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Pre-processing for
feature extraction

Input

Input

F tur hift an ist . .
eature S and distortion classification
extrachon mvanance

End 2 end learning

@rac S0




sybs Bengio ¢ LeCun buwgs 1990 Jlw ) ®
RN

o) Gals Oy sl ay Abglgdls (slaasd) s ©
ol pwglps YSlac )y s ) ($539)9
3Qi13(,0

«A0YP5 @b Gy JBlas a5 slaSun a e
S0, AR5 «,be)ei(5 aTub» b albls

eIl j) W leatub ol gbjgel sy e
SO0 d3aTw] Uha HUnIs|

GIac SIL



32395 s Jlacl

GIac SIL

110 -1 53205 Jid o
2 10 |-2 Kernel (mask), kernel coefficients e
Size: 3x3,5%5, 7x7, ... =
0 [-1
Input Output
112 (0 |1 |3
2 (114 12 |2
1 10 |1 [0 |1
112 |1 (0 |2
2 |5 13 |1 |2
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Convolutional Neural Networks —

L eNet1(3000/100000)
INPUT eature maps eature maps feature maps feature maps OUTPUT

28x28 4@24x24 4@12x12 12@8x8 12@4x4 10@1x1

S0 81D (s3@30s (sladdsly slp 1aD) )y aSub o) @
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layer m+|

Sparse Connectivity [ l (S
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Convolutional Neural Networks U-ﬁ)()-)()-\(j (SVD =
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Full padding Same padding Valid padding

Output image assuming

/ stride=1

Kernel (filter)

Input image
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LeNet-5 architecture

Layer Type
Fully Connected -
Fully Connected -

Convolution
Avg Pooling
Convolution
Avg Pooling
Convolution
Input

Maps Size

10 -

84 -
120 1x1 5x5
16 33Xy 2%
16 10x10 5x5
6 4x14 2x2
6 28x28 5Xx%5
1 32x32 -

Kernel size Stride

Activation

RBF
tanh
tanh

tanh
tanh

tanh
tanh




LeNetS
C3: f. maps 16@10x10

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

6@28x28
32x32 @ S2: f. maps |
6@14x14

| Full oonrlection | Gaussian connections
Convolutions Subsampling Convolutions Subsampling Full connection

C1: Convolutional Layer

No. of filters, n.=6
Filter size, F=5

! Padding, P=0

Input image ! Stride, S=1 |

E Trainable parameters
| = Weight + Bias

— s

| =FxFxnMx nl+nl b3 &o‘&
| =5x5x1x6+6=156 28x28x6 % >
32x32x1 !
Connections = 28 x 28 x 156 )
(=122304 | o W
wic

. 503 : :
EEE https://engmrk.com/lenet-5-a-classic-cnn-architecture/



LeNetS
C3: f. maps 16@10x10

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

6@28x28
32x32 @ S2:f. maps |
6@14x14

Full oonrlection | Gaussian connections

Convolutions Subsampling Convolutions Subsampling Full connection

C3: Convolutional Layer

No. of filters, n.= 16
Filter size, F=5 |

Padding, P=0 !
Stride,S=1 |

= 2 L —
Trainable parameters | 3 &.‘ &
= Weight + Riac ; % >
SUARKE | =(5x5x6x16) +16=1516 | 10x10x 16 =
E s IS
Connections = 10x10x1516 |
\ o

Baac SRSl | =151600 |



C3: f. maps 16@10x10

LeNetdS
C1: feature maps S4:f. maps 16@5x5

e S2: f. maps |

. 6@14x14 r'— rl_
=
T

C5: layer :
120 I-;a layer quPUT

| | Full oonrlection | Gaussian connections
Convolutions Subsampling Convolutions Subsampling Full connection

C5: Fully Connected Layer
C5: Fully Connected Layer F6: Fully Connected Layer

5x5x16

84 : &‘

&
120 % >
Trainable parameters = Weight + Bias

120
=(400 x 120) + 120 = 48120

Trainable parameters = Weight + Bias Trainable parameters = Weight + Bias FA
= (400 x 120) + 120 = 48120 =(120x 84) + 84 = 10164 2% p
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C3: f. maps 16@10x10

LeNetdS
C1: feature maps S4:f. maps 16@5x5

INPUT 6@28x28
e S2: f. maps |

e 6@14x14 r'— rl_
=
T

C5: layer :
120 I;St layer quPUT

| | Full oonrlection | Gaussian connections
Convolutions Subsampling Convolutions  Subsampling Full connection
F6: Fully Connected Layer Output
0
3
_’ 4
5
6 3 :.“"‘
7 B
8 E)
b *
9

