FEFHE
FOESRHBADICHICET S
RIEDAFREIF

Hea’x
AL XFRENPMRR, JST CREST



=P/

- RIEETOIRN - EKFRRDER
« WBWARETFsr—TRY b

* T14—7xv bOFH

- ERYRETEETOHERR
- EHDEHR
- BBFE

« Fo4=—T7XRYy FDIBEE

- SEDERE
— RERIBRR
- EP EDF I

- FEH



=P/

- RIEETOIRN : ERFRREDERD
« WBWARETFsr—TRY b

« Fo4—=TXRY NDEH

- ERYRETEETOHERR
- EHDEHR
- BBFE

« Fo4=—T7XRYy FDIBEE

- SEDERE
— RERIBRR
- EP EDF I

- FEH



MaEh 7Y 2k,

Computer — flion’

= ‘lion’ = ‘table lamp’
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guitar’ spaniel’
. = ‘electric = ‘Japanese
guitar’ spaniel’
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nautilus’

N i - = ‘crane’
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- Convolutional Neural Network
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(He+, Delving deep into rectifier, 2015)

IMSGENET

Car, auto, automobile, machine, motorcar
A motor vebicle with four wheels; usually propelied by an internal combustion engine
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ratural cbject (1112)
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artfact, artefact (10504)

instrementafity, instrumentatior
device (2760)
implement (726)
contaner (744)
whesled vehicle (229)
Dabyy bugQy, baby carr
bicycle, bike, wheel, ¢
beneshaker (0)
Car, ruicar, riabwiry Car
hasdeart, puhcat, ¢
horse-drawn vebichs (2
moter scooter, SO0t
roling stock (0)
scooter (0)
seif-propelied vehcle (
personvel carmier (C
recornassance veh
weapors camer (0]
armored vehicle, an
carrier (0)
forkift (0)
locomotive, engine,
fmotee vehicke, auto
amphian, amg?
boodmobile (0)

By

AHIREGFE

« 100 KEBADFERYTIV (Bt 75ZA5AI)
— 10000kA53Y « 10008/ A5V

- EMOGPUZAWTHH~ZERI T TFE
« ANZBEZSRERE

Racer

= s
Eamra=
soEESES

B e

ey -

e
B iRl
B e

R e
fa=gomEzn
B e MSE %= 204

onvertbie

o e
e
ETS
P~ o e BE
AT

Ela
a1 =)

Sport
)
[ =]

Limousine

. Sedan
R <. [

LR G-

Sao

R -
I S | 8 | o | G

)]
o
1

= .
m= M o= e

- %1&3-'%&

Minicar

o~
==
P o]

L L) -]

- | U
e e KR

-~
NS
-

P, [T, [
,_]Hcc.‘--ﬁ

= 260 B ac

Cross-entropy loss

'—JwaU'IO\

100000

200000 300000 400000
# mini-batches



=pl

” Labe
- o
Leonberg) | ampshadelili]
Tibetan
n\,)l:,’" | ilove'
cocker
W"'!" espressof
tiger malte
u'.l rcv‘
50% ' 0%
Bienhei
Irt:mboﬂc- spmu:_
coor Bernardl
cocker
r,ovr‘n.-'..
S9N
acoustic Wcl&
e spriegger]
Quitar
sgomcl
elecir Japarese
Quitar spanie

0% S0%

elecire
. 26
Q.m.)r- P

Japarese
ob l spomcl-
oM Blenheiy
book womc'
accordon w Pekinese
pick) . shinTod
SO% 50%
e | T o —
natily |
- |
(2 : tow
slu truck

ln(mhs’*.

Nat m;nr' {

m‘ssnh_-’

Propec !|l|1

traber

e | truck

S0% So%



&1 REMNLRETNDNT A —F8E XOHRRE, BiAARE

Uk E TG LT

ETNV Alexnet VGGNet GoogleNet  ResNet
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AlexNet [Krizhevsky+12]
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[Simonyan+14]
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MEEiL (R-CNN)

Girshick et al., Rich feature hierarchies for accurate object detection and semantic segmentaiton, CVPR2014

- YPDESEUEZRRHE | PHRBOCNNZRA

acroplane? no.

person? yes.

tvmonitor? no.

