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Introduction

« Artificial Neural Network (ANN)
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Problems

Problems of MLP

Training time

Network size

Parameters
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CNN

* Convolution
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CNN

« Sub sampling (Pooling)

- 2x2 filter and stride = 2

Single depth slice
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Feature maps
4@20x20

Feature maps Feature maps Feature maps
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CNN

* Convolution
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« Convolution EF=-9| A1} -2




CNN

* LeNet - Yann LeCun
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CNN

* ImageNet
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CNN

 AlexNet - Krizhevsky, Hinton

5 Convolutional Layers 1000 ways
- - Softmax
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GooglL.eNet

ILSVRC 2014 ~ - deeper and deeper
Revolution of Depth

152 layers
&
I 22 layers ’ 19 layers
\\ 6.7 7.3

3.57 . E\ReEE I 8 layers 8Iayers shallow

ILSVRC'1S 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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GooglLeNet

» Deep NN - Side effect

- Overfitting
- Label
- Computation load

- Vanishing gradient A v A v A

Underfitting Just right! overfitting

overfitting
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GoogleNet

« GoogLeNet
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GooglLeNet

* GooglLeNet - NIN
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GooglLeNet

» (GooglLeNet - NIN
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GooglL.eNet

Inception module

Filter
concatenation

) -

1x1 convolutions

3x3 convolutions

5x5 convolutions

)
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1x1 convolutions

1x1 convolutions

1x1 convolutions

+

3x3 max pooling
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Previous layer
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GooglL.eNet

 Inception concept

L=
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GooglL.eNet

 Inception concept

A Nhumber of
filters — 1X1
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GooglL.eNet

* Inception concept

A Nhumber of
filters _— 1X1
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GooglL.eNet

 Inception concept

A number of
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GoogleNet

* Inception concept

A Nhumber of
filters _— 1X1

—> 3x3

—

LQ_I-, ImagelSystemillaboratoryiiek!



GooglL.eNet

 Inception concept

A number of
filters — 1X1
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GooglL.eNet

 Inception concept

A Nhumber of
filters — 1X1
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GooglL.eNet

Inception concept

number of

filters

1x1

_ 3x3

Filter concatenati
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GooglL.eNet

* Inception concept

17x17x640 17x17x640
Fooling
17x17x320 35x35x640
<Ilnm;tinD
35x35x320 35:35:321]_-

Szegedy, Christian, et al. "Rethinking the inception architecture for computer vision." arXiv preprint arXiv:1512.00567 (2015).
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GooglL.eNet

* Inception concept

| 17x17xB40

e

1717320 | 1Tx1Tx320

| 3se3sxzzo

Szegedy, Christian, et al. "Rethinking the inception architecture for computer vision." arXiv preprint arXiv:1512.00567 (2015).
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GooglL.eNet

 Inception concept

Filter catenati

1x1 convolutions 5x5 convolutions 3x3 max pooling

o

Previous layer
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Output Volume (3x3x2)
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GooglL.eNet

» GooglLeNet

256 480

3(a) 3(b) 4(a) 4(b) 4(c) 4A(d) 4(e) S(a) S(b)

Convolution
Pooling

9 Inception modules

Other




» GooglLeNet

GooglL.eNet

o [P I o [ o [ F o [ B [ [ B e | o
convolution TRTf2 112112 %64 1 27K 34M
max pool 3x3/2 S56x56x064 0
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softmax 111000 0




GooglL.eNet

* Auxiliary classifier




GoogleNet

* Auxiliary classifier
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Wang, Liwei, et al. "Training deeper convolutional networks with deep supervision." arXiv preprint arXiv:1505.02496 (2015).
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GoogleNet

* Auxiliary classifier

o3 Gresficet of GNN comehutionel leyors ¥ 107 Gradient of conwv4
— v
8 — comv'2 3
— o3
* COMns4 3 4
% T —— cOnws g
conve
% 8 conw T ﬁ 3
— convB (]
g’ 2
: e’
- E = = = CNN
1 CNDS (ours)
0 e Y e e e e ey e e e
0 20 40 60 80 100

lteration

Wang, Liwei, et al. "Training deeper convolutional networks with deep supervision." arXiv preprint arXiv:1505.02496 (2015).
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GooglL.eNet