Trainable parameters = Weight + Bias

@rac S =(120x 84) + 84 = 10164 py



Revolution of Depth 28.2
‘_ 152 layers |

"'l.
L1
\ 22 layers ‘ [ lglavErs I I

35? l o I 8 layers I [ Blavers shallow

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

ImageNet Classification top-5 error (%)
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ImageNet Large Scale Visual Recognition Challenge, or ILSVRC
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AlexNet architecture
Layer Type ' Kernel size 5tride Padding Activation
Out  Fully Connected - 1,000 - - - Softmax
F9 Fully Connected - 4,096 - - - RelU
F8 Fully Connected - 4,096 - - - RelU

a Convolution 256 13x13  3Ix3

1

(6 Convolution 384 1313 3x3 1

5 Convolution 384 1313 3x3 1
54 Max Pooling 256 13x13 3x3 z VALID -

1

2

4

G Convolution 256 x2l  5x5
52 Max Pooling 96 x2l  3x3

(1 Convolution 96 5555 M= VALID RelU ‘2 ""5
In Input 3 (RGB) 227 =227 - - - - )
o

G3ac sR3sh



Journal of Machine Learning Research 15 (2014) 1929-1958 Submitted 11/13; Published 614 g &“5
&
” »
Dropout: A Simple Way to Prevent Neural Networks from -

B3aE SR3sL Overfitting



data augmentation

Sl 253l 3 S sl 8l (6,55 (o5t

u.:«j.l‘\.gcwijjﬂ Slaosls 69y o Ol ad loslaial Losld ol
S o sl 53 eslaial 550 (glassls G el

G3ac sR3sh



Prediction

f

Trained
classifier

Prediction

i

f

in
55i

aslal (sla)ss i) aslaiml =

Prediction

i

Trained
convolutional
base

}

MNew classifier

(randomily initialized)

G3ac sR3sh

Input

Trained
convolutional
base

}

i

Input

Transfer Learning

Trained
convolutional
base
(frozen)

Input




MaxFooin

MaxFooin

MasFookn

MaxFooln

MaxFooin

Conv block 1:
frozen

Conv block 2=
frozen

Conv block 3:
frozen

Cornv block 4:
frozen

We fine-tune

Cornv biack 5

We fine-tune
our own fully
connecied
classifier.

3155 @il -

sstalwl fine tune ) a5 (eGie
Oluogpos a5 Auwd) slawld a5
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[Krizhevsky et al. 2012]

(11><11><3+1) x96 = 35K parameters

11x11 Max 5%5
Stride=4 pooling Same
q

227%227%3 55X55%06 S7%I7%05 o705
Max
pooling
Max
pooling
13%13%256

3 &“5

&
+*8 »

13%13x%384 13%13x%384 13%13%256 6x6%256 o
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Max
pooling
q q Max
pooling
13%13%256

13%13x%384 13%13%384 13%13%256 6%6%256

@
O

OO0

O

4096 4096
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-—

50% dropout rate during training
to the outputs of layers F8 and F9.

heavy data augmentation
batch size 128

SGD Momentum 0.9
Learning rate le-2, reduced by 10

competitive normalization step immediately after the RelLU step
of layers C1 and C3, called local response normalization.

Trained on GTX 580 GPU with only 3 GB of memory.
Network spread across 2 GPUs, half the neurons (feature maps) on each
GPU.

@rac S0
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Max
pooling

27

128

27

2 .-_',:‘- 3 (wu
B | L |
L 192 192 128 2048 2048
[ \ \13
c | J ) 4
' 13 dense dense
192 192 128 Max - oo
Max punling 2048 2048
poaling

dense

1000




local response normalization
INTER

Before Normalization

varying x

=
=T0]
g
=
g
1/1+1+4
@rac SRsL

)
T,y

min(N—1,i4n/2)

—a /| k+« > (al )

T,y
j=max(0,i—n/2)

0.21

0.14{0.10(0.10

After Normalization

After Normalization
Vel

[$ 12342

Before Normalization

k
bxay

=a

R
min(W,z4+n/2) min(H,y+n/2) p

K k+ « Z Z (aﬁj)Q
icq

€,y
i=max(0,z—n/2) j=max(0,y—n/2)

https://towardsdatascience.com/difference-between-local-response-normalization-and-batch-normalization-272308c034ac




a) Inter-Channel LRN (n=2)

b) Intra-Channel LRN (n=2)
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Batch Normalization

The problem of input values changing

Input: Values of = over a mini-batch: B = {z1_,,};
Parameters to be learned: ~, 3
Output: {y; = BN, 5(z;)}
— 1 Em: // mini-batch mean
— T 1ni-
T m i=1
0% 1 zmz(:r — u5)? // mini-batch variance
coom i=1 1
T; Li— BB // normalize
“’cr% + €
yi < 7xi + B = BN, g(z;) // scale and shift

Algorithm 1: Batch Normalizing Transform, applied to
activation x over a mini-batch.

