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Convolutional Neural Network

1 Introduction
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Convolutional Neural Network
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Convolutional Neural Network

1 Introduction How to handle the very large colorful image
In the size of 224x224x3, where the 3 denotes
the R,G,B channels.

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6 Layer 7 Layer 8



Convolutional Neural Network

1 Introduction

B Suppose the dimension of hidden layer is 100. The number of
parameters in the first layer is 15,052,800, unacceptable !
B How does the brain process the image?




Convolutional Neural Network

1 Introduction

In [6): lena.shape

How does a computer understand a picture? oo e sz,

In [14]: 1lena

Out(14): array([[[125, 137, 226],
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Convolutional Neural Network

1 Introduction
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The amount of data that needs to be processed is too large!



Convolutional Neural Network

1 Introduction

« Motivation: neural networks perhaps too big (generic)
 Full connectivity at each step might be too much
 Disconnecting some connections performance is not impaired or even better
* Intuition: how people extract content from an image
 [Features we care about are often only a small part of the image
 Lots of redundant information
* Presence may exist in the form of panning, zooming, rotating
« Zooming of the image (within reason) does not affect our judgment



Convolutional Neural Network

1 Introduction

A typical CNN has 4 layers
* Input layer
« Convolution layer
* Pooling layer catdog ......
 Fully connected layer

repe:s
many
times




Convolutional Neural Network

1 Introduction

Convolution Pooling Convolution Pooling Fully Fully Output Predictions

+ RelU + Rell) Connected Connected

\ feature
C1 Sv -
\ input feature maps  feature maps
32x 32 28 x 28 14x 14

feature extraction

IF‘:h'ré'ﬂ.l Z 2

Dog (0)
Cat (0)
Boat (1)
Bird (0)

L(target — output)?

classification



Convolutional Neural Network

—
1 Classical Architecture

» Three Main Concepts in CNNSs

= Receptive Field

= Convolution (Simple Cell)

= Pooling (Complex Cell)



Convolutional Neural Network

1 Classical Architecture of CNN
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Convolutional Neural Network

1 Classical Architecture
» Receptive Field

Fully connected

Locally connected

16



Convolutional Neural Network

1 Classical Architecture of CNN
» Receptive Field

= Receptive Field

= Receptive Field of a neuron
IS a continuous sub-region
of the input space

= Locally Connected

= Neuron is just connected to

its own Receptive Field Neuron




Convolutional Neural Network

1 Classical Architecture of CNN

A CNN is a neural network with some convolutional layers
(and some other layers). A convolutional layer has a number
of filters that does convolutional operation.
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Convolutional Neural Network

—
1 Classical Architecture

» Three Main Concepts in CNNSs

= Receptive Field

= Convolution (Simple Cell)

= Pooling (Complex Cell)



Convolutional Neural Network
e ——

1 Classical Architecture of CNN
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mage Feature

The sum of the dot product of the image pixel value
and kernel pixel value gives the output matrix



Convolutional Neural Network

1 Classical Architecture
» Convolution (Simple Cell)

= Shared Weight

= All units share the same set of weights

= Why Shared Weight

= Features that are useful on one part of
the image and probably useful
elsewhere

= Shared Weight can reduce the
number of parameters




Convolutional Neural Network

L
1 Classical Architecture - Convolution
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Convolutional Neural Network
L

1 Classical Architecture - Convolution
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Convolutional Neural Network

L
1 Classical Architecture - Convolution
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Convolutional Neural Network

—

1 Classical Architecture of CNN

110(0(0]0]|1
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00|11 (0]0
110100 |1|0
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0010 (1]0

These are the network
parameters to be learned.

1 (-1|-1
-111 -1
-11-1] 1

Kernel/Filter

Each filter detects a
small pattern (3 x 3).



Convolutional Neural Network

1 Classical Architecture of CNN
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Convolutional Neural Network

—

1 Classical Architecture

stride=1
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Convolutional Neural Network

1 Classical Architecture of CNN

If stride=2
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Convolutional Neural Network
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[0 Classical Architecture - Example
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Convolutional Neural Network

-_ === === oo o)
[0 Classical Architecture - Example

zZi1=1X141x0+1x1+0x0+1Xx1+1Xx0+1Xx1+0x0+1x1
=5
ai; = f(z{1) =5

1 1‘0T1T~®~\1\\?
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Input Feature Map



Convolutional Neural Network
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[0 Classical Architecture - Example

zZi,=1X1+1Xx0+0x14+1X0+1Xx1+1x04+0x1+1x0+1x1
=3
ai; = f(z1y) =3
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Convolutional Neural Network

