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— Detecting Changes in 3D Structure of a Scene from Multi-view Images Captured by a
Vehicle-mounted Camera, Sakurada+, CVPR2013
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Krizhevsk et al., ImageNet Classification with Deep Convolutional Neural Networks, NIPS2012

« IMAGENET Large Scale Visual Recognition Challenge 2012
— 1000473V - A7 3V &Y #1000 DFIHRE
— CNN ; rectified linear unit ; drop-out

Team name Error (5 guesses)
1 SuperVision 0.15315
2 ISI 0.26172
3 OXFORD_VGG 0.26979
4 XRCE/INRIA 0.27058
i 5 University of 0.29576
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softmax layer
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1960 1970 1980 1990 2000 2010

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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F—prI>a—4 (Autoencoder)

« AT VTNV ELSKEBRTSBELSIC
- 74— F7+#7—FNNELTEHE o

h /AN OO0
Q00 0O 2 W'/b
@]T W, b w',b'Jl@ A QOO0 h
00O O Wb
X I 00O

@ h(x) = f(Wx; +b)
@ R(x) = f'(Wh(x) +b)

min ) [lx; — X(x)|I2

l
0 = {W,b,W’,b’}



RAIN—RAA—

[/

HABDFEEED RIN—RITTx2 LS ITERNE
=&YV TIVTDOE, DIHLEHEDIZ Y bDHEMRL

# of units

min NEuxl - R0+ 5 Z KL(; )

S|\ ¥2|0 4 2|9

2ri—xamzsy | I I A
BRI AERE

s, SUBAG - [N A
- Il /A bR

BNEBDRE1=v FOFEH%AIHI{L LT

31

or—
V
<

et AI"“

S

o

h
O%@ O

55%




RILY><T<> (Boltzmann Machine)
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Restricted Boltzmann Machine

(RBM)
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“Contrastive Divergence”

Z (M) (ﬂ) model [vihjle]
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Hinton et al., A Fast Learning Algorithm for Deep Belief Nets, Neural Computation, 2006

« Deep Belief Network(DBN), Deep Boltzmann Machine(DBM)
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[TABLE 1] COMPARISONS AMONG THE REPORTED
SPEAKER-INDEPENDENT (SI) PHONETIC RECOGNITION

ACCURACY RESULTS ON TIMIT CORE TEST SET
WITH 192 SENTENCES.

METHOD PER

CD-HMM [26] 27.3%
AUGMENTED CONDITIONAL RANDOM FIELDS [26] 26.6%
RANDOMLY INITIALIZED RECURRENT NEURAL NETS [27] 26.1%
BAYESIAN TRIPHONE GMM-HMM [28] 25.6%
MONOPHONE HTMS [29] 24.8%
HETEROGENEOUS CLASSIFIERS [30] 24.4%
MONOPHONE RANDOMLY INITIALIZED DNNs (SIX LAYERS) [13] 23.4%
MONOPHONE DBN-DNNs (SEX LAYERS) [13] 22.4%
MONOPHONE DBN-DNNs WITH MMI TRAINING [31] 22.1%
TRIPHONE GMM-HMMs DT W/ BMMI [32] 21.7%
MONOPHONE DBN-DNNs ON FBANK (EIGHT LAYERS) [13] 20.7%

MONOPHONE MCRBM-DBN-DNNs ON FBANK (FIVE LAYERS) [33]  20.5%

MONOPHONE CONVOLUTIONAL DNNs ON FBANK (THREE LAYERS)
[34] 20.0%

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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EHREREE D state-of-the-artlZ I RN TClefcrCH =2 —FIbF v b
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SOFEICT TICZEBDFEICHKIN [LeCun+89]
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[TABLE 1] COMPARISONS AMONG THE REPORTED
SPEAKER-INDEPENDENT (SI) PHONETIC RECOGNITION

ACCURACY RESULTS ON TIMIT CORE TEST SET

WITH 192 SENTENCES. —
—ARYNAER  ILSVRC2012 Supervision  CNN w/o pretraining

METHOD PER
CD-HMM [26] 27.3% CIFAR10 Ciresan+12  CNN w/o pretraining
AUGMENTED CONDITIONAL RANDOM FIELDS [26] 26.6% . .
RANDOMLY INIIALIZED RECURRENT NEURAL NETS [27] 26.1% NORB Ciresan+12  CNNw/o pretraining
BAYESIAN TRIPHONE GMM-HMM [28] 256% Bl Le+12 BIERTICA
MONOPHONE HTMS [29] 248%
HETEROGENEOUS CLASSIFIERS [30] 244% X FEoe MNIST Ciresan+12  CNN w/o pretraining
MONOPHONE RANDOMLY INIIALIZED DNN (SIX LAYERS) [13]  23.4% . -
MONOPHONE DBN-DNN (SIX LAYERS) [13] 22.4% HWDB1.0 Ciresan+12  CNNw/o pretraining
MONOPHONE DBN-DNNs WITH MMI TRAINING [31] 22.1%
TRIPHONE GMM-HMMs DT W/ BMMI [32] 21.7%
MONOPHONE DEN-DNNs ON FBANK (EIGHT LAYERS) [13] 20.7%

