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- Dense sampling
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» BIFIAHFZ1—F bRy FT7—7 (CNN)
- ROBREHFOBEZEMLIZE/N—tT7 +OY
© Z1—AVEDESZRFAICRE (I\Z X —Z2HOKIEEHR)

[A. Krizhevsky et al., NIPS’12]
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» Hubel and Wiesel (1950~6041%)

- —RABFVNOXER. 5

- EpiHART - RReHEAC - AR

Electrical signal
from brain

Recording electrode ——»

a.

Visual area
of brain

!

Stimulus i

{

y XA Oy (REBHEHRE. 19805F)

Hubel & Weisel featural hierarchy

topographical mapping

complex cells

simplecells

Kunihiko Fukushima, “Neocognitron: A Self-organizing Neural
Network Model for a Mechanism of Pattern Recognition
Unaffected by Shift in Position“, Biological Cybernetics, 36(4):

93-202, 1980.



Convolutional neural network (CNN)

» BFTEE(ZRART)DEHFAFET—) T EEVIRT
ZRBXY FNT—7
o ERPERICARIREREE LED S, BFNEMEE/NZ2 — 2 &
- B9 Bl i“”iﬁﬁﬂg‘ér TOHFEOHREZH TS
o BREMIGREEICK A2 mE L

RIEHIC, BRILI=WWI5RE

C3: f. maps 16@10x10 & D=-—1—Oo~
INPUT C1: feature maps s-i f. maps 16@5::5 HR&
32x32 6@28x28 S2: f. maps ¢5 layer Fe. la ou*rpu*r

6@14x14 yer

ONN

|| connection GEUSSHH connections
'«"Dh.ﬂ.ICII'IE Su bsampllng FuII connection

Convolutions

Subsampling

Y. LeCun, L. Bottou, Y. Bengio and P. Haffner: Gradient-Based Learning Applied
to Document Recognition, Proceedings of the IEEE, 86(11):2278-2324, 1998.
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» BT AIVZDINTG A —ZIFETDHFATHA
- BOBWMIREZBHAHT 1 VR ERT

FEMRAZERIERAR(ETLER)

T4ILED R N AL
BIZIEX. SX5D B AF.
10F¥>RILDATDES.

x5 5 A AN L EEHE D & Sx5x10=2501@
LIXR S (HREEAL)

Source: M. Ranzato, CVPR’14 tutorial slides
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Source: M. Ranzato, CVPR’14 tutorial slides
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CNN & ek D% ism th iE D B 1%

ﬁ*mﬁf’?‘ SIFT, HOG, etc. Bag of visual words
(FHEA—R) SVM, etc.
R = v = -
: =7 L | 7 2 JE | &
Aﬂ——) I A —)zi’f‘i—> 1) > ﬁ’f —)E{fﬁ—) 1) > Hl
A L # . A L 1 .
7z g Z 9
L J
BENE =S¥t EXk K-means
N Sparse coding
BHAH=—1—TILR YL
= 7 = >4 = >4
=2 =%k | T2 k|| T2 s3] a5k
zi lE&l v P 24 [ 1Bl vl -« 2| 24 [1ER|| Y| &
SAIE R a2 || P17 L
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» End-to-end T/\T X — R EF &t
» FREIGIEE

» IR R LBEE) DERETH E
o DI EHMPEBETHEWLEWFEL

T ~

X | > Y

ﬁ%:

< ~ e ~ " L(Xi’yi)
= i = = 7
= (1 7 = =7 (N T A
&A1 | |E & A &1 NE
®wY [ —> #I1lvY | Al
2% | |®w 5 2% 25 [Bw % =
\
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OTERBETI DA E
C BBDTY—INSA—RERS T EIRRENICRETH S 1

y INE TR ERZ AW ERAR O ER

o MNIST7—242 1t b [LeCun] .
| PR, 28 xBET L 6T I

- CIFAR-10/100 7—%2 v I [Krizhevsky]
I‘.l:?ﬂ'lexm_.\u% 32 X 32t7t}|/ 575*&

Jet

Nakavamalab.
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- NS A—RBBEDMBNFEALBSNT

» Caltech-101 [Fei-Fei et al., 2004]
o —RRMGERMREDOEIRT —2t v b (91448, 1027 5 R)
- C(NNZERLEBE. VA LESEERLETIZEALE
HReE% L
[Jarrette, ICCV'09]
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CVPR 2012- One Author's Withdrawal
Statement