[0 Classical Architecture - Example
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Convolutional Neural Network
L

[0 Classical Architecture - Example

z37=0X1+1X04+1Xx14+1x04+0x1+1x0+0x1+0x0+1x1
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Convolutional Neural Network
L

[0 Classical Architecture - Example
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Convolutional Neural Network

1 Classical Architecture - Convolution
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Convolutional Neural Network

—

1 Classical Architecture - Convolution
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Convolutional Neural Network
L

1 Classical Architecture - Convolution
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Convolutional Neural Network
L

1 Classical Architecture - Convolution

Convolution @ @ .
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Convolutional Neural Network

1 Classical Architecture - Convolution

Each convolutional kernel is equivalent to several spatially constrained FC neurons

N

Y S ENETEY E A N EE R CE

1 convolution kernel ﬁ (W-W,+1) x(H —Hy +1) neurons



Convolutional Neural Network

—
1 Classical Architecture - Convolution

Convolutional Kernels are special
masks(filters) that respond to specific
patterns in the input image.

0 05 O 0 0 05




Convolutional Neural Network

[0 Classical Architecture - Example

» Multiple Convolutions with Different Filters
® Different fllters detect different features

P e

¥ i‘f""’"

-1 0 1 -1 -2 -1
wl=|-2 0 2 W2=[ 0 0 0 ]
-1 0 1 1 2 1
| -

Horizontal & Vertical



Convolutional Neural Network

—

[0 Classical Architecture - Example

» Multiple Convolutions with Different Filters
L Dn‘ferent filters detect dn‘ferent features

N;L._ el b
{ H

a..__'-ﬁ...

\-..'—47__..&

Raw Image Horizontal Edge Detect by w2

-1 0 1 -1 -2 -1

—2 0 2 W2=[ 0 0 0 ]

-1 0 1 1 2 1
| -

Horizontal & Vertical |



Convolutional Neural Network

1 Classical Architecture

» Multiple Convolutions with Different Filters
® Detect multiple features at each receptive field

Convolution Pooling



Convolutional Neural Network

—
1 Classical Architecture

» Multiple Convolutions with Different Filters

110/0|0|0]|1 1-1]-1
ol1]lo0lo|1]0 1)1 ]|-1]| filterl
olo|1l1]0]0 a1 1
1/o0/0|l0]1]|0
o|l1/l0]/0|1]0 il N

111 | -1 filter2
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11111

6 X 6 Image

Each filter detects a
small pattern (3 x 3).



Convolutional Neural Network

—
1 Classical Architecture

» Multiple Convolutions with Different Filters

110/0|0|0]|1 1-1]-1
ol1]lo0lo|1]0 1)1 ]|-1]| filterl
olo|1l1]0]0 a1 1
1/o0/0|l0]1]|0
o|l1/l0]/0|1]0 il N

111 | -1 filter2
olol1]0|1]0

11111

6 X 6 Image

Each filter detects a
small pattern (3 x 3).



Convolutional Neural Net 2 [ 1|2 1)1 -1

[0 Classical Architecture 111 1011
stride=1 filterl filter 2
Repeat this for each filter

6 X 6 Image

Two 4 x 4 images
Forming 4 x 4 X 2matrix

S5 T e 5 T I T T A



Convolutional Neural Network

1 Classical Architecture
» Multiple Convolutions with Different Filters

® There results a 3D array, where each slice is a feature map.
® Then pooling each feature map individually

A
N

N

Convolution Pooling

: Convolution Pooling




Convolutional Neural Network

1 Classical Architecture

» Color image: RGB 3 channels i lll lll _'1,
(use 1 filter with 3 kernels/channels) —|-11 1| -1 Eilter
1 -1(-1] 1
Color image PN P N N B
| ol al al al A0 4 |
— 1/0]0|0|0|1
Hol1|0]l0|11]0
= |Ho|o|l1|1]0]0
H1lo0|lo|o0|1]0
Hol1|lo|lo0|1]0
Holo|1]0]1]0




Convolutional Neural Network

1 Classical Architecture
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Convolutional Neural Network

1 Classical Arc

nitecture

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
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Input Channel #1 (Red)
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Kernel Channel #1

I
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110]|0
< s )
I | 0| =2

Input Channel #2 (Green)

Kernel Channel #2

|

—498

+

Input Channel #3 (Blue)

Kernel Channel #3

Output
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Convolutional Neural Network

—
D Classical Architecture (use 2 filters with 3 kernels/channels respectively)

