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classification with deep convolutional neural networks." NIPS. 2012.
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ImageNet Large-Scale Visual Recognition Challenge, 2012

Tasks:

* Decide whether a given image contains a particular type of object or not. For example, a
contestant might decide that there are cars in this image but no tigers.

e Find a particular object and draw a box around it. For example, a contestant might decide that
there is a screwdriver at a certain position with a width of 50 pixels and a height of 30 pixels.

Image classification e 1000 different categories
Easiest classes A :
red fox (100) hen-of-the-woods (100) ibex (100)  goldfinch (100) flat-coated retriever (100) ¢ Over 1 m|“|0n Images

> * Training set: 456,567 images

tiger (100) hamster (100) porcuplneHOO] shnqrayHOO) Blenheim spaniel (100) Year Winning Error Rate
I “ ‘ -' ﬂ 2010 28‘2%

Hardest classes 2011 25.8%
muzzle (71) hatchet (68) water bottle (68) velvet (68) loupe (66) 2012 16.4% o
E— . . @ 2013 11.2%
hook (66)  spotlight (66) ladle (65) 2014 6.7%
‘ 2015 3.57%
Human About 5.1%

ImageNet Large Scale Visual Recognition Challenge. Russakovsky et al. arXiv preprint arXiv:1409.0575. URL: http://arxiv.org/abs/1409.0575v1
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ImageNet Dataset

Source https: //cs stanford edu/people/karpathy/cnnembed/cnn embed | full_1k.jpg
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AlexNet on ImageNet
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Architecture
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Learned 11x11x3 filters

Key ideas:

e Rectified Linear Unit (ReLU): an activation function
e GPU implementation (2 GPUs)

* Local response normalization, Overlapping pooling
e Data augmentation, Dropout
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CONVOLUTION



Convolution

e Continuous convolution
(f*g)(t /f(fr t—'rd'r—/ft—'r)g

e Discrete convolution

(f *g)(t Zf(z (t—1i) = th—%)g(%)

t=—00 1=—00

e 2D image [ (K is a 2D filter)

(IxK)(i,j) = ZZImnK(z m,j—n) ZZI(@ m,i—n)K(m,n)
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K (3x3 filter)
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2D Convolution

| (7x7 image)

ILip | hz| hs| ha| hLs| he| L7
Iy | 2| D3| La| Is| Le| 27
Iy | Is2| I3z| Ia| Ias| Ize| I37
Iyp | laz | laz | laa | las| lae| la7
Isy | Is2| Is3| Isq | Iss| Ise| Is7
Ier | 2| le3| loa | los| lee | l67
Iyy | Iz | I3 174 | Irs| Ize| 177
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Output (5x5)

01 1 012 013 014— 015

02 1 022 023 024 025
03 1 032 033 034 035
041 042 043 04-4- 045
05 1 052 053 054 055




2D Convolution

K (3x3 filter) | (7x7 image) Output (5x5)

Ki1 | Kiz| Kiz Ly | Lol Ls| Lal| Ls| Lel Ly 011|012 | 013 | O14] O1s
Ka1 | Kaz| Kas E 3 Ly | 2| 3| La| Is| Le| L7 — TZl. Oz2( O23| Oz4f O2s
K31 | Kszz2| K33 I31 | La| 3| La| Is| ksl I3 O31| Ozz2| Os3| O34 O35

14-1 14-2 14-3 14-4 14-5 14-6 147

Isy | Isz| Is3)| Isa | Iss| Ise| Is7

Iey | le2 | o3| Isa | los| les| le7

Iy | Iz D73 Iza | I7s| I7e| 177

O11 = I K+ Ko+ 113 K13+ 121 Ko+ 122 Koo+ 123 Ko3+131 K314 132 K32+ 133 K33-+bias
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2D Convolution

