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(RNN)



A=y bDEIE ERME{LREE
U = wW1T1 + Woko + w3xrs + waxg + b

z = f(u)
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U = W1T1 + w2 + w3xT3z + waxTg + b

Z = U
f( ) RelLU: Rectified Linear Unit
1 1 P
2 =
05 1+ e ’
z = max(u, 0)
0 7
/
—-0.5¢ P / z = tanh(u)
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(BP: Back Propagation)
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(SGD: Stochastic Gradient Descent)
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EHHE (Weight decay)
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CNN: 8 AH=—a21—FILXRY bk

Convolutional Neural Network

« NeocognitronicJL—")/ [Fukushima80]

+ LeNet : FEZXFFERNDIGAHTHI [LeCun+89]
- Backpropagation Applied to Handwritten Zip Code Recognition, 1989

- HERIZOMEHER
— Hubel-Wiesel @ HE{{i#fipa - £53HA2 ]
— BEEZAE (local receptive field) 10 output units g

fully connected

~ 300 links
layer H3 cocooooo
30 hidden units fully connected
~ 6000 links
Uar
Uez Uss layer H2 .
i =1 \Ua 12 x 16=192 , , H2.12 .
Fx,-' hidden units ~ 40,000 links
4 from 12 kernels
5x5x8
I [} | layel' H1 =a
X ' ! ; 12 x 64 = 768 '+ ) —
! ! 1 \ hidden units
' . . ] H1.1 H1.1 .
1 ! 1 1 ~20,000 links
1 ' ) ' from 12 kernels
' 1 | 1 & 5x5
I I I
| 256 input units
I N
| | LB .’l“)
V /
Figure 3 Log mean squared error (MSE) (top) and raw error rate (bottom)
Fig 4 Schematic diagram 1llustrating the interconnections between layers 1n the neocognitron versus number of training passes

[Fukushima+83] [LeCun+89]



CNNOZODER : EAHET—-V>VD

— 8%x8x%N

7=U>% (8)

QO; éﬂ - HEEH o - EIRER (EdH)
O
O
O
O
O




=IA
(convolution)

Uij = E E :xz’+p,j+thq

H-1H-1

p=0 ¢=0

ABE R
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76| 76| 77| 84)|147(180|168| 142

Li+p,j+q

7115

A (v 7)
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0.01(0.08|0.01
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(convolution) 70 =0
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(pooling)
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CNN: 8 AH=a21—FILXRY bk

Convolutional Neural Network

BAHBET -V VYV IBODRAERE+EEEREZE

D74—R7A7—FXRXY M

2 HET VI LICHIEALL, HEhdDPE

ILSVRC12dDCNN [Krizhevsky+12]
“Alexnet”
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(He+, Delving deep into rectifier, 2015)

IMSGENET

Car, auto, automobile, machine, motorcar 1307 92.48%

A motor vehicle with four wheels; usually propelied by an internal combustion engine; "he needs a car to get to
work”

imageNet 2011 Fall Release (32326) ™
plant, flora, plant life (4486)

I geological formation, formation (1 =‘-“ e St IHH B
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m:: t‘("7);6) ---a Con«uule T e | D e | R Y

m_—
744) e {
Ttz |ty N o s o | s i et
s, e, o | e e o D | 8 | s |
o e, ey e, | IR W B g e ||y S
- vandcar, pushcar a e RS R
e | RS B == e
L roling stock (0) tall T N e WS [y e
scooter (0)
e [RISIBE L o WD 100000 200000 300000 400000
personnel carmier (C. [ e . . . :
i weapon::::f\z?l | —— Sedan u a'* g‘: n \

| amored veicl, o | e | 8 o g1 — # mini-batches

carrer (0) - . i bt | L | T |
|- forkift (0) -‘E -1 NS e = ™
| ocomorve erare. | g (64 | B | e 7 | i | B g

