet161 77.1 [76.8, 77.5] 65.3 [64.4,66.2]| 11.8 30 0
43 wvggl9_bn 74.2 [73.8, 74.6]  61.9 [60.9, 62.8]| 12.3 44 -1
64 alexnet 06.5 [56.1, 57.0] 44.0 [43.0, 45.0]] 12.5 64 0
65 fv_64k 35.1 [34.7, 35.5]  24.1 [23.2, 24.9]| 11.0 65 0

T =X https://arxiv.org/pdf/1902.10811.pdf



https://arxiv.org/pdf/1902.10811.pdf
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1.2 Uolegsl ==

v

?. =2 G0 E o { ResNet—-50, MobileNetV1, -

(evaluation)

4. =2 HOIHHAC] ots (finetuning)

IOIEAAIUHIA 8= (evaluation)
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2.3 D& MEh

NASNet-A-Large
e Wy Hl S B = ro) =
O‘lEE' I:IE-l C)I E = = l*-lE—Il-IOH*-l — I:-”O‘E-l A-”O-”*-l Cl||'|=| OEI-A‘ — SE-ResNeXt-101(32x4d) A
nception-ResNet-v
5l OF LY 01 SERMHODO s g a0
O = sNet- 10 @ 152 '\ ResNext- X
SE- ResNet'Q ?ni:;l:n i/::hm 101(32&::3:'{11:; . o
~ Ol =2 HIOIE{ Al O MEHCC|OACFOT penseNet-201@) WenseNe sNet-101 ResNet-152
|mageNet ‘ — -” ‘ -l A—E L _IE‘ AA |- L 9. ‘RGSN;.;sécaﬁe-ReSNeH01 i
Y pretrained 22 (ImageNet0f| &H&E &) BT . GER
L — < ® NASNet-A-Mobile r |
— ®  @ResNet-34 VGG-13_BN
@ = > BN-Inception -
O] Z0| SHE[M A B 2 HENSIH EL|CH P A
O
O X 7 A
:?: 3 ot b?:ets N:MB ' o (&
N B obileNet-v v -
% 7 ImageNet HE 37|2| H|O|E{AI0] E2{0] 124
1 I . eine
MRS 2 4/8GPU = Eg[0]'d A[0]] ) GoogLeNet )
P //
5|2 3~7% AI2H0] AQEILICHGPU 450 ©|) 1ot A A g
queezeiet-vi.
‘o SqueezeNet-v1.0
‘NexNet
55 | || 1 |
0 5 10 15 20 25
Operations [G-FLOPs]

Y 2E=2] ImageNet & Bl 12
O|O0|X| &X: https://arxiv.org/pdf/1810.00736.pdf



https://arxiv.org/pdf/1810.00736.pdf
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L~ 1

=] model-zoo (EE=2| 5= Er5L|C}H):
£ deployZ 2[dli TensorFlow, PyTorch, Mxnets3|A modelS 20t=2

Pre-trained Models

TORCHVISION.MODELS

The models subpackage contains definitions of models for addressing different tasks, including: image classification, pixelwise t
semantic segmentation, object detection, instance segmentation, person keypoint detection and video classification. t

Classification

The models subpackage contains definitions for the following model architectures for image classification:

ot=- model-zoo

been trained on the ILSVRC-2012-CLS image classification dataset.

DEVIEW
2019

10| X|& &7H:

Neural nets work best when they have many parameters, making them powerful function approximators. However, this
means they must be trained on very large datasets. Because training models from scratch can be a very computationally
intensive process requiring days or even weeks, we provide various pre-trained models, as listed below. These CNNs have

In the table below, we list each model, the corresponding TensorFlow model file, the link to the model checkpoint, and the
top 1 and top 5 accuracy (on the imagenet test set). Note that the VGG and ResNet V1 parameters have been converted

from their original caffe formats (here and here), whereas the Inception and ResNet V2 parameters have been trained

internally at Google. Also be aware that these accuracies were computed by evaluating using a single image crop. Some
academic papers report higher accuracy by using multiple crops at multiple scales.

