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Backpropagation

] Conclusion: BP for FNN
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Convolutional Neural Network

] Introduction How to handle the very large colorful image
1n 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
-_—

] Introduction

B Suppose the dimension of hidden layer 1s 100. The number of
parameters 1n the first layer 1s 15,052,800, unacceptable !
B How does the brain process the image?

224x224x3




Convolutional Neural Network

] Introduction

B Each neuron can only perceive a sub-region in the image.

Ciliary body

Question:
How to build the model of receptive field?




Convolutional Neural Network

[0 History of CNN

ResNet
VggNet
@ GoogleNet

zzzzzzzz 3 220x224x64




Convolutional Neural Network

[0 Functional Architecture in Visual Cortex (1962)

B Receptive Field 1s a continuous
sub-region of input space

m Simple Cells detect local features
within a receptive field

David Hubel (right) and Torsten Wiesel (left) g Com p lex Cells ccp ool” the
celebrate for Nobel Prize . .
output of Stmple Cells within a

receptive field



Convolutional Neural Network

[0 NeoCognitron (1979)

B Neocognitron is a multilayered neural network that cascades
models of Complex cells and Simple cells in Visual Cortex.

Kunihiko Fukushima 110
X

Ix3x16

7x7x30
Tx7x32

7x7x22
11x11x38

Fig. 2. Schematic diagram illustrating synaptic connections between layers in neocognitron.



Convolutional Neural Network

0 LeNet (1998)

s LeNet 1s a refinement of NeoCongnitron,
which can be trained efficiently and achieve
state of art results.

Yann LeCun

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

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

C5:layer ce.javer OUTPUT
Lo g4 o 10

I
| Full oonrlection l Gaussian connections

Convolutions Subsampling Convolutions Subsampling Fuil connection
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Convolutional Neural Network
-_—

[0 Classical Architecture
» Three Main Concepts in CNNs

= Receptive Field

= Convolution (Simple Cell)

= Pooling (Complex Cell)



Convolutional Neural Network

1 Classical Architecture
» Receptive Field

Fully connected

Locally connected

14



Convolutional Neural Network

1 Classical Architecture of CNN
» Receptive Field

= Receptive Field

= Receptive Field of a neuron
1S a continuous sub-region
of the input space

= Locally Connected

= Neuron 1s just connected to

its own Receptive Field Neuron




Convolutional Neural Network
-_—

[0 Classical Architecture
» Convolution (Simple Cell)

= Simple Cell

= Simple Cells detect local feature.

FANRERE Ji=328
IS DEEEEY
HEEERE HFESNE
Ef-Td aUMNELD

i

= Their Receptive Fields are overlapped.

Pz



Convolutional Neural Network

0 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

0 Classical Architecture
» Convolution (Simple Cell)

® Activation of a Neuron




Convolutional Neural Network

[0 Classical Architecture
» Convolution (Simple Cell)
= Feature Map

= Activations form a 2D array called
Feature Map

{Zij = Yt Wit Xivk,j+1
|
aij = f(z)

= where X;; is receptive
field of ij—th neuron




Convolutional Neural Network

[0 Classical Architecture
» Convolution (Simple Cell)

® Convolution

m  With a learned filter (Weights W)

= Non-Linearity activation function

aZre




Convolutional Neural Network

1 Classical Architecture - Convolution




Convolutional Neural Network
-_—

1 Classical Architecture - Convolution

1 0|1

0 1 0|1
1 0|1 0 05| 0
O 1|0
0 05| 0




Convolutional Neural Network
-_—

1 Classical Architecture - Convolution

1 |01 0 010
0 1 |01 0O 010 0
1 |0 |1 0 05| 0 0 00
X 0 1|0 = y
1 |1 |1 0192109 0 05| 0
1 0 00 0 00 1
1|1 1 0 050

Element wise product



Convolutional Neural Network

1 Classical Architecture - Convolution

A C

| III
B D

0.5

0.5




Convolutional Neural Network

1 Classical Architecture - Convolution




Convolutional Neural Network

1 Classical Architecture - Convolution

I
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Convolutional Neural Network

1 Classical Architecture - Convolution
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Convolutional Neural Network
-_—

