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v 1. ERERFERSE BT Bdeep learningDFESE

v 2. —RRESRED:E - Deep learning gl & U TRDED > Fch
- Bag-of-visual-words (VLAD, Fisher Vector)
- Convolutional neural network (ConvNets)

» 3. TDEIM - SEDREE
- ILSVRC 2014
- THICHELGHEEN
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v 1. BEHFERRDEFICH T Bdeep learningDEESE

v 2. —RRESRED:E - Deep learning gl & U TRDED > Fch
- Bag-of-visual-words (VLAD, Fisher Vector)
- Convolutional neural network (ConvNets)

» 3. TDEIM - SEDREE
- ILSVRC 2014
- THICHELHEEN

4 N
y 4, BERITBICHDT

o WHICFIRT B SHICHELEHE
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» B9z BH s LR SFFIRIR O B S Z B 5E ThoE
- —fRE DY — >, oA (FSGE
- 2000FKLEREICRE (QAVE1—2EY 3V OAGHH)
- BRIEV SRS

TIRIWARAS, VT FTIVTFINA R, BffiRR. OR Y b,
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Z
£\ Categorization (57 3V 5%5)

- B> TAMEDAm T horse
o YMEDNEEZZDHETEL human

human

» Detection ({1FiEH)
o SER:CHIMROIEZYIY BT

» Semantic Segmentation
N o EZ IV LAV THA TR % 525
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Ea1—R"FEFR"TES
» EWEE (FEh{T)

{(x,y)i=1..N}

RKEDINILGEIET—42
OCHE{E, y:oRIL)
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Deep learning (GEEBHRH)

y Za—F bRy F7—=2%ZBWfc A8
BEB DR
o Bt (fhEEHRE) DBETEELLEER7IVIV XL

» BRI, FLCKREGBEZRBA TSI EDEH
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Za1—ZIbxy b EEIRERE ¢ 2010FRE T

y INEGEGRERBVEERAELER
> MNISTF—% 4t I [LeCun]
- NFEEH .28 x 28EUtIL. 6 A

- CIFAR-10/100 7—%® v b [Krizhevsky]
- MR, 32 x 32EUtIL. 5F K

y MRS R0OS 1 27 « THEICRE
- EVaVRTESEFVZRIFANSHT -
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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. (TEZ)

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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ImageNet Large-scale Visual Recognition
Challenge (ILSVRC)

» ImageNetD7—Z2D—EPEBAWET7Sv Iy 7aAUN
T143 (2010F &K Y FifE)
- ImageNet [Deng et al., 2009]
© IRV VT ICKYBERORRRER T —2 vk

ﬁ Hm
f mﬁ‘m? " ﬁ 2 Fada
» AVNTDRERY
- 10007 5 ADMEH T3V 358
- FET 212088 REIEAT 255K TAFT—210AK
2007 2 A DY
Nakasamatan 8 E T—R45 A BRALAT—22B . TAMT—32471K

\l 1 e Perception Group R 10
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ILSVRC 2012 TOEHE

» 100097 S5 AR XY T, deep learning ZAW e A 7 LHER
- ;FAY FXZFEHintonEDF— L\ (AlexNet)

[A. Krizhevsky et al., NIPS’12]

0.4
0.35
0.3

I5—FEHN—KICTORU LD 0
(xBEHEETORLEIFI~2%) o

0.05
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Z DB AEERER LHH <

» T5—3H0.16 (2012) — 0.07 (2014)

0.28
03— —
. 0.26
O
| -
| -
b
c 027
S 0.16
I 0.12
O .
* f=
» 01 0.07
] http://www.image-
E net.org/challenges/LSVRC/2014/slide
(_) s/ILSVRC2014_09_12_14_det.pdf
0

2010 2011 2012 2013 2014
ILSVRC year

Russakovsky et al., “ImageNet Large Scale Visual Recognition Challenge”, 2014.

Nakavamalab. &
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TEYA G E

» Clarifai
- ILSVRC 2013{BRSE (NYK)DBMED TRV F v —

» Euvision (QualcommbhEIR)
o Impala: AR—bFr7427 71

» FOY FREDLIV—T
- EFREERIICINZ. SREASCERE YR — F
- iPhone. Andoroid7? 7V &,

Nakavama Lab. =SSy
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http://www.clarifai.com/
http://deeplearning.cs.toronto.edu/

BRSO LFE

Le et al., “Building High-level Features Using Large Scale Unsupervised Learning”, ICML’12.

» 9@ dMautoencoder
» 10005 DYouTubeE{&h Sk LENFES
y TNEVHAIRRE S L CERINEE 21585

Z & CRpfBERL

t

Input to another layer above

(image with 8 channels) f mui l
. gm Number of output
A \ channels =§ ﬂ :
IEE :

Number
of maps =8

Nomber ofnpu ADHEIERMIZRET H=1—0OUA
< Image Size = 200 > g Ej]ﬂq(zg%{[%éhf: (1'&\ gafd:E:E’)
s ="'BEHLOAZ1I—O"?

One layer

i
—~

Naka

. s pma
Machine Perception Group
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{thDEREREZ AT

» BR{& EREE
- 48795 AD
AR—=UH7T3Y)EH
[Karpathy., CVPR'14]

.u
cycling ultramarathon heptathlon
track cycling half marathon decathlon
road bicycle racing running hurdles
marathon marathon pentathlon
ultramarathon mline speed skating sprint {running)

4 RGB D%w I‘a\ﬂ% RGB CNN Softmax Classifier Depth CNN
- [Socher et la., NIPS’13] ! K filters e

) ) R S — — -
4 pooling regions

Multiple RWNM

@Cmmlution ::D

=m i

Filter Responses get pooled Merging of pooled vectors | Merging of pooled vectors | |

::o:mlutiun@
v 9 T 10
7o 58

Nakavama Lab.
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ﬂt‘!a) {& ﬁ\nﬁ717

» WEESE (—IANUVYT)
o ETRIVLANIV TR % SR
- [Longetal.,2014]

forward /inference o

-

- >
N backward/learning _\,,_3"
<

» RGB-D¥—>5 A1) “/'7“
- [Wangetal., ECCV'14]

Nakavamalab.