» AlexNet
« VGG
e ResNet Model
* SqueezeNet .
Inception V1
» DenseNet
) Inception V2
= Inception v3
« GoogleNet Inception V3
o ShuffleNet v2 Inception V4
» MobileNet v2 Inception-ResNet-v2
* ResNext ResNet V1 50
* \Wide ResNet
ResNet V1101
* MNASNet
ResNet V1152
You can construct a model with random weights by calling its constructor: ResNet V2 50"

PyTorch2| model-zoo

TF-Slim
File

Code
Code
Code
Code
Code
Code
Code
Code

Code

Checkpoint

inception_v1_2016_08_28.tar.gz
inception_v2_2016_08_28.tar.gz
inception_v3_2016_08_28.tar.gz
inception_v4_2016_09_09.tar.gz
inception_resnet_v2_2016_08_30.tar.gz
resnet_v1_50_2016_08_28.targz
resnet_v1.101_2016_08_28.tar.gz
resnet_v1.152_2016_08_28.tar.gz

resnet_v2_50_2017 04 14.tar.gz

Top-1
Accuracy

69.8
73.9
78.0
80.2
80.4
75.2
76.4
76.8

75.6

Tensorflow2| model-zoo

Top-5
Accuracy

89.6
91.8
93.9
95.2
95.3
92.2
92.9
93.2

92.8
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- ImageNet Gi|O|E{7} Ot CHE 2 C[O[E0]| Hl'd RES sfaots & M
- Ol = ImageNet g5 2|22 £2 Eol's EEa IHoM Ar8ot= A0| Z5LILh
= ResNet50, VGG1652| 225 1Bt O|= AtEctz 2 H|O|H0| E2||0|'d ot= 20| S5LICtH

- S| ol what 20| ZESH S b 4 USLICH(HSIE AP = 2PH0| Mz2 2Ol 21)
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MEZ 2ENE A

- O|0f HHEEl B 2'd 25 &4 g1l Bels 2ES _tL=.Z|l NEeHCH

- 1) A8 2 0|y Mo &= =2 22 (da/5: 5T) 2 B4 2A4/981 (BE 2" 28)

- 2) J2|1 sk didHof| 2t A0 3A| XHo| (HEE J|F O 2 3~5% O|AN) LA £[2] IhEo0f
ot 'S HASHH XAt AT

- 3) X2t 2 ds= 71 220t W 2 F2 50| LIe=X| =201 (OtL|2fH 1)2 SO0LIC})

- = talky|A] HAle 22 EE2 0|12 22 =& (= ") 0] =
o x

> S REl=s 2= d5 =2 B2 2AH/78 + EOo|d A Z

1 = = 11 -
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1.2 Uolegsl ==

=t (evaluation)

4. =2 HOIHHAC] ots (finetuning)

IOIEAAIUHIA 8= (evaluation)




2.4 Backbonel| 9

- Pretrained backbone?| ‘8
Tlf—'lgr O o (2§§ :I-EI'IE jéll'—jl:—

h

ZkE
(=

24
of=

Q)

St backbone=
+X| & O| 72

= ImageNet G| O & Al

)

A8 ol OF

Top-1 accuracy [%]
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0|0|X| =X{: https://arxiv.org/pdf/1810.00736.pdf

NASNet-A-Large
SE- ResNeXl -101(32x4d)
80 lmeptlon ResNet-v2 8 o
a g
SE-ResNeXt-50(32x4d) Xceptlon IPathNet 9 PathNet-131
SE- ResNet esNet-152 eXt 101(64x4d)
SE-ResNet0 _ Inception-v3 Xt 101(32" esNet-152
DenseNet-201@) seNet-161 sNet 101 ResNet 152
®  Oresnet-s0 Qcaﬁe"‘%“e"w‘ VGG-19_BN
75 - rendsisieid o DenseNet-169 VGG-16_BN
DenseNet-121
.NASNet -Mobile
BN- Inceptlon @ ResNet-34 VGG-13_BN
® MobileNet-v2 VGG-11_BN
VGG-19
70 - o .ResNeMs VGO.16
MobileNet-v1
® ShuffleNet
.GoogLeNet
/ /
/S P
&3/ /
M 5M 10M S50M 75M 100M 150M
SqueezeNet-v1.1
‘o SqueezeNet-v1.0
‘ AlexNet
55 v : : '
0 5 10 15 20 25
Operations [G-FLOPs]
Cll = |_
Q0 RHEIE0| ImageNet A5 H|w J2fm


https://arxiv.org/pdf/1810.00736.pdf

2.4 Z4Est 59| Backboneo]| #5104

- Q) 4™ ¢l backbone=

Ar& ol Ofot= M| X O] 72

DEVIEW
2019

- — Kornblith et al., Do Better ImageNet Models Transfer Better?, CVPR 2019

—~ Logistic Regression Fine-Tuned

_UD} 1.6 /. 2.3 /.
8 Inception-ResNet v2 Inception v4

o 1.0 292 S 5
; ) ¢ ? o o

> 1.4 T MobileNet v1 2.1} MobileNet vi

© )

S 13 \NASNet Large , e \NASNet Large
) [ ]