1 Classical Architecture - Convolution

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

0 05| 0 0O 0 |05




Convolutional Neural Network

1 Classical Architecture - Convolution

0.5

1 0|1
1 0|1
1 0|1

Input image

0.5

Kernel




Convolutional Neural Network
-_—

1 Classical Architecture - Convolution

1 0 0| 1

0 05| 0
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O 1|0
1 1 0| 1

0 05| 0
1 70 0 O

Input image Kernel



Convolutional Neural Network
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1 Classical Architecture - Convolution
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Convolutional Neural Network
-_—

1 Classical Architecture - Convolution

Convolution e R
! 1 0 0 0 0 1
i 1 1 0 1 0 1 1 1 0 1 0 |
i 110 10 1 110 10 1
i 1 0 0 0 0 0
X X X X
0O 05| 0 0 0 0O 1051 0 0 0 0 0 0 0 0 0
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0O 05| 0 0 0 0O 1051 0 0 1 0 0 0 0 | 0
0 0 0 0 0 0 0 0 0O 05| 0 0 0 0O 05 0

1.5 0 1.5 0



Convolutional Neural Network

1 Classical Architecture - Convolution

Each convolutional kernel is equivalent to several spatially constrained FC neurons

A

el=[-[-[=l=lele]s]-[~[=]-]~[-]~]

1.5

1.5

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



Convolutional Neural Network
-_—

[0 Classical Architecture - Example

111001
011100
101111
Input X=1p01101 T |
001000 Pooing
100101
1 1 1 :
i C lut
Filter w=10 0 1] g onvolution
1 1 1

,
FeedForward %ij z k12itk,j+1

Kl
aij = f(zij) = z;j

\



Convolutional Neural Network
-_—

[0 Classical Architecture - Example

Zi4 1x1 4+ 1x0+ 1x1+0%x0 + 1x1+ 1x0 + 1x1 + 0x0 + 1x1
=5
ai; = f(zi1) =5

L Lo L] O7OTHH— !
ol1f1|l1]0|0 aii| al,| als| ai,
1,01 ,1/,1/—1’/_5%1 a32| A33| Az4
olo|1]1]l0]1 al,| ad,| als| ai,
olo|l1|l0|0]|O aii| ak,| aks|al,
1/o0lo0|1]0]1

Input Feature Map



Convolutional Neural Network
-_—

[0 Classical Architecture - Example

Zi, = 1X1+1X0 +0x1+ 1X0+ 1x1+ 1x0+ 0x1+ 1x0 + 1x1
=3
air = f(ziz) =3

s\

L1 L O[O —u
o|1,/1/1|l0]|0 5 é}z ais| ais
1o 1)1 |11 l—Tlal|ab,|als|al,
ojo|l1|1]0]1 az1| a3, | ais| ada
ojlo|1]0]|0]oO az1| ai,| aks| ais
1/o0flo|1]0]1

Input Feature Map



Convolutional Neural Network

[0 Classical Architecture - Example

1|1 1X ) OXO OX . 1

0|1 1X . 1X . OX . 0)

1|0 1X1 1XO 1X1<\1

olol1]1]0] 2\

O0jJ]O0|1]|]0)0]O0

1{0({0(1(0}|1
Input

1 1 1 91 x0 :)|('1
O 1 1 :!-(0 Oxl x0
1 O 1// :!-(1 ])-(0 :)I(-l
0lof1|1]0]1
}//o/ 1(ofofo0
/ 1|o|lo|1]0]1
c 2 a%S ah Input
az1| a3,| abs| Az
a31| az,| azs| a3s
az1| app| 33| A4a

Feature Map




Convolutional Neural Network
-_—

[0 Classical Architecture - Example

Z3, = 0x1 4+ 1x0+ 1x1 + 1x0 + 0x1 + 1x0 + 0x1 + 0x0 + 1x1

=2
az1 = f(z31) =2

1|11(1]0|0]1

O Lo L TTOTO4— 53|43
10001111 CZ%1 (35| a33| Q24
0, 0;0_..._.}*1——’1""'0—_*/— C:%1 a3y| a33| A3
o|lo0|1]|]0|0]O aii| ai,| aks| ais
1|l0l0|1|0]1

Input Feature Map



Convolutional Neural Network
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[0 Classical Architecture - Example

{21=W*X
a' = f(z")
>

1 (1|10 |0]|1
0. 1, 1X1‘1‘~e~~0\\“5 31413
1x0 Oxl 1x01 1 1 2 4 3 4
I
OX1 oX01__1,___a—-+— 313 (4]2
O|l0|l1|l0|0]O0 213121 4
Yi12j0(0|1|0]|1

Input Feature Map



Convolutional Neural Network

[0 Classical Architecture
» Pooling (Complex Cell)

® Complex Cell

B Complex Cell “pool” the
output of Stmple Cells
within 1ts receptive field

B Their Receptive Fields
are non-overlapped.

