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Results (2012)

http://www.isi.imi.i.u-tokyo.ac.jp/pattern/ilsvrc2012/index.html
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. brown bear
. Tibetan mastiff
. sloth bear

. American black bear

. bison

. baseball player
. unicycle

. racket

. rugby ball

. basketball

. digital watch
. Band Aid

. syringe

.slide rule

. rubber eraser

. shower cap

. bonnet

. bath towel

. bathing cap

. ping-pong ball

. diaper

. swimming trunks
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. miniskirt

. cello

. Siamese cat

. Egyptian cat

. Ibizan hound
. balance beam
. basenji

. king penguin
. sea lion

. drake

. magpie

. oystercatcher

. oboe
. flute
.ice lolly
. bassoon
.cello

. beer bottle

. pop bottle

. wine bottle

. Polaroid camera
. microwave

. butcher shop

. swimming trunks
. miniskirt

. barbell

. feather boa
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A giraffe standing next A yellow train on the A dog laying on the side
to a tree in a fence. tracks near a train station. of a zoo enclosure.
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Black and white dog

With a cat laying on
top of a laptop on the grassin a
computer. frisbee.

A man in the beach with a surfboard.



Overview: Machine Learning for Visual Recognition

/ A big teddy bear was
riding the merry-go-round.

A girl put on a ten-
gallon hat with delight.

Ared bird is perched - \was playing

in a tree. banjo happily
in a picnic.

Twins are playing | R

the violin. A person rides a

. bicycle on concrete.
Two airplanes p

in an airport.

Image Text
Nl B G RV\ Y,
x| [t @
/ Learning the relationships between images and text \

Mapping function
Risk R(w) = ﬂ r(W(x,w)|t)p(x, t)dxdt
Loss  Joint probability

Minimization Ex) SGD

\_ ) wq = W — €CF, (P wolt) W




FEMT & &3

https://en.wikipedia.org/wiki/Machine_learning

 Machine learning is a subfield of computer science that
evolved from the study of pattern recognition and
computational learning theory in artificial intelligence.

e [n 1959, Arthur Samuel defined machine learning as a
"Field of study that gives computers the ability to learn
without being explicitly programmed".

 Machine learning explores the study and construction
of algorithms that can learn from and make predictions
on data.

e Such algorithms operate by building a model from
example inputs in order to make data-driven
predictions or decisions expressed as outputs, rather
than following strictly static program instructions.



parRlElls

y=f(x)
\

Output: prediction or decision

e @) (regression)

Model

Input pattern

« CEBEBYNEHREM TH D55,

=2 & LD

« MU ZEHxAIRITDIZE = &
H

(T

|, 2RJTUA E % E

« f) EROMENORAEARDHEEZHTET 5.

e 0FA, #BY (classification)

« BEHyHNBRE DR T I Y DIFA.
« ) BEiRZ AL T, TIICEZEBYOERE (K,
W, Ba L) ZHET 2.
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o BEM{T=FE (supervised learning)
SR — L LR SLOED BB F— Rty EASA SN
mEEIL, ZOT—REYy AL AHNTONIGERET L Z
BT 5T L.

o M7 L& (unsupervised learning)
« INLT—RDIEWREZ—v DT =Xty bhrn, /RE—
ICRET HEEZ LA TETIVMELT B &,

o HUEMT=FE (semi-supervised learning)
c FRINLHY ELGLDRBELLET -2ty bh o, AHT
DX IHEBRETILEEBRT 5 Z &,

o i1t FE (reinforcement learning)
. BHBET CHMARLE L BEE L (T8 OEE (HE,
policy) =% &Y 5. #{tFEIE, FEKICIHRIGALDD
R7HDEZONBE VR THEMTEEZEEITREL S,
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“Tiger”

Input image
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o FFHIMH (feature extraction)
+ ZLDBEREFF ST X =D o, RHEICABENBIER
ZHET B &
o« /INX — /%F%Lfﬂﬁﬁﬁw\FﬁDﬁtLT%ﬁ7%
o /AXBEREDRINELED,

o BFHINT ML (feature vector)

e FIZ IIXFHRBDGZE, FHEE LT, RoEZ, X,
R ENEZ NS,

s INTNDFH2HETEKEL, thoZxile Li~NT
ML DRSNS,

é& X = (xl'xZJ""xd)T

OB E K< GRS
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Feature vector

eature space

o« BRI MILIC iﬁfﬁbﬂ% O[] 7 SN ZE fE
(feature space) L.
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Decision boundary
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« REER (decision boundary)
e V7 A aNEET HIESR

o ‘RIETEL, (decision region)
« VT RAITNILDIEINT-DE S NT-5EE
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Decision boundary