< ResNet-50 ! ResNet-50

s 1.2 '3 19 1 °

W

-

©

|_

72
ImageNet Top-1 Accuracy (%) ImageNet Top-1 Accuracy (%)

= JF Target task? &= Hld

— Backbonel| &

/6 78 80 2 74 76 78 80

0|0 Xl &XH: https://arxiv.org/abs/1805.08974



https://arxiv.org/abs/1805.08974

2.4

Lot 452 Backboneof| 2510

- Q) &gt backbone& A8 dljOfst= M| A O] 72
Object detection2 0|2 =M™
Libra RCNN £

Ol2§+= Faster RCNN,

A1} (Libra R-CNN (CVPR 2019) =&0A{ &

Faster R-CNN* ResNet-50-FPN . 58.5 389 21.0 389 453
Faster R-CNN* ResNet-101-FPN . 60.9 42.1 226 424 485
Faster R-CNN* ResNet-101-FPN . 61.3 434 22.1 43.1 50.3
Faster R-CNN* ResNeXt-101-FPN . 63.9 459 250 453 523
RetinaNet* ResNet-50-FPN . 55.3 3866 200 39.0 451
Libra R-CNN (ours) ResNet-50-FPN . 59.9 420 225 41.1 48.7
Libra R-CNN (ours) ResNet-101-FPN . 61.3 439 229 431 51.0
Libra R-CNN (ours) ResNet-101-FPN . 62.1 4477 234 437 525
Libra R-CNN (ours) ResNeXt-101-FPN . 64.0 470 253 456 546
Libra RetinaNet (ours) ResNet-50-FPN . 56.9 405 21.2 409 477

—

—

ResNet—50—-FPN<

29Y ImageNet A= X010 1~2% & & L™ target task & =X}0| & 2~3%0]| At

ResNet—101-FPN<ResNeXt—101-FPN =2 & backbone 80| &

23
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2.4 2245t Mi=90| Backbone0j| 25104

DEVIEW

*x 2122 Q=22 column - As0| LHE 5 229 visualization Z2 10}

> 29 2F ImageNet classification &= X0l JF 1~2%
A D, COCO2017 detection &= XHO0l& 2~3%
— _]2fLt & Ml detection Z21t= 1< X0|JF 2LICH
(HIgD], AtE, = O & 2| AI&E)

0|0 Xl =AH: https://arxiv.org/pdf/1701.06659.pdf



https://arxiv.org/pdf/1701.06659.pdf

2.4 223t 4 59| Backboneo| 2510

- Q) &gt backboneE A& ol Ofst= M| & 0|72
k=

0|0 Xl =AH: https://arxiv.org/pdf/1701.06659.pdf
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*x 2122 Q=22 column - As0| LHE 5 229 visualization Z2 10}

g8

C

—
~\J

ImageNet classification

p—

SO UL, COCO2017 detectior
2L} & K| detection Z1t= S

I, AtE, = O & ZJ| Al

a5 XO[IF 1~2%

= K0l 2~3%
X0l =LICH

J;I-él-)


https://arxiv.org/pdf/1701.06659.pdf

2.4 2t 452| Backboneo]| 2510

- Q) 23t backbones 7liZ oljOFst= M| A O] 72

0|0 Xl =AH: https://arxiv.org/pdf/1701.06659.pdf

DEVIEW

x 212 Q=2 column - A=0| e 5 22 9] visualization £ 1t

> B4 ZF ImageNet ¢

A UL, COCO20°

assification &= Xt0[J} 4~5%
/ detection A= XI0|&= 6~7%J}


https://arxiv.org/pdf/1701.06659.pdf
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| dropout |
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WideResNet (arXiv 2016) @ basic () bortleneck © basic-vide
ResNet+ Inception (Inception V4, arXiv 20 ﬁf-‘;ezf:t: I oupe Tﬁf: .
Multi-ResNet (arXiv 2017) _l_ f
ResNext (ResNet-V3, CVPR 2017) N ENCEN AN
PolyNet (CVPR 2017) o e &

. - ot Cinput nput | nput | '
Py I‘a m |d N et (CVPRZO 1 Y, _ @poly-2 (b) poly-2  (¢) mpoly-2 () 2-way o
Xception (CVPR 2017) s 2564
DenseNet (arXiv 2016, 2017(v2)) %\ 256, 1x1, 64
PN s s [55] (5] (5] 35 5= o 30,61
SE-Net WMLAL-WLI - e 25

=
AmoebalNet —t
NasNet ot
0 Dense Block 1 o Dense Block 2 0

PNas-Net MP%—F w --%—-E—- yg _,..%_..