Cross-entropy loss

PRI R 'V IR S ¢ N ) BN B -




lion

Leonber

Tibetan
mastiff]
cocker
spaniel

tiger
cat

trombone

violin

cornet

acoustic
guitar
electric
guitar

electric
guitar

oboe

comic
book

accordion

pick

chambered
nautilus

sea
slug

lionfish
flatworm

eel

50%

50%

50%

50%

table
lamp|
lampshade
stove|
espresso
waffle
iron|

5

0%

Blenheim|
spaniel
Saint
Bernar
cockgr
SO
springer
spaniel
Japgnese

spaniel

50%

papillon|

Japanese
spaniel
Blenheim
spaniel

Pekinese|

Shih-Tz

50%

crane
tow
truck
missile
projectile]
trailer
truck

50%



R LUNTIN D 5858

Goodfellow+, Multi-digit Number Recognition from Street View Imagery using Deep Convolutional Neural Networks, 2013

HHTDEF

Max

Max pooling %%
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Giusti+, A Machine Learning Approach to Visual Perception of Forest Trails for Mobile Robots, 2016
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AlphaGo

D Silver et al. Nature 529, 484—489 (2016) doi:10.1038/nature16961

. "5 Google DeepMind

Challenge Match

b
Policy network Value network
P, @ls) A
<

ALPHAGO

--.-00:0.1:00’

a
Rollout policy SL policy network RL policy network Value network
P
p.‘! p(} p/) Vl' 8
g
-
e
2
Policy gradient 9
=1
: N
®
O
- o]
> o

Human expert positions Self-play positions
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Shih-En Wei, Varun Ramakrishna, Takeo Kanade, Yaser Sheikh, Convolutional Pose Machines, 2016

Input Frame

Convolutional
Pose Machines

Model Trained from
MPII Dataset

Right Wrist Left Elbow Left Wrist

Right Ankle Left Knee Light Ankle

——
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- (GFREMICIX, HEBIMEstructured prediction
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2{8) Tstructured prediction

Shih-En Wei, Varun Ramakrishna, Takeo Kanade, Yaser Sheikh, Convolutional Pose Machines, 2016

x'I br
.¢T ¢ @ ‘

stage 3

Convolutional (a) Stage 1

Pose Machines

(T_Sta‘ge) o ra X

E Pooling :

Convolution

R. Elbow R. Shoulder

(b) Stage > 2

>
e

Neck R. Elbow
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structure-from-motion

e

o
o ) © A

Camera3

Camera 1

Camera?2 [Agarwal+09]

<

n 4 n
€ > «—> < >
X11  X12 Xin P [X; X X,] 1
X21  X22 Xon P, {(
Xml Xm2 Xmn Pm

R0
I {5 EE AR

AXS RD
DESE ZHER

A \
[Agarwal+09]

RAUEHBEZIKE>TVWSHM?

RANSAC
Correct Relative
matches camera pose
x, X)) i=1,..., n'} E =[t]xR

Global optimization

Triangulation

—

3d coordinates
of points

Xla"' >Xn'

3d coordinates
of scene points

Xla"' 7Xn

Camera poses
(R17t1)7 T (Rmvtm)

g7 Q-




RECONSTRUCTION SCENE

1 Pane

Model Alignment

¥
t*? ¥ .’2

M) 0:24/0:59

RealityCapture www.capturingreality.com




CNNTSfM (+MVS)

Ummenhofer+, DeMoN: Depth and Motion Network for Learning Monocular Stereo, CVPR2017

+ CNNT2-view SFMZXE1T

—»|

depth + normals

flow from depth & motion

+ warped 2nd image

motion: r, t

Depth Motion Depth
Method Ll-inv sc-inv Ll-rel | rot trans Method | sc-inv
Base-Oracle | 0.019 0.197 0.105 0 0 Liu indoor | 0.260
‘g Base-SIFT | 0.056 0.309 0.361 |21.180 60.516 | | Liu outdoor | 0.341
S| Base-FF 0.055 0.308 0.322 | 4.834 17.252 | | Eigen VGG | 0.225
DeMoN 0.047 0.202 0.305 | 5.156 14.447 DeMoN | 0.203
— Base-Oracle | 0.023 0.618 0.349 0 0 Liu indoor | 0.816
2 | Base-SIFT | 0.051 0.900 1.027 | 6.179 56.650 | | Liu outdoor | 0.814
§ Base-FF 0.038 0.793 0.776 | 1.309 19.425 | | Eigen VGG | 0.763
@ | DeMoN 0.019 0315 0.248 | 0.809 8.918 DeMoN | 0.303
A Base-Oracle | 0.026 0.398 0.336 0 0 Liu indoor | 0.338
) Base-SIFT | 0.050 0.577 0.703 | 12.010 56.021 | | Liu outdoor | 0.428
O | Base-FF 0.045 0.548 0.613 | 4709 46.058 | | Eigen VGG | 0.272
~| DeMoN 0.028 0.130 0.212 | 2.641 20.585 DeMoN | 0.134
Base-oracle | 0.020 0.241 0.220 0 0 Liu indoor | 0.214
9, Base-SIFT | 0.029 0.290 0.286 | 7.702 41.825 | | Liu outdoor | 0.401
05) Base-FF 0.029 0.284 0.297 | 3.681 33.301 | | Eigen VGG | 0.175
DeMoN 0.019 0.114 0.172 | 1.801 18.811 DeMoN | 0.126
& Base-oracle - - - - - Liu indoor | 0.210
> | Base-SIFT - - - - - Liu outdoor | 0.421
E Base-FF - - - - - Eigen VGG | 0.148
Z | DeMoN - . . . . DeMoN | 0.180
Image pair encoder decoder