Decision
region
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FET—X, TAMT—%,

— 4% (training data)
T%%7Z#51bﬂfm 2HEDINE— 5
%

5 %ﬁ%%&?% EEBERD,
EHHFET —RES (trainingdata) &LV
« FET— XD LAl %Y@%L&’E?E
(learning) c‘:L\’)
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test data)
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eneralization)
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o C2
® O
®
o O
C,
Feature space ®
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e &XTE%E (nearest neighbor method)
e AN R—V eFPRZ—VEDEHZEAEL, &
HIFE WX —=UAETHHAHTAYZATI/XZ—2D
HhT7 3V EHETY b FE.
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x = {(x;, t)}Yiiq

X
Xi€EX
o ERREE
o 3__7 U \\/ F\E

e VN7 /JERXRE
« X UINy R E
o« TR &

i =argmind(z,x;) > zZ € t;

EREERARK

oiE Cd(p.q) =V (@—-p)"(qa—p)
58 D d(p,q) =/ (@—Dp)"="1(q — p)

S5t L d(p,q) =X, |q; — il
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/I-y =w'x + b‘
Decision boundary

e AN/NZ— T3 L TR Ak nl &8 = SR 38R
28 (linear classifier) & FE.SS,
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fied) = max {fi(x)]
fk(x) = bk (Wk’ )

o BHDIRI TR THELS N5 55 & X0 HR 2R

piecewise linear classifier) & UL,
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z2=f(Zs.xi—h)
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0 >

HAfR— #REREEET/ILEax7Y a3 XA BRAFPHRE, 1989,




B——g—QAOYErJL
e« /X—+t 7 B> (perceptron)
o MR R 2S DEAK
o JEMEALBEERIIFT S EIEL (sign function)

y = sgn(w'x + b)

FF=E3%0 (sign function)

NA 7 X (bias) J)
1
b 0
X1 _1<5
"5 X2
_g— output

SEMELEE% (activation function)
=B
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y =o(wlx + b)

NA 7 X (bias) 11

SEIMEILBEE (activation function)
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(XOR problem)

]\j]):' (input Iayer) [N /E (hidden layer) H{5/E (output layer)
%E/X—+t 7 k0> (multilayer perceptron)
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o J A4 —KT7HT]—FZa—JIibxy FJ—7
(feedforward neural network)
o EMALEEE E L T 7 EA FED & 5 o n]EE
7355"‘5(7'3 %'Jﬁﬁéﬂ%

]\7]):' (mputlayer) [ /E (hidden layer) #4512 (output layer)
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T4 =R 74T —RFZa—FLEy b7~ DEE

e JlfET —REED = {(x;, t)} D EZoNT-E T
;,L%%WNWBy%(uﬁjbi<)F$m¢
LZEHINTA—ZW = {WL oo WEYEINA T 2N
S A —%B ={bt ... BLYERD 5.

« I TRARBETNEICE Y INTA-XZKD D,
« BRBEIHAH I TH 2720 ICRAARICKED AIREHEN B %
A, RRALS ZLWUBERZ L,

o« Wl — Wl _ 91 I _pl _ 9]
Wt=Ww saW b*=b>b gabl

« INT X=X DHIERL
e NI AXA—ZDHHEZOIIIEWNT VX LR EEKTE.
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---- Algorithm 3: backward propagation (online learning)---
input X = (x; - xy), W ={W?! ... Wt}, B ={b* --- b"}
output W = {W?! --- Wi}, B = {b' --- b’}
initialize W = {W?! --- WL}, B = {b! --- b%}
for m=1,..,M do

for z° =x;,i=1,..,N do

for 1=1,..,Ldout = WHTz""1 + b!, z! = h'(u') end for

L_ 9]
o ~ oul
0] _ L-1/8INT 9 _ gL
awl 2 (6)'6bL_6

for I=L—-1,..,1 do
61 = hll(ul)G)(Wl+161+1)

a_]_zl—l(sl)T 6_]: 61

owl ob!

end for

for [=1,.. L doW! =Wl—e%, b! =bl—e%endfor

end for
end for
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Kunihiko Fukushima. Neocognitron: A Self-organizing Neural Network Model for a
Mechanism of Pattern Recognition Unaffected by Shift in Position. Biol. Cybernetics 36, 193
202 (1980)



Convolutional Neural Networks
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(a) LeNet-5, 1989

Y. LeCun, B. Boser, J. S. Denker, D. Henderson, R. E. Howard, W. Hubbard, and L. D.
Jackel. Handwritten digit recognition with a back-propagation network. NIPS 1989.