Machine Perception Group
THE UNIVERSITY OF T
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E{RULEDFEDTE CHILVIIGA

y TIATVYT e A NL VT 4% [Xieetal, NIPS'12]
o BEfRD/ 1 XPRE
- Stacked denoising auto-encoder

» #BER{% [Dong et al., ECCV’14]
- EARIREERD 5
SMREEGEET ) N\

v R #IE [Xu et al., NIPS'14]

Nakavama lLab.
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AHORZE

> E{RE A EICH T Bdeep learningDEESE

. —RRERER - Deep learning LLai & UETRHDEDL > b
Bag -of-visual-words (VLAD, Fisher Vector)
- Convolutional neural network (ConvNets)

» 3. BRHDEIR - SEDEE
- ILSVRC 2014
o EBICRETHIEEN

4 N
y 4, BERITBICHDT
o WHICFIRT B SHICHELEHE
- RBY 7 b x7 : Caffe
= _/
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E{RERE/ N1 T 714 DEAL

ANFTE&ET ANFCEEH/ #E G LEE
( A \ { A \ Supervised Classifier:
SVM, Logistic
Eﬁﬂ‘] Regression, etc.
yabr ] Low-level Mid-level “Car”
(“Shallow” image feature image feature ar
learning)
SIFT, HOG, BoVW, VLAD,
SURF, etc. Fisher Vector, etc.
Deep 1] 7
learning Car
J
|
acnll ICESEBEEZERMICEY
Nakavama Lab. N —
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E{RERE/ N1 T 714 DEAL

ANFTEET AFTEREH/ B GLEER
{ A \ { A \ Supervised Classifier:
SVM, Logistic
=R b _ Regression, etc.
Vb b A Low-level Mid-level « ”
(“slhaT|0W” E{ﬁ: image feature image feature Car
learning)  —
SIFT, HOG, BoVW, VLAD,
SUREF, etc. Fisher Vector, etc.
Deep ; | "y ”
learning g{ﬁ: A & Car
\ J
|
SOERELS. BAICESEBEEEZEENICEY
achine Eenii ERDIFHEICHE T S EEDPREBICBAITHIR 20
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o 8 8 LAR O E {5kt {4 o D44

) . ERPORFEHONE (HEHER) E2RATS
(T N KEMEEAY b LERE

X o
g
s
p 1.0(0 o\ 0.5
B 0 |05 0 1.2
Y 0.5 0

SIFTHEL%
G ) |° —) |od

.'.'.. .": .-’::.‘: . '_'-‘.'.:. ..-..
SeNeP et Ct 0.5 0.0

\\ L , } \ 0.0)(0.0 1.0 } }
V |

)

1. BFRF 2.TA—-T4V9 3.7-V>J
- SIFT, SURF, HOG, etc. - N MIVEFE - mKIET—V>T
- Dense sampling \ - ZIENFEH (BEEH) / - EHET-UT

(ElEs. R —ILD
FRR1ERL)
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Bag-of-Visual-Words (BoVW) [csurka et al. 2004)
» NG MVEFRICE Y BFRSEOE R RS LR,

Visual words

Xi X- | - —
X. K-means A ."‘?j

~—"
5
)

.-/'
\\;k_- s _!:‘}I

Codebook

¥ HH H H H H Source: K. Yanai
I H‘H 1l
Nakayama Lab. - 'i-‘\;i-s E&T\Tv oFd!s';‘h """
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BoVW (contd.)

- mEfEDvisual wordiC X9 53— FITxX LT D1,
ZTNUNCOZIEHHRLEMGR/MFHBI>O—FT14V 7
- FIGET—-V Y

EYRIFIL

A @ 0 0 0.2
y /—o\ 0 0 05
IRT IR 0

0 0.1

=

codebook: B={b} j=1._m Ce T 0110 (D 09
- > 0 0 0
N s 0.3
arg ngnz |[x; — Beg||? BB E BT ﬁ
i=1
S.f.HCiHED =1, HCngi = 1. C; >~ 0,V M;XJTE
[Wang et al., CVPR’10] (visual wordsD#)
Nakavamalab. = -
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BOVWOFKEY XIN—XA—F4a4 Y

» N7 FIVEF{EDreconstruction error Z{ER T3
- BFSEOZRIEY Y TIVEDRIICERTT
o EHDEK(visual words)ZAHBWNC I A—FT 14
c BRMET—VUTEEDLETHVWBRBREHZL

codebook: B={bj} i=1...m codebook: B={bj} j=1...m codebook: B={bj} j=1...m
N N N
argngn; |xi — Bei|? arg ngnzl x; — Beg||? + e[ ngn; [x; — Beg|[? + \[|d; @
1= =
s.t. illgo :1._ illgt :1._ 150V i
HC Hf ||C Hé c st 1Tci, — 1.. Vi

Machine Perception Group
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BoOVWOHE2 ®RGEEDELFIA

M: visual word®%§
d: BEMEE=E0XITE

Fik HE B l B AR LORTH

BoVW Bz (B&) M

VLAD [Jegou+CVPR’10] 5] Md

Super vector [Zhou+, ECCV’10] ZNE +F 15 M(d+1)

Fisher vector [Perronnin+, Ecov'10] 3+ 738K 2Md

Global Gaussian i+ oattnar  dd+1)/2 (M=1)
[Nakayama+, CVPR’10]

VLAT [Picard+ ICIP"11] Fi+ oL aEr Md(d+1)/2

EXHIZIE. BB oADSELETFLHMHAELTHLLTHEHEEIMLE
LTWSEERTES



BoVWOEE2

» VLAD [Jegou et al., CVPR'10]
- Bvisual word|IZ BT B /BFAIFEHD TN b ILZEFIZE

1 RO#FEE

- L2IEFR1E

» Fisher vector [Perronnin et al., ECCV’10]
o FEHICA. PEHFIA g gradient wrt to w and ¢
CEEEMamemmMEE o C [ o

2: Y e e Bl o 74/ N Vi
- 1R, 2ROEE Za\s: ] i _ /

http://people.rennes.inria.fr/Herve.Jegou/courses/2012_cpvr_tutorial/ 26
4-new-patch-agggregation.pptx.pdf
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BoVWOEE®2