Bupog

256-d in

256, 1x1, 4 256, 121, 4 |50 32
* +* paths

4, 3x3. 4 4,333, 4 news
* *

4, 1x1, 256 4, 1x1, 256

256, 1x1, 4

*

4, 3x3,. 4

*

4, 1x1, 256

Dense Block 3

=

256-d out

Bupog

Baurn

Prediction

‘horse”
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- 2 fY G B2 BHOMN ZEe REE HoiZ 1) $2% operator?t T
P e=g = I,
— (depthwise) separable convolution@| 7§ & (MobileNetV1l =20A & S7ZH)
— AMO| S &M E Hluwdl EH parameter =7t (b)7 535 HE&L|LC}:
- (@) regular conv.: 27 = 3x3x3x1
- (b) separable conv.: 12 = 3x3 + 1x1x3x1 (depthwise conv.2} pointwise conv.

2t 2t A A @é- / @é_@/
=

R —— U

(a) regular convolution (b) depthwise separable convolution

0|0|X| =X : https://ai—diary—by—znreza.com/object—detection—with—single—shot—multibox—detector



https://ai-diary-by-znreza.com/object-detection-with-single-shot-multibox-detector

— SqueezeNet,

— MobileNetV1, MobileNetV2, MobileNetV3 < depthwise conv. Af
— ShuffleNetV1, ShuffleNetV2 < depthwise cor
— MNasNet, FBNet,

\/ / \/ \/ /

(a) regular convolution (b) depthwise separable convolution

0|0|X| =X : https://ai—diary—by—znreza.com/object—detection—with—single—shot—multibox—detector

Net, EfficientNet = f — dep?wisy. AL
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https://ai-diary-by-znreza.com/object-detection-with-single-shot-multibox-detector

DEVIEW

3.1 2|41 JhH2 PHSO| Ms A

- =22 & 2t ImageNetd| EBfO|Y A|AE 2|ZEE 452 7| & X| &&L[Ct
0l) MobileNetV2x1.0 2 &, ShuffleNetV2x1.4 59| & &

- Ol l: ol =2=0AM 58 ME8== 710K BR7| M=

- 0]92: CH9 GPU (4] 7H)2 shelof WA Eajold 17| &l 97| e




3.1 2|2 I RHES M5 xHg osyew

- =22 % M2} ImageNetd] EFO|Y A|HE B|EEE M52 7| £1X] %SL|Ct
0l) MobileNetV2x1.0 2 &, ShuffleNetV2x1.4 59| & &

=2 7Sk 7] 20 2| baseline=2)
U= OFE EfOld ME= HOtH2 2 S| &
=

X E3|0|d MIE! - optimizer &7, learning rate 2}, weight decay 2f, epoch =,
learning rate scheduling &',
data augmentation ¥/ H =, 7|Ef reqularizer &/

O|0|X| =X: https://livebook.manning.com/book/deep—learning—
and—the—game—of—go/chapter—5/139



https://livebook.manning.com/book/deep-learning-and-the-game-of-go/chapter-5/139

DEVIEW

3.2 5738 RE=2| finetuning ‘3 0|+

- &9l ImageNet 452 £2LY, finetuning 80| A3 £X| UL L|Ct:
— 0f|) MobileNetV2, MobileNetV3, MNasNet

Backbone Latency (ms) | Params (M) MAdds (B)
Vi 228 5.1 1.3
V2 162 4.3 0.80
MnasNet 174 4 88 0.84
V3 137 497 0.62
V3i 119 3.22 0.51

X https://arxiv.org/pdf/1905.02244. pdf

ik



https://arxiv.org/pdf/1905.02244.pdf
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- AMH MH|A0| backboneES HE3}7| T\oHM D SOFY 24

- & backbone?| H& 1t finetuning & s taske| M

- &2 & flops (operatorg2| & A2 Off £ =7} H|2|5t=7}?

- B4 37| ZE oi2f0]H =2 220 M2} training 2= test A| GPU M 22| S
S OFLt

X 29, & ot serving™ batchsize0f| &2 FLICtH
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- M AMH| A0 backboneE2 EHE6}7| T\oHM o{oFe R4

- A5 backbone?| =1t finetuning & S taskl| Hs

- £ & flops (operator£2| T H4tE) of £ =7t H|2|5H=7F?

- D8 37| 2@ m2t0| g £=of 220 2} training £ test A| GPU | 22| &
A 0OpLY

—

HeaX| 4™, = st serving™ batchsizelf| &S &L Lt

- Q) 450| = £2 backbone 2 H5}H &| =712
(A) YES, Tt Flops + It2t0|EH 4= ALO|= CHA|M 2 H|HSIEZ 0|0 2t XA st
backbone 41EH

n




DEVIEW

3.3 AlY| MH|A O] - &2 =0 A3

L
- AF MH| A0 backbonegS M -&9}7] TIOHH 1 2ofofgh @A
- M5 backbonel| d&1t finetuning & ol Y taske| M&

- £ & flops (operator=2| & Y4tE) O S=7t Hl2|ot=7t?

