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Presenter Notes
Presentation Notes
https://e2eml.school/convert_rgb_to_grayscale.html


Image Data - Y& H|0|E| vs. Grayscale 0]|0|X| vs. RGB 0|0|X|

Hh|0|E Grayscale O|0|X| RGB 0O|0O|%|

Passengerld | Survived | Pclass | Name Sex [Age |SibSp|Parch

1 0 3 Braund, Mr. Owen | e |220|1 0
Harris

Cumings, Mrs. John
2 1 1 Bradley (Florence female [ 38.0 | 1 0
Briggs Th...

Heikkinen, Miss.

3 1 3
Laina

female(26.0 |0 0

Futrelle, Mrs.
4 1 1 Jacques Heath (Lily |female|35.0|1 0
May Peel)

5 0 3 Allen, Mr. William male 3500 0
Henry

2X1# H|O|E 2K} Ci|O]E 3X+# H|O]H

https://www.kaggle.com/code/subinium/subinium-tutorial-titanic-beginner/notebook
https://www.flipkart.com/pintura-canvas-painting-uv-print-digital-lion-wooden-frame-art-best-gifting-exclusive-designs-high-quality-12-inch-x-
18/p/itm77568d659fbfb
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Image Data - Y& H|0|E| vs. Grayscale 0]|0|X| vs. RGB 0|0|X|

HHH(OlE Grayscale 0|0 X| RGB O|0|X|

Passengerld | Survived | Pclass | Name Sex |[Age |SibSp|Parch

Braund, Mr. Owen
Harris

1 0 3 male (22.0|1 0

Cumings, Mrs. John
2 1 1 Bradley (Florence female[38.0 |1 0
Briggs Th...

Heikkinen, Miss.

3 1 3
Laina

female|26.0(0 0

Futrelle, Mrs.
4 1 1 Jacgues Heath (Lily |female|35.0|1 0
May Peel)

Allen, Mr. William

5 0 3
Henry

male (35.0|0 0

2K Ho[H 3XHE ClIOIH 4X1E Ci|O]H

https://www.kaggle.com/code/subinium/subinium-tutorial-titanic-beginner/notebook
https://www.flipkart.com/pintura-canvas-painting-uv-print-digital-lion-wooden-frame-art-best-gifting-exclusive-designs-high-quality-12-inch-x-
18/p/itm77568d659fbfb1.2
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Dataset - Al Hub

Al@l-lub M ColE v el dlolE v ZR AR v HEXY v ANCHE v AT =10l LR

AIC[O|E|E R OALIR?

Al 2501 2ot CHefoh ol0|E{ S HZEuich
HotAl = 205 vl EM18.

QIEXS
&2 Go|E
> =3 M

Sy/melo]  [H|M 227

Hlo|g 21F SR T AR 31|
Clo|E| 483 lojE| 363

& 20201 "CIXE K2 AlR]0f 98 Q1B X|S SH&8 Ho|ES WRIHOR 0| =

=
=U 719, P4, JHQ! SOl AMIH L 2 =t oY | 022 ot5-8 HIOIHE S
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Dataset - PASCAL VOC, MS COCO, Google Open Images

o Open Image

‘ Pattern Ar:(3|y5i5_ Statistical Model ing and
Computational Learning

Common Objects in Context

nro 12| Object Detection I{7|X|= (2| H|O|E{ A2 JtX| 1 k&=l HEHZ HYE
< MINIST

% FashionMINIST

< BCCD

< KITTY

% PASCALVOC

< MS COCO

% Google Open Images

% Etc..
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Dataset - PASCAL Visual Objects Classes

.N PASCALZ2

Pattern Analysis, Statistical Modelling and
Computational Learning

‘u

=  PASCAL VOC Challenge(2005 ~ 2012)0{|A 20| H|O|E{Al
= PASCAL VOC 20072} 2012 H|O|E{Al0| HIX|OI3 |O[HAlC = Xt &8

» AP(Average Precision)= 7|8t =2 THHFAL XHEH
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PASCAL VOC - PASCAL Visual Objects Classes

20 classes

= 0|0|X| F2: 11k, O|0| K| BF QEME 4: 2 47}

= |oU Threshold: 0.5

- Hixj HIX|DI2 RO RT AL

= Annotation It: XML Z

= http://host.robots.ox.ac.uk/pascal/VOC/voc2012/
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info@cocodataset. org

People Dataset- Tasks- Evaluate-

News

- We are pleased to announce the COCO 2020 Detection, Keypoint, Panoptic, and
DensePose Challenges.
« The new rules and awards for this year challenges encourage innovative methods.

+ Results to be announced at the Joint COCO and LVIS Recognition ECCV workshop.

- i p motor scooter
What is COCO? Collaborators Sponsors “containe [ mok

'H A\ Tsung-Yi Lin Google Brain ® 1 000 bj t I

F k i bl Genevieve Patterson MSR, Trash TV $ CVDF ! object classes
COCO is a large-scale object detection,
segmentation, and captioning dataset

| LEVH
COCO has several features: vin CurGooale n Microsoft

Michael Maire TTI-Chicago

moto

Matteo R. Ronchi Caltech

(categories).

e |mages:
o 1.2 M train
©) Mighty Ai o 100k test.

o Object segmentation

o Recognition in context

o Superpixel stuff segmentation
& 330K images (>200K labeled)
« 1.5 million object instances
& 80 object categories

& 91 stuff categories h'::"y"""'::‘:: el
& captions per image - beach wagon gill fungus |ffordshire bullterrier [] indri
& 250,000 people with keypoints Piotr Dollar FAIR fire engine || dead-man's-fingers howler monkey