Modules of Convolutional Neural Networks
e Convolution layer

e fully-connected layer

e Pooling layer



Example of CNNs Architecture

— Y. LeCun, B. Boser, J. S. Denker, D. Henderson, R. E. Howard, W. Hubbard, and L. D. Jackel.
Handwritten digit recognition with a back- roPa%ation network. In David Touretzky, editor, Advances
in Neural Information Processing Systems 2 (NIPS*89), Denver, CO, 1990. Morgan Kaufman.

5x5 kernels g 4
% O 8 4;0 Fully connected
12
24 12 »(] 0
> ;U :
5x5 kernels
H / 0 2
s ;
d : 4
v p -0 :
vd S : 5
28 : ) ;D : > |
. I » 6
. » .
/ vﬂ% °
> ;U% 9
/ 0 output
. > : : Ny
convolution Averaging/subsampling .

convolution Averaging/subsampling



Convolutional and Fully-Connected Layer

Fully-Connected Layer Convolutional Layer

feature map

L th layer hidden
L — 1 th layer .
y In p Ut local receptive field
localreceptive field J
in put . local receptive field
|nput
\
20

nq
(e((\ ,L/II:
Qe L v | ¢ . . . N N
Y 20 Logistic sigmoid function
[ M u; 8 )
L r I' — — x —
r"|C I.S'U f(X)—(1+e )
: alf 09" o0 Hyperbolic tangent function
" MY
|V M,
g 1 x) = atanh(bx
QL“ Local receptive field )M f( ) ( )



Weight Sharing
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Convolution layer YQ\
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Pooling Layer

1 \7
\/ (03Q ’bQ\
e((\’bQ 6‘\)(6 ‘ \)(e((\
=20 @ 20" @
e '.‘ 0 Local receptive field

‘.0.' kit
.. ...'.
o iiiiiiiiiiiiézalvo 1,
L T
0% 0

"} 00!
0 - >

convolution sub-sampling

subsampling function

/

xj = f(Bjdown(x;™") + b;)

Average pooling
Max pooling



LeNet and Alex Net

Features of Alex Net

e 5 conv. layers + 3 fully-connected layers
* RelU nonlinearity

e Multiple GPGPUs

* Local response normalization

e Overlappling pooling

* Dropout

e Data augementation
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(a) LeNet-5, 1989

Y. LeCun, B. Boser, J. S. Denker, D. Henderson, R. E. Howard, W. Hubbard, and L. D.
Jackel. Handwritten digit recognition with a back-propagation network. NIPS 1989.
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Alex Krizhevsky, llya Sutskever and Geoffrey E. Hinton. ImageNet
(b) AI ex N etl 20 12 Classification with Deep Convolutional Neural Networks. NIPS, 2012.



VGG Net

UoIIN|OAUO)D)
UOIIN|OAUO)D)
uoIIN|OAUOD)
uoIIN|OAUOD)
3uijood xep
uolleAlloe Xewljos

<
Q
x
©
o
=
=
G

uoIIN|OAUO)D)
duijood xe|

uoljezijewJlou asuodsay
uollezijewJou asuodsay

Features of VGG Net

(b) AlexNet, 2012
e 16 conv. layers + 3 fully-connected layers
Alex Krizhevsky, llya Sutskever and Geoffrey E. Hinton. ImageNet ° Very small receptive fields
Classification with Deep Convolutional Neural Networks. NIPS, 2012. . .
* No Local response normalization

* Data parallelism
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Karen Simonyan, Andrew Zisserman. Very Deep Convolutional

(C) VG G N et; 20 14 Networks for Large-Scale Image Recognition. arXiv:1409.1556, 2014.