K (3x3 filter) | (7x7 image) Output (5x5)
Ki1 | Kiz2| Kiz I11 K1I1; K}f; K134 Lis| Ll L7 01| 012 13 | O14f O1s
K1 | Kaz| K23 k I54] K%}_; K%Zz: Kz‘i Lis| Lel I, _ 021l0_22.‘023 04| O35
K3 | Kzz2| K33 I34 K3114 K?gz K;;} I35 Lze| I37 O31| Ozz2| Os3| O34 O35

Iyp | Loz | laz| Lsa | Las| lae| lar

151 152 153 154- 155 156 157

161 162 163 164- 165 166 167

Iy | Iz D73 Iza | I7s| I7e| 177

O11 = I K+ Ko+ 113 K13+ 121 Ko+ 122 Koo+ 123 Ko3+131 K314 132 K32+ 133 K33-+bias
O12 = Lo Ki1+113 Ko+ 114 K13+ 122 Ko1+ 123 Koo+ 124 Ko3+132 K314 133 K32+ 134 K33-+bias
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2D Convolution

K (3x3 filter) | (7x7 image) Output (5x5)
Ki1 | Kiz2| Kiz Ly | I Kll%; K124 ng Tl Ha 011| O12| O13 || O14| O1s
Kz1| Kaz| K23 %k Ll I KZFZ» K224 K235 Ll L, _ 021 022l0_23. 024] O2s
K3 | Kzz2| K33 Ll Is K3113‘ Kgi ngf Li| Lz, O31| Ozz2| Os3| O34 O35

Iyp | Loz | laz| Lsa | Las| lae| lar

151 152 153 154- 155 156 157

161 162 163 164- 165 166 167

Iy | Iz D73 Iza | I7s| I7e| 177

O11 = I K+ Ko+ 113 K13+ 121 Ko+ 122 Koo+ 123 Ko3+131 K314 132 K32+ 133 K33-+bias
O12 = Lo Ki1+113 Ko+ 114 K13+ 122 Ko1+ 123 Koo+ 124 Ko3+132 K314 133 K32+ 134 K33-+bias
O13 = hisKii+1a Ko+ 15 Kis+123 Ko1+124 Koo+ 125 Kos+133 K31+ 134 K32+ 135 K33 +-bias
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2D Convolution

K (3x3 filter) | (7x7 image) Output (5x5)
Ki1 | Kiz| Kiz Ly | Lol LA K}114 K}fg K}fE Iy O11| O12 | O3] 014 P15
K1 | Kaz| K23 k Li| L] b K;214 K?ZZE K;Zs I, _ 021| O22 023sz4- O35
K3 | Kzz2| K33 I31 ] Izx| 154 K§§4 K§325 K?gi I3, O31| Ozz2| Os3| O34 O35

O11 = In K+l Kio+113K13+121 Ko1+ 122 Koo +123 Koz 4131 K31+ 132 K32+ 133 K33-+bias
O12 = o K11 +113 K2+ 114 K13+ 120 Ko1+ 123 Koo+ 124 Ko3 4132 K31+ 133 K32+ 134 K33-+bias
O13 = hisKii+1a Ko+ 15 Kis+123 Ko1+124 Koo+ 125 Kos+133 K31+ 134 K32+ 135 K33 +-bias
O14 = Iy K11+1i5s Ko+ 16 K13+124 Ko1+ 125 Koo +126 K23 +134 K31+ 135 K32+ 136 K33+bias
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2D Convolution

K (3x3 filter) | (7x7 image) Output (5x5)
Ki1 | Kiz| Kiz Ly | Lzl Ls| L4 K11115 K}lzé I;}; 011 O12 | 013 | 044| O1s
Ky | Kaz| Koz sk Ll Lzl Lzl L KZI}ZE K?ZZ( 1%3 _ 021| Oz22] Oa3 024l O35
K3 | Kzz2| K33 Ly | Iz Iis| L4 K3113 Kﬁf I%? O31| Ozz2| Os3| O34 O35