= 2014'F ImageNet, PASCAL VOC H|O|HAIS| =X = dliZot?| ?loH H|et
v O|0|X| 2F0]| Object?t 311, CHEE S0 /K|
v' O|DJX|E Object =7t HZ
= MS COCO= AMT(Amazon Mechanical Turk)2t= ¢! 7|8 4|0|E 221RE A4l ghA]
0|83 Mt H|82 =2 H|0|EHAlS A%

* AMTE &ofl 1&& =5A=0| HO|EAS 205 =& HE71 8ot
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(Image Classification)


Presenter Notes
Presentation Notes
https://wikidocs.net/36033


Image Classification - Classical ML vs. Deep Learning

Features

T 2
Im‘l

Feature

2 | AN

algorithm

Machine Learning

Image Classification

QEH}O[? ORI

& — & — 727 — I

Input Feature extraction Classification

Output

Deep Learning

&%

Input Feature extraction + Classification

https://freecontent.manning.com/the-computer-vision-pipeline-part-4-feature-extraction/
https://levity.ai/blog/difference-machine-learning-deep-learning

MULTIPHYSICS SYSTEMS DESIGN LAB.
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Presenter Notes
Presentation Notes
https://levity.ai/blog/difference-machine-learning-deep-learning


Image Classification - Classical ML vs. Deep Learning

Classic
Machine
Learning

Deep
Learning

NxN

Fi [z i) || cLassiFiER

ALGORITHM

Roundness of face
Dist between éyes SVH
Mame width * Bandam Farest ‘ Mark
Eve socket depth Maive Bayes
Chesk bone structure Decision Trees
Jaw line length Logistic Regression
—ate. Ensemble methods
MEURAL NETWORK

Hickien Layee 1 Higdlen Lasar 2 Hidden Layer 3
!'H' - X =

ol el o0 2l s

https://post.naver.com/viewer/postView.naver?volumeNo=32833704&memberNo=52806467
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Image Classification - Dense Layers

Dense Layer

Weighted
Sum  Activation

R |

JPEPEFTY

PPIEYPPIEIYIY) A!,EJAJ;A_‘,QJ..IJJJJJ B4 )

Fashion MNIST G|O|E{

M
i

—
— @ |
13 0.36 o7 =g @ -0

0.3

28'28=784

=)=

U
0.2 MHZE XHO|

U
i 0.2 1.4
: . (@) | o
2 & 0.36 0.9
L @

&

y

Xiao, Han, Kashif Rasul, and Roland Vollgraf. "Fashion-mnist: a novel image dataset for benchmarking machine learning algorithms." arXiv preprint
arxXiv:1708.07747 (2017).
https://gayathri-siva.medium.com/deep-learning-f52ae2ddef2
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Image Classification - Dense Layer issue #1

=2 CHArO| O|0|X| =2U0]| 9|X| =& Hi<f0| o[0|X| 3ol AXI5HX| &=

0]
o

https://www.tensorflow.org/datasets/api_docs/python/tfds/visualization/show_examples
https://hanzhaoml.github.io/courses/cs598-haz/lectures/presentation_11_05_3.pdf
https://github.com/RaghavPrabhu/Deep-Learning/tree/master/dogs_breed_classification
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Image Classification - Dense Layer Issue; Image Size

U S 24935 #1 2535 #2
X f @
X f @
Flatten 250M 7H2|
) Bilelelil )

G [0

> O|O|X|Q|ZPHAHE+EHFE2Weight?FER




Convolutional Neural Network - for Image Classification

Feature Extractor

(Feature Learning)

Input image Convolutional layers Fully connected layer Output class

A

e " N o T o

oY

Train

. Plane

. Ship

https://www.vision-systems.com/home/article/16736100/deep-learning-brings-a-new-dimension-to-machine-vision
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Ugy .
, Uy Neocognitron (1980)
UO : : E (AR L
VTN
Y SHIHD (it
AA\HIHIAHIE
' shared connections
) \ = spatial filtering
pg‘t?:rtn f = convolution
e;?ggtrizn pooling recognition
(S-cells) (C-cells) (classification)

Fukushima, Kunihiko, and Sei Miyake. "Neocognitron: A self-organizing neural network model for a mechanism of visual pattern recognition."

Competition and cooperation in neural nets. Springer, Berlin, Heidelberg, 1982. 267-285.

Image Maps LeNet-5 (1 989-1 998)

Input

Fully Connected

| .
N
Lo, \ —_
1NN o
£ L\,
U\
] N .
| NS
N
| nt
N
N
LN
| N\
HK ‘ :

Convolutions
Subsampling

Y. Lecun, L. Bottou, Y. Bengio and P. Haffner, "Gradient-based learning applied to document recognition," in Proceedings of the IEEE, vol. 86, no. 11,

pp. 2278-2324, Nov. 1998, doi: 10.1109/5.726791.

MULTIPHYSICS SYSTEMS DESIGN LAB.
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Convolutional Neural Network - AlexNet(2012)

backpropagation, stacked auto-
boltzmann machines convolution encoders GPU utilization dropout
= )

AlexNet (2012 '
( ) Geoff Hinton Yann Lecun Yoshua Bengio Andrew Ng Alex Krizhevsky
Google Facebook U. of Montreal Baidu Google
30 12
First CNN-based winner 152 yers 152 ayers] 152 ayers|
dense
16.4

73 '

6.7

_ | B B =

2010 2011 2012 2013 2014 2014 2015 2016 2017

Linetal Sanchez & | Krizhevskyetal| Zeiler&  Simonyan& Szegedyetal  Heetal Shaoetal  Huetal
Perronnin (AlexRet) Fergus  Zisserman VGG) (GoogleNet)  (ResNet) (SENet)

Output

Human
Russakovsky et al

Krizhevsky, Alex, llya Sutskever, and Geoffrey E. Hinton. "Imagenet classification with deep convolutional neural networks." Advances in neural
information processing systems 25 (2012).