- 22 37| 23 opt0fE 2 2 0f M2t training S£= test Al GPU B 22| S
2 OFLt
—

g0 =+
> o>
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3.3 AH| MH|A 0|2 - £ A0

1

- Q) 29| FlopO| XS £ & Walx|=7}?
A) A S = d|dotL) | IZX| = = LCH (OF2f o &):
- ConcatenationO|L} depthwise-conve< S Z0| W2}, StEQI0{0f et £ =7t CHE
- Flops2 00|L} M K| &£ =7} =2l Reshape, AveragePool, Upsample S 2]
operators =Xj:

+ T, GPUOIA= & #3414 O|f+ 2 reqular convolution=2 2= A 0| depthwise convolutionO|L}

L

group convolution= A= AELCH 2W S L Cf
+ 12 M ResNeXt (ResNetV3) Lt MobileNetV27t GPUOI| Al FLOPs CHH| = &!L|C}
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Q) 2Z2| Flop0| X2 ™ £ & BoHX| =712
A) DHAEL = "|gotLr &5 AZX| = e LT (Oref Ooff &F11):
- ConcatenationO|L} depthwise-conve< E31EZ0| W2}, SIEQIN Y| W2t S =7t CHE
- Flops2 00|Lt & X £ =7} =&l Reshape, AveragePool, Upsample S92
operators =X\ :

Complexity| Top-1| GPU Speed || ARM Speed

Model (MFLOPs) |err. (%] (Batches/sec.)|(Images/sec.)
ShuffleNet v2 0.5% (ours) 39.7 417 57.0
0.25 MobileNet v1 [13] 49.4 502 36.4
0.4 MobileNet v2 [14] (our impl.)” 43.4 333 33.2

00.1 301 33.6
43.2 347 56.8
08.6 366 39.7
44.9 384 52.9
45.1 183 31.5

0.15 MobileNet v2 [14] (our impl.)
ShuffleNet v1 0.5x (g=3) [15]
DenseNet 0.5x [6] (our impl.)
Xception 0.5% [12]| (our impl.)
IGCV2-0.25 [27]

H =X https://arxiv.org/pdf/1807.11164.pdf



https://arxiv.org/pdf/1807.11164.pdf
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L

- 2N MH[A0|| backbones& H-&9}7| #[oiA A25[ofe @A
- ’d5: Accuracy, precision/recalls
- £ Flops (operators2| & A4tE) O £ =7t Hl|ot=7t?
- DE 37| oo oiao| e 39t 22 0| W2} training EE= test A| GPU 22| 2
Z OfLf

il
10
uot
Ral
I
0
iy
—(.)—I'
T
<2
p
D
)
<.
D)
LQ
D'
Q)
—t
@
D)
0.
N
D
<2
08
09F
1[0
Itk
I
11

L 29 27| S8ts B
+ 2L 28 37|17} 3CkD 2
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I_O_I_

- ImageNet ds= 2L, ﬂnetunlng S50 JOAe =2 BOX|= =X
(0f]: MobileNetV3, MNasNet, MixNet)
- A} SOTAQ! CHEE2| 2 METJFNASE &0t RH-Z0|0 ImageNet 2/
= X Of
fitting =/ 2AE 2&
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- 24 =4
- 7|1 BESS X Ho =M= o ZoE X}
- ImageNet O[O[EHHI0A 7t & 7+ S0 SOTAS RO EX}
- CPU inference & 22 74 (T, 7HEE ZE2 GPUNME =2[X] 5L T}
- FinetuningO| Z &= 7+ & 742 (transferability = CH3 S &)
- NAS 2 20|Lt NetAdapt & method?| baseline 222 X|SS}HAt

b

A-Ij;” I:II-I:H.

- Flop -efficient®t £ ==2| feature =7 &0t Fe&F X 74
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DE x 7

_

- 7}’8: FinetuningO| & ¢t&|= O|f+= X[LIX|A flop-efficient ot =& B0 7| I &
(0]l : MobileNetV2, MobileNetV3, MNasNet)

Input
32
Input Operator t C n| s 6
2242 x 3 conv2d - 32 |12 D4
1122 x 32 bottleneck | 1| 16 |1 |1 24
1122 x 16 bottleneck | 6 | 24 | 2 | 2 32
562 x 24 bottleneck |6 | 32 |3 |2 32
282 x 32 bottleneck | 6 64 4 | 2 o2
142 x 64 bottleneck |6 | 96 | 3 |1 gj
142 x 96 bottleneck | 6 | 160 | 3 | 2 ol
72 x 160 bottleneck | 6 | 320 | 1 | 1 64
7% x 320 conv2d 1x1 | - | 1280 1 06
72 x 1280 | avgpool 7x7 | - - 1| - 96
1 x1x 1280 | conv2d 1x1 | - k - 96
160
160
MobileNetV2 layer 22X 2t SHHE 160