“We are withdrawing it for three reasons: 1) the scores are so low,
and the reviews so ridiculous, that I don’t know how to begin writing
a rebuttal without insulting the reviewers; 2) we prefer to submit
the paper to ICML where it might be better received. (&)

Getting papers about feature learning accepted at vision conference
has always been a struggle, and I ‘ve had more than my share of bad
reviews over the years. Thankfully, quite a few of my papers were
rescued by area chairs.  (H&)

This time though, the reviewers were particularly clueless, or
negatively biased, or both. (&)

So, T ‘m giving up on submitting to computer vision conferences
altogether. CV reviewers are just too likely to be clueless or
hostile towards our brand of methods. Submitting our papers is just
a waste of everyone’ s time (%)

Regardless, I actually have a keynote talk at [Machine Learning
Conference], where I’ 11 be talking about the results in this paper.”

Nakavamalab.
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Figure from
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ImageNet Large-scale Visual Recognition
Challenge (ILSVRC)  mwsnaiiimegary oS o

» ImageNetD7—2D—E8ZHAWET7 Sy Iy 7aAUXRT 4
>3~ (2010F K Y FH1E)
> ImageNet [Deng et al., 2009]
c DT RY =TI K BRPORRRERT -2 b
- 14005 M. 2752:F737'j ) (WordNet|ZHit > THEE)

Y T B T aE W H—
15 ﬁ .ﬂ BEF UEe M e
“?ar.;m A BN EElR nhEﬁ
y AUNTDRRY
- 10007 2 ADYEAH7T V) %
- FBT—Z120FK. BEERT—258. 7 A T—2105%
> 2007 5 ADYEEH

. *“‘“? ZASHM. RIERT—22AM. T AN T—24FK
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ILSVRC 2012 ODF

» 10007 5 R5RI42 XU T, deep learning =AW e A T LHVERES
- O b RZEHintonFt&E D F— L (AlexNet)

—

% 6—5\

224\|{<irid Max
of 4 poaolin
3 48

[A. Krizhevsky et al., NIPS’12]

Madagascar cat
\imatian | squifrel monkey

0.4
0.35
0.3

I5—FHN—SUTT0OBL LR
(xBEHEFMTORLEIFI~2%) o

0.05
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ZDEEH A MG R EHEE <
y» T5—FH 16% (2012) — 4.8% (2015)
30 28%

26%

25

20

16%
1 12%
10
6.6% 5.98% 5.1% 4.94%
I I I I I4.82%

0

2010 2011 2012 2013 2014 2015 Human 2015 2015
(Baidu) (MS)  (Google)

Classification error (%)

Wu et al., “Deep Image: Scaling up Image Recognition”, 2015.

He et al., “Delving Deep into Rectifiers: Surpassing Human-Level Performance on ImageNet
Classification”, 2015.
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20145 DCNN

» GoogleNet (22J) [Szegedy et al., 2014]
> NINN—X
- |ILSVRC 2014 T28
- JFEDAFHFET L—LT—0 TFE

E E

@Eﬂﬁﬁﬂﬁ

Convolution
Pooling

Other

http://www.image-net.org/challenges/LSVRC/2014/slides/GooglLeNet.pptx

Nakavamalab.
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ERULIEBDFETE THILLIGA

y T/ ATG e A UNALT 4% [Xieetal., NIPS'12]
o EIRD ./ 1 ARE

- Stacked denoising auto-encoder

» ¥Bf#{% [Dong et al., ECCV'14]
- ERISEERD 5 [
BREEEEERT e )

111 e
4 ’
.-/ i [

el iy
———_f & High-resolution
I aalf

- \\I\'\'?‘:‘:‘ image (output)

and representation

v R4 #EIE [Xu et al., NIPS'14]

JOEHALDEMAN 23

Nakavamalab. =

Machine Perception G
THE UNIVERSITY OF TOK



B R

1.
y 2.
3. RERE

BRI EFICH 1T Bdeep learningDESE & R E
BHAFZ1—F )by b (CNN)ZRBW B2 FY

Nakayama Lal
; AN

24



ILSVRC 2012 TOi&:m
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ZEEOD-1—0OVOHEND

» BZ LBICDON, 75 AD3EEEEED LD S

ILSVRC’12 M
validation data
(BIIEITREFRT)
(c) DeCAF; (d) DeCAFs
F1E F6/3

J. Donahue et al., “DeCAF: A Deep Convolutional Activation Feature for Generic
Visual Recognition”, In Proc. ICML, 2014.
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n Matthew D. Zeiler and Rob Fergus, “Visualizing and Understanding
=] J Convolutional Networks”, In Proc. ECCV, 2014.

