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Neural Network
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Perceptron Neo-cognitron Convolutional NN “Layerwise pretraining”
[Rosenblatt57] [Fukushima80] [LeCun+89] [Hinton+06]
\ [ ]
Simple/complex cells Back-propagation Sparse coding
[Hubel-Wiesel59] [Rumelhart+] [Olfhausen-Field96]
l

“Linearly separable
patterns”
[Minsky-Papert]
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Krizhevsky et al., ImageNet Classification with Deep Convolutional Neural Networks, NIPS2012

IMAGENET Large Scale Visual Recognition Challenge 2012
— 1000473 - A73Y) H1=Y£I100042 D B FRE &

— T=1=HZH=a1—F)L2~Yb ;rectified linear unit; drop—out

“airliner”

“accordion --+”

Team name Error (5 guesses)

1 SuperVision 0.15315

2 ISI 0.26172

3 OXFORD_VGG 0.26979

4 XRCE/INRIA 0.27058

5 University of 0.29576
Amsterdam

6 LEAR-XRCE 0.34464
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e OAVTAML
— IJCNN 2011 Traffic Sign Recognition Competition; 15t(0.56%),
2nd (1.16%, Humans), 34 (1.69%), 4t (3.86%)

— ICPR 2012 Contest on “Mitosis Detection in Breast Cancer
Histological Images”

— ISBI 2012 challenge on segmentation of neuronal structures
— ICDAR 2011 Offline Chinese Handwriting Competition
— ICDAR2009

* Arabic Connected Handwriting Competition

* French Connected Handwriting Competition

o EREEZRSHL Qo2Ei1 AR S)
— NORB object recognition benchmark
— CIFAR image classification benchmark
— MNIST handwritten digits benchmark;

“human—competitive result”
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Le et al., Building High-level Features Using Large Scale Unsupervised Learning , ICML2012

o 9ENNZ{FE-T-FEHEFFE
— INTA—ZE0EE !
— 16a27PC1000&8 MPCYUS R4 x 3HH
— YouTube®E{£100075 X

o [BEXHSAMA D ERZEHES

-

The New York Times (2012/6/25) BE ADIE
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T—RAT12% - EAE({E RandomForest:
[Viola-Jones04] EF—1ao % v IFv
[Shotton+11]
— I .
=
7 = =

All Sub-windows
F rther
P rocessing

Re;ectS ub-window
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HADRENPNSKGDHEIICEH

dy ds
0

softmax layer

E{R (AL TI)-)BHEDEE

1

dn,
0

{wi; ¥ BEH

/
+aAw;; — eAwg;
EAVZL Weight-decay

A)BEFETE (GD:Gradient Descent)
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Perceptron Neo-cognitron Convolutional NN “Layerwise pretraining”
[Rosenblatt57] [Fukushima80] [LeCun+89] [Hinton+06]
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Simple/complex cells Back-propagation Sparse coding
[Hubel-Wiesel59] [Rumelhart+] [Olfhausen-Field96]
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“Linearly separable
patterns”
[Minsky-Papert]
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— “greedy layerwise pretraining” [Hinton06]
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Le et al., Building High-level Features Using Large Scale Unsupervised Learning , ICML2012

o 9ENNZ{FE-T-FEHEFFE
— INTA—ZE0EE !
— 16a27PC1000&8 MPCYUS R4 x 3HH
— YouTube®E{£100075 X

o [BEXHSAMA D ERZEHES

-

The New York Times (2012/6/25) BE ADIE
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— “greedy layerwise pretraining” [Hinton06]
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Larochelle et al., Exploring Strategies for Training Deep Neural Networks, JMLR, 2009
Hinton et al., Deep Neural Networks for Acoustic Modeling in Speech Recognition, IEEE SP magazine, Nov. 2012
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Krizhevsky et al., ImageNet Classification with Deep Convolutional Neural Networks, NIPS2012

IMAGENET Large Scale Visual Recognition Challenge 2012
— 1000473 - A73Y) H1=Y£I100042 D B FRE &

— T=1=HZH=a1—F)L2~Yb ;rectified linear unit; drop—out

“airliner”

“accordion --+”

Team name Error (5 guesses)

1 SuperVision 0.15315

2 ISI 0.26172

3 OXFORD_VGG 0.26979

4 XRCE/INRIA 0.27058

5 University of 0.29576
Amsterdam

6 LEAR-XRCE 0.34464
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N N AL
Perceptron Neo-cognitron Convolutional NN “Layerwise pretraining”
[Rosenblatt57] [Fukushima80] [LeCun+89] [Hinton+06]
\ [ ]
Simple/complex cells Back-propagation Sparse coding
[Hubel-Wiesel59] [Rumelhart+] [Olfhausen-Field96]
l

“Linearly separable
patterns”
[Minsky-Papert]
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Convolutional Neural Network (CNN)

* Neocognitron|ZJL—"J [Fukushima80]

» BackproplZkAHENEFEEFESXFIRHADILA [Lecunts]

— BTS2 AEF (local receptive field)

[Fukushima+83]