Iyp | Loz | laz| Lsa | Las| lae| lar

151 152 153 154- 155 156 157

161 162 163 164- 165 166 167

Iy | Iz D73 Iza | I7s| I7e| 177

O11 = In K+l Kio+113K13+121 Ko1+ 122 Koo +123 Koz 4131 K31+ 132 K32+ 133 K33-+bias
O12 = o K11 +113 K2+ 114 K13+ 120 Ko1+ 123 Koo+ 124 Ko3 4132 K31+ 133 K32+ 134 K33-+bias
O13 = LisKii+1aKio+1s Kig+123 Ko1+124 Koo+ 15 Kos+133 K31+ 134 K32+ 135 K33+bias
O14 = [1a K11+ 115 K124+ 116 K13+ 124 Koy 125 Koo+ 126 Ko3+134 K314 135 K32+ 136 K33+-bias
O15 = L5 K11+ 16 K12+ 117 K13+125 Ko1 4126 Koo+ 127 Ko3+135 K314 136 K32+ 137 K33+-bias
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2D Convolution

K (3x3 filter) | (7x7 image)

Ki1 | Ki2| Kis Iip | hiz| lLiz| ha| hLs| he| L7

Ka1| Kaz| Kas E 3 K}le K}%; K}g" Lo | Is| lae| I27

K31 | K3z2| Ks3 Ki%l ngz‘ K§33\ Lyl Ls| Ll Isr
Kfa.lj KP422 KP433 Iy | las| lae| Lay
Isy | Isp| Is3| Isq | Iss| Ise| Isy
Ier | Te2 | le3| loa | los| les | le7
Iyy | Iz | I3 174 | Irs| Ize| 177

O11 = In K+l Kio+113K13+121 Ko1+ 122 Koo +123 Koz 4131 K31+ 132 K32+ 133 K33-+bias
O12 = o K11 +113 K2+ 114 K13+ 120 Ko1+ 123 Koo+ 124 Ko3 4132 K31+ 133 K32+ 134 K33-+bias
O13 = LisKii+1aKio+1s Kig+123 Ko1+124 Koo+ 15 Kos+133 K31+ 134 K32+ 135 K33+bias
O14 = [1a K11+ 115 K124+ 116 K13+ 124 Koy 125 Koo+ 126 Ko3+134 K314 135 K32+ 136 K33+-bias
O15 = L5 K11+ 16 K12+ 117 K13+125 Ko1 4126 Koo+ 127 Ko3+135 K314 136 K32+ 137 K33+-bias
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Output (5x5)




2D Convolution

K (3x3 filter) | (7x7 image)

Ki1 | Ki2| Kis ILip | hz| hs| ha| hLs| he| L7

Ka1| Kaz| Kas E 3 Iy | 2| D3| La| Is| Le| 27

K31 | K3z| K3 Iy | Is2| I3z| Ia| Ias| Ize| I37
Iyp | laz | laz | laa | las| lae| la7
Isy | Isp| Is3| Isq | Iss| Ise| Isy
Ier | Te2 | le3| loa | los| les | le7
Iyy | Iz | I3 174 | Irs| Ize| 177

O11 = In K+l Kio+113K13+121 Ko1+ 122 Koo +123 Koz 4131 K31+ 132 K32+ 133 K33-+bias
O12 = o K11 +113 K2+ 114 K13+ 120 Ko1+ 123 Koo+ 124 Ko3 4132 K31+ 133 K32+ 134 K33-+bias
O13 = LisKii+1aKio+1s Kig+123 Ko1+124 Koo+ 15 Kos+133 K31+ 134 K32+ 135 K33+bias
O14 = [1a K11+ 115 K124+ 116 K13+ 124 Koy 125 Koo+ 126 Ko3+134 K314 135 K32+ 136 K33+-bias
O15 = L5 K11+ 16 K12+ 117 K13+125 Ko1 4126 Koo+ 127 Ko3+135 K314 136 K32+ 137 K33+-bias
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Output (5x5)




RGB Image Convolution

tensor &

5x5x3 filter 32x32x3 Image
w X
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28x28x1 feature
wTx + bias