 WPhb, SERSMERVEIYI—Fov +
FHET— )V THBERRTES

» VLAD
- BRFIESH X' e R ITDWT

X' > (000...0 000...0 X —h¢ x, —bS...x} —bf 000...0--f
\ J |\ J \ J \ J
|

d{& d{& siFfEDvisual word (c&H d{E
ETB)EDEN

» Fisher vector

- BRI, X ez (x| omEE ST Bvisual word DISFRAFIE
CxEBICIE, FisherfEERITIIIC L B EDAS)

Nakavamalab.
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BoVWD & FEDLLER

» Fishervector’zx &, SX#iitE FIERFEHIcELD T a—FT1> )
ZFIA LT=FEDEN

codebook size

_ Method 256 600 1500 2000 4000 8000
Fisher — —
C_@FK  Lin 7778+056 D - - - - -
vector () e+ - 73.10 + 1.09 74.84 +0.67 75.75+0.71 76.15+0.59 76.95 + 0.39
(¢c)LLC Chi - 7230 + 1.08 7423 +0.62 75244+ 0.71 75.95 +0.57 76.62 + 0.61
(d)VQ  Chi - 7265 +0.77 73.62+051 73.934+079 7441 +1.04 7423 + 0.65
(e) KCB Chi - 7338 + 0.65 7524 + 0.63 75.50 + 0.65 75.92 +0.63 75.93 + 0.57

Table 2: Image classification results on Caltech-101 dataset (30 training images)

K. Chatfield, V. Lempitsky, A. Vedaldi, A. Zisserman, “The devil is in the details:
an evaluation of recent feature encoding methods”, In Proc. BMVC, 2011.

» fel2L, IERICERTER/ENY bFIVeELS
- BIZIE, ILSVRCTITRWLWSLNEY AT LTI
(64+64) * 256 * 8 =262,144R5T

Ty HEL Visual  fEEIH
words#g
(GMM®

B ALK
Nakavamalab, = EEH)
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Deep learning 7' L 1 7 £ D E{RERHE

» BIHAHFZ1—FIbRY bT—75
- MOBRREHOREZRBLIZEN—tT OV
o Za1—AVHEDBEZRFAICRE (\NF A —Z2BOKIE/HRE)

L™ [A. Krizhevsky et al., NIPS’12]

» BRAICERBEMRETNOBREIDETYE
S RATYPOY EBMERE. 1980FTER)

>

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.

Nakavamala
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Convolutional neural network (ConvNet)

» IRFRMEE (BBE) DBHFIAFET )T %&EVIRT
ZEXY FT—Y
- BREMIC R —IVEZEZ DS, BRNGIEE/N2 — > il
o T= 7k, BFANGFTIESHAREEEER

BRI, AL 5 A%

C3: f. maps 16@10x10 ERIFD—2—aI~
INPUT C1: feature maps 54: f. maps 16@5:&5 l_'lgi
32x32 6@28:28 S2: f. maps "35 layer Fe la DL.ITPLIT

6@14x14 ver

CONN

syl connection Gausman connections
w::lutlons Suhsamplmg Full connection

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.

Nakavama 1 ab.
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T drAd*

» —RERIGE T 1 IV R TE L -
- ) Tv Ik

» SRRAICEBI G 7 0IV2 (B—XRIV) ZT7—2h6FE
- (R EFa—=—T

Source: M. Ranzato, CVPR’14 tutorial slides
Nakavamalab.
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HdrAHE

» BOEBWIREZ8HMAHT 1 IVRETRT
- BT 1IVEDINS A— 2 FRTOBFRTHE

R EIE LB (ETELER)

rzé(w*h—é’)

11

T1ILZ2DIREL ABD TR
BIZ L. SX5DBH A

10F v RILDATDEE.

%tb 5 A AN L EBERDS 5x5x10=2501&

LIEBRSAU (R A E)

Source: M. Ranzato, CVPR’14 tutorial slides
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AR/ -

» —ERBERDEIFAHT A IVZDREEE LHS
- BENTOETBBREEEES

Source: M. Ranzato, CVPR’14 tutorial slides
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INDA—ZDFEY

y TU=INSA=EDHEETHDIIEHAHE. £HEER
o RFRIEESEICETF
» REMEHEETRIEIL
o RIFICIE, SZNYFECREZHBEETLEHTNTA—2ZEH
(10045 &M%z &)
» YIHRMEIRS V Z LICEZ 5050
o FefeL. REDHEMI T — 2 H W E

AFEToTIL

i > yl
AL ( i’yl)
27
13 13 \ 13
- N I 36:‘_.“ J
- - \pp! e 13 AL - Q— 13 dense dens
) 384 \\ 255 108¢
Ma
Ma:‘ m IIIIII g - o
lin

Source: [Smirnov et al., 2014]
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ZEBO-—1—0OvOXH

» B EBICDON., 75 ADRDEEERED LD B

ILSVRC’12 M
validation data
(BIIEITREFRT)
(c) DeCAF; (d) DeCAFs
F1E $6/E

J. Donahue et al., “DeCAF: A Deep Convolutional Activation Feature for Generic
Visual Recognition”, In Proc. ICML, 2014.

Nakavama 1L ab.
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Matthew D. Zeiler and Rob Fergus, “Visualizing and Understanding
= n y7 Convolutional Networks”, In Proc. ECCV, 2014.

Layer 3
Nakavama =
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Matthew D. Zeiler and Rob Fergus, “Visualizing and Understanding
Convolutional Networks”, In Proc. ECCV, 2014.

Nakavama Lab.
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BoVW & ConvNet

y IVA—TaVT+7—=) 2 70BEERIIREL GEHE(LEEHNES)
o BIZIESIFT-BOVWDIRS, 4x4DEHAHELFINTES |
o AN—RA—F A VTIRRENBESGTHAI VAV %
DI KITEHLREIRD IR EMBIRTES *

X-
~,< A>(.