T =X: https://arxiv.org/pdf/1801.04381.pdf



https://arxiv.org/pdf/1801.04381.pdf
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- Ofzf w7t HkA OtO| JayerOf| Al feature =7t X|LIX[A EF2HAXNEH EQL|C
(HF=E M flop-efficient oA 2 A 5t 10 inputZ flops= &2 AR LICH

96
96

96

160
160

160




4.1 B2 24| detail

- 29 X I
0lEA RYS B ot

- EH™ 20|90 (output-side)l| feature =5 ZO\-T'— E =5t layer?| feature =

- B4 dr#H 2 6 M5| open-question 0|2
StLIC| MBS #1 ds2 = conJectureé S 3

iINnput

32

10

X

24

X

24

X

32

32

32

64

o4

64

o4

96

96

96
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DEVIEW

4.2 B M T2HA QO

1) 7|1& reproduction - A € S22 L|Ct
2) Hlu B2 = 8-S reproduction
3) M 23 A (2A/ELY Ol F/HAE BtS)
4l A ZE AlEOHA HHHZIH ds2 S8 LG
- ImageNet-1kO| O A2 = 212 H|O|H Al (0 cifar &)0i|A] BHA 2= SHEEL
4) 22 Ef0]'d B (training scheme) S7/X| M3t - X5 M E S S
5) BE HE AA - =7t Ego Est M= 3to+ o X|7F 9,1'; StO|SHL|C}

6) Finetuning 21 =

0x Ofr

|-LL
I
@)
8‘
D
@)
—t
Q.
M
—t
D
@)
Tt
@)
D)
2
i
p)
(D
(@)
-
(D
D)
—t
Q)
-
@)
D)
o\n
2
i
oo
OF
L®)
0x
olr
ot
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4.3 N BHO|| MQ1 Of7to| detail B
with Elastic

- MobileNetV1, V2 H|O|AZ 7| &

- Data augmentation2 ResNetdt =&

- SE-net AFE (7|& NAS 221 fair comparsion 2/siA) 56.56.256| CAT

+ FlopS EY 4 UKD 7HH L DHO|M ST} L2 S-S mama

Y
- Pooling®, Upsample®, 2= concate =222 HfY [T | |1
28. 56.56.64
- ELASTIC (OctConvE OFXHZFX|) B H ZEZBI%#H I_:}ﬂ
28.28.32 56.56.32

Up Sample
56.56.32

56.56.32

O|0I Xl &XH: https://arxiv.org/abs/1805.08974



https://arxiv.org/abs/1805.08974
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- Training M2 (MobileNet & 7|2 training M 2l0j| 55t3):
- Mixed precision (fp16 + fp32) A&
- Learning rate S training hyper parameters2| %X M & Z&™ E U
- Tensorflow 7|2 M|l 2l EMA (exponential moving average) s AfESIX| U S

- Test M| El:
tandard setting (256 resize & 224x224 center crop)
Fofl 20t ME = Huw REO| R& XE = H|W

!
N
Iy

]
IS
=
o
o
0)p)
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4.3 ImageNet 85 vs FHE EE

Model Top-1err | Top-5err Params Flops - Comparison wth heavy models e
Ours-large 22.36 6.16 3.99M 0.71G mee R";mzxﬁe%;‘w“““l-
Ours-small 22.96 6.80 3.76M 0.40G | v °

_ Jurs-large ResNetl101

VGG16BN 28.5 10.2 138.4M 15.5G 4 oot

VGG19BN 25.8 8.2 143.7M 19.7G E | ourssmal DenseNerz0l

ResNet50 239 7. 23.5M 416G g S

ResNet101 22.6 6.4 42 .5V 7.9G E !

ResNet152 21.7 59 00.2M 11.6G E

) &/GG19BN
InceptionV3 22.6 0.4 27.2NV 2.9G E‘ |
RsnNeXt101_32x4d 21.8 6.1 44.2M 8.0G -
ResNeXt101_64x4d 21 5.8 83.5M 15.6G - -
DenseNet169 24 7/ 14.2M 3.4G —..—1.50{]_. VGG16BN
DenseNet201 22.8 6.4 20.0M 4 4G e e
Flops (G)
Xception 21 5.5 229V 8.4G

— Top—1 err. (%): 20| Ot = &< class It E&l O|0IX|2] HIE > H=+5 £3
—Top—b5err. (%): D0l OI=et &9 CHHIHQ class = EEO0| 8l= O|0IX HIE > R= =5 £

