Convolutional Neural Networks (CNNSs)
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o2
1%
1%
70
b 54
47
L)

7 26

53
i1

.
"‘

%
4
a0
82
34
42
L3
73
el

9
12
s
23

b

L2
ae
-
)
]
a8
12
48
[ 3]
e3
T
T

i
Ti

b1
17
55
04
51
29
€4
03
(X3
i
2
96
35
0%
t 1)
T
e
TS
83

1%
81
bk
40
7
03
a3
62
Lt
00
s
3
"
"
3
62
5
a0
n
51

00
is
i4
i1
€3
4
€7

1
-

9
74
b}
b
s
‘*
E k]
a0
a9
a0
90
54

TS
&Y
Tl
it
92
3t
3
ar
4%
L L
] ]
1"
T3
)
ic
w4
€

83

04
a7
10
(1]
b1
33
40
L 1)
3
03
es
"
2

33
72
"
49
L}

0s
40
a7
L1
4
a3
L 1
39
L
i
80
FL
b I
13
32
L 1
it
L 3]
71
48

0"
L
s3
a2
78
9
€)
i L]
g¢
04
UL
L L]
e
i¢
L L
o
"2
41

Ll
13
es
2
4.0
3¢
2
ce
1)

17

2]
L2
e
33
4¢
67
4
43

50
04
19
3"
(1]

3% 1

ie
(1]
4
34
09
3¢
s1
04
3
63
40
a3
L

54

13
o2

331

b1 ]
49
89
L}
53
9%
54
a9

a7

kB
€2
04
$7
i9

€2
¢
4

(2]
4
€)
»
.14
as

1*

33
2
33
74
14
Qs
&7

What computers see
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Standard Neural Network

output units
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Standard Neural Network

output units
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Each unit receives input from all units in the preceding layer



Key ldea #1: Limited Receptive Fields

In a CNN, each unit receives input only from
a small 2-dimensional receptive field
In the preceding layer



Key Idea #2: Hierarchical Representations
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Key Idea #2: Hierarchical Representations
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Convolutional Neural Networks

Output Predictions
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Classification
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https://www.clarifai.com/technology



Convolutional Neural Networks

Activation Maps
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also called Feature Maps



Activation/Feature Maps

Layer 1 Activation Maps

Layer 1



Convolution

Receptive Fields

Activation Map
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Convolution

Receptive Fields

Activation Map

200x1 + 1M0x0 + 70x-1 + 190x1 + 90x0 + 80x-1 + 220x1 + 70x0 + 50 x-1 = 410



Convolution

Receptive Fields

Activation Map

90x1 +5850x0 +70x-1+70x1 +90x0 + 80x-1+50x1 +60x0+ 70x-1 = -10



Convolution
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https://github.com/pjreddie/cnn-primer/tree/master/1



Convolution

3 x 3 filter

“sliding window”




Convolution

ar + bs + ct+du + ev + fw + gx + hy + iz




Convolution
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Convolution
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5 x 5 filter




5 x 5 filter




5 x 5 filter




5 x 5 filter




5 x 5 filter

10 x 10 > O0x0



Stride Length 2




Stride Length 2

D 1




Stride Length 2
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https://www.youtube.com/watch?v=YRhxdVk_sls
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Max Pooling (“Downsampling”)

Maximum(a, b, c, d)




Max Pooling (“Downsampling”)
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Max Pooling (“Downsampling”)
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Max Pooling (“Downsampling”)
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Max Pooling (“Downsampling”)
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Max Pooling (“Downsampling”)




Max Pooling (“Downsampling”)




ImageNet




Layer 1 Feature Detectors




Hierarchical Feature Detectors
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Hierarchical Feature Detectors

NI A

A 1] LN
A LANN
=S ImE

Elephants
n";."' WM
...']“ lul- “‘l

N

v w'l 0y ’
qr 1% '

ih'l ‘-::L!
)
..l.

Chairs

r_h*cq_]-'-
Ml
l!‘."'

N
=B

‘"l
e
S
B\

| —

_i—i

. e
- —
l

" |
B

WA B
RN
.I "hp—-l :
l"".,.-‘* n“,r “-l
~lamNSN

AN

b LA LN
WA LS
m=ii=limEs




VGG16 Network Trained on ImageNet

224 x224x3 224 X224 x64
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