L. (4) (i)1]2 (i) A. Coates, A. Ng, “Learning Feature Representations
) BoV‘A minimize E |DS — T HQ + /\‘ s | 1 with K-Means”, Neural Networks: Tricks of the Trade,
D.s _ pp.561-580, 2012.

subject to |[DY)[|y = 1,V <:| KEk-meansDiHF &
" 1  if j == argmax|DO Tz
N e SR ( e b
TYA=TA427: J 0 otherwise.
o fRHAR + IERR AN E LB R TE2<FL
- CoatesSDIYA—T 1 4 F%(2012)

(f(x;D,a) = max{0, D"z — a}, where a is a tunable constant)
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—a1—3Ibzxy FOEHE(CEEERDEE

» BEEHHEPT LK S ICBRDEEZTIX

>

X R RIFGERZ TR I T LDaD > TEL

I\ A A

=
R

9 EARE > >
1
1+exp(- x) ] _
Rectified linear units Maxout [Goodfellow, 2013]
HFHEEEH (ReLU) § o
H AL [Nair & Hinton, 2010] ZEIDERAZEHE D mMax

SO EIES S ol
max(o, X) (EEDRMBERE ZTIN)
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ConvNetlcH T 5 Maxout

» BHDOH—RIV (BIHFAHT1IVR) R, mKEZELES

ST kemel -
= - Convolution 3x3 \\
N DN [~ +1 EHOA—FILOHEENS
\ xAEZEL A
e | /" ] |
—
-
.,1./
z
F 8x8

Inputimage 10x10

Feature map

Feature map 8x8x3

Nakavamalab. — [IUTFEERLEE.MIRU'14 Fa—F)TILASAEKY]
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Network in network (NIN)

v IRTE. EGERRICAVTRBERDP LV T —FTIF ¥
- ILSVRC'14 b v 7D GoogleF — L& NINBA— X

» A EEEBGEZEBN—t7 OV TEE (MaxoutD—fg1k)
» RIBICREERBZESLI G TEH TS 1ERE
- REBIZEMIEHDRIEINS A—28EiR>TWS

Multilayer Perceptron Convolution
Glubal Average Pooling

- - "\. ]
, \
' I\l'_ .
& Y ™y
F TVt '
- "
_," \ i A
& .
: gt O
] - . . - 1
i - [az] / o
1 s e i a,
I L L™= il
] 5 L - 3 =
1 ’
i &
4

.-‘- ' : -:E- - | "-._\_H. '-.__. O
! ol Ly - -"-\
#/ Feed to Softmax

Nakavamalab. = M axou t [j: : : —GHEE x 1IE
e o sor o ELDHLET (EEM)

dasiol

L

Min Lin et al., “Network In
Network”, arXiv preprint, 2013.

THE UNIVERSITY OF TOKX O
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Network in network (NIN) e veworn

» RELE, IXIDEHAHFBEERSZ I L EEM
(BRDEKRTEIHAHTIZELD)
» Deep learning®IZi3 Z B 5 DEFRERDFH BAD

Better Local Abstraction = Cascaded 1x1 Convolution

Input patch Output feature vector Cutput feature vector
(el xhxw) (e2x1x1) (c3xlxl)
Convolutional Filier

@2xcl xhxw) Convolutional Filter

(c3xe2xIxl)

®

> —
Convolutional layer CCCP layer
Efficient implementation of CCCP

__ Representation
o {Universal Approximator)
A of the input patch

~

L SR,

-~

Local patch is projected to its value in <~ g -

a feature map using a small network g F TE A *—;«
T pd ,"Ffﬂ ! http://www.image-
= o(w; yi—1 + b; < |~ net.org/challenges
(] (] 1 -
Y qb( i Y ) JLSVRC/2014/slide

e s/ILSVRC2014_NUS
_release.pdf

Yo = a:\ii?'l‘i'ltf'aﬂ%ﬂllil,\fh%ReLU

Cascaded Cross Channel Parametric Pooling (CCCP)

Nakavyama Lab. 5
4
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B RRETEICED < BoVW & DR

» Fisher vector, VLADFIZIZEBFRNOFHOERZIEXERIT %
ANETHEHLBEARZREST L TWA ERIRTES
- Zhix, T@DConvNetTTlIBEShGWLEE

» WWEBEIVRIBELG SRR Y FT7—7IckY, SIEARBKITETIVIERTEE

- Andoni et al., “Learning Polynomials with Neural Networks”, ICML'14.

» DE Y, NINTILEFEH LB BEFEZZEBRY FT7—7ICnRT BT E
[C& Y. Fishervector®PVLADERIL (HBAWIEETSITHRD) EiE%.
MADRTEIYMNBBLSEETETCVWSLEFTES
- $ER. ETETEFEHLBEEEZEZ S D DRE

NakavamaLab. =SS
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ConvNetINDT7 —FFT O FvIdESD?

» EHEERY
- [ THL

- B b hE

- INERFETERBIAMMNDS
« ZHFELAEYIZOSELY

fO—2
DINT *—R
2

Source: M. Ranzato, CVPR’14 tutorial slides

MNISTF—42tv b (28x28E7tIV) D& S5 HIWEWEH{GE
BOWTHLSHOSHEINTWLEH., D& ZAConvNetlcldiE

@17 348

Nakavamalab. S

B’ \
Machine Perception Group
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ConvNetINDT7 —FFT O FvIdESD?