— Params, flops: = learnable weight II2I0|E &=, =& HAL



4.3 ImageNet 85 vs 7IHE 2&

I
77.64

Comparison with light models

v

"Oury

v

.0)
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5-large

Model Top-1err | Top-5err Params Flops e Ours-small
Ours-large 22.36 6.16 3.99M 0.71G
Ours-small 22.96 6.80 3.76M 0.40G
MobileNetV1 29.4 10.5 4.2N 0.58G 88
MobileNetV?2 28.0 9.0 3.5M 0.33G > o MobileNetV3
MobileNetV3-Large 24.8 - 5 4M 022G -
CondenseNet 26.2 8.3 4.8V 0.53G oy
O 74.12
ShuffleNetV1 (2.0)  26.3 - 5.4V 0.52G E ShuffleNetV1 (2
ShuffleNetV2 27.4 - 3.5V 0.30G <
Pelee 27.4 9.4 2.8V 0.51G s
= o OhuffleNetVZ Pelee
o oMobileNetV2
2060 osMobileNetV1]
~ Top-1 err. (%): 20| GI=5t £ A9 class JF S2I 0I0IXIQ HIE > wSa=2 zg TP ®
— Top-b5err. (%): DL0| OI=e &9 Tt class & EE0] 8= OI0IX| > HE == £S5
— Params, flops: & learnable weight It2t0|IH ==, & A&



4.3 ImageNet ‘95 vs NAS BE=

Comparlsnn with NAS models /

27 640 L Ours-large
Model Top-1 err Top-5err Params Flops 4
Ours-large 22.36 6.16 3.99M 0.71G | o Ours-small
Ours-small 22.96 6.80 3.76M 0.40G '
NASNet_A 26 83 53|\/ 0566 N 70:505 1 .EﬁclcientNEt_BO
AmoebaNet-A 24.5 8 5.1M 0.56G > |
PNAS 25.8 8.1 5.1M 0.59G 5 e NetAn
DARTS 26.9 9 49N 0.60G P o THHSTE oAmoebaNet-A
FBNet-C 25.1 - 5.5M 0.38G E |
ProxylessNas 25.4 6.7 4.1M 0.32G 5 o FBNet-C e
(@) al ire-
RandWire-WS 25.3 7.8 5.6M 0.58G e . ProxylessNas ¢
MnasNet 26 8.2 4.2M 0.32G 4035 | o PNAS
MnasNetA2 24.4 7.3 4.8M 0.34G - eMnasNet o NASNet-A
EfficientNet-BO 23.7 0.8 5.3M 0.39G
73.100 | IDARTS
0.320 FI(];IJ:_}BS {G} 0.718

JJA

- Top—1 err. (%): 20| (|=ot XA class JF ¢! O|0IXI2 HIE > 258 £
— Top—5 err. (%): 20| AR CHAJHCl class = EY0| gi= 0|0lX Hlws > EH=2 =5 £

— Params, flops: = learnable weight II2I0|E &=, =& HAL

Jlh
rol



DEVIEW
2019

g 354
I B




5.1 Object detection & &1}

st M 2ug

SSD-lite2f= 7tH 2 detection 2=1F 28 Model arams

| ICHAL (OfEf= B E %Al SOTA RHE): Ours-large + SSD-lite 4.88M

- MobileNetV1 + SSD-lite oursrsmel R o

_ MobileNetV2 + SSD-lite MobileNetV1 + SSD-lite 5.1M

- MNasNet-A1 + SSD-lite MobileNetV2 + SSD-lite 4.3M

- MobileNetV3 + S5D-lite MobileNetV3 + SSD-lite 4.97M

- MixConv + SSD-lite MNasNet-A1 + SSD-lite 4.9M
F2| 22O d5- mAP (%) O =2 59| Z = Mobvismixcony + SsD-ite 5.22M
MobV2+mixconv + SSD-lite 4.49M

Flops
1.66G

1.02G

1.31G

0.79G

0.62G
0.84G
1.39G

0.88G

latency
32.3ms

31.7ms

30.8ms

31.4ms

DEVIEW
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Img. Res.
320x320

320x320

320x320

320x320

320x320
320x320
320x320

320x320



5.2 Scene text detection 88 &1

- Scene text detection (EIAE Z=) 0| A| SOTA 212 Aot /U= CRAFT

(CVPR 2019)

941v1 [cs.CV] 3 Apr 2019

Character Region Awareness for Text Detection

Youngmin Baek, Bado Lee, Dongyoon Han, Sangdoo Yun, and Hwalsuk Lee”
Clova Al Research, NAVER Corp.