Faster RCNN [Ren+15]
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Toshev, Szegedy, DeepPose: Human Pose Estimation via Deep Neural Networks, CVPR2014
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Vinyals+, Show and Tell: A Neural Image Caption Generator, CVPR2015

Vision Language A QVOU.p of people
Deep CNN  Generating shopping at an
RNN outdoor market.

E @ There are many
vegetables at the
fruit stand.
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LIjo =

Vinyals+, Show and Tell: A Neural Image Caption Generator, CVPR2015

A person riding a Two dogs play in the grass,

motorcycle on a dirt road. A S0) " SIS W Gearh 4

frisbee

A group of young people Two hockey players are A litthe girl In & pink hat is A refrigerator filled with lots of
g 8 C aver the puck food and drinks.

A herd of slephants walking A close up of a cat laying

ACross a i Inn feedd.

——

Somentat cesiedtome msze R

Figure 5. A selection of evaluation results, grouped by human rating.
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CNN: SiAH=a2—7ILKY b

Convolutional Neural Network

« Neocognitronic)b—"/ [Fukushima8o]
- LeNet: FEHENXFREBNDIGATRII (Lecun+89]

- Backpropagation Applied to Handwritten Zip Code Recognition, 1989

- HREZOMREHER
- Hubel-Wiesel QR FEHfila - |l s
- BFBAY (local receptive field) ;

fully connected
~ 300 links

layer H3

Ug _— 30 hidden units fully connected
~ 8000 Inks
fayer H2
12 x 16=192
higden unns 40,000 links
i from 12 kernels
= Sx5x8
layer H1
12 x 64 « 768
hidden units
~20,000 links
from 12 kerneis
-
256 input units

Pigure 5 Log mean squaned ormor (MSE) (o) and rew crrore rate (bottom
Fig 4 Schematic diagram illustrating the interconnections between layers in the neocognitron Ve s OF training passes

[Fukushima+83] [LeCun+89]
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CNN: SiAH#=a2—JIbKY b

- Convolutional Neural Network
- BAHEET—V I RBRDEERE+ERAEER
D74—=R7AT—KFRXRXY b
~-BHEFVYLICTIERLEL, ¥iEidDEY

\ || stride\] . | PoONg
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ILSVRC12MDCNN [Krizhevsky+12]
“Alexnet”
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| |
We can get an idea of the quality of the learned feature

vectors by displaying them in a 2-D map.

We  can We can the quality
Y1 y2 Y1 y2 « o Yi—1 Y:

X1 X2 X1 X2 LI Xt—1 Xt Xt+1
<gtart> We <gtart> We of the quality
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LSTM : Long Short-Term Memory
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LIjo =

Vinyals+, Show and Tell: A Neural Image Caption Generator, CVPR2015

Vision Language A QVOU.p of people
Deep CNN  Generating shopping at an
RNN outdoor market.

E @ There are many
vegetables at the
fruit stand.
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HMADBREDNNSLKBBIESICER {wi;}, {b;} Z5REN
di1 do d,
0O 1 0

softmax layer

C = —Zdlegpj
J

T=EIvbhOE—-

oC

8wij

Awij = €

/
+aAw;,; — eAw;;

EXVY L Weight-decay

L 4tk i (GD:Gradient Descent)
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- EXEMNLERETE (SGD: stochastic gradient descent)
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ZEICREEES (BFYE) -O—-AI==VLhL

test error

error

train error

# epochs

AEgiEHk (vanishing gradient) RS
— FIVYDRZEICINES L, BBAIWVWRBKELEDFHIEHTEEL
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. ngﬁﬁ 107 \\\MNIST N!ultilayer Neural Newfk ;ddz:Z;r)::t

—  RMSProp

075 < Ht—l — (Gt N = b

- AdaGrad
(adaptive gradient) [Duchi+2011]

t
0p =01 — Oégt/\ ng
i=1

- ADAM R I
(adaptive moment) [Kigma-Ba2015]

training cost

107}

gr + Vi fi(0;_1) (Get gradients w.r.t. stochastic objective at timestep )

my < By -my—1 + (1 = 1) - g (Update biased first moment estimate)

vy <= B2 v4-1 + (1 — B2) - g7 (Update biased second raw moment estimate)
my + my /(1 — 31) (Compute bias-corrected first moment estimate)

vy + vy /(1 — 35) (Compute bias-corrected second raw moment estimate)

0, < 0,_y — o -y /(v + €) (Update parameters)
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Deep residual learning