MONOPHONE MCRBM-DBN-DNNs ON FBANK (FIVE LAYERS) [33]  20.5%

MONOPHONE CONVOLUTIONAL DNNs ON FBANK (THREE LAYERS)
[34] 20.0%




== =57 S =x=
B E ook ¢ BI{RE0
888.888.888
888.888.888
MFCC = | GMM/DNN | =
l l /| - I - I - I , | (12-dim) 6&6—’8’8’8
Window(~25ms) ¢y A HMM

amplitude

15

1

0.3

0 ke
30 100 150 200  E50

Power spectrum

"\

= AH73dY

N
I
¥
—_

[N




DNNE=F75T 115 3 DDA E
- HEAGLDOTLNL—Z2T
« efeqrCH_a—Z)b% Y b
« BIDAHE




A DR B IHERLE

DiCarlo, Zoccolan, Rust, How does the brain solve visual object recognition?, Neuron, 2012
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{} ~10M
(IT representation)
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~15 M (V4 representation)

B V4 ~68M

Cw» 1 [w= ]
| R T ~29 M (V2 representation)
~150 M
~37 M (V1 representation)
~190 M

~ LGN tation,
LGNQ 1M (LGN representation)

Retina Q ~1M (RCG representation)

Latency

~100ms

~90ms

~80ms

~70ms

~60ms

~50ms

~40ms

[Dicarlo+12]
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Serre et al, Object Recognition with Features
Inspired by Visual Cortex, CVPRO5
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Kavukcuoglu, Ranzato, Fergus, LeCun, Learning Invariant
Features through Topographic Filter Maps, CVPR09
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Convolutional Neural Network (CNN)

« Neocognitron|ZJb—"/ [Fukushima80]
 Backpropagationlc K 2B FE & FEENFRHNDIGA [LeCun+89]

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

RN ZOMRHER
— Hubel-Wiesel ) Bfti#Hia - f23HAT
— BFSAE (local receptive field)

[ ]
-~

10 output units
fully connected

~ 300 links

&5):5

256 input units

o ¥

layer H3
Us: 30 hidden units fully connected
0 ~ B000 links
‘ == layer H2
- H 12 x 16=192
Uo /’ o ﬁ ) kel hidden unts 40,000 links
ﬂ from 12 kernels
/ 5x5x8
. layer H1
' . 12 x 64 = 768
! [ hidden units
| 1 H1.1 i
; . ~20,000 links
1 : from 12 kernels
ol
*3]

K=K

Figure 3 Log mean squared error (MSE) (top) and raw error rate (bottom)
Fig 4 Schematc diagram illustrating the mterconnections between layers in the neocognitron versus number of tramning passes

Vs
e
B

[Fukushima+83] [LeCun+89]
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N features
(kernel)
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o fefeHr I+ T—) 2 T%4VIRYT (=DeepCNN) TET, ZH%
BERICH T BAREERIES
« TqIbZEENMOLESBEXAEE{ETE (Backprop) THEE

3 16 5 3 8 5 4 c
3 3 5 [ 3 3 5 = 3t ( 3
32 32 32 R 64 o4 :
32 32 32 10
32
convolution  max resp. convolution max resp. convolution avg. fully
(32 filters) pooling  norm. (32 filters) pooling  norm. (64 filters) pooling connected
(2:1) rect. lin. (2:1) (2:1) layer
rect. lin.

CIFAR10F CNN [Krizhevsky+11]
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“Television set”

K% : Bag-of-Features
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Jarrett et al., What is the best multi-stage architecture for object recognition? ICCV09

« T4V ZLEL, REMED fully-connected BDHFH

random filters random filters supervised learning
4 )
convolution  pooling convolution pooling fully-connected
Caltech-101 NORB
— 4= SVEL Ta4I1bEE o R =Tosa PATRT
7—FTIF% oD 2531 Eg_fﬁ%};; """" Fose ™ Paps =N =P (R'R)
28, MxHET—1) T 62.9% 64.7% e f: bl P 1]
ZE' :Fil;J 70_ I) yﬁ\ 1 9.6% 31 'O% g 18:::"' ) = S ZZZIIZI}
18, #xtEr—U>s | 533% 54.8% i
%0 5i0 1é)0 2(;)0 ;5(;)0 10;OO 20500 ;4860

number of trainina samples per class
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Saxe et al., On random weights and unsupervised feature learning, ICML2010
« ERTVIVIAVALEVET—FTIFvHd>&KE
« T—UVIBDIAZY FHARLRIGT AEAN -
— IPEEAYEHER [Saxe+10]
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SYRLTAIE  BEAN 2T 1)L 7 E;;rﬁ)\jn

s T—FTIVFvDOUERFHZESVZALT 1IVZT [Saxe+10]
L P %75 F v R E T

NORB-mono CIFAR-10-mono
x 907 + 55 -
“;5 g 88 - - i%i;f * § g 50 - - :
& 5 545 -
2 E% —= 2 £ 4 | :
SE %] + §€nq
5 e 82 . ‘ &% e 30