@ MULTIPHYSICS SYSTEMS DESIGN LAB.
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Convolutional Neural Network - CNN Layer Et7{| Feature

Low-Level| |Mid-Level| |High-Level| | Trainable
Feature Feature Feature Classifier

https://www.cs.cmu.edu/~epxing/Class/10708-17/slides/lecture20-DL.pdf

MSDL 18
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Convolutional Neural Network(CNN) - H&| /2=

7 A e
= =

D — ] Fa Y e

o : %0 |* e
a
o

: N g
convolution + max pooling vec |9
[ nonlinearity o |

| {
convolution + pooling layers fully connected layers  Nx binary classification
Feature Extractor Classifier

(CNN + Activation + Polling &)

R/

% Classification0f Bt= Z|= 9| Feature =

% X[HO| Feature &2 2l E|H Welght7*71|M
<+ Z|H Feature =3 ?I°F HE|(EE Weight) af At

https://towardsdatascience.com/covolutional-neural-network-cb0883dd6529

MULTIPHYSICS SYSTEMS DESIGN LAB.

19



HEFH

(Convolution)


Presenter Notes
Presentation Notes
https://wikidocs.net/36033


® convolution - Image Filtering

&  Filters

Dramatic Drama m

ez N RN R e

MSDL
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Presenter Notes
Presentation Notes
https://blog.inkjetwholesale.com.au/wp-content/uploads/2016/07/instagram-for-your-business-filters.jpg
https://en.wikipedia.org/wiki/Neutral-density_filter#/media/File:Neutral_density_filter_demonstration.jpg
https://ios.gadgethacks.com/news/everything-you-need-know-about-ios-12s-new-camera-effects-for-messages-0186831/


Convolution - Image Filtering

MSDL 22
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Convolution - Image Filtering

111/

— | —

a (O] S B e |

Convolution operator,
Input f(x,y) not multiplication! Output g(x,y)

* Convolution is a spatial filtering. = ES

<-___\- - +* o g ey

&
*

- | M

o|o|Oo
no

M $(Filter)2 212 00| X|ofl XM 2.2 £2/0|5 (Convolution P4t) > ML Tz}

https://medium.com/@boelsmaxence/introduction-to-image-processing-filters-179607f9824a

MSDL 23
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Convolution - Operation

131|162 232 | 84 | 91 | 207

104 0 2371109 Image Kernel Products Sum of Products
243 0 +2 Koy 6 0 111 0 |-128| 64

185 0 61 | 205 255 X |-1]|4|-1|=]255512|160 = .
157| 124| & | 14 | 102|108 922 B e O el i

5 |155 ‘% 218|232 | 249

% 0|0|X|e| A&t ZZEH Sliding 8 A Convolution 14hE «=XHO 2 4~

https://pyimagesearch.com/2021/05/14/convolution-and-cross-correlation-in-neural-networks/

MSDL 24
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Convolution - Operation

Original image Filter Feature map

0 1 1""". :;.\. 0 -

00|11 1]0)0 s FPA T3 [ 1

ofofofrfij) 1 1]214{3]3 4
010[0|T74|0 |07 . —1112]3]4/[1

ofof1]1[0f0]|0O]"-. BRGHES - (1(3]|3]|1]1

0(11110]0(0(0 3|3|1]1]0

[ifofololofo mae o

I K IxK

https://laptrinhx.com/implementing-kernel-filter-convolutional-in-your-own-1511826395/
https://developer.nvidia.com/discover/convolution

MSDL 25
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Convolution - Kernel vs. Filter, Kernel Size

% ZH(Filter)=
7
> JHE HAEES E

A Ol©S
T™ AT

424 7H2e] H'D(Kernel) 2

SELHOIM M2 CHE

r2 b

https://theaisummer.com/medical-image-deep-learning/1.2

MULTIPHYSICS SYSTEMS DESIGN LAB.
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5x5

3x3

% Kernel IV |=HE 2t
s Kernel 22|7t HX|™ Featur
S

% S Kernel2 B2 ALHEI2 O2t0|H) 2
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Convolution - Kernel Size2} Receptive Field

1 yd
A
alrd
/ ///
L /~\/
L LA P
L L -
L
/:',—/ |
CHA )
e 1%
L /e;a
//\;a“

Receptive Field

= ¢ (Image E= Feature map)0llA] FeatureZ BtE= Q39| 7|2 37|

Input layer (1) 4 feature maps

l convolution layer | sub-sampling layer | convolution layer l sub-sampling layer | fully connected MLPI

MSDL 27
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Presenter Notes
Presentation Notes
https://www.researchgate.net/figure/The-receptive-field-of-each-convolution-layer-with-a-3-3-kernel-The-green-area-marks_fig4_316950618
http://incredible.ai/artificial-intelligence/2016/06/12/Convolutional-Neural-Networks-Part1/


Convolution - CNNOjJ|A Filter 2f0|=t?