(T3

Image pair

optical flow
+ confidence

depth from flow & motion
+ warped 2nd image
r

encoder decoder

fully connected
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Lip reading

Chung+, Lip Reading Sentences in the Wild, arXiv, Nov. 2016

Lip Reading Sentences in the Wild

Z DAt D Eid]

P o) 0:14/135 S Tuhe S
https://youtu.be/5aogzAUPIIE




Lip reading

Chung+, Lip Reading Sentences in the Wild, arXiv, Nov. 2016

SUGGESTING THE EUROP

SUGGESTING THE EUROPEAN UNION IS
--




Lip reading

Chung+, Lip Reading Sentences in the Wild, arXiv, Nov. 2016

mfccsg mfccy mfcce mfccs mfccy mfccg mfcco mfccy
| | ‘ Y1 Y2 ys Ya (end)
sa.
LSTM LSTM LSTM LSTM LSTM LSTM LSTM LSTM T I T T T
MLP MLP MLP MLP MLP
= = e : . .
- o T oa
<output states qud } — ===
OV
( output states vid } -——-
LSTM LSTM LSTM LSTM LSTM LSTM T T T T T
s® (start) Y Y2 Y3 Ya
A
fc6 fc6 fc6 fc6 fc6 fc6
convl convl convl convl convl convl

Figure 1. Watch, Listen, Attend and Spell architecture. At each time step, the decoder outputs a character y;, as well as two attention
vectors. The attention vectors are used to select the appropriate period of the input visual and audio sequences.




Generative Adversarial Network (GAN)

« ZTODXRY M7=V ZFHFM (adversarial) ICFEHE
— GIIZEBAXRLLEFMS UDWEHRZERK LU TDZERI &LSIC, DIFE
MEEY I EICREBOH TGICERESNEWE SIC

1R
:30 2 S Bt
or Eff — - hoRR
or 7 Ak eneraton E
Conditional GAN
=N/))]
ﬂagll:li& | BEFYRI—=Y | e o )
. (Discriminator)

min max V (D, G)
G D

V(D,G) = Eznpuora(a) 108D ()] + E.np, (2 [log(1 — D(G(2))]
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Ledig+, Photo-Realistic Single Image Super-Resolution Using a Generative Adversarial Network, arXiv 2016

- BEOEREERERDE

— e IO y i S =TSN AL TITION ™. =k .. |
bicubic SRResNet SRGAN
(21.59dB/0.6423) i (23.53B/0.7832) ‘ (21.15B/O.6868)

M HEAERERREIII D A2 N T
original

Generator Network B residual blocks

k9n64s1 ' k3nB4s1 k3nbds1 ! k3n64s1  k3n256s1

PixelShuffler x2

Discriminator Network k3n128s2 k3n25652 k3n51252
skip connection k3n64s1 k3n64s2 k3n128s1 k3n256s1 k3n512s1

%
o<
3
-~

Leaky RelLU
Leaky RelU

Dense (1024




GANIC & 2 E&GZ iR

Isola+, Image-to-Image Translation with Conditional Adversarial Networks, arXiv 2016

« Encoder-Decoderi
AFXw7ARI3veHbh
Generator

¢ired oxe} Jo |eay

Labels to Street Scene Labels to Facade BW to Color

output
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