Batch Normalization: Accelerating Deep Network Training by &
Reducing Internal Covariate Shift

Sergey loffe Christian Szegedy A}l

G3oc 50 Google Inc., sioffe(@google.com Google Inc., szegedy@google.com



Mean of Activations

Activation i
ﬁ ﬁ

Comparison of the two normalization techniques in DNNs

Norm Type|Trainable| Training Parameters Fouses on Regularization
LRN No 0 Lateral Inhibition No
BN Yes 2 (Scale and Shift) |Internal Covariate Shift Yes

G3ac sR3sh




AlexNet but:
CONV1: change from (11x11 stride 4) to (7x7 stride 2)
CONV3,4,5: instead of 384, 384, 256 filters use 512, 1024, 512

Revolution of Depth

152 layers
‘.
'~ 11.7
22 layers ‘ 15 Iavers I

3 57 I I 8 layers | |I Slavers shallow

ILSVRC'1S  ILSVRC'14  ILSVRC'14 | ILSVRC'13 |JILSVRC'12  ILSVRC'11  ILSVRC'10

ResNet GoogleNet VGG AlexNet
[
ImageNet Classification top-5 error (%) ; &’B
)
* *
ow

G3ac sR3sh
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Deeper Networks

|' 152 layers

3.57

ILSVRC'15
ResNet

[\

‘ 22 Iayers 19 Iavers

ILSVRC'14  ILSVRC'14
GoogleNet VGG

Slayers H Blavers shalluw

ILSVRC'13 ILSVRC'12 ILSVRC'11 ILSVRC'10
AlexNet

ImageNet Classification top-5 error (%)




224 X224 X3 224 % 224 X 64

VXY o3l bl b ki (gsl slaws 51 VGG gaslis s

Coel ol ol

112 x 128 VGG16,VGG19: The “16” and “19” stand for
the number of weight layers in the network
56|x 56 X 256
28 X 28 x 512 TXTX512
14X 14 %X 512

1x1x4096 1x1x1000

- = - S—

@ convolution+RelLU

@ max pooling
) fully connected+ReLU

VERY DEEP CONVOLUTIONAL NETWORKS

VGG_ 1 6 FOR LARGE-SCALE IMAGE RECOGNITION
— Y]'(S:i (;"‘;oan:itg: g;‘;utpé Dszar;n;c? ff Engineering Science, Ifniv-crsity of Oxford
TN o [TV o [TV o [TV o [TV @ e
- i NN & mmme ¢t e nwvine 832
o > > 0ol |>> 0> >>0 > >>0 |>>>0 & £C
c !::8::8::::8:::8:::80030
— oloa | oloa |ololoal |oolola |ololoa BAA
Q0O Q0O QOO0 QIO 0 Q0O Q
GIec (S 00

https://neurohive.io/en/popular-networks/vgg16/



Table 1: ConvNet configurations (shown in columns). The depth of the configurations increases
from the left (A) to the right (E), as more layers are added (the added layers are shown in bold). The
convolutional layer parameters are denoted as “conv(receptive field size)-(number of channels)”.
The ReLU activation function is not shown for brevity.

ConvNet Configuration

A A-LRN B C D E
11 weight [ 11 weight | 13 weight | 16 weight 16 weight 19 weight
layers layers layers layers layers layers

mput (224 x 224 RGB 1mage)
conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
LRN conv3-64 conv3-64 conv3-64 conv3-64
maxpool
conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128
conv3-128 | conv3-128 | conv3-128 | conv3-128

maxpool
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
convl-256 | conv3-256 | conv3-256
conv3-256

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512

conv3-512
maxpool
FC-4096
FC-4096 .
FC-1000 3 3;‘ &
soft-max b >
&
L) o

Table 2: Number of parameters (in millions).
) - Network AA-LRN | B C D E oY
Broc Sl Number of parameters 133 133 | 134 | 138 | 144




28%28%192

G3ac sR3sh

MaxPooling
Same

@ o

28%28x%64

28%28%32

28%28x128




GoogleNet

= -

| I—
WCEPTiON MODILES
Coneat layer
I-F-'H‘ER'P.G_E
PogLiNG ¥ ,
Bt \'
3 X 3
/—V \’ 4
\ B 5 5/’_'28 128
32
32
/ 28
28 X 28 x 192 MAX-POOL -
OA

Gxac )3k



de~| 9 J‘.’\ig;‘ u;'..a\s J-Lo Lgo)".b‘ | ug" B

1.The 1x1 Convolution "":‘su" SS ui'}‘ﬁd:”:f ui.ats 4 Jlowe
2.Inception Module
3.Global Average Pooling
4.0verall Architecture
5.Auxiliary Classifiers for Training

In GoogLeNet, 1x1 convolution is used as a dimension reduction
module to reduce the computation. By reducing the computation
bottleneck, depth and width can be increased.