Probability
< | Flower
= ‘—)'
:
X1 2 %2 |Cu

— g E SO HES

* & : 5* ‘ i > 3 £2 Car
" e ]
Filters ;| X3 E 2
light and dark g | simple shapes compleREEEs i : :

S :Asedlodeﬁneaﬂawer % gTree

" g

/‘ \‘ 5 _/ \’ G _j o :
Every feature map output is the ‘ ﬂ. T - . _/

result of applying a filter to the image |

The new feature map is the next input
ws ofthe network at a particular layer

FC  FC

Computer Vision®|A= AHEAF SH0f| &2 £ THE HISHH 0[0|X|0f HE => O|0|X| Het

Deep Learning CNNOj|A{ 2| TE{ZH?
S AR S TEIS Hesix] o

«Deep Learning Networki= SX0j 3= Filter 28 AAR SH&510] 2/ 242 &8

https://kr.mathworks.com/help/deeplearning/ug/introduction-to-convolutional-neural-networks.html

MSDL 28
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Convolution - Multi-filters

Filter 1

Y= O|0[X|= 3AH I

X 3K

Output

Tl TEE 3K

3x3x3 4x4

Filter =

4x4x2

4x4 https://indoml.com

< Filterz 3XtH¢
< CNNO|AM& 3K+ Filter 6{2] JHE 1 Feature MapOfl Mg

Filter M2 4=} &|241t £3 Feature map2| Xi'd 4= 2|

% Conv ¢ih= M8 Rlter2| X2 o~ === Feature Map2| M2 =
% Conv 2¢hS M &2t Flter®| O~ == =3 Feature Map2| X2 =

MSDL 29
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Convolution - One Filter Case

Input Kernel Input Kemnel Output
11 + 2x2 + 3x4 + 5x4 = 37
11213
112
4 15|6|*
01|22 ! 718189 56 | 72
b % | O] = + —
3|14|5 |-
! > (3 ol1]2 104 (120
678 01
314|5]|*
213
6178
3by3by2 2by2by2 OxO+ 1x1 +3x2+4x3 =19
Inputl| XE =~ = Filter2| X{'2 o~ =3 FeatureMap 37| =2x2x 1

https://stackoverflow.com/questions/62493987/how-do-filters-run-across-an-rgb-image-in-first-layer-of-a-cnn

MULTIPHYSICS SYSTEMS DESIGN LAB.
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Convolution - One Filter Case

= Feature Map

4X4X1
Result

B =01
* .+
o+
HHXHWJC TIC= 616]?3 https://indoml.com
2= FeatureMap=6x6x 3 3712 X2 =2
(3702l 2= 724) & 1902e] e

MSDL 31
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Convolution - One Filter Case

(1] 1] [+] 1] 1] 0 0 1] 1] 1] 0 0 0 0 1]
o 156 | 155 | 156 | 158 | 158 0 167 | 1e6 | 167 | 169 | 169 163 | 165 | 165
(] 153 | 154 | 157 | 159 | 159 0 1e4 | 165 | 168 | 170 | 170 164 | 166 | 166
0 149 | 151 | 155 | 158 | 159 0 160 | 162 | 166 | 169 | 170 1] 156 | 158 | 162 | 165 | 166
0 146 | 146 | 149 | 153 | 158 0 156 | 156 | 159 | 163 | 168 1] 155 | 155 | 158 | 162 | 167
0 145 | 143 | 143 | 148 | 158 0 155 | 153 | 153 | 158 | 168 4] 154 | 152 | 152 | 157 | 167
Input Channel #1 (Red) Input Channel #2 (Green) Input Channel #3 (Blue)
AL || =il | il 1l 0 0
0 ab || =5 || =i | =
0 al il 1 0| -1
Kernel Channel #1 Kernel Channel #2 Kernel Channel #3
QOutput
| | |
308 + —498 + 164 +1=-25
I
Bias=1

https://www.analyticsvidhya.com/blog/2021/05/convolutional-neural-networks-cnn/

MSDL 32
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Convolution - Multi-filters Case

27l2| Filter 242t= Input2t Conv H&
2702| 4 x 4 Output 444

Filter 1

Output

4x4

4x4x2

2702 JHE Filter= AM/H &l
4x4 Output= Stack g4lo 2
MOLM 4 x4 x 29 =3
Filter 2= 270 Feature Map A4
HE Filter&=29| xr |2 =ol

£3 Feature Map2| Ai'd &~ = ConvE X &%t Filter2| 7%=

http://indoml.com

MSDL 33
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Convolution - Multi-filters Case

Input (w/ padding) Kernel 0 Kernel 1 Output
Channel 0 Channel 0 Channel 0 Channel 0
oOofofjojo o0 1 o 1 -1 0 -1 31 2 0
Off 1 1 0 0 1 0| -1 0 0 - 4 1 0
Of 1 1 0 0 1) 1 0 -1 0 1 3 1 0
0 1 0 0 0 Channel 1 Channel 1 Channel 1
T = 1 1 -1 0 J 2 2
1) 0 -1 0 -1 0 4 0 B8
Ch el 1
offojojo 0O Ojf off O 1 0 1 1 2 1
’ 2 2 U/vg/chann Channel 2
O ol oAl a4 1 4
0 ,9’? 1
1 1 1 1 0
0 1 1 0
o off 1 11 1
0 0 0
ChEnnel 2
off of o 0 _
las 0 Bias 1
o 2 1 0 p 0
2| 2 0
0 2 0 2 0
0O 0 0O 0 0

https://stats.stackexchange.com/questions/154798/difference-between-kernel-and-filter-in-cnn



# Convolution - Multi-filters Case

% FilterQ| =2
»  Kernel?| 37|(Size)=?
% FilterQ| Channels=?