Convolution Pooling



Convolutional Neural Network

[0 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
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[0 Classical Architecture - Example

Max Pooing
1/1(1]0]|0|1 ‘?
o(1|11(1(0]|O0 5131|413 T
aji | 12

11011 ]1]|1 2 | 43[4 1

— az1|azz
o(0|1(1(0]1 3131|142
o|o0|1l0]|]0]0O0 213|211 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
ol1l1|1]0]0 5|3|4]|3] —
5 |a%,
1 (0|1 |1]1]1 2 (41314 =717
— azy|4zz
o|jo0|1|1|0]1 3|13 |4]|2
o|o0|1l0]|]0]0O0 213|121 4 Pooled Feature Map
1 (0|01 ]0]1
Feature Map

Input



Convolutional Neural Network
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[0 Classical Architecture - Example

Max Pooing
1110|001
o111 (0]0 513143
514
1 ({01 (1111 2 | 43| 4] 1T 2
e azq| 22
O|lO0|1|1||0]1 3134/ 2 —
Pooled Feature Ma
o|l0|1)]0(0]O0 2 }/2/ 4 p
100101
Feature Map

Input



Convolutional Neural Network
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[0 Classical Architecture - Example

Max Pooing
1 (1|1 |0]0]1
o|1(1|1(0]0 51343
514
1 (0|11 ]1]1 2 14|34 >
S 314
oOo|jo0o|1|1|0]1 3|13 |4]|2 —
Pooled Feature Ma
0O|0|]1]0|0]|O0 2 }/2/ 4 p
1 (0|01 ]0]1
Feature Map

Input



Convolutional Neural Network

[0 Classical Architecture
» Multiple Convolutions with Different Filters

Horizontal & Vertical



Convolutional Neural Network

1 Classical Architecture

» Multiple Convolutions with Different Filters

® D1fferent ﬁlters detect dlfferent features
L |
| L‘..,_L. a_LL.L

N R L""LT “—L’L

__.,l_LL_ T ) ‘;_*‘ﬁ_.i_

ATy
‘_&L‘ {.._,_ L._..._‘ D LIT
“l 25 A, g‘?”

Raw Image

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

Horizontal & Vertical



Convolutional Neural Network

[0 Classical Architecture
» Multiple Convolutions with Different Filters
® Dectect multiple features at each receptive field

Convolution VPooling



Convolutional Neural Network

[0 Classical Architecture
» Multiple Convolutions with Different Filters

® There results a 3D array, where each slice 1s a feature map.

® Then pooling each feature map individually

7
=

Convolution Pooling

Convolution Pooling



Convolutional Neural Network

[0 Classical Architecture
» Added by Full Connection Layers

Input Layer (S1)4 feature maps (C1)4 feature maps

I  (S2)6 feature maps
l |

r\\?\
"\"JF--\
T~
R RS R
\\ \\ t\w
N \
—
% = i =0
\h N
N

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

(C2)6 feature maps

[ [/

I/ /
| / /
[/
/
/I
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Backpropagation

] Conclusion: BP for FNN
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Convolutional Neural Network
-_—

[0 Classical Architecture — Conv Example

Zi4 1x1 4+ 1x0+ 1x1+0%x0 + 1x1+ 1x0 + 1x1 + 0x0 + 1x1
=5
ai; = f(zi1) =5

L Lo L] O7OTHH— !
ol1f1|l1]0|0 aii| al,| als| ai,
1,01 ,1/,1/—1’/_5%1 a32| A33| Az4
olo|1]1]l0]1 al,| ad,| als| ai,
olo|l1|l0|0]|O aii| ak,| aks|al,
1/o0lo0|1]0]1

Input Feature Map



Convolutional Neural Network
-_—

[0 Gradient-Based Learning Algorithm

Vector form

» Feedforward — Convolution (Conv) . { Sl = Wz cal+ b
— f(Zl+1)
1+1 4! z
J1]2_Zk2—12k1 1Y +ky—1,jo+ky—1 * Wiy k, +b
N

output feature
map

This 1s a filter which imitates receptive filed,
w 1s the weight in it



Convolutional Neural Network
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[0 Classical Architecture - Example