VGGNet
Revolution of Depth

152 layers
A\
I 22 layers ’ " I I

8 layers 8 Iayers shallow

ILSVRC'1S  ILSVRC'14 | ILSVRC'14 J ILSVRC'13 ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)




GoogleNet

o VGGNet

Input : Image input
AlexNet ‘ Conv : Convolutional layer
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Simonyan, Karen, and Andrew Zisserman. "Very deep convolutional networks for large-scale image recognition." arXiv preprint arXiv:1409.1556 (2014).
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GooglL.eNet

* Inception — V2~ : Factoriziong Convolutions (VGG Net)
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GoogleNet

* Inception-v2

] Top-1 | Top-5 Cost
restm Eﬂr?ur E.rtp;r Bn Ops
GoogLeNet [20] 290G 0.2% 1.5
BN-GoogLeNet 26.8% - L5
BN-Inception [T] | 25.2% 7.8 2.0
Inception-v2 234% - 3.8
Incepnion-v2
RMSProp 23. 1% 6.3 3.8
Incepnion-v2
Label Smoothing | 22.8% B.1 38
Inception-v.2
Factorized T x 7 | 21.6% 58 4.8
nceplion-vZ 212% | 56% | 48
BM-auxiliary
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GooglL.eNet

* Inception-v3

Convolution
AvgPool
MaxPool
Concat

@» Dropout

@ Fully connected

@ Softmax

) Cro Top-T Top-5 |
Metwark E:,lu]u“d,:_tlid thl!:fm Frf.nr F':Er]nr
VGGNet [18] 2 - 23. 7% 6.8%
GoogleNet [20] 7 [ 44 - 6.67%
PRelU [6] - - - 494%
BN-Inception [7] 6 [ 44 20.1% 49%
Inception-v3 4 [ 44 17.2% | 3.58%"
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GooglL.eNet

» ResNet
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He, Kaiming, et al. "Deep residual learning for image recognition."” arXiv preprint arXiv:1512.03385 (2015). e




GoogleNet

» ResNet
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He, Kaiming, et al. "Deep residual learning for image recognition."” arXiv preprint arXiv:1512.03385 (2015).
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GooglLeNet

» ResNet

3
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He, Kaiming, et al. "Deep residual learning for image recognition."” arXiv preprint arXiv:1512.03385 (2015). e




GooglL.eNet

* Inception-v4 + ResNet

Softmax Cutput: 1000

I

Dropout (keep 0.8)

I

Average Pooling

T

5 x Inception-resnet-C

T

Reduction-B

I

10x
Inception-resnet-B

I

Reduction-A Dutput: 17x17x836

I

5 x Inception-resnet-A

f

Stem Oulput 35x35¢256

I

Input (209x299x3)

Output: 1782

Output: 1782

Oulpuk: Bl 1762

Dulput: BxBx1782

Output: 175172836

Oulput: 35x35:256

299x299x3

| Network Maodels | Top-1 Error | Top-5 Error
ResNet-151 [5] f - 3.6%
Inception-v3 [15] 4 17.3% 3.6%
Inception-v4 +
3x Inception-ResNet-v2 4 16.5% >1%

Szegedy, Christian, Sergey loffe, and Vincent Vanhoucke. "Inception-v4, inception-resnet and the impact of residual connections on learning." arXiv preprint arXiv:1602.07261 (2016).
\

L& Image

—

SystemYllaboratoryay



GooglLeNet

» (Classification failure cases

Groundtruth; ????
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GooglLeNet

» (Classification failure cases

Groundtruth: coffee mug

L@_/-,E‘Bgyé@za 46



GooglLeNet

» (Classification failure cases

Groundtruth: coffee mug

GoogleNet:

e table lamp

e lamp shade

e printer

e projector

e desktop computer
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GooglLeNet

» (Classification failure cases

Groundtruth; ???
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GooglLeNet

» (Classification failure cases

Groundtruth: hay
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GooglLeNet

» (Classification failure cases

Groundtruth: hay
GoogleNet:

e sorrel (horse)
hartebeest
Arabian camel
warthog
gazelle
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