Input Volume (+pad 1) {(7x7x3) Filter WO (3x3x3) Filter W1 (3x3x3) Output Volume (3x3x2)
X[2,2,0] wi[2,:,0] wl[:,:,0] of[2,2,0]
ojojojo o 0 0 l||0||] 0o 1 -1 3 3
Emlﬁzu 0 Jlo 1] 0 -10 BB E
o ffifol2 o 1 o 111 ] 0 -1 1 8 10 -3
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02 00 2 00 -1 {0 -1 0 0 -8 -8 -3
5N 2 O L B 0 [1 ] L il i
0 0 0670 0 o o] R i
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0 ﬂ 0 1 -1 -1
E ] 1 1 E 0 -1 -1
0 1]2 1 [-1][0] niee
00210 0 Bias b {1x1x1) Bias bl {1x1x1)
012 2 20D bO{:,:,0] bl[:,:,0]
00 1.2 0 ' 0
0 0 0 0
$,2,2 toggle movement
00 jjo 0 0.0 ¥
Ez 1]1 0 0
1o 1 0 0
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Convolutional Neural Network

—
1 Classical Architecture

» Three Main Concepts in CNNSs

= Receptive Field

= Convolution (Simple Cell)

= Pooling (Complex Cell)



Convolutional Neural Network

1 Classical Architecture
» Pooling (Complex Cell)

® Pooling

= Pooling is an aggregation operation
applied to receptive field on feature
map

= Sometimes are max/mean pooling

Pooling
% Convolution Pooling

eature Map




Convolutional Neural Network

—
1 Classical Architecture

» Pooling (Complex Cell)

4 8
S5 7
1 2
3 5

OO N N O©

g O O O

8 9

5 8
S \/oximum Pooling
s

6 7.5
2.75 6.25

Average Pooling



Convolutional Neural Network

1 Classical Architecture

» Why Pooling
« Subsampling pixels will not change the object

bird
bird

We can subsample the pixels to make image smaller
‘ fewer parameters to characterize the image



Convolutional Neural Network

—
1 Classical Architecture

» Max Pooling

Pooling window 2x2

3 1|3 -1 1 1]l 1 -1
-3 1 0 -3 -1 1|l -2 1
3 3|10 1 1 1]l -2 1
3 2| -2 -1 1 0]l -4 3




Convolutional Neural Network

-_ === === oo o)
[0 Classical Architecture - Example

Max Pooing
111(1]0|0]|1 )
o(1|1(1]0]|O0 5| 31| 4|3 T
ais| 412

1101|111 24|34l ——T

—— az| Az
O(0|1(1]|]0{|1 3 13| 4]|2
o|of(1|l0]|]0]|0O 213|121 4 Pooled Feature Map
110(0]|]1]0]|1

Feature Map

Input



Convolutional Neural Network

-_ === === oo o)
[0 Classical Architecture - Example

Max Pooing

1111001
o|1]|1]1]0]o0 5s[3[4]3 —

5 |ai,
1{of1]1|1]1 24|34 =T

az1| azz
O(O0(1(1|0{|1 313|142
o|o0o|1|l0]|]0]|0O 21321 4 Pooled Feature Map
1100|101

Feature Map
Input



Convolutional Neural Network
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[0 Classical Architecture - Example

Max Pooing
1 1 1 0 0 1
o|1(111]|]01|0 5(3|4] 3
5 4
1 0 1 1 1 1 2 4 3 ——4——/‘2 >
— azq| az>
Oo|l0|1(|1]|]0]1 3(3|4] 2 —
Pooled Feature Ma
o|l0|1|0]|]0}|0O 2 }/2/ 4 P
1 /0|01 |0]1

Feature Map
Input



Convolutional Neural Network
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[0 Classical Architecture - Example

Max Pooing
1 1 1 0 0 1
o|1(111]|]01|0 5(3|4] 3
5 4

1|01 |1|1]1 2 | 43| 4] — > | 2
Oo|l0|1(|1]|]0]1 3(3|4] 2 —

Pooled Feature Ma
o|l0|1|0]|]0}|0O 2 }/2/ 4 P
1 /0|01 |0]1

Feature Map
Input



Convolutional Neural Netw ' -t 1 1
4 p ] ——)
1 Classical Architecture

» Pooling 1 N -1 N2 N1

-1 N 0 N -4 N 3

New feature map
1/]0(0|0|0]1 but smaller
O|1(0]0|1]0 , -
olol1]1]0]0 -1 1
1/]0/]0]0|1]0
O|1/0]0|1]0 0 3
O(o(1(0(11|0