Max Pooing
1]1(1]0]0|1
ol1l1|1]0]0 5|3|4]|3] —
5 |a%,
1 (0|1 |1]1]1 2 (41314 =717
— azy|4zz
o|jo0|1|1|0]1 3|13 |4]|2
o|o0|1l0]|]0]0O0 213|121 4 Pooled Feature Map
1 (0|01 ]0]1
Feature Map

Input



Convolutional Neural Network

[0 Gradient-Based Learning Algorithm

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

141 _ 141
1 _ (L J2P =z
ZjsJa = p2 * (i, —1)p+1 l1l2
l —
i1= (11—1)p+1 2=z 0P

]

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
5 =W'x*a z'*1 = downSample(a') > z =wid
l+1 f(Zl+1) qltl = S+t l+1 — f(Zl+1)

Input Layer (S1)1 feature map (C1)1 feature map
R N (S2)1 feature map (C2)1 feature map

A -
s RN

w [T s

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




Convolutional Neural Network
-_—

[0 Gradient-Based Learning Algorithm
» Backpropagation

Through BP :
d : . :
ot = a_z]l ( ] is cost function of the convolution neural network)
(0] 9z g 10al_ civq 1grgd
0 9zt gzl =0 Wﬁ_6 wifi(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 1s output layer

0 : :
> 6NL = aZ%,Where ] is the cost function

® /-th layer 1s a Full Connection Layer

. {51 — ((WZ)T51+1) . f’(Zl)

0] _ Ql+1.,INT
an_6 (a’)



Convolutional Neural Network

[0 Gradient-Based Learning Algorithm

» Backpropagation
® /-th layer 1s a Convolution Layer, /-th layer 1s pooling

forward

L ) backward
ayer + 1),y layer
tn'ay ( ., layer (L + 1)player
|
- g m{i\
(j1,j2)
o o) o
j1p . (j1,j2) (i1,i2) -
1 J2b
Z.l+.1 — (—) * Z a% i : ) . .
Jvlz = \p2) L i=(,-Dp+1 2 ii=j1/p+1,i,=j,/p+1;(/denotes
i1=(j1—Dp+1 e : : )
divided with no remainder’)
1+1 1+1 — o] d] aZiHil l 1
a;'; =2z;"; O : = vz _ s+l =
J1,]2 J1,]2 J1,]2 az_l+1 aZl l1,l2 p2

b,i, 12

f ’(ZJ'ZLJ'Z)



Convolutional Neural Network

[0 Gradient-Based Learning Algorithm
» Backpropagation
® /-th layer 1s a Convolution Layer, /-th layer 1s pooling

| layer —> (L + Denlayer Ly layer L+ 1)¢nlaye
) III.' simplify
I
-1
+1
I _ 0] 9z i2,) _ - sl+1 2 . f (
J1Jzd — g+l gl i1,i0,) * 2j1,J

i1,02,] J1.J2.J

6} =1/(p?)*up (5]l+1)*f (Zjl) (matrlx form)



Convolutional Neural Network

[0 Gradient-Based Learning Algorithm
» Backpropagation
® /-th layer i1s a Convolution Layer

z'*1 = downSample(a')
glHl= i+l

> & = upSample(6'*D) - f'(zH)

5l+1

Feedforward ‘ Backpropagation

Convolution Layer is followed by a Pooling Layer



Convolutional Neural Network

[0 Gradient-Based Learning Algorithm
» Backpropagation

® /-th layer 1s a Pooling Layer, /+/-th layer 1s a Conv layer

ol j | | |moveﬁlter -

4 |5 1|6 -
.