» BFEERY FT7—2
- {Bi&l3ConvNetERBLED. Z1IL2D
INDAX—Z|CIZFRAT E TR S
- DEY., FITEHAEELEL

Source: M. Ranzato, CVPR’14 tutorial slides

» ANBERDIEFELET7 54V AY FhailREG>TWBIFSE.
state-of-the-art Z:ZR L T 31556 H S
- DeepFace [Taigman et al., CVPR'14]

\ REPRESENTATION |

1 M2: £3: L4: Ls: L6: F7: F8:
32x11x11x3 32x3x3x32 16x9x9x32 16x9x9x16 16x7x7x16  16x5%5x16 4096d 4030d
@142x142 @71x71 @63x63 @55x55 @25x25 @21%21




ZOM, EREEESED/ VI\Y

d) MMNIST &) C|FF|.R 1{] g) ClFAR 100
' Wi # e A g ap

» T—ROFNE (RIIHEVEE)
ZCA whitening (Bfa{k)

AV PSR MEREEEE

o R ERRIEREICKECHET S

(e]

ARFHDILELLGWEISZDI

» Data augmentation
o/74/§ﬁs7nvff AIWk

71:23'&75:+’E*’¢%

ARFEHDEELLGWETSZTD2

[Dosovitskiy et al., 2014]

Nakavama 1 ab.
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CZETELEY

>Eﬁmtaﬁﬂ&+mmmM&D9§$ﬁ &35 T TOEREDH
(BoVW)EZEDH 515N,
- 1EFEICIE. BoVWRH2000FMlc—BEWNDFEBWEEL.,
BUBEHINEERSZNED
- ZEt. BN IR, BRI\ A—2DEEBREIL

_RE B [PE

BoVW 1B (TR EH# kAl 25 D B LLSY
T213&<) (%L<I1%) &E LAY
SR B A AL [CHEEE
ConvNet %= o7 )L(ReLU) ERIHY

» SY—RNGEES - RAGES XY F7—I7GERVWEDED
o BT IBEIRREED TV DD R Y I
c SHROERICHEF (7206 2&EANELLES?)

Nakavamalab. =
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AHORZE

v 1. ERERFERSE BT Bdeep learningDFESE

v 2. —RRESRED:E - Deep learning gl & U TRDED > Fch
- Bag-of-visual-words (VLAD, Fisher Vector)
- Convolutional neural network (ConvNets)

» 3. DEIR « SEDEE
- ILSVRC 2014
- THICHELGHEEN

4 N
y 4, BERITBICHDT

o EYICFIAT BTl ET

- JARAY 7 b x7 . Caffe )

Nakavamalab.
Machine Perceptio ! )
THE UNIVERSITY OF T



ImageNet Challenge (ILSVRC)

» 2012F DT L—7 R IV—LUBES. ﬁEnﬁﬂUﬁﬂbb‘f&‘L”'

- TCEE*T.S @ﬁﬁﬂb‘ﬁztb‘ L 03 % — 2
o 2y bPI7—9%F, KES %02
FIIET 3IE SRR 5°
& 0.12
S 017 0.07 |
» 20145 S, RS o2
- {BF— Lr(Google)l " lsvRCyear

- 100005 R#ANFARITDHRH A ZEH6.8%
- A2 ANICEICRARVEHSE-ECAH, FNEFNHS5.1%, 12.0%THo1=
- iEDBRD o feF—L
- Google, Oxford, NUS
- Network-in-network T, &ICHh K FSKEL LETADBEI-:
- BRDETIVDT T
- HEMlE LEaFEZIZIFEAEFLATLEN,

Nakavamalab. Y 9




2013

=
=
e
L2l

LU 10 Nds2H |e20
Wi jo pdsay|e2o
(S)T+EXE
)T +HEXE

ALDT)

LIOI1BA 12 ¥XELLIOS

Zeiler-Fergus Architecture
(AlexNet & [ZIXE L)

Convolution
Pooling

Other

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

Nakavama Lab. 50
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2014

» DistBelief & IElEFN 5 Googlei B DAEFISE T L — LT — U TFEH
- CPUN—XR
o XEVOREZ LELTEVLDHKEN?

'Eﬁﬂﬁﬁﬁﬁ

Convolution
Pooling

| ZeiIerFergusArchitecture
(AlexNet & [Z(XE L) Other

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

Nakavama Lab.
1 10 5 ]



Oxford Model

| Arch. convl conv2 conv3 convd | conv5 | fulll | full2 | full3 |
64x11x11 256x5x5 256x3x3 256x3x3 256x3x3 4096 | 4096 | 1000
5 days | CNN-F | st 4, pad 0 st. 1, pad2 |st.1,padl |st1 padl |st 1 padl | drop- | drop- | soft-
LRN, x2 pool | LRN, x2 pool - - x2 pool out out | max
96x7x7 256x5x5 512x3x3 512x3x3 512x3x3 4096 | 4096 | 1000
CNN-M | st 2, pad 0 st. 2, pad1l |st.1l,padl |st1 padl |st1 padl | drop- | drop- | soft-
LRN, x2 pool | LRN, x2 pool - - x2 pool out out | max
96x7x7 256x5x5 512x3x3 512x3x3 512x3x3 4096 | 4096 | 1000
3 weeks | CNN-5 st. 2, pad 0 st. 1, pad1l |st.1,padl |st1 padl |st 1 padl | drop- | drop- | soft-
LRN, x3 pool x2 pool - - x3 pool out out max
ILSVRC-2012
Chatfield et al., “Return of the Devil in the Details: (@) FK IN 512 (tOP'5_e“°r)
Delving Deep into Convolutional Nets”, 2014. - -
(b) CNN F 16.7
(c) CNN M 13.7
(d) CNN M 2048 13.5
@ CNNS 3.1
(f) CNN S TUNE-CLS 13.1
(g) CNN S TUNE-RNK 13.1
(h) Zeiler & Fergus [16] 16.1
(i) Razavian et al. [9], 14.7
Nakavamalab. (j) Oquab et al. [§] 18

Machine Perception G
THE UNIVERSITY OF TOKY
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Nakavamalab.