. V il ==

e
Y ——
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. < 7 W,

Layer 3
Nakavama e
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Matthew D. Zeiler and Rob Fergus, “Visualizing and Understanding
J Convolutional Networks”, In Proc. ECCV, 2014.
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© BB FAL V(T =24y ) TEE LIHRISR LR %
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13074, 1000552 FH. 2095
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Fine-tuning

C FWERY FT— Y EUHEE L, BRKT -2ty T
EHICEFEREZEDS

» B LERFEEIIELIBITHA I LITER

ANE
Ex o=y =
— aalfE

B & \Big = O
\ \ @ - 100[;"'-.,||=

ﬁﬁ%ﬂ‘; : > .|

N
v
/
&1
N
\F
&
\l\ll'
s
Q00O

T—2tvk \ VL L(K“ };) I;u
Fine-tuning % = g — ';’
T §i> Di : % - EL: — 1 DM
\ L L 20




FHREHFLZY FT—T7DFhE

» ILSVRC 2012 — VOC 2007 Ol (#RH FIhE. mAP%)
o 7IVAY ZwFCNN: 40.7
> Pre-trained feature: 45.5
> Fine tuning: 54.1 Agrawal et al., “Analyzing the Performance of Multilayer Neural

Networks for Object Recognition”, In Proc. ECCV, 2014.

arge-scale recognition
g K Tty RS

§

PASCAL VOC 2007

ImageNet ILSVRC’12 5F#. 2095X
1305#.100005X

A g
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FEEBEHFLY FT—T7BEOMRESE

» 2012 AR BRIV G M EHFRL TS

AlexNet (8/3) VGG (192) GooglLeNet (22/%)
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HIZAHFEEBEHXY T =T DR

» ILSVRC 2012 — VOC 2007 Cfine-tuningZ L fciZ & D
MERELEER (R AZNZE. mAP%)

- AlexNet: 58.5 <« ILSVRC'12 winner, TS5 —216%
- Small VGG: 60.2

> VGG-16: 66.0 « ILSVRC'14 —fif, TS —=7.4%

Redmon et al., “You Only Look Once : Unied, Real-Time
Object Detection”, arXiv preprint, 2015.
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4 +& H (detection) \ND & B

» R-CNN [Girshick et al., CVPR'2014]

o YA DR & & Z

i (ENB&IEH

>3

o pEIE &R T B 8 DCNN%fine-tuning

1. Input 2. Extract region
image proposals (~2k)

R-CNN: Regions with CNN features

warped region

aeroplane? no.

person? yes.

tvmonitor? no.

3. Compute 4. Classity

CNN features

regions

36



Semantic segmentation N\ A

» E7 IV LAV TOYATREEEE

[ o=

» Hypercolumns [Hariharan et al., 2014]

- ZEZIVICDOWT., UEBEMIC ST 2B D KR InZE
INTCEVEFHEL LTAL. BlsxsH

i

conv conv conv
v ] )
upsample upsample upsample
\‘ély/'
Y
sigmoid |
classifier
interpolation

Nakavama Lab. Sy
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A2 fATH

» Pre-traininglCAAWAAERT—2 1w FH.

2F WL DT TEEL

77ZAAT BLDTHRITNIETIRHEL

- ImageNetld3d < F TEHLIMFERHDT— 2 b

» &% . Fine-grained competition 2013

FREDZ X

https://sites.google.com/site/fgcomp2013/
Team Aircraft  [Birds Cars Dogs hoes Overall
Inria-Xerox 81.46 71.69 87.79 52.90 1.52 17.07
|CafENEt 78.85 73.01 79.58 157.53 90.12

RAITHE, B, #tT—2t vk E ., ImageNet LIZHFYT—2M

75.82 Y
FELEGVWRAMVIZEAL T = Y DFEE T —2D A ALV
Fisher vector (BoVW) O AMNE M oT-

Fisher
vector

CNN
(fine-
tuning)

]




tnTF—2+ty DM

» MIT-Places [Zhou et al., NIPS'14]
j(ﬁ*i/ /7’37':]\') 71\ 2ty |‘(2057J7'Zi\') 200751‘51)

greener forest path

wintering forest path

darkest forest path

romantic bedroom

spare bedroom teenage bedroom

4 1"1:',0) v /n:un%%g 17’\0)$ﬁ§—(‘ L\'l‘iﬁg

SUN397 MIT Indoor67 ScenelS SUN Attribute

>~ EbH Places-CNN feature 54.3210.14 68.24 90.1910.34 91.29
T—%tvk ImageNet-CNN feature  42.61+0.16 56.79 84.23+0.37 89.85
Caltech101 Caltech256 Action40 Event8