16



RGB Image Convolution

Four
5x5x3 filters

32x32x3 Image 28x28x4 feature

Prof. Songhwai Oh (ECE, SNU) Introduction to Deep Learning 17



Convolutional Neural Network

24

28
y I

) )

32 28 24
CONV CONV
(4 5x5x3 (10 5x5x4
filters), filters),
RelLU RelLU
3 4

RelLU: Rectified Linear Unit
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Stride

stride 1 hs| he) By 3x3 filter
Ls| Il L7
Iss| I36| I37
Iys | lae | Loy
Isy | Isz| Iss| Isa | Iss| Ise | Isy
Ier | Te2 | les| loa | les| les | le7
Iyy | Iz | Iz | I7a | Izs| Ize | I77
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Stride

stride 1 he| hy 3x3 filter
Le| L7
I36] I3
lyg | 147
Isy | Isz| Iss| Isa | Iss| Ise | Isy
Ier | Te2 | les| loa | les| les | le7
Iyy | Iz | Iz | I7a | Izs| Ize | I77
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stride 1

Stride

3x3 filter
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Stride

3x3 filter

. 111 112
stride 1
121 122
131 132
14-1 14-2
Is; | Is2
161 162
171 172
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Stride

. La | he| s 3x3 filter
stride 1

Li| Ly| ILs => 5x5 output
131 132 133

Iy | L2 | la3

Isy | Isy| Is3| Isq | Iss| Ise | Isy

161 162 163 164- 165 166 167

Iy | Iz Izs| Iza | I7s| I76 | I77
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Stride

<tride 2 hs| he) By 3x3 filter
Ls| Il L7
Iss| I36| I37
Iys | lae | Loy
Isy | Isz| Iss| Isa | Iss| Ise | Isy
Ier | Te2 | les| loa | les| les | le7
Iyy | Iz | Iz | I7a | Izs| Ize | I77
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stride 2

Stride

3x3 filter
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Stride

. La | he| s 3x3 filter
stride 2

Li| Ly| ILs => 3x3 output
131 132 133

Iy | L2 | la3

Isy | Isy| Is3| Isq | Iss| Ise | Isy

161 162 163 164- 165 166 167

Iy | Iz Izs| Iza | I7s| I76 | I77
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Output Size

e N =Inputsize
e F =filter size
e S=stride

e Qutputsize=(N-F)/S+1
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Zero Padding

0 0|0
7x7 input
0 Zero padding with 1 pixel border
0 3x3 filter
0 0 => 7x7 output
0 0
0 0
0 0
0 0
0|0 |0 O |O 0|0
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Output Size

e N =Inputsize

e F=filtersize

e S=ystride

e P =padding size

e Qutputsize=(N+2P-F)/S+1
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1x1 Convolution

e Dimension reduction
e Same output size (H x W)

E—

256 256
CONV

(32
1x1x128
filters)

128
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RelLU Activation

* Preserves properties of linear models

— Easy to optimize with gradient descent
— Good generalization

— Large and consistent gradients

e Overcomes the vanishing gradient problem

, ReLU

R(z) =max(0, z)

0
-10 -5 0 5 10
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Other Activation Functions

Sigmoid/Logistic tanh (hyperbolic tangent)
1 g(x) = tanh x
9(x) = 1+e*

tanh(x)

Leaky RelLU maxout
g(x) = max(ax,x),a <1 g(x) = max(a;Tx + by, a,"x + by)
LeakyRelu
e /_
y=X T
y: X ....' ............
0

Maxout (n=2)
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Pooling

max pooling with 2x2 filter
with stride 2

1(2|1]0
51003
81 0|05
012|210
1(2]1]0
51003
81005
012|210

average pooling with 2x2 filter
with stride 2

~
7

5|3
8 | 5
2 |1
2.5 | 1.4

* Pooling makes features invariant to local translations of input

e Dimension reduction
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Wrap Up

e Convolutional Neural Networks
— Convolution
— Activation function: ReLU
— Pooling
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