GooglLeNet

type lmi::ll(‘;: ¢ "::;):“ depth #1x1 ﬁili? #3x3 ﬁi:{f’ #hx :J](I::Il params ops

convolution TxT/2 112x112x64 1 27K MM
max pool 3x3/2 56x 56x 64 0

convolution 3x3/1 56 56x 192 2 64 192 112K 360M
max pool 3x3/2 28x 28x 192 0

inception (3a) 28x 28x 256 2 64 96 128 16 32 32 159K 128M
inception (3b) 28 28x 480 2 128 128 192 32 96 64 380K 304M
max pool 3x3/2 14x 14x 480 0

inception (4a) 14x14x 512 2 192 96 208 16 48 64 364K 7iM
inception (4b) 14x14x 512 2 160 112 224 24 64 64 437K 28M
inception (4c) 14x14x 512 2 128 128 256 24 64 64 463K 100M
inception (4d) 14x14x 528 2 112 144 288 32 64 64 580K 119M
inception (4e) 14x14x 832 2 256 160 320 32 128 128 840K 170M
max pool 3x3/2 TxTx832 0

inception (5a) T Tx832 2 256 160 320 32 128 128 1072K 54M
inception (5b) TxTx1024 2 384 192 384 48 128 128 13838K TIM
ave pool TxT/1 1x1x1024 0

dropout (40%) 1x1x1024 0

linear 1x1x 1000 1 1000K M

softmax 1x1x1000 0

Machine Perception G
THE UNIVERSITY ¢

Szegedy et al.,

“Going deeper with convolutions”, 2014.
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ConvNet for object detection

» R-CNN [Girshick et al., CVPR’2014]
- WfFnmEiEiREE SEMHME (SThB®FERFEE)
- IOV EIGEERE L. CNNTHEEHhH
- SVMTC& i % &5

R-CNN: Regions with CNN features

3 warped region aeroplane? no.

person? yes.

tvmonitor? no.

1. Input 2. Extract region 3. Compute 4. Classity
image proposals (~2k) CNN features regions

R-CNNt,CaffebRICF— LA BIFE - 124
(LB BET)

54



Nakavama 1 ab.

TR LITEATZT ANEBRDRHEER
(LWWNESAEITRETNWADTIEZARL )

Machine Perception Group
THE UN ’ OF TOK YO, LA

Girshick et al., “Rich feature hierarchies for
accurate object detection and semantic
segmentation”, In arXiv, 2014.
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2014 GooglLeNet detection results

» HEARBEIIR-CNNEFRCT.
CNNE&B9 %= GoogLeNetic B E#1 X

» HREE (mAP, 2007 5 X)
- ILSVRC 2013 winner : 22.6%
- R-CNN: 31.4%
- GooglLeNet : 43.9%

- GoogleF— L DHiFR(128) : 55.7%

Szegedy et al., “Scalable, High-Quality Object Detection”,
In arXiv, 2014.

Nakavamalab. T
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BiE DS

4 cl: U;ﬁ Lll\mt\ngﬁg Z7’\

oIV T AV X TAYT—3 Y
B - SE{FRONE(CK B35HA

y RIVFE—ZIVEE

» 5T « 1TE)
- EEZENDIASKL—3 Y
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U%ﬁ LL\ E\nﬁa 17’\

» Semantic segmentation

o EZIVLAIV TR Z ER 5
- [Long et al., 2014]

forward /inference

_ backward/learning o)
2

» Segmentation + Detection ([F]BFERiE{ L)

- [Hariharan et al., ECCV'14] Feature Region Region

Extraction Classification Refinement

58
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E{SR D ERBAS 5 RY

» 20145118, RESRERMICODAALG T IV—THEREK
- arXivCaf., $Z5<CVPR2015IcIfTELTIz6 0,
- Recurrent Neural Network (RNN) B EEEFIVE LTEKAR

» Google

- 0.Vinyals et al., “Show and Tell: A Neural Image Caption Generator”, 2014.
» Microsoft

- H.Fang et al., “From Captions to Visual Concepts and Back”, 2014.
» Stanford

- A. Karpathy and L. Fei-Fei, “Deep Visual-Semantic Alignments for Generating
Image Descriptions”, 2014.

UC Berkeley

- J. Donahue et al., “Long-term Recurrent Convolutional Networks for Visual
Recognition and Description”, 2014.

Univ. Toronto

- R. Kiros et al., “Unifying Visual-Semantic Embeddings with Multimodal Neural
Language Models”, 2014

v

v

Nakavama lill_:_b

Machine Perceptio
THE UNIVERSITY OF T
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Google D/ A7 s

» ConvNet (E[{5{8])D i 7172 RNN(S =)\ =R
- RNNfHlDEREEConvNetfllE TCT7 s — FINv &

Vision Language
Deep CNN Generating
RNN

{6

O. Vinyals et al.,

Nakavamalab.

Machine Perception Group
THE UNIVERSITY OF TOKY

A group of people
shopping at an
outdoor market.

There are many
vegetables at the
fruit stand.

“Show and Tell: A Neural Image Caption Generator”, 2014

60



Stanford D/ A7 Ls

» pEIHAN—X (RCNN%=FI )

bouguetof pottle of water  glass of water with
red flowers < ice and lemon

“straw” “hat” END

dining table
with breakfast
items

plate of fruit

banana
slices

fork

a person
sitting at a
table

STAHT listrawﬂ' llhatﬂ'

Figure 1. Our model generates free-form natural language descrip-
tions of image regions.

A. Karpathy and L. Fei-Fei, “Deep Visual-Semantic Alignments
for Generating Image Descriptions”, 2014.

Nakavama 1 ab.

Machine Perception Group W 61
Y OF TOKYO! LS

'HE UN



TIVFE—ZIVEE

» ERDELY) T4 H—DDRETHSE
o XYAaNRX b < AR EEIEN

— Images Dccccoa

— Audio & speech GGGGGGGGGGGGGGGGG

— Video ﬁ @ 0000
— Text oc:-»:-mc:cr oomocc 000000
— Robotic sensors DGGIDDG Dc:-c::lc:oc: D{J{;}D{J{J
— Time-series data image audio text

— Others

(CVPR'12 Fa—k)7ILASARKYSIA)

Nakavamalab. |

Machine Perception Gr
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E{R+7F+AF

y HBD EHIL A VEBEZR)NT Y E2 7 [Kiros et al., 2014]

- REBHEZAVT A HTOER"HAIGE

Multimodal space

1
i Steam  ship at the

CNN - LSTM Encoder

------------------------------------------




Nakavama 1 ab.
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Nearest images

[Kiros et al., 2014]
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MNearest images

m- - bow| + box

-

- box + bow! =

Nakavani St [Kiros et al., 2014]

Machine Perception G A 68
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Hi{% + S5

» Bimodal Deep Autoencoder [Ngiam etal., ICML'11]