82 84 86 88 a0 92 30 35 40 45 50 55 60 65 70
Pretrained and Finetuned Network Pretrained and Finetuned Network

Performance Performance
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Lee et al., Sparse deep belief net model for visual area V2, NIPS08

« A/IN\—ARBM ZfE>F=V2DETIV
— IREDV2= 1 —0O YV DIHE[Minami-Komatsu04]) %2 B IR
- VI&WEMER (T7I1b v 2023 Y) ITR

2nd layer 1stlayer

optimal inputs



Convolutional DBN

Lee et al., Convolutional Deep Belief Networks for Scalable Unsupervised Learning of Hierarchical Representations, ICML09
o fefeqrZHr&ET—V) 2T 7%ZHY ANTzDBN
Learned bases for natural scenes:

P¥ (pooling layer) firstlayer

bases

7
;ﬁ/ m%l hki,j \/ H¥ (detection layer) second layer

bases

Wk

7
;’V/NWZ'L v / V (visible layer)

Unsupervised learning of object parts (three layers):

faces

second layer

third layer
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Building High-level Features Using Large Scale Unsupervised Learning, ICML2012
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Shape Boltzmann machine

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

- W&EFH I BDBM : realism & generalizationDERK ideol
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Denoising and inpainting
Xie et al., Image Denoising and Inpainting with Deep Neural Networks, NIPS, 2012
* T/ADVVY - A —bIYA—F%RV I/ A AFRE | Denoising
MERElE, PSNREHMECIXERFELAFLD, RIcETEHS
— InpaintingDfEZ 7/ A 2> 7 &I F — blind inpainting Hh eI gEIC

Denoised patch

£ A EER _

Noisy patch

ZRED
RN—RF/ ATV IA— b TYa—4 2 vmes ol T T
%o W - ‘ e -

Blind inpainting #&5% (KSVDI&non-blind)
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Krizhevsk et al., ImageNet Classification with Deep Convolutional Neural Networks, NIPS2012

« IMAGENET Large Scale Visual Recognition Challenge 2012

— 1000473V « A7 3V BT Y1000 DFIFEFE S

— CNN ; rectified linear unit ; drop-out

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

1 9 e SR (D 6 | LEAR-XRCE 0.34464
“airliner” M@ €
She
E /10 Ll SE T o - . .
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mu\nﬁ$ 1ﬁ (2012F11AKR)

— CIFAR image classification benchmark

Y? ° E1§E§gn (Schmidhuber® 7' 1L— 7 @IDSIA)

¥ QO W ID=
IJCNN 2011 Traffic Sign Recognition Competition; 1t

(0.56%), 2" (1.16%, Humans), 3r4(1.69%), 4th (3.86%)
ICPR 2012 Contest on “Mitosis Detection in Breast Cancer o R 1

. . 3) SUTECH 0.7094
Histological Images” e Moo
ISBI 2012 challenge on segmentation of neuronal s o
8) ISIK
structures 5) ETHHEIDELBERG
10) OKAN-IRISA-LIAMA
ICDAR 2011 Offline Chinese Handwriting Competition .

13) Bl

ICDAR2009 16 QhTaR 2—_00,55; M N P

« Arabic Connected Handwriting Competition
« French Connected Handwriting Competition

NORB object recognition benchmark

MNIST handwritten digits benchmark;

“human-competitive result”



MEFIEIER L TeCNNZ 13 L THERE

Max Paoling

Wax Pooling

.\\\\\\

Dataset

Mutli-Column Deep NN

Ciresan, Meier, Schmidhuber, Multi-column Deep Neural Networks for Image Classification, CVPR12

Best result
of others [%]
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MCDNN
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Relative
improv. [%]

MNIST
NIST SD 19
HWDBI.0 on.
HWDB1.0 off.
CIFARI10
traffic signs
NORB

0.39
see Table 4
7.61
10.01
18.50
1.69
5.00

0.23
see Table 4
5.61
6.5
11.21
0.54
2.70

41
30-80
26
35
39
72
46
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Scene Labeling

Farabet et al., Learning Hierarchical Features for Scene Labeling, IEEE PAMI, 2012
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Deep Convolutional NN
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— semi-supervised / transfer / self-taught learning
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* ﬁiﬂ%@ﬁ*ﬂﬁa +?H3%ﬂf, [Bengio-Courville-Vincent12]
* Hﬁ‘:%Bh%BEE'ﬁb‘iiﬁﬂ [Mohamed-Hinton-Penn12]
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« “The brain’s bag of features is better than ours.”
« HIVICEIRZIRT | OV V2 V4 ITHOESN/ N2 > %5
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IT based codes |
V4 based codes

Computer vision \

feature-based codes

™~

V1-like based codes

Pixel based codes

Mean performance of code

SVM7% &

Consistency of code

ICCV2011TDJames DiCarlolc &K 5+ —/— FBIRRA S A FH'5 (EORIIEEDARERGRAT Y F)
http://www.iccv2011.org/authors/oral-presentations/thursday
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— Bengio et al.,, Represenattion Learning: A Review and New Perspective,
Arxiv, 2012

— Bengio, Learning Deep Architectures for Al (Foundations & Trends in
Machine Learning), 2009
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