% =9 Feature Map2| Channel==?

https://developpaper.com/take-you-to-know-9-kinds-of-convolutional-neural-networks/

MSDL 35
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Presenter Notes
Presentation Notes
128, 3by3, 3, 128


Convolution - Stride

7x7 Y= volume 5x5 =3 Volume 7x7 &= Volume 3x3 =3 Volume

3x3 FilterE Stride 1(Default)2 X & A| 3x3 FilterE Stride 22 N2 A|

< Stride= ZE{7} 0|SSH= 2+
% Stride == 2 < Feature map2| 27|= &t
o StrideE 7|2M S50l Feature E4&  &4¥
o OlX|2t FQ FeatureE0| &

o Convolution ¢4t & kA

>
m c
rr
=
mjo
10
a
Of
A
&2
oo w

https://adeshpande3.github.io/A-Beginner%27s-Guide-To-Understanding-Convolutional-Neural-Networks-Part-2/

MSDL 36
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Convolution - Padding

Fiter Padding = Same
110 :
Stride X R
0 [05 Output
b |olo|o]o]o
05| 0 025|025
0| 1|0 |o5]/05]|0
0 |125| 05| 05
=lo|o]os[1]|0f0 —
@ 0 |05 ]|075| 15
Elo|o|[1|o5]1]0 §
o 05 |025]|125]| 1
0| 1/|o5[/05]1]0
0 0 0 0 0 0 e outDim = {(inpDim)/strideDim

< Feature Map2| £t2
X

Feature map AfO|

https://ayeshmanthaperera.medium.com/what-is-padding-in-cnns-71b21fb0dd7

MSDL 37
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Convolution - Padding

Kernel

1

-1

-1

[=PSEE XI:H(
> ZM2[ F

% Zero paddlng
S Meoj= 209

P



Convolution - Polling (Max. vs Average Polling)

Max Pooling Average Pooling 224x224x64
29 ' 31 112x112x64
0 0 , pool ‘
12 12 H_
12 12 "
A
2x2 l
pool size
, > e
36 224 downsampling !
; 112
12 224

e S GYOIM Ot 2 AU = BR UB TE
> 2X[2| H2}0f| (2 Feature 22| HEIE Y & T2
% Feature map?| AO|2E Z=%(Sub sampling = down sampling)

< YHIEHOZ Convolution & RelLU = Pooling =X 2 Mg

(@]
(@)
T

MSDL 39
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Presenter Notes
Presentation Notes
https://dsbook.tistory.com/79
https://ai.stackexchange.com/questions/17857/when-is-max-pooling-exactly-applied-in-convolutional-neural-networks


Convolution - Polling (Max. Polling)

< Feature Map2| 37| ZA = Computation H|At & SkAl
< Max. Pooling2 Sharpgt FeatureE &, Average Pooling2 Smooth?f FeatureE &=

% YYo= Max. Pooling0| 20| AtEE

https://mlInotebook.github.io/post/CNN1/

MSDL 40
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Pooling and Stride

0

0

0

0

0

ot

Feature Map 27|E £0|7| et &' =» Stride 37t vs Pooling A&
O

K| H2}0]| 2 Feature 2f2| Y LA (Spatial Invariance)
=> Overfitting Z4a

Pooling?| 3% 5% fI1X|2| feature?0] &4 El= Ol

1H LeNet, AlexNet, VGG2| B2= CNN(Stride/Padding) = Activation = Pooling 2| X2
HEXHIZE 714

A2 ML AD} Stride2 Feature Map 37|12 Z0|= 20| Pooling ELCH O LI AS SkAt

ResNet:2E 0|0{X|= £|Z CNN2 Z|CH$t Pooling2 XHA|, StrideE 0| 8% HIERA 11
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Feature Map

Dog(3 by 32 by 32)
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Test Accuracy: 83.4% in 10 classes
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Feature Map
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Feature Map

dog (dog)




Feature Map

dog (cat)
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Feature Map

airplane (airplane)
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(Convolutional Neural Network)
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Convolutional Neural Network(CNN) - H&| /2=
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: N g
convolution + max pooling vec |9
[ nonlinearity o |

| {
convolution + pooling layers fully connected layers  Nx binary classification
Feature Extractor Classifier

(CNN + Activation + Polling &)

R/

% Classification0f Bt= Z|= 9| Feature =

% X[HO| Feature &2 2l E|H Welght7*71|M
<+ Z|H Feature =3 ?I°F HE|(EE Weight) af At

https://towardsdatascience.com/covolutional-neural-network-cb0883dd6529
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Convolution Neural Network - T &4
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11x 11 3x3 5% 5 3x3
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http://deeplearning.net/tutorial/lenet.html



#/ CNN Architectures - Conventional CNN Models
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AlexNet : Krizhevsky, Alex, Ilya Sutskever, and Geoffrey E. Hinton. "Imagenet classification with deep convolutional neural networks." Advances in neural information processing systems 25 (2012).
ResNet : He, Kaiming, et al. "Deep residual learning for image recognition." Proceedings of the IEEE conference on computer vision and pattern recognition. 2016.
VGGNet : Simonyan, Karen, and Andrew Zisserman. "Very deep convolutional networks for large-scale image recognition." arXiv preprint arXiv:1409.1556 (2014).
GooLeNet : Szegedy, Christian, et al. "Going deeper with convolutions." Proceedings of the IEEE conference on computer vision and pattern recognition. 2015.
EfficientNet : Mingxing, Tan, and V. Efficientnet Le Quoc. "Rethinking model scaling for convolutional neural networks." arXiv preprint arXiv:1905.11946.
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Neocognitron(1980), LeNet-5(1989-1998)

% Neocognitron (1982)

v’ & 21|0|0{(convolution layer)2} CH2 A E2!

shared connections

= spatial filtering E‘”OlO‘I(dOWﬂ Samp“ng) nEI(pOO“ng) HIE-;' |X-I|*|E|:|I

= convolution

input
pattern

e;?raatgtrign pooling recognition
(S-cells) (C-cells) (classification)

Fukushima, Kunihiko, and Sei Miyake. "Neocognitron: A self-organizing neural network model for a mechanism of visual pattern recognition."
Competition and cooperation in neural nets. Springer, Berlin, Heidelberg, 1982. 267-285.