7 |8 |9+

The yellow region denotes the filter. The number

in 1t 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 1s a Pooling Layer, /+/-th layer 1s a Conv layer

Hence: 5l —21 Zl ] aZ]l'Iik1+1,jg—k&
© YUz Taka=ne Skp=ngl g b1 1T ezt
TZ. Jj1—k1+1,jp—ko+: Jj1.J2

l —_\v1 1 [+1 /
6]1;12 Zklznkl Zkzznk 51'1—k1+1;j2—k2+ Wk .k, *f(Zflyfz)

f(h;]z) 1’ >0
>

[+ 1-th layer

’/

[-th layer

The coordinate of Yhis position is (j1,j2)



Convolutional Neural Network

[0 Gradient-Based Learning Algorithm

» Backpropagation
® /-th layer 1s a Pooling Layer, /+/-th layer 1s a Conv layer

lenlayer (I + 1)¢player

F N simplify
| |
] | L
|

Ni+q

1 _ [+1 wl N
511121 Zkl—nkl Zkz =Mk, 511 —k1+1,jo—ky+1,j Wky k3 ji

5 6l+1 Xrot180(w l) (matrix form)



Convolutional Neural Network

[0 Gradient-Based Learning Algorithm
» Backpropagation

® /-th layer 1s a Pooling Layer S+ =l 5 g
» 8= (rot180(5"*1) » wh) {

» 9 _ gl gt
ow'!

‘Q.Q.C.Q
Feedforward

O QOO

7N\ VAV NN

NWA'S A

O

(

~0)
O
O

=
G
<

Pooling Layer is followed by a Convolution Layer
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Convolutional Neural Network

[0 Achievements and Applications

» Handwriting Recognition

filters = tanh — average-tanh — filters = tanh — average-tanh — filters = tanh

® [ ecNet LeCun

S

A S

|©
b
Ul
| %)
B3

0l

LTI

Ll

e v SN

http://yann.lecun.com/exdb/len

111
1Ly



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

Convolutional Neural Network

[0 Achievements and Applications

» LeNet
C3:f. maps 16@10x10
C1: feature maps S4: f. maps 16@5x5
INPUT
39532 6@28x28

CS.layer £e: jayer OUTPUT
s a4 " A0

S2: f. maps
6@14x14 r

I
| Full mnAection l 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

> AlexNet

Max

227 3
CONV Overlapping
11x11, Max POOL CONV
stride=4, 96 3x3, 5x5,pad=2
96 kernels stride=2 256 kernels
|ttty ’
| 27+2°2-5)/1
1 (227-11)/4 +1 (55-3)/2 +1 (ﬂ i )
! =55 =27
—
227
Overlapping
384 CONV CONV Max POOL
S pad=1 3x3,pad=1 3x3, 256
384 kernels 256 kernels stride=2
(1342131 (13+2°1-3)1 (13-3)2 +1 FC
=13 +1 =13 =6
13 6
6
3 13 9216

13

13

2048

pooling 2048

Max
pooling

128

responsibilities
i the layer-parts
mensional, and
4,896-43,264—

Overlapping CONV

Max POOL
3x3, 256 3x3,pad=1
stride= 384 kernels
(27-3)/2 +1 (13+2*1-3)11
=13 +1 =13
13

O

Q
Q
O
e

FC .
1000
Softmax

4096



Convolutional Neural Network

—

1 Achievements

VGGI1
2 IVERSITY OF
VGG Networks - YGG13 Visual Geometry Group

Department of Engineering Science, University of Oxford
VGGI16

VGGI19

2+2+3 +3 + 3 + 3 =16

224 x 224 x3 2241224 <64

28 x 28 x 512 7XTx512

@ convolution+ReLLU
§ 1 max pooling
| fully connected+ReL.U

| softmax




Convolutional Neural Network

1 Achievements

—

ConvNet Configuration
A A-LRN B C D E
1T weight | 11 weight | 13 weight | 16 weight | 16 weight [ 19 weight
layers layers layers layers layers layers
mput (224 x 224 RGB image)
conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 VGG16 - Features:
LRN conv3-64 conv3-64 conv3-64 conv3-64
maxpool _
conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 " 11-19 .layers
conv3-128 | conv3-128 | conv3-128 | conv3-128 B Same mput, Ix224x224
maxpool
com3-256 | comv3-256 | comv3-256 | comv3-256 | comv3-256 | comv3-256 B 3 fully-connected layers
conv3-256 | conv3-256 | conv3-256 | comv3-256 | conv3-256 | conv3-256 B Softmax output
convl-256 | conv3-256 | conv3-256 .
conv3-256 B 5 stages, maxpool in between
i maxpool B (most)3x3 kernels
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 .
conv3-512 | conv3-5 conv3-512 | conv3-512 | conv3-512 | conv3-512 H Increasmg kernel number
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
soft-max
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[0 Achievements and Applications