2 x 2 feature map
6 X 6 Image

n filters,
output n channels



Convolutional Neural Network

1 Classical Architecture
» Pooling

Can repeat

e————— .
> many times

Smaller than the original image




Convolutional Neural Network

[0 Classical Architecture
» Added by Full Connection Layers

Input Layer ~ (S1)4 feature maps 14 feature maps (C2)6 feature maps

I - 1 (S2)6 feature maps
]

DN

[IRENEHEN

by
\ \\\: \\T\:
\\ 'C::}E\-\-->\
N NN <

N <

AN = > =

| Convolution Layer | Pooling Layer | Convolution Layer | Pooling Layer ;| Full Connection |

I/ /
|/ /
/[
/
/I




Convolutional Neural Network

—
1 Classical Architecture

» Flattening - Full Connection Layers

78
78 94 94
62 83 62
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Backpropagation

] Conclusion: BP for FNN ”1—f<zwu )

Forward computing: y = f(X;_, w;x;)
Define cost function: J = J(w1,---,wl™1)

forward computlng

; 0 .- .
Updating rule: w-l- cwh—a 2L \
Jt aWJl'i \ ij4
\\j\=1 L
Define 8: 6} = a]l
9
Find the relation: — 2L = 6/*" . af
]l [ layer [ + 1layer

Back propagation: 8} = ]L = (af —y!) - f(z)

Ni4q

= f(zH) - z P wh

______________

back probagation

llayer . Mty [+ 1layer
5l =) | ) whai+

j=1

Layer 1 Layer 2 Layer [ Layer [+1 Layer L-1  LayerL o



Convolutional Neural Network

L
[0 Classical Architecture — Conv Example

zZi1=1X141x0+1x1+0x0+1Xx1+1Xx0+1Xx1+0x0+1x1
=5
ai; = f(z{1) =5

1 1‘0T1T~®~\1\\?
of1(1/1]0]0 ai1| ai,| ais| aia
1 Olg(iﬂ_ 1 1 +—1 az1| aby| abs| azs
Oo(0(1]1]|0|1 az1| al,| azs| azs
olo|l1]o0|0]oO a3, | al,| als| aks
1{olo|1]0]1

Input Feature Map



Convolutional Neural Network

—

0 Gradient-Based Learning Algorithm

Vector form

» Feedforward — Convolution (Conv) { 1l e gl 4 b
+1 _ [+1
= f(z"*)
l+1 — ng l
J1 J2 Zkz—l Zklil Jj1+k1—1,j2+k,—1 * Wk Ko + b
M ~
~
~

output feature

This is a filter which imitates receptive filed, map
w is the weight in it



Convolutional Neural Network
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[0 Classical Architecture - Example

Max Pooing

1111001
o|1]|1]1]0]o0 5s[3[4]3 —

5 |ai,
1{of1]1|1]1 24|34 =T

az1| azz
O(O0(1(1|0{|1 313|142
o|o0o|1|l0]|]0]|0O 21321 4 Pooled Feature Map
1100|101

Feature Map
Input



Convolutional Neural Network

0 Gradient-Based Learning Algorithm

> Feedforward --Mean Pooling Vector form
N { z'*1 = downSample(a)

JEY ,
+1 _ JIl+1
I+1 _ 1 J2P ] a e
J1Jz — \ K2 * ai1;i2
p i,=(j,—1)p+1

Z.
i1=(1—Dp+1
. -y

output feature map

The region of the ‘pooling’ imitates the
receptive field

Input feature map



Convolutional Neural Network

—

0 Gradient-Based Learning Algorithm
» Feedforward — vector form

® Convolution Layer @ Pooling Layer ® Full Connection Layer
zZHL =wlx gl z'*1 = downSample(ab) U = wig!
F gt = F(z*1) g1 = 4 Z gt = F(z141)

Input Layer (S1)1 feature map (C1)1 feature map
: (S2)1 feature map (C2)1 feature map

N [
s [~

SO I B T

| Convolution Layer | Pooling Layer | Convolution Layer | Pooling Layer | Full Connection |




Convolutional Neural Network

—

0 Gradient-Based Learning Algorithm
» Backpropagation

Through BP :
9]
ot = = ( ] is cost function of the convolution neural network)
[ _ 0] 9zt I+1y,, 19l cig1, Lprpo
0" = oz+1 gzl =0 oz! =0 f(Z)

Which elements in the (L + 1), layer are related to the element
z In the Ly, layer ?