{youngmin.baek, bado.lee, dongyoon.han, sangdoo.yun, hwalsuk.lee}@navercorp.com

Abstract

Scene text detection methods based on neural networks
have emerged recently and have shown promising results.
Previous methods trained with rigid word-level bounding
boxes exhibit limitations in representing the text region in
an arbitrary shape. In this paper, we propose a new scene
text detection method to effectively detect text area by ex-
ploring each character and affinity between characters. To
overcome the lack of individual character level annotations,
our proposed framework exploits both the given character-
level annotations for synthetic images and the estimated
character-level ground-truths for real images acquired by
the learned interim model. In order to estimate affinity be-
tween characters, the network is trained with the newly
proposed representation for affinity. Extensive experiments
on six benchmarks, including the TotalText and CTW-1500
datasets which contain highly curved texts in natural im-
ages, demonstrate that our character-level text detection

Horizontal

Curved

Arbitrary

(@)

Figure 1. Visualization of character-level detection using CRAFT.
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5.2 Scene text detection £

D EIO| packbone £&£&
classifier =& Z|C{ot 4

- m2tojE s

Model

CRAFT

CRAFT-lite

- EF AR 'i' D= legacy H (25.4% err.),
| Al

—>

il
A

Backbone ImageNet Top1 err (%) Hmean
VGG16BN 26.6% 91.5%
ReM1.2.p2 25.4% 91.0%

M (22.4% err.)= £2LC1H?
(= & 0| Off & &= LTt

oa| pEE ChKS
2Fol (CRAFT-lite)

1/9 =92 &0|11 Hmean2 1

params

20.8M

2.3M

Image
(hxwx3)

VGG16- BN

a1

Conv[Ix1x16]

Conv[3x3x16]

Conv[3x3x32]

Conv Stagel
(h/2xw/2x64)

Conv[3x3x32]

%{'H‘V Stagez
. X w/4x128)

Conv Stage3
(h/8 x w/8x256)

UpConv Block
(h/2xw/2x32)

Stage4

UpSample (2x)
UpConyv Block
(h/4xw/4x64)

Conv Stage4
(h/16xw/16x512)

?

UpSample (2x)
UpConv Block
(h/8xw/8x128)

Conv Stage5

| (W/32x w/32x512)

UpSample (2x)
UpConv Block
(h/16xw/16%x256)

v

Conv Stage6

| (W/32xw/32%512)

"
F Y

7S Stage3
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Region score
(h/2xw/2x1)

]

Affinity score
(h/2xw/2x1)

]

|

------------------------------

 UpConv Block
A Stage2 !

Batch norm

Conv[3x3xout_ch]

Batch norm

Conv[lx1x(out_chx2)]

A Stagel !

Ol0IXl =X https://arxiv.org/pdf/1904.01941.pdf
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Figure 2. Schematic illustration of our network architecture.
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- Code: https://github.com/clovaai/CutMix-PyTorch

CutMix: Regularization Strategy to Train Strong Classifiers
with Localizable Features

Sangdoo Yun!

Dongyoon Han!
Junsuk Choel-3

Seong Joon Oh?
Youngjoon Yoo!

Sanghyuk Chun'

1Clova AI Research, NAVER Corp.

2Clova Al Research, LINE Plus Corp.
*Yonsei University

Abstract

ResNet-50 Mixup [+©] Cutout [ ]

ResNet-50 Mixup Cutout

CutMix

Image

Regional dropout strategies have been proposed to en- Image

hance the performance of convolutional neural network

classifiers. They have proved to be effective for guiding

the model to attend on less discriminative parts of ob- Label Dog 1.0 Dog 0.5 Dog 1.0 Dog 0.6
jects (e.g. leg as opposed to head of a person), thereby Cat 0.5 Cat 04
letting the network generalize better and have better ob- ImageNet 76.3 77.4 77.1 78.6
ject localization capabilities. On the other hand, current Cls (%) (+0.0) (+1.1) (+0.8) (+2.3)
methods for regional dropout remove informative pixels on ImageNet 46.3 45.8 46.7 473
training images by overlaying a patch of either black pix- Loc (%) (+0.0) (-0.5) (+0.4) (+1.0)

nnt Adocivahlo ho_

0’(‘ Fat o vnn/]nm nn;(v) cllﬂl‘l rﬂmnnnl 1.(‘

Dog 0.5 Dog 0.6
Label Dog 1.0 Cat 0.5 Dog 1.0 Cat 0.4
ImageNet 76.3 77.4 7.1 78.4
Cls (%) (+0.0) (+1.1) (+0.8) (+2.1)
ImageNet 46.3 45.8 46.7 47.3
Loc (%) (+0.0) (-0.5) (+0.4) (+1.0)
Pascal VOC 75.6 13.9 19.1 76.7
Det (mAP) (+0.0) (-1.7) (-0.5) (+1.1)
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