Inception

3x3 Convolution 5x5 Convolution

1x1 Convolution

1x1 Convolution 1x1 Convolution

Previous layer

1x1 Convolution

3x3 Max pooling
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GooglLeNet

Christian Szegedy, Wei Liu, Yangqing Jia, Pierre
Sermanet, Scott Reed, Dragomir Angueloy,
Dumitru Erhan, Vincent Vanhoucke, Andrew
Rabinovich. Going Deeper with Convolutions.
arXiv:1409.4842, 2014.
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Residual Network

* Plaint net

"

weight layer

any two
stacked layers l relu

weight layer

I 7x7 conv, 64, /2 I I 7x7 conv, 64, /2 I
poal, /2 poal, /2
3x3 conv, 64 3x3 conv, 64
3x3 conv, 64 3x3 conv, 64
3x3 conv, 64 3x3 conv, 64
3x3 conv, 64 3x3 conv, 64
3x3 conv, 64 3x3 conv, 64
33 conv, &4 3x3 conv, &4
33 conv, 128, /2 33 conv, 12;:,;;“'“ .
Y
3x3 conv, 128 33 conv, 128 sy
33 conv, 128 3x3 conw, 128 |
3x3 conv, 128 3x3 conv, 128
3x3 conv, 128 3x3 conv, 128
3x3 conv, 128 3x3 conv, 128
¥
3x3 conv, 128 3x3 conv, 128
3x3 conv, 128 3x3 conwv, 128

3x3 conv, 256, /2

3x3 conv, 256, /2 I

¥ ¥
H ( x) l 33 conv, 256 33 conv, 256 |
3x3 conv, 256 3x3 conv, 256
3x3 conv, 256 3x3 conw, 256
33 conv, 256 3x3conv, 256 |
* Residual net e e
v
3x3 conv, 256 3x3 conv, 256
x 3x3 conv, 256 3x3 conw, 256
v 3x3 conv, 256 3x3 conw, 256
. 3x3 conv, 256 3x3 conw, 256
weight layer ¥
3x3 conv, 256 3x3 conv, 256
3x3 conv, 256 3x3 conv, 256

F(x) L relu

identity

33 conv, 512, /2

33 conv, 512, /2

weight layer X

H(x)=F(x) +x

3x3 conv, 512 3x3 conw, 512
¥ e
333 conv, 512 3x3 conw, 512
323 conv, 512 3x3 conv, 512
3x3 conv, 512 3x3 conv, 512
3x3 conv, 512 3x3 conw, 512
v
avg pool avg pool
| fc 1000 | | fc 1000 |

ResNet, 152 layers
(ILSVRC 2015)

AlexNet, 8 layers
(ILSVRC 2012)

VGG, 19 layers
(ILSVRC 2014)

http://image-net.org/challenges/talks/ilsvrc2015_deep_residual_learning_kaiminghe.pdt
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ImageNet experiments 282
{152 IayersJ :

\
\
\
‘ 22 layers w ‘ 19 Iayers
\ 6.7 I

ILSVRC'15 ILSVRC'14 ILSVRC'14 ILSVRC'13 ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)

http://image-net.org/challenges/talks/ilsvrc2015_deep_residual_learning_kaiminghe.pdf



Deep Leaning Frameworks

e TensorFlow
e https://www.tensorflow.org/

Theano
e http://deeplearning.net/software/theano/

e Torch
e http://torch.ch/

Caffe
e http://caffe.berkeleyvision.org/

CNTK
e https://www.cntk.ai/

Chainer
e http://chainer.org/



https://www.tensorflow.org/
http://deeplearning.net/software/theano/
http://torch.ch/
http://caffe.berkeleyvision.org/
https://www.cntk.ai/
http://chainer.org/

Object Detection



Object Detection




Joseph Redmon, Santosh Divvala, Ross Girshick,
YO I_O and Ali Farhadi. You Only Look Once: Unified,
Real-Time Object Detection. CVPR, 2016.
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Nttp://pureddie.com/yolo

https://pjreddie.com/darknet/yolo/




Semantic Segmentation



Semantic Segmentation




Fully Convolutional Network
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S e N g y Badrinarayanan, Ankur Handa and Roberto Cipolla "SegNet: A Deep Convolutional Encoder-
g oder Architecture for Robust Semantic Pixel-Wise Labelling." arXiv preprint arXiv:1505.07293,

2015.
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U _ I\. et Olaf Ronneberger, Philipp Fischer, Thomas Brox. U-Net: Convolutional Networks for
Biomedical Image Segmentation. MICCAI, Springer, LNCS, Vol.9351: 234--241, 2015.
1 64 64
128 64 64 2
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image .
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Figure 10. Examples of difficult objects grasped by our algo-
rithm, including objects that are translucent, awkardly shaped,
and heavy.
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