Convolutional Neural Network

—

0 Gradient-Based Learning Algorithm
» Backpropagation

® NL-th layer is output layer

9 . .
> 6NL = FI{,L, where ] is the cost function

® |-th layer Is a Full Connection Layer

. {51 — ((WI)T51+1) ) f’(Zl)

0] _ Ql+1/,INT
an_6 (a)



Convolutional Neural Network

0 Gradient-Based Learning Algorithm
» Backpropagation
® |-th layer is a Convolution Layer, I-th layer is pooling

forward
o L backward
ayer + ayer
th 2 ( lenlayer (I + 1)¢player
|
I I g Ri\
(j1,j2)
. o) o
jap (j1,j2) (i1,i2) :
1 J2p
iz \p2) i=(p—Dp+1 i1=j1/p+1,i,=j,/p+1;(/denotes
i1=(1—-Dp+1 e . : ,
divided with no remainder’)
l
a;+1 :Z.l+.1 —] 5l - a] azi]-_l-:ilz _ 5l+1 *i %
J1,]2 J1,]2 j17j2 - aZ.l+1 azl - ilriZ p2

f ’(Z]'l1 J2 )



Convolutional Neural Network

0 Gradient-Based Learning Algorithm
» Backpropagation
® |-th layer is a Convolution Layer, I-th layer is pooling

| layer = (I + 1)¢player L. layer l + 1)¢nlaye
) simplify
= [\
r J
-
U1.j2) (i1,i2)

I+1
l J aZl1 i2,] [+1
o) = 0; 2 f ( ]1 J:

N I+1 1,1
Tvi2] 9z 111216211121 vz

=1/(p?)*up (5}+1)*f (Zj) (matrlx form)




Convolutional Neural Network

0 Gradient-Based Learning Algorithm
» Backpropagation
® |-th layer is a Convolution Layer

{ z'*1 = downSample(a')

> 8 = upSample(§'*1) - f'(zYH) gl 41

Feedforward l Backpropagation

Convolution Layer is followed by a Pooling Layer



Convolutional Neural Network

0 Gradient-Based Learning Algorithm
» Backpropagation

® |-th layer is a Pooling Layer, I1+1-th layer is a Conv layer

ll ‘ | | |movefilter -

4 1516 -
>

7 |8 |9

The yellow region denotes the filter. The number

In it denotes the relative position of the weights..

Now let us review the process of forward .
Move fifter down

Y




Convolutional Neural Network

—

0 Gradient-Based Learning Algorithm

» Backpropagation
® |-th layer Is a Pooling Layer, |+1-th layer is a Conv layer

] 1 1 ] aZl'-l_lk +1,jp—ky+1

. _ J1—R1T1,J2—K2

Hence: §; ; —Zk1=nk1 Dk, =n Py _ Py
Jj1—k1+1,jo—kp+1 J1,]2

[ — 1
5]1]2 Zk1=nk1 Zk2=nk 5]1 —kq1+1,j2—k+

I |+1-th layer

I-th layer

The coordinate of this positionis (j1,j2)



Convolutional Neural Network

0 Gradient-Based Learning Algorithm
» Backpropagation
® |-th layer Is a Pooling Layer, |+1-th layer is a Conv layer

leplayer (I + V¢player
F | | simplify

\

nNiyq

_Z Z l+1 Wl o
]1]2] k1=ng, &k;=ng, ]1 ki+1,j2—kz+1,j "kq,k2))0

8" = 8/ x rot180(w/;) (matrix form)



Convolutional Neural Network

0 Gradient-Based Learning Algorithm
» Backpropagation

® |-th layer is a Pooling Layer L+ — g gl
> 8t = (rot180(61) x wh) {

> 9] _ gl « s+l
owl

[+1
oo . “““‘ a T Convolution Layer
eedforwar

YOO
SO\
OQVO Pooling Layer

yam—\
N\

—

Pooling Layer is followed by a Convolution Layer



Neural Networks

e Brief review

e Convolutional Neural Network

Classical Architecture
Gradient-Based Learning Algorithm
Achievements

82



Convolutional Neural Network

[0 Achievements and Applications
> LeNet — 1998 =

C3:f. maps 16@10x10

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

INPUT
S 6@28x28

S2: f. maps

6@14x14 I r

CS:layer ce.|aver OUTPUT
30 84 . 10

|
| Full oonAection | Gaussian connections

Convolutions Subsampling Convolutions  Subsampling Fuil connection

Kernel size  5*5 (conv) 2*2 (pooling) 5*5 (conv) 2*2 (pooling)