@rac S0

https://medium.com/coinmonks/paper-review-of-googlenet-inception-v1-winner-of-ilsvic-2014-image-classification-c2b3565a64e7



Same 28%28%32
Number of
filters: 32

28%28%192
28%28%32%5%5%192

Using 1x1 Convolution

Same

Number of
filters: 16
filters: 32
28%28%16
28%28%192
28%28%x16%1%1%192 =2.4M
Groc SP3L

28%28%32%5%5%16 =10M



Bx6x32 1x 1 x # filters 6 x 6 x # filters

. - .~ Bottleneck layer

1x1

Ik chaky ———= Convolution

Cibpnd layer

1x1 3x3

Convolution Convolution
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Inception Module
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1.The 1x1 Convolution
2.Inception Module

3.Global Average Pooling
4.0verall Architecture

5.Auxiliary Classifiers for Training
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1.The 1x1 Convolution —
2.Inception Module

3.Global Average Pooling

4.0verall Architecture

5.Auxiliary Classifiers for Training
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type mﬁf “':f:' depth | #1x1 :ﬂ: ; #3x3 rﬁii #5x5 E params | ops
convolution TxT7/2 112x112x64 1 ) 27K 34M
max pool Ix3/2 56 x Hfi x 64 0
convelution Ix3/f1 56 x 56 192 2 64 192 112K | 360M
max pool Ix3/2 8 8 109 i
inception (3a) | 28x28x256
inception (3b) 28 x 28 %480 2 128 128 192 32 96 64 330K J0aM
max pool 3x3/2 1dx 14x480 0
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inception (4b) 14x 14x512 2 160 112 224 24 64 64 437K 88M
inception (4c) 14x 14x512 2 128 128 256 24 64 64 463K 100M
inception (4d) 14x 14x528 2 112 144 288 32 64 64 580K 119M
inception (4¢) 14x 14832 2 256 160 320 32 128 128 B40K 170M
max pool 3x3/2 Tx7x832 0
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This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
D d t. P b I Except for this watermark, it is identical to the version available on IEEE Xplore.

Deep Residual Learning for Image Recognition

Kaiming He Xiangyu Zhang Shaoging Ren Jian Sun
Microsoft Research
{kahe, v-xiangz, v-shren, jiansun} @microsoft.com
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iter.3 (1'&:4)4 it'e:r.3 (lef-l)4
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.
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Training on ImageNet. Thin curves denote training error, and bold curves denote validation error of the center crops. Lefi: plain

networks of 18 and 34 layers. Right: ResNets of 18 and 34 layers. In this plot, the residual networks have no extra parameter compared to
their plain counterparts.

. Top-1 error (%, 10-crop testing) on ImageNet

validation ‘
b & &
plain ResNet o - >
18 layers 27.94 27.88 w Vo
, 34 layers 28.54 25.03 A
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Number of Top-5 error Number of
Year | CNN
layers rate parameters
1998 | LeNet 5 layers NA 60 thousand
2012 | AlexNet 8 layers 15.3% 60 million
201/ | VGGNet 16 layers 7.3% 138 million
Inception -
201/ 22 6.67% 12 million
{GoogLeNet)
2015 ResNet-152 152 4.£.9%
b & &
3
https://livebook.manning.com/book/grokking-deep-learning-for-computer-vision/chapter-5/v-3/11 : .

GIac SIL



Separable Convolutions
-

3 6 9 3
4 8 121 = |4 x [1 2 3]
5 10 15 5

Simple Convolution

Convolution with 3x3 kernel

4 8 12
5 10 15

[3 6 9 l Output Image

Spatial Separable Convolution

Convolution with
3x1 kernel

Convolution with

1x3 kernel
B ——

Qutput Image

—_—
3 Intermediate Image
’4] [1 2 3]

5

N
|
N

X [-1 0 1] $SHI8

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






@rac SRSsL




w

AO

G3ac sP3L



5 3x8 3,800
12 ’
256
3
12
separable convolution
12
c Uem 0 0 C aAVeE
< 2 8x8 = 4,800 plics
3
12 0 0 0 C aAVe O C C O
0 OXS3=4Y D AdOC
3 9 D 0
3
8
1
@rac sP3sL 5
8




12

8 256

12

Prevent to transform the image over and over
again, we can save up on computational power.

separable convolution
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https://towardsdatascience.com/review-inception-v4-evolved-from-googlenet-merged-with-resnet-idea-image-classification-5e8d M

@rac SRsL