Wik - (TR |$ Places-CNN feature 65.18+£0.88  45.59£0.31  42.86£0.25  94.12£0.99
= —S‘t‘ Yk ImageNet-CNN feature  87.22+0.92  67.23+0.27  54.92+0.33  94.42+0.76
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» Titan X ($915 5 )
o AAPMNT =T ABICHED

» Tesla K20 (#9405 M), K40 (%805 H)
- KYEEEHLFL
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A—TV—ARVYT o7

» 2012FEDL S, BREMRF—LICKSEEERL
Caffe/Decaf : UC Berkeley

Theano/Pylearn2 : Univ. Montreal

Torch7 : Univ. New York

Cuda-convnet2 : Univ. Toronto (Alex Krizhevsky)
Chainer: PFI/PFN

(o]

o

(o]

o

(o]

Core Open Pretrained
Framework License language Binding(s) CPU GPU source Training models Development
Caffe BSD C++ E;;}%LEAB v’ v’ v’ v’ v’ distributed
cuda-convnet [7] unspecified C4+ Python v v v discontinued
Decaf [2] BSD Python v’ v’ v’ v’ discontinued
OverFeat [9] unspecified Lua C++,Python v~ v centralized
Theano/Pylearn2 [4] | BSD Python v’ v’ v’ v’ distributed
Torch7 [1] BSD Lua v’ v’ v’ v’ distributed

Y. Jia et al., “Caffe: Convolutional Architecture for Fast Feature
A Embedding”, ACM Multimedia Open Source Competition, 2014.
akavamalab. =
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Caffe (BSD 2-Clause license)

» BRBRTIE T 777 M RZ VA —F
o by TS RICER
o FA—TYV—RAAZ 21570 & LTHEIL

» Model Zoo

- BEDMEEEBBH R Y NI - BEET H1%HEHM;
- AlexNetlx® 55 A, VGG, GoogleNet’zE %

- RIMDUREWDTCERBICHES

Nakavamalab.
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Caffe (BSD 2-Clause license)

» Web FF 2 A FHFEE  http://caffe.berkeleyvision.org/

> ImageNetFDIER = HIRAI 6L
> IPython notebookic & % 11— F24%#

Notebook Examples
Pre _trai n ed i * Image Classification and Filter Visualization
fe ature T i ed model and a tour of the net interface for visualizing
features and parameters layer-by-layer.
e Learning LeMet
Define, train, and test the classic LeNet with the Python interface.
e Off-the-shelf SGD for classification

Coptimizer to train logistic regression on non-image HDFS data.

4

Fine tuning

arreiet on new data.

¢ Editing model parameters

How to do net surgery and manually change model parameters for custom use.
e R-CNN detection

Run a pretrained model as a detector in Python.
¢ Siamese network embedding

Extracting features and plotting the Siamese network embedding.

Nakavamalab.

I
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FEERYNT—
=% >
In [3]: | caffe.set mode cpuf() ODEIJ'_I.: JA&

net = caffe.Net (caffe root + 'models/bvlc reference caffenet/deploy.prototxt’,

caffe root + 'models/bvlc reference caffenet/bvlc reference caffenet.caffemodel’,
caffe . TEST)

In [6]: net.blobs['data'l.datal[...] = transformer.preprccess('data’, caffe.io.load image(caffe root + 'examples/images/cat.jpg'))

out = net.forward()
E&ROtyh-T4—kT+T—F

In [36]: feat = net.blobs['fct&t'].data[0] ’ = /5
plt.subplot(2, 1, 1) BFHEEDRE
plt.plot (feat.flat}
plt.subplot(Z, 1, 2)

_ = plt.hist {feat.flat[feat.flat > 0], bins=100)

&0

0 500 1000 1500 2000 2500 3000 3500 4000 4500
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o BIIAIZY FT—U DIBEISEE
o FIRAEHERT T — X (ImageNet)DEH 5 LT L—9 R b—
o FEBHZY T —T DEFZIIIER ICER

y TR EHEANER T —2OEEL R IRV
- WEMIILTWLWSEDIEIFIF2 TimageNetigdr
- FIEEIKLERNT / T—2a Vb (V0K =V Th R
F—ILLPTLY)
- BEGEEEF CIRE L
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