Convolutional Neural Network

[0 Achievements and Applications
» Handwriting Recognition

filters > tanh — average-tanh — filters & tanh — average-tanh — filters — tanh

® | eNet LeCun

13
e
.
b1
ok
=
v E
r-
K
o~ =
W=
-

http://yann.lecun.com/exdb/lenet/index.html



http://yann.lecun.com/exdb/lenet/index.html

Convolutional Neural Network
L

1 Achievements -- ILSVRC

q 14,197,122 images, 21841 synsets indexed
IM { .G E Home Download Challenges About

Not logged in. Login | Signup

ImageNet Large Scale Visual Recognition Challenge (ILSVRC)

Competition

The ImageNet Large Scale Visual Recognition Challenge (ILSVRC) evaluates algorithms for object detection and image classification at large scale. One high level motivation is to
allow researchers to compare progress in detection across a wider variety of objects -- taking advantage of the quite expensive labeling effort. Another motivation is to measure the
progress of computer vision for large scale image indexing for retrieval and annotation.

For details about each challenge please refer to the corresponding page.

o ILSVRC 2017
« ILSVRC 2016
« ILSVRC 2015
« ILSVRC 2014
« ILSVRC 2013
« ILSVRC 2012
« ILSVRC 2011
« ILSVRC 2010

ImageNet#HEE RILSVRCEFRF AN R HIESE, AEBEEAFZFFEVHRES, &
& T 8131400 A3k £ R~ BRICE B . ILSVRCEEE S S 4 MImageNet# 2 & drih
HERAEAR, L2012 44, EERANINIZGE S & 12811673KE H, EIESE S 2500005k
B, kg 41000005k E Ao



Convolutional Neural Network
L

1 Achievements -- ILSVRC
> BG5S HIREM
B 7 IS AT 55 2 B AW B A s AR 721000 7025 7 BT &
P25, FESRHtop-58rimf L 7, BRI TRk 2 5
PR, REsRg — ke F BRI B2, &
JG ST IR R
> HAsk
H prfa il A8 e AL Bt s gt —20, W A R R 3 e
PLZN R IER. BARRUL, =& BES—ykiaE A P32 E T
200 KRB HIBTE YR, N AT KME. PRATT R ERE
RULEAGE— AN BRI R TR B HER 2R, (£ 2 X R TR #3155 v v
A R ) AR

> A H PRl

> YsorR



Convolutional Neural Network

0 Achievements -- ImageNet

VGG ResNet Inceptior

804
152 layers
759 A
\
\
£ 70 \
> \
® \
5 \
g 65 ‘
2
(o]
Feod o NN T NN BN (e (b
3.57
]
ILSVRC'15
50 J ResNet
B NS AN et (S AR A0 4D 3k D ) b D K
P‘\e*$P‘ $%$$ & \,6$ $e 66 QC’)G 5&6‘5 &e"&éﬁ'\'&e\f {\0(\ ‘-'\0
$ ?\ Q@ Q\e ?\Qf) Q\e‘)\(\()eq\(\(le

Single-crop Top-1 validation
accuracies on ImageNet

—

28.2
25.8
16.4
- 11.7
22 layers } 19 layers \
\
\ 6.7 7-3
I_ I [ 8 layers \ 8 layers \ shallow ‘
ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12 ILSVRC'11  ILSVRC'10
GoogleNet VGG AlexNet

Reported Top-5
error on ImageNet



Convolutional Neural Network

[0 Achievements and Applications
» AlexNet

227 3

CONV Overlapping
11x11, Max POOL CONVY
stride=4, 98 3x3, 5x5,pad=2
96 kernels stride=2 256 kernels

E—————1

I 27+2°2-5)/1

11 (227-11)/4 +1 (55-3%/2 +1 {+1 e )
' =55 =27
33
227
Overlapping
364 CONV CONV Max POOL
3x3,pad=1 3x3pad=1 g 3x3,
384 kernels 256 kernels stride=2
(13+2°1-3)/1 (13+2°1-3)/1 (13 342 +1
=T +1 =13
13
" 13 9216
13

13

e

OO--OO

4096

FC

— e
=
_ “H i - =
. S
I 192 102
128 Max
pooling
Overlapping
Max POOL CONV
3x3, 3x3,pad=1
stride= 384 kemnels
(13+2%1-3)1
+1 =13

Q
O
O
O

O
O

1000

4096

Softmax

1 of responsibilities
runs the layer-parts
8-dimensional, and
6-64,806-43,264—

AlexNet 220124 ImageNet 3= £ & FE 3£ 15 & Hinton At B9 3 4 Alex Krizhevskyi& i1TH



Convolutional Neural Network

—

1 Achievements

Visual Geometry Group j UNIVERSITY OF

Department of Engineering Science, University of Oxford OXF ORD
VGGI1
VGG13
VGG Networks < % =2 VGG 16\
VGG19 2+2+3 +3 + 3 + 3 =16