- BA + BER(B)Ic Kk S RET R

Audio Reconstruction

Video Reconstruction

(00 ««+ 00| (00 .. 00O}
00 +-- 00| (00 ... 00|

[O O eee OO ]Representaliun

(@@ <+ 90| [oo--T-ooJ
4
(00 ++» Q0] (00 -+-00]
Audio Input Video Input
- BERAIZ/ A ZAHBKREVEIZHEONX |
Accuracy Accuracy
Feature Representation (Clean Audio) | (Noisy Audio)
(a) Audio RBM (Figure 2a) 95.8% 75.8% + 2.0%
68.7% 68.7%

b) Video-onlv Deep Autoencoder (Figure 3a

90.0%

77.3% + 1.4%

(¢) Bimodal Deep Autoencoder (Figure 3b)
(d) Bimodal + Audio REM 94.4% 82.2% + 1.2%
(¢) Video-only Deep AE + Audio-RBM 87.0% 76.6% £+ 0.8%

Nakavama 1 ab.
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sTE * 1TEIN

» Deep Q-learning [Mnih et al, NIPS’13]
- DeepMind (Googlelc BTNV F+—) DREEK
o BILFEDRMBRDANICEHAFLRY FT—7%FA (EEGHZAN)
o TRVDI Sy vy 75— LTARMEBZ 506

Nakavama lab. =SS

Machine Perceptio
THE UNIVERSITY OF T
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SEORE

» ConvNetDFERE{t. BEXftIckBEREMLIZE LT EHREEZS
- —REEICIE. GPUDETFHAETUDREMIVER YD
o T=AhPIRUEE (BMK. 3 RTinEsiEYE) TIREIRBEBEEL
(RERRICT—2DMBEZXDDHBHY)

» L LEGEDS, K& LTConvNetDigEICiRIZL TS
- SREEXY M= GEIISERIITSAD?
- BOBEMTIZVvIRYIRIKESD?

s K YRAMEATHENEDL CLRTESRD?
CROETHBEOER. 8. BE. HE. A

Nakavama lab. S
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AHORZE

v 1. ERERFERSE BT Bdeep learningDFESE

v 2. —RRESRED:E - Deep learning gl & U TRDED > Fch
- Bag-of-visual-words (VLAD, Fisher Vector)
- Convolutional neural network (ConvNets)

» 3. TDEIM - SEDREE
- ILSVRC 2014
- THICHELGHEEN

» 4., BRI BICHEDT
- EYNCFIAT BT I ELENE
- sSARBY 7 b x7 . Caffe

NakavamaLab. =SS

Machine Perceptio
THE UNIVERSITY OF T
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RIICEZBNET L

» BROMREICOWVWT., EDKSIcdeep learningZ{E>

NEL?

- TRGMRZFBICE. DEYZOHEEMTT—2DEGE
c I LHETIVARI Sy FHEFEITBHIEHLBNEIIRSEL

» Z&HZEHdeep learning%F)

Nakavama lab. sty

I TESREED ?
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NEBKIRIET — 2 %= ;L fopre-training

» HOH CHAREDSWVAREHENTT—%2t Yy FTRY b
D—02FBLTHEE. ThEVEHEELTEZ—T Y 2RY
DEBFT—2 TSIl WEE%EHESHS (=Fine-tuning)
(Unsupervised pre-training & (3 512 TH B T EITEER

» BIAE -

_-— ke PASCAL VOC 2007
ImageNet ILSVRC’12 5F#. 2005 X

130A#.100095X&

Nakavama lLab.
— 24

Machine Perception Gr
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Fine-tuning

55
Pre-trained @\
network (-
22 S:liﬂt

r

dense idens

256 1
Max
pooling 4058 4096
AL ' L(Xi v Yi )
55 —
13 13 13
AN
b 5&‘ = 3&‘_.-". - " N
1 .t - 3w~ 1 13 dense | |densd
256
Max
pooling 456 4096 s
H AT

DTz

Nakavama 1 ab.
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Using pre-trained features

» Pre-trained% v F7—7 45 E LTRHWS
- FARIRBOHIZFIA L TEREZSSE I8

\ ) - N
Pre-trained ﬁ T T NSRT4vo AR,
network b7 | AL~ L SVM, etc.
x woN L e EOEREIEEEETED T g ‘\* /
» Ef&BTclHfine-tuningL TW3 L HEIRTES
Nakavama lab. st 76
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Pre-trainingD%h R

» ILSVRC 2012 — VOC 2007 D (FEH RXZhZE. mAP%)
> 7IbLA%Y Z v FConvNet: 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.

PASCAL VOC 2007

ImageNet ILSVRC’12 5F#. 2005 R
130A#%. 100005X

v

Nakavama lLab.
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B AATET LW DIFTIETEL

» Pre-trainingiCBWBAEBT—2 €Y D FREDZ R
s ERETZLOTHEIFNIEHRAEL (L LBE(L)
- ImageNetld & < T THEERHEDT—%2 v b+

» 8% ! Fine-grained competition 2013

https://sites.google.com/site/fgcomp2013/

!hoes

Fisher
vector

|

e

Overal
Inria-Xerox 81.46 71.69 87.79 52.90 1.52 77.07
|CafeNet |78.85 73.01 |79.58 57.53 90.12

75.82 ConvNet
FAiTHE, B Mt T—2tEYhEE . ImageNet LIZHEYT—4H tﬂc'nri'ﬁé)
FELEGEWVWRAMVIZEAL T = Y DFEE T —2D A ALV

Fisher vectord) AN E h o1z

Team Aircraft  |Birds Cars I Dgs
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FRERDTGE

BER T2+ 2 HEHM?

(DILKEBBBHUTI)

Yes

No

ImageNetlTEFEN TSGR RIMN?

\

Yes

No

» Bz LEEE
» Stackinglc K BREETIV
» & E S & Tshallow learning

Nakavamalab. S

THE UNIVERSITY OF TO.