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

INPUT
6@26x28
a2 S2: f. maps C5: layer pg.
6@14x14 750 Y lg% layer quPUT

| Full coanection | Gaussian connections
Convolutions Subsampling Convolutions ~ Subsampling Full connection

% LeNet-5(1998) by Yann LeCun
o 19984 Yann LeCun
X

o O|OX| 2F & 214

AJHEl CNN OF7 &K
A E xR0 Hald 2 F oL, "Y™mH(back-

-1 1
propagation)"2 H&A|

Y. Lecun, L. Bottou, Y. Bengio and P. Haffner, "Gradient-based learning applied to document recognition," in Proceedings of the IEEE, vol. 86, no. 11,

pp. 2278-2324, Nov. 1998, doi: 10.1109/5.726791.
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AlexNet - Introduction

dense dens

1000

128 Max
Max 128 Max pooling
pooling pooling

204 2048

Figure 2: An illustration of the architecture of our CNN, explicitly showing the delineation of responsibilities
between the two GPUs. One GPU runs the layer-parts at the top of the figure while the other runs the layer-parts
at the bottom. The GPUs communicate only at certain layers. The network’s input is 150,528-dimensional, and
the number of neurons in the network’s remaining layers is given by 253,440-186,624—64,896-64,896—43,264—
4096-4096-1000.

AlexNet - 20124
% CHAE HIX|OF3Q1 ImageNet H|O|E MEOM RSt H& SFdt2 HAd

% LeNet H|=, SEX[ZFCNNZ2 2Lt O 2| A5 (572H Convolution, 37l Fully-connected &)

% RelLU &/dets, H|0|E S (Data Augmentation), Dropout M-8

Krizhevsky, Alex, llya Sutskever, and Geoffrey E. Hinton. "Imagenet classification with deep convolutional neural networks."
Advances in neural information processing systems 25 (2012): 1097-1105.
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VGGNet - Visual Geometry Group

224 x 224 x3 224 x 224 x 6d

112 128

VGG-16

[ e ey ey —y

"
"
=]
]
1%
”
=
=
Input
Conv 1-1
Conv 1-2
Pooing
Conv 2-1
Conv 2-2
Pooi
Conv 3-1
Conv 3-2
Pooing
Conv 5-1

Conv 3-3
Poo
Conv 4-1
Conv 4-2
Conv 4-3
Conv 5-2
Conv 5-3

5] convolution+ Rel.LT
nax |]UU];II“

f_J fully connected+RelLT
=] softmax

X/

< VGGNet(Oxford CH&t )2 20144 ImageNet Challenged|A| 22/(1%| - GoogLeNet)

% ImageNet Challenge0i|A| Top-5 HIAE H=tE 92.7%
% VGGNet-16
v' 13 Conv layers + 3 FC

v 138 Million Weights and 500MB of Storage Space in Total
v B34 VGGNet-19

Simonyan, K. and Zisserman, A., 2014. Very deep convolutional networks for large-scale image recognition. arXiv preprint arXiv:1409.1556.
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VGGNet - AlexNet 2|8

2 204 \dense
...'.':_-:_-., i = B =
" ﬁS mh 3] " T | 13 dense dense
1 192 192 128 Max n
Max 178 Max pooling 048
pooling pooling

% VGGNet O|H0f| LIZIH AlexNet2| BL0|l= HHI Conv layert| 11x11 ZEE ALE
% VGGNetQ| 715 2 EX|

v 3x3TEO ARSI T SESICH= A

m|o

HHE

rr
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VGGNet

X/

% Local Connectivity
v Receptive Field(RF)

v' KernelO| Convolution @i+tS it I 0|0[X|Q] BOtL} B2 HS +8F + U=7P?

MSDL 60

MULTIPHYSICS SYSTEMS DESIGN LAB.



Layer 1
. . Feature Map .
Input Image

Layer 2
Feature Map

Input Image

% Local Connectivity
v" Receptive Field(RF)
o Convolution Q42 palst 2Z RFIFH HEA

https://rubikscode.net/2021/11/15/receptive-field-arithmetic-for-convolutional-neural-networks/
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VGGNet - 7x7 TE| vs 3x3 TE| 3tHH Al

ReceptiveField

3x3 TEAH

R1 =k=3
R, = Ry+3—1= 3+2=5
R = Ry+3—1= 5+2=7

2 yvs3x3 HES 3H AR

v Conv QIAtQ| 2120t SOISH=0| AR SHE
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VGGNet - 5x5 ZE{ vs 3x3 TE 2H AL
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o k:filter size
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2HHT 2[00 2] Weight &~
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22| 24|0|0{2| Weight 2
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3EHT 24]0]0{2] Weight &=
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VGGNet - 5x5 ZE{ vs 3x3 TE 2H AL

5x5 EE{gHH 3x3 WEFH
= weightQ|= 75 36
Activation Function 1 2
R1 =k=3
Receptive Filed Ry =k = R, =R +3—1=3+2=5

< St Receptive Filed!
< WeightQ| 2= EO0{ECt > H|22| AFR 0| AT

% O B2 Activation Function2 E1/SHCF = H|MEA 0| STt
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VGGNet - Conclusions