Backpropagation Applied to Handwritten Zip Code Recognition, Neural Computation, 1989

. RSO R HNERE
— Hubel-Wiesel O Bi#fifHAa - 45 # HAAE

10 output units (ot
fully connected
»« ~ 300 links
layer H3 ycooooooogp
30 hidden units fully connected
~ 6000 links
layer H2
12'x 16192 4 Lo |
hidden units { s ~ 40,000 links
i from 12 kernels
" 5x5x8
layer H1
12 x 64 = 768
hidden units

~20,000 links
from 12 kernels
5x5

256 input units

Figure 3 Log mean squared error (MSE) (top) and raw error rate (bottom)
versus number of traiming passes

[LeCun+89]
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o T=f=HIH+ T—)2T%4#EYIRT (= Deep CNN) ZET, SHREERIC
XN O EMTER
o« JAIIWAELEGIDEFEERZTDERRTE(BP) TES
— 2FEH (DAL EZF LIZHHE

Max
pooling

13

=X 13

256

dense

Max
pooling

ILSVRC12DCNN [Krizhevsky+12]
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DiCarlo, Zoccolan, Rust, How does the brain solve visual object recognition?, Neuron, 2012

- HEH(BRIEZEHRER ) DEE
— J4—FI74T—F TG
— [N B EHYE - STt o~

(EEHENDECED S K EHIFF )

Kruger et al., Deep Hierarchies in the Primate Visual Cortex:What Can We Learn for Computer Vision?, PAMI2013



V1E B iR - 42 ¥ A

e AR—ILHT—TLvhk e Simple cells/complex cells [Huber-
- (& / mE/ R7—)L Wiesel59)]

— Topographic map

——> orientation

scale

Serre et al, Object Recognition with Features
Inspired by Visual Cortex, CVPRO5

— Slow feature analysis [Berkes—
Wiskott05]

— Gabor quadrature pair [Jones -
Palmer87]

Kavukcuoglu, Ranzato, Fergus, LeCun, Learning Invariant
Features through Topographic Filter Maps, CVPR09
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Le et al., Building High-level Features Using Large Scale Unsupervised Learning , ICML2012

o 9ENNZ{FE-T-FEHEFFE
— INTA—ZE0EE !
— 16a27PC1000&8 MPCYUS R4 x 3HH
— YouTube®E{£100075 X

o [BEXHSAMA D ERZEHES

-

The New York Times (2012/6/25) BE ADIE



Convolutional DBN

Lee et al., Convolutional Deep Belief Networks for Scalable Unsupervised Learning of Hierarchical Representations, ICML09

o fef=HZHET—)2TFERY ANT-DBN
Learned bases for natural scenes:

' PAGSEIINEZIA4
first layer

bases

second layer
bases

Unsupervised learning of object parts (three layers):

second layer

third layer
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Jarrett et al., What is the best multi-stage architecture for object recog 71CCVOo

o« TAIWRESUFLEL, B EALD fully-connected EDHFEH

random filters random filters supervised learning

l l l

N

4

4 )
convolution  pooling convolution pooling fully-connected
Caltech-101 NORB
_kFHFp VAL T4Ib32%

J4IVZ 25

28, WexfET—u>y 62.9% 64.7%
2B, FH7-I>Y 19.6% 31.0%
18, #xHE7—v>7J 53.3% 54.8%
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Saxe et al., On random weights and unsupervised feature learning, ICML2010

o BETINIVALEYLT—FTIF YOI o2&XE
« TV BOAZYMNRLFEHIETHARBEAS:

— IBimAYERBA [Saxe+10]
B S

R
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[Jarrett+09]

BRI 1ILZ RBEAT

s T—XTIOFvDHEREFANETF LTAILIT [Saxet+10]
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Topographic ICA

Hyvarinen and Hoyer, A two-layer sparse coding model learns simple and complex cell--+, Vision Research, 2001

o BEIZYMDEHE (OqIILE)DELUT AL BELTREN
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[Kavukcuoglu09]
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Scene Labeling

Farabet et al., Learning Hierarchical Features for Scene Labeling, IEEE PAMI, 2012
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Denoising and inpainting
Xie et al., Image Denoising and Inpainting with Deep Neural Networks, NIPS, 2012
o« TI/ADUY A —bIa—FZ#HA=/4XFRE ; Denoising T BEIL,
PSNREHME TIEEEFZERFZA, RI-BTHS
— InpaintingD EIREZ T /A2 EH7Ed — blind inpainting D AIREIZ

Denoised patch

i)

00O
/A ARERR

Q00O 0O

00O

i)

Noisy patch

ZED
AN=RT/ ATV TF—bTa—4%
% AR

Blind inpainting #&5R (KSVDIZnon-blind)



Shape Boltzmann machine

Ali Eslami et al., The Shape Boltzmann Machine: a Strong Model of Object Shape, CVPR12

o« 2ZFE I HDBM:realismé&generalization®)Z i lvideo]


cvpr_12_eslami_shapebm_video_large.m4v
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Motoyoshi et al. Nature 2007
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