\

» ZIVAYZvFCNN
o SVALICHIERE

» Pre-trained feature (—&i§H)
» Fine tuning

79



AT RIRIR D% (R

y IN—mF T

- FRITIEGPUTEIEDHE (CUDAZFIA)
o EFFAATVDBEDL R MIVRY IICEBRIBEDHZ L
c AAEYEDBIEILEL

C RYRT =IO DINGA=ZFIEEDA, TERLEFTELDEEY LTIV
EETAAEVIZEA =L

» TitanBlack (#1575

o ARAPMINT F#—IVAWICEESD
- HMRETIE. CThERATEPCH6EIFE

» Tesla K20 (£7405 ), K40 (£980/8

- KWIEHAEHFHL

Nakavamalab. —SS-.

=)
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F—=T V=RV b+0x7

» 2012FEL S, FRGHRF—LICESEEERL
- Caffe/Decaf : UC Berkeley
- Theano/Pylearn2 : Univ. Montreal
> Torch7 : Univ. New York
- Cuda-convnet2: Univ. Toronto (Alex Krizhevsky)

Core Open Pretrained
Framework License language Binding(s) CPU GPU source Training models Development
Caffe BSD C++ E%;:%%IAB v’ v’ v’ v’ v’ distributed
cuda-convnet [7] unspecified C+4++4 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
Embedding”, ACM Multimedia Open Source Competition, 2014.

Nakavamalab. F

\ —
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Caffe (BSD 2-Clause license)

» BEB—DIRIFTEEIR (BAMGRIETYH)
o by TUOSRICEE
o F=TUY—=RAZT 21714 ¢ LTHEIZILDDHS

» ZOWREDLELICESDRREICFIH
- Oxford visual geometry group 5 &

» Model Zoo

- BEMREDEZFEHRY FI7—0%HE
- AlexNetl3® 55 A. Network-in-network, GoogLeNet EF /L&

o RHORREEHTCERICEHES

} NVIDIA@;EL\#IT:— F OveraIIAIexNe::ainingiirE!
- CuDNNOWBEREE it

Nakavamalab. e

Machine Perception Group.
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Caffe

» Web FF 2 X FHFERE  http://caffe.berkeleyvision.org/

- ImageNetFD{EREZ HIAI6E

> IPython notebookiZ & %
O— FREIZSH

Examples

* |ImageNet tutoria
affeMet" on ImageNet data.
* LeNet MNIST Tutorial

Train and test "LeNet" on the MNIST handwritten digit data.
* CIFAR-10 tutorial
' affe on CIFAR-10 data.

» ECCV2014TDF21—FIU 71V

- http://tutorial.caffe.berkeleyvision.org/

Nakavamalab. =

Machine Perception
THE UNIVERSITY O TO}

DIY Deep Learning for Vision:
a Hands-On Tutorial with Caffe

0 .
Maxmay sccurste | Mesima A
N I
w;
espresso O)\T N

coffee

caffe berkeleyvision.org
beverage
iquid

Evan Shelhamer, Jeff Donahue,
‘Yangging Jia, Ross Girshick

BO000

83




Brewing by the Numbers...

e Speed with Krizhevsky's 2012 model:
o K40/ Titan: 2 ms / image, K20: 2.6ms
o 40 million images / day
o Caffe + cuDNN: 1.17ms / image on K40
o 8-core CPU: ~20 ms/image
e ~ 9K lines of C/C++ code
o with unit test: ~20k

® C++ 84.2% @® Python 10.5% Cuda 3.9% Other 1.4%

* Not counting image |/O time. Details at hitp://caffe.berkeleyvision.org/performance_hardware.html

ECCV’'14 Fa—kJ7JLRAZAKRIDIY Deep Learning for Vision:
a Hands-On Tutorial with Caffe &Y 5|H

Machine Perception GrQ' \ W 5 84
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Net

e A network is a set of layers
connected as a DAG:

-

" | B8 BF 10 RE ¥ I8 UF RE BF RN PN PYRY FY BY BN FY BY BN P I"i

name: "dummy-net"

layers { name: "data" ..}

layers { name: "conv" ..}
layers { name: "pool" ..} LogReg 1
. more layers ..

layers { name: "loss" ..}

Ao o149

e C(affe creates and checks the net from ¢
the definition. LeNet —

e Data and derivatives flow through the -
net as blobs — a an array interface ImageNet, Krizhevsky 2012 —

ECCV’'14 Fa—kJ7IJLRSAKIDIY Deep Learning for Vision:

Nakavama Lab, gy a Hands-On Tutorial with CaffelkY5|H
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name, type, and the
connection structure

(input blobs and @
output blobs)

kerEel_size: 5

stride: 1 layer-specific
weight filler { | parameters
type: "xavier"
}
} -

ECCV’'14 Fa—kJ7IJLRSAKIDIY Deep Learning for Vision:

Nakavamalab. a Hands-On Tutorial with CaffelkY5|H
Machine Perception Group ' ' 86
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Solving: Training a Net

Optimization like model definition is configuration.
train net: "lenet train.prototxt”

base 1r: 0.01

momentum: 0.9

weight decay: 0.0005

max iter: 10000

snapshot prefix: "lenet snapshot”

[ solver mode: GPU-}

All you need to run
things on the GPU.

> caffe train -solver lenet solver.prototxt

ECCV’'14 Fa—kJ7IJLRSAKIDIY Deep Learning for Vision:

Nakavamalab. = a Hands-On Tutorial with CaffelkY5I/A
Machine Perception Group WALRER 87
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Fine-tuning % fi§j &

e Simply change a few lines in the layer definition

layers {
name: "data"
type: DATER

data param {

layers {
name: "data"
type: DATER

data param {

source: "style leveldb” |

=

[source: "ilswvrcl2 train leveldb"
mean file: "../../data/ilsvrcl2"” mean file: "../../data/ilsvrcl2"
layers { layers {
[mame: "fca" &—» name: "fce-style" ] new name = new params
type: IMNER FRODUCT

type: INNER FRODIUCT
blebs 1r: 1

blobs 1lr: 2

weight decay: 1
weight decay: 0
inner_Eroduct_param {

bleobs 1r: 1

blobs 1lr: 2

weight decay: 1
weight decay: 0
inner_Eroduct_param {

[nuanutput: 1000

num _output: 20 |

=

Nakavama L ab.
Machine Perception Group:
A, |

'HE UM OF TOKY©

Input:
A different source

Last Layer:
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