[Ijel 21t

o

< 3x3 Convolution 14HS Of2f | AF23H
v Receptive FieldE £2|= 21t
v’ 2 AIO|XRQ| Kernel2 A3 I HL} Weight2| 4= Z0{EL}:
DI 2| At8EO0| & A2t

v 2E2 Activation FunctionE E1fotC}: H|MSA0| S0t
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# GoogLeNet (Inception v1)

Inception

(i3t
o>
o
s
y
wiondsou
)

% 20143 ILSVRC 13 23

>

% 225 +1E% Inception Module AR

% 22 Layers
v 9749] Inception Module(PHEZ{Q1 Layer= 10071 0]4})

v & 5 Million Weights

Szegedy, C,, Liu, W., Jia, Y., Sermanet, P., Reed, S., Anguelov, D., Erhan, D., Vanhoucke, V. and Rabinovich, A., 2015. Going deeper with convolutions.

In Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 1-9).
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GoogLeNet - Inception Module

Filter
Filter concatenation
concatenation
I _—/
3x3 5x5 1x1
1x1 i 3x3 L 5x5 convolutions ‘ 3x3 max pooling ‘ 1 7 T ¥
1x1 1x1 3x3 max pooling
Previous layer Previous layer
(a) Inception module, naive version (b) Inception module with dimension reductions

X/

% Split-transform-merge Strategy
v Cidet 30|12 BHE Aol et EFE ==
v 1x1, 3x3, 5x5 Kernels
% Bottleneck Structure
v 1x1 Conv: ZHE{Q| 37|71
v Dimensionality Reduction 22t 2=2Q| TE 37| EC} Conve| BH 7t &2 [Mf
2

H
ol 2 F0|1, MPUS TS W 2

A
™ M

o A

A=k
=

0jo

v H|H¥d(nonlinearity) 32t

Szegedy, C,, Liu, W., Jia, Y., Sermanet, P., Reed, S., Anguelov, D., Erhan, D., Vanhoucke, V. and Rabinovich, A., 2015. Going deeper with convolutions.
In Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 1-9).
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# GoogLeNet - Memory of Inception Module

Naive Inception

Inception with bottleneck structure

28 x 28 x (128+192+96+256) = 28 x 28 x 672
I
concat
28 x28x128 28x§x192 ZQZBX% Q(ZBXZ%
Conv Conv Conv Maxpool
1x1,128 3x3, 192 5x5, 96 3x3
Input
28 x 28 x 256

t
28 x 28 X (1284+192+96+64) = 28 x 28 x 480
concat
28 x28x 128 28 x28x 192 28 x 28 x 96 %8“34
e AN
Conv Conv Conv Conv
1x1, 128 3x3, 192 5x5, 96 1X1, 64
1 t t t
28 X 28 X 64 28 X 28 x 64 28 x 28 x 256
I I
Conv Conv Maxpool
1x1, 64 1x1, 64 3x3
Input
28 x 28 x 256

Szegedy, C,, Liu, W., Jia, Y., Sermanet, P., Reed, S., Anguelov, D., Erhan, D., Vanhoucke, V. and Rabinovich, A., 2015. Going deeper with convolutions.
In Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 1-9).
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# GoogLeNet - Memory of Inception Module

Conv Ops = (k x k) x (mi x mi) x (ci—1 x ci)

Naive Inception Inception with bottleneck structure

1 t

29 v 29 v (1291102408464 = 2Q v 2Q v 40N
28 x 28 x (128+192+96+256) = 28 x 28 x 672

[Conv1x1,64]:(28x 28)x(1x 1) x (256x64)

concat

[Conv1x1,64]:(28x28)x(1x 1) x(256x64)

[Conv1x1,128]:(28x28)x(1x 1) x (256x128) 6
[Conv1x1,128]:(28x28)x(1x 1) x(256x128)

[Conv3x3,192]:(28x 28) x(3x 3) x (256x192)
[Conv3x3,192]:(28 x 28) x (3x 3) x (64x192)

[Conv 5x5, 96]:(28 x 28) x (5x5) x (256x96)
[Conv5x5, 96] :(28 x 28) x (5x 5) x (96x96)

Total:854M ops

[Conv1x1,64]:(28x28)x(1x 1) x (256x64)

Input Total: 358M ops

28 x 28 x 256

Input

28 X 28 x 256

Szegedy, C,, Liu, W., Jia, Y., Sermanet, P., Reed, S., Anguelov, D., Erhan, D., Vanhoucke, V. and Rabinovich, A., 2015. Going deeper with convolutions.
In Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 1-9).
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# GoogLeNet - Auxiliary Classifier

100496
24
uoneApYXEUOS

[rs——

Auxiliary
Classifier

< Auxiliary Classifier: ™I A S E ZF M5 | Qol] & A| AHSH= 2 &

-
<+ oI5 0|2 2 HAMM= AHESHX| g

Szegedy, C,, Liu, W., Jia, Y., Sermanet, P., Reed, S., Anguelov, D., Erhan, D., Vanhoucke, V. and Rabinovich, A., 2015. Going deeper with convolutions.
In Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 1-9).
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# GoogLeNet - Conclusions

% Inception

v" Parallel filters concatenation + Bottleneck architecture
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CVPR CVPR 2016 open access

2 O 1 6 These CVPR 2016 papers are the Open Access versions, provided by the Computer Vision
Foundation.
Except for the watermark, they are identical to the accepted versions; the final published
version of the proceedings is available on IEEE Xplore.