Deep residual learning for image recognition [He+2015]

100BZEX5RY FOFBH AR

- ILSVRC2015F v EH>

weight layer

l RelLU

weight layer

RelLU

=




« T—YAFEEFTIAIIDS

FEDIAFIETE

Krizhevsky, One weird trick for parallelizing convolutional neural networks, 2014

IR

- =715l : EiEdminibatchZiH
— EFNAS : BUminibatch * S5 Z 28

Fully-connected

Convolutional

Model parallelism:
all workers train on same batch,

~ | workers communicate as frequently as | "

neMorkaﬂowa-— ——

Data parallelism:
each worker trains the same

convolutional layers on a different
data batch.

\ Worker 1

Worker K
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EHDNLREE XM

Denil+, Predicting Parameters in Deep Learning, 2013
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— [Denton+14] [Ba-Caruanal3] [Collins-Kohli14]
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"Knowledge Distillation”

Hinton+, Distilling the Knowledge in a Neural Network, 2015
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DeCAF [Denahue+13], CNN features off-the-shelf [Razavian+14]

« MFFREZRE UTECNNHER LIRS

‘kitchen’

A
ﬂ SVM etc.
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From Razavian+, CNN Features off-the-shelf: an Astounding Baseline for Recognition, 2014
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(He+, Delving deep into rectifier, 2015)
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Deep residual learning for
image recognition [He+2015]
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Rectifier NetD{FHtaikE

Montufar+, On the Number of Linear Regions of Deep Neural Networks, 2014

- Rectifier®y FMIADZEREEBEREIE

L3
z; = max(w, x + b;,0) \

Z. \x
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> (%)

=0



Rectifier NetD{FHtaikE

Montufar+, On the Number of Linear Regions of Deep Neural Networks, 2014
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RN~

CNN® TrI#ii{Lk.

HE®1L=Y bR EEILT SiHEEK zeiler+14]
GAP(global average pooling) Dt ALin+14]

h7r - | ) tEE Ei*fb?%%ﬁlﬁ [Simonyan+14]

73 7_': ) ﬁEw'\":I I:ﬁ?ll (AjJ ‘:Eﬂ?%ﬂﬁ) [Simonyan+14]
FEBEN S ANEHEH [Mahendran+15]

(4)

(5)



v hERMELT S ANE SR

Zeiler, Fergus, Visualizing and understanding convolutional networks, ECCV2014

HER1




RN~

CNN® TrI#ii{Lk.

HER1L=Y P ZREEMHILT SEEK Zeiler+14]
GAP(global average pooling) Dt ALin+14]

73 7 :l‘ ) tg’é E*‘b?%ﬂaﬁﬁlﬁ [Simonyan+14]
AFAVAEDOYIETI (AAICET 3#M5) [Simonyan+14]
FEBEN S ANEHEH [Mahendran+15]

(4)

(5)



CNNO®D TsmEAN,

Simonyan+, Deep Inside Convolutional Networks: Visualising..., 2013

dumbbell dalmatian

bell pepper v ostrich

washing machine computer keyboard limousine




CNNO®D TsmEAN,

Google blogpost, Deep dream, 2015

"Admiral Dog!" “The Pig-Snail” “The Camel-Bird" “The Dog-Fish"
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Gatys+, A Neural Algorithm of Artistic Style, 2015

« RI1IWVOBARF ¥ RIVEIDHEZANDERE L &E—EICHEH




=P/

- RIEETOIRN - EKFRRDER
« WBWARETFsr—TRY b

* T14—7xv bOFH

- ERYRETEETOHERR
- EHDEHR
- BBFE

« Fo4=—T7XRYy FDIBEE

- SEDERE
— RERIBRR
- EPEDF I

- FEH



RRRED2ODEHE

o
-

Ventral (what)
stream

(REfIR R R T E8)

Frwe Mevge Cagregion
) -

Fulton, James T., Processes in Biological Vision






CNN¢&ventral stream

Zeiler, Fergus, Visualizing and
understanding convolutional
networks, ECCV2014

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



CNN = a good model of ventral stream

Yamins, Performance-optimized hierarchical models predict neural responses in higher visual cortex, 2014
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Szegedy+, Intriguing properties of neural networks, 2014
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Correctly Additive Recognized 7
recognized noise as“Ostrich”
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Nguyen+, Deep Neural Networks are Easily Fooled..., 2014
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