» ResNet (2015)
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O Achievements and Applications x |
weight layer
Flx relu
» ResNet () % x
Welshtlaver identity
F(x) +x
layer name | output size 18-layer 34-layer 50-layer 101-layer 152-layer
convl 112x112 Tx7, 64, stride 2
3x3 max pool, stride 2
[ 1x1,64 ] [ 1x1,64 | [ 1x1,64 ]
comv2ZX | 56x36 l iig gj ]x2 [ giggﬁ ]x3 3x3,64 | x3 3x3,64 | x3 3x3,64 | x3
’ ’ | 1x1,256 | | 1x1,256 | 1x1,256 |
- - - - [ 1x1,128 ] 1x1, 128 | [ 1x1,128 ]|
conv3_x 28 x28 gzg’ i;g x2 zzg’ 32 x4 3x3,128 | x4 3x3, 128 | x4 3x3,128 | x8
- ’ . - ’ . | 1x1,512 | | 1x1,512 | 1x1,512 |
- - - a [ 1x1,256 ] 1x1,256 | 1x1,256 |
conv4 X 14x14 gzg’ 322 X2 zzg’ ;gg X6 3x3,256 | x6 3x3,256 | x23 3x3,256 | x36
- ’ . - ’ - | 1x1,1024 | 1x1,1024 | 1x1,1024 |
. . - . [ 1x1,512 ] 1x1, 512 1x1,512
convsSx | 7x7 giggg x2 giggg x3 || 3x3,512 |x3 3x3,512 | x3 3x3,512 | x3
- ’ . - ’ - | 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, Output:8x8x2048

—cosieesss

i

!

Final part:8x8x2048 -> 1001

Convolution Input: Output:
AvgPool 299x299x3 8x8x2048
MaxPool
Concat

Dropout

Fully connected
Softmax

A2ZTR, AHTHE A R tinception v1E2.51% £ 47, 1 H EEVGGNeti= 2045 % .
AR AAY FEAT B 77 1 FE1IK Inception FRER A R /)N



Convolutional Neural Network

[0 Achievements and Applications
» Inception V3

Filter Concat Filter Concat
5x5 3x3 x4
i [ | P
1x1 1x1 Pool i
\ / 1x1 1x1 Pool 1x1
Base N//
Base

V1: 33 EM
V3: HUN/NGBIRFFEXFRG A



Convolutional Neural Network

[0 Achievements -- ImageNet

VGG ResNet Inception

VGG19

152 layers
75 1 B A
\
\\
70 %
\\
65 1 22 layers . 19 layers ‘
\\ 6.7 7.3
60 4

3.57 2 I 8 layers ‘ 8 layers shallow

ILSVRC'15S  ILSVRC'14 | ILSVRC'14 | ILSVRC'13  ILSVRC'12  ILSVRC'11  ILSVRC'10

Top-1 accuracy [%]

55 4

50 | ResNet GoogleNet VGG AlexNet
\Ae % \§\\* \Ae‘ G &\’%6\’60\’9 2 DO QY (ST D B ImageNet Classification top-5 error (%)
p\g\p v I ANTNCNE c,\«;ec,ie \\\e‘&e’: 9‘(\\2 &°
Single-crop Top-1 validation Reported Top-5

accuracies on ImageNet error on ImageNet



Convolutional Neural Network

[0 Thinking--Why that size of kernels?

Lenet (3,5 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

A IN_ ] 4 ’\\\ BERY,
A [ \_/ . A (O 50 S S |
N[\ /// / IA\ \/ I/ /
I/l | \V\\ / / / // ll\ ll \\Jl /I //
e /2 Y N S S A
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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

A I

7 [ |

/7 DT N
S B / ///// \V\\/ F
—F—F—F— 7 [ [ [
G (e e Lo
[/ f [ f [ \] 7 — Y [, (|
A R R B Y | i —" 0, Y |




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

—+——+—1+— //7/ 7 \\1 AN A —
Loy 7 J /v f i s v e e
[/ ] [ [ [ \] o o— i [ -
v [ { I\ L[ [ N [ ] 18
# of weights: 5x5 =25 # of weights: 2x(3x3) =18 e = 72%

General case:

5x5 xinput channel xoutput channel

(3x3 xinput channel xhidden channel) +(3x3 xhidden channel xoutput channel)