This matenal is presented to ensure timely dissemination of scholarly and technical work.
Capyright and all rights therein are retained by authars or by other copyright holders. All persons
copying this information are expected to adhere to the ferms and constraints invoked by each
author's copyright.
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Deep Residual Learning for Image Recognition

Kaiming He, Xiangyu Zhang, Shaoging Ren, Jian Sun; Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), 2016, pp. 770-778

Abstract

Deeper neural networks are more difficult to train. We present a residual learning framework to ease the
training of networks that are substantially desper than those used previously We explicitly reformulate the
layers as learning residual functions with reference to the layer inputs, instead of learning unreferenced
functions. We provide comprehensive empirical evidence showing that these residual networks are easier
to optimize, and can gain accuracy from considerably increased depth. On the ImageNet dataset we
evaluate residual nets with a depth of up to 152 layers-—-8x deeper than VGG nets but still having lower
complexity. An ensemble of these residual nets achieves 3.57% error on the ImageNet test set. This result
won the 1st place on the ILSVRC 2015 classification task. We also present analysis on CIFAR-10 with
100 and 1000 layers. The depth of representations is of central importance for many visual recognition
tasks. Solely due to our extremely deep representations, we obtain a 28% relative improvement on the
COCO object detection dataset. Deep residual nets are foundations of our submissions to ILSVRC &
COCO 2015 competitions, where we also won the 1st places on the tasks of ImageNet detection,
ImageNet localization, COCO dstection, and COCO segmentation

1 Loy prams Holrpr imadas

Wil

X
h A
weight layer
F(x) y relu identity
weight layer X

H(x) =F(x) +x

relu

He, K., Zhang, X., Ren, S. and Sun, J., 2016. Deep residual learning for image recognition. In Proceedings of the IEEE conference on computer vision

and pattern recognition (pp. 770-778).
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Retrain ResNet50

ResNet50 Diagram

Re-architect fully-connected layers
[ 2048 x 1 |

512x1

Softmax

% 20159 ILSVRC 18| =&
% 22 AMAU(152 Layers) &t50]| 7Hs6HAH| SH= Skip Connections X X|QF
% Batch Normalization M&

% 257|ag2 fIet Fully ConnectedE AFRSHK| @411, GAP(Global Average Pooling)2 =~

https://medium.com/@wularitz/image-classifier-for-dish-classification-using-resnet50-with-pytorch-5d11c02067b5
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ResNet - Skip Connection

X
,I_- l ............... )
Weight Layer : g
Weight Layer Acthation £ 5
+ §
§ Function Weight Layer : §
Weight Layer §
Ea.. ..... -
4 [ Fooex  HOO = FO +x
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< Residual Networke= otLto] REIZ O ZEE =3 A2l Znp 22 {iuE A
Dropoutit FAF =» CNN 220 X&

<+ ZE= 0|08 HY Fl= YAlE Flot, R= Itz F02tM F 22 eXl= YA

% Residual /1=

@ POl AR HXE 22| 28l 3t 4

rr

% ResNet: ZEXFHF(x) = H(x) - X) & X|AS}SH= disko 2 A8l

< Q2 E5Z IHX|1 UX|Pt Gradient Vanishing0| & 4sHX| o1 3t&0]| &

He, K., Zhang, X., Ren, S. and Sun, J., 2016. Deep residual learning for image recognition. In Proceedings of the IEEE conference on computer vision
and pattern recognition (pp. 770-778).
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ResNet - Performances
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He, K., Zhang, X., Ren, S. and Sun, J., 2016. Deep residual learning for image recognition. In Proceedings of the IEEE conference on computer vision
and pattern recognition (pp. 770-778).
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ResNet - Performance

28.2

[ 22 Iayers 19 Iayers

\67

357 I

ILSVRC'15 ILSVRC'14 ILSVRC'14 ILSVRC'13 ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

shallow

ImageNet Classification top-5 error (%)

% X1 HLE M2 2 Edt= Bottleneck 28 F[ol| HIEZHAE =2

% 3.57%2| top 5 errorE £¢

He, K., Zhang, X., Ren, S. and Sun, J., 2016. Deep residual learning for image recognition. In Proceedings of the IEEE conference on computer vision
and pattern recognition (pp. 770-778).
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EfficientNet
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ﬁ layer_i ﬁ
é ) é T higher | -« higher
[}resolutlon HxW +.resolution  _i. ] " resolution
(a) baseline (b) width (c) depth (d) resolution (e) compound
scaling scaling scaling scaling

< Depth, Width, ResolutionS SA|0]| 1243 Compound Scaling& Sl ConvNet? |t
O|0X] 27 d&= Mgt 22
< =M 0|0IX] 2F

» JHAMEISE : Depth, Width, Resolution SA|0]] 7 |A Hs 1M
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MM

Tan, M. and Le, Q., 2019, May. Efficientnet: Rethinking model scaling for convolutional neural networks. In International conference on machine

learning (pp. 6105-6114). PMLR.
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Recent Developed Deep Learning Models

DenseNet (2017) = SeNet(2017-2018) = EfficientNet (2018-2019) =» Self-

training & Noisy Student (2020) = Meta Pseudo Labels (2021) = ViT (2022)

H H Noisy Student {ElficientNet-B7
Image Classification on ImageNet 861 isy, Student (Effici )
B3 Efﬁc‘ientNet-B?
Leaderboard Datazet L
841 AmoebaNet-C
AmocbaNet-A _ . —r =" -
View | Top 1 Accuracy v by Date v | for . ,/'WKSNEI—A ettt ‘SENel
= 82 /,/
= L
All models v g /./
3 e -+ "ResNeXt-101
100 = f 804 . t_,.u"'ﬁhception—resnel—ﬂ
&
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