224 x 224 =3 AW 224§ 6d

112 x[112x 128

TG 5 = 2
.-'
Hx'-"ix 12 TxTx512

ﬁ“%%%l 114096 _1x1x 1000

onvolution4+RelUS

max poaling
flL]I_'.' connected+Hel L

| softmax

VGGIRBI Z2014FILSVRCEEMNE R, FE—H=GoogLeNet,



Convolutional Neural Network

—
1 Achievements

ConvNet Configuration

A A-IRN 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-o4 conv3-o4 conv3-64 conv3-64 conv3-64 conv3-64 VG G 16 - Featu res:

LRN conv3-64 conv3-64 convi3-64 conv3-64

maxpool H _

conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 11 19 Iaye rs

conv3-128 | conv3-128 | conv3-128 | conv3-128 B Same input, 3x224 %224
maxpool
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 |3 fU“y-CormECted |ayer5
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 B Softmax Output
convl-256 | conv3-256 | conv3-256 ;
conv3-256 M 5 stages, maxpool in between
maxpool B (m x 3 kernel
conv3-512 | conv3-512 | conv3-512 | conw3-512 | comv3-512 | comv3-512 ( OSt) 3 3 kernels
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 H |ncreaS|ng kernel number

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

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | comv3-512 | conv3-512
conv3-512 | conv3i-512 | conv3-512 | conv3-512 | comnv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool
FC-4096
FC-4096
FC-1000
soft-max




Convolutional Neural Network

[0 Achievements and Applications

» ResNet --2015

A

0001 %4 [ 00071 24 | 9607 24 |
A A »
jood Sne |ood e 9607 2
A 4
705 ‘Mol EXE | | zswoe |
A A
| ziswomee | | wrswoexe |
A
I CE [s o |
A 4
| ersnuomexe | | mshuomeg |
...... A
[ zsumee | | uswuoexe |
A A
| z/'zis‘awoagxe | | o/ 'zis ‘wodgxg | 7/ ‘lood
....... 7y y
gsz Mmagxe | [ eszmuoree |
A A
957 ‘D EXE | | asznuoagxe |
A
05 ‘MU0 EXE | | eszauoagxe |
A A
95z ‘M prg | [ ez |
A
957 ‘MDD EXE | | asz'nuoogxg |
A A
[ eszmme | | eszwworee |
A
957 ‘M EXE | | esz‘woge |
A A
| sszwergxe | | sszaucaexe | | erstawerexe |
A A
[ oszumee | [ oszruoee | [ swoaexe |
4 LY 4
g5z ‘Mo gxg | | oeszmwoe | I
- A 4
| sszwmee | | gszinuoaexe | [asmuepe |
A A 4
EEEECE | /95t ‘oogxg | 7/ ‘Jood
4 A
ge1 ‘MU0 gxe | [ errmuomee |
A A
8T MO EXE | | szrawomexe |
4
gz ‘o g | | serwuoexe |
A A
BZT ‘WO EXE | | merworexe | | zstwooexe |
A 4
87T MO EXE | | meruwoogexs | | zrgtauoaexe |
A A 4
BT MWD EXE | | mzrawongxe | | zis'wonexe |
4 4
871 ‘MUOD EXE | | sermwoagxe | | zrguoogxe |
A A 4
R | z/ser mooexe | 7/ ‘jeed
...... A
$9 'AUDI EXE | | $9 ‘AUDD EXE |
A A
[ puoe | [ remmee |
7'y
9 ‘uoogxe | | wworexe | | osz'aworexe |
A A 4
i 0 'AUDD £XE | | 0 'AUOD EXE | | osz'muerexe |
A A
_l $9 AU EXE _ _ 9 ‘AU0D EXE _ _ 957 ‘ALO3 EXE _
A A A
ﬁ 0 ‘AU EXE _ — 0 'AUOD EXE _ _ 957 'AUOD EXE _
A 3
z/‘jood 7/ ‘jood 7/ ‘jood
A A A
| 2/ nuoo pig | 2/ v ‘auoo pxg | szr'awodrexe |
7/ ‘jood
alew adew) afew
[enpisas 1aAe|-H¢ ue|d Jake|-pg 6T-DOA

1:aas
ndyne

L5
ndino

+1 8215
wndino

BT ‘=
ndino

gg 3715
ndino

ZI1 828
ndyno

$TT @S
ndino



Convolutional Neural Network
L

[0 Achievements and Applications x
A\ 4
weight layer
relu
> ResNet Fx) o x
weight layer identity
F(x) +x
layer name | output size 18-layer | 34-layer | 50-layer | 101-layer l 152-layer
convl 112x112 Tx7, 64, stride 2
3 %3 max pool, stride 2
[ 1x1,64 ] [ 1x1,64 ] [ 1x1,64
2 56%56 ’ ’ ’
convex [ g:g gj } %2 [ §:§ gj ]x3 3x3,64 | x3 3x3,64 |x3 3x3,64 | x3
’ ’ | 1x1,256 | | 1x1,256 | 1x1,256
- - - - [ 1x1,128 ] [ 1x1,128 ] [ 1x1,128 ]
conv3.x | 28x28 ;:g 32 X2 ;:g 32 x4 | | 3x3,128 | x4 3x3,128 | x4 3%3,128 |8
L ’ . L ’ . | 1x1,512 | | Ix1,512 | Ix1,512
. - - - [ 1x1,256 ]| 1x1,256 ] 1x1,256 ]
conv4_x 14x 14 g:g ;gg x2 g:g gg X6 3x3,256 | x6 3x3,256 | x23 3x3,256 |x36
L ’ . L ’ : | 1x1,1024 | 1x1,1024 1x1,1024 |
] - . - [ 1x1,512 ] 1x1,512 1x1,512
convs_x Tx7 g:ggg X2 g:ggg x3 || 3x3,512 |x3 3x3,512 | x3 3x3,512 | x3
L ’ . L ’ J | 1x1,2048 | 1x1,2048 1x1, 2048
1x1 average pool, 1000-d fc, softmax
FLOPs 1.8x10? 3.6x10° 3.8x10° 7.6x10° 11.3x10°




Convolutional Neural Network

[0 Achievements and Applications
» Inception-V3

Input; 299x299x3, Oulput:8x8x2048

9

MaxPool Final part:8x8x2048 -> 1001
Concat
Dropout

Fully connected
Softmax

Convolution Input: Cutput;
AvgPool 299x299x3 BxBx2048

A2ZR, 1BIHE A R Ekinception viE2.5(E A4, MAEVGGNetEi15%.
AEF AL HITHY T IERER Inception FRERAY K /)



Convolutional Neural Network

[0 Achievements and Applications
» Inception V3

Filter Concat

Filter Concat

VI: >
V3: BONNERAHEX IR

5x5 3x3 1x1 3 3xi
=
T T T 1x1 3x3 1x3 3x1 1x1
1x1 1x1 Pool i < T

x1

Base ‘/




Convolutional Neural Network

0 Thinking--Why that size of kernels?

Lenet (5,5) 4
Alexnet (11,11), (5,5), (3,3) 8
VGGs (3,3) 11-19
ResNet (3,3), (1,1)

Inception V3 (1,3),(3,1),(3,3),(1,1)



Convolutional Neural Network

0 Thinking— why 3x3 kernels?

a.) 3x3 kernels can simulate larger kernels like 5x5 or 7x7

/
/
7T AN / ’\\’ Y
1Y i e
]\\\ : Y /l// / II \\ ll ll /l
747 (. (5] O S /r Yy e ] |
/71 N [ (| / X
i o 7 5, T A | 7 77 T O [ [
| | A\ / / /
i/l fiiNy / / /7 Il /I \\ 1’ /I / /
L L L V [ / /4 / I\ Jah /




Convolutional Neural Network

0 Thinking— why 3x3 kernels?

a.) 3x3 kernels can simulate larger kernels like 5x5 or 7x7

b.) by doing so, more nonlinearity is involved, thus more expressive ability

1/ | =
A )\ S
[ 7i ] ] / ///// \V\\ / [ /
ff // II ff !! £+ !f // ] A\ / /
7 A | 7 T | / /
[/ N 7~ ] I X1 ]
A N Y R Y | ;] I N}




Convolutional Neural Network

—

0 Thinking— why 3x3 kernels?

a.) 3x3 kernels can simulate larger kernels like 5x5 or 7x7
b.) by doing so, more nonlinearity is involved, thus more expressive ability

c.) 3x3 kernels can save a lot of parameters

g
-
‘/ \\
[T T . oy s poe e e
77 7 7 |7 B ]
| VA S R A | |
771111 = =]
1 1 1 1 9 | e i e Y | 18
# of weights: 5x5 = 25 # of weights: 2x(3x3) = 18 Pl 72%

General case:

5x5 xinput channel xoutput channel
(3x3 xinput channel xhidden channel) 4+(3x3 xhidden channel xoutput channel)
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