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Deep Learning

=S 0istm

- Zt2p0t T 271412 )

* Machine leaming ¥ 12|& &
A

1= Q13 A Deep neural network)2 223t Z4E0| Zlgt

= = =
v A5 Hidden layer B JHSE| AISOIX|Of TSt B2ist Ol GIOLE B4 27H O|AHRE| ABOR 715

-

d

Jupnt luyur Wddou layor 1 Wedou layor 2 Widdou layar 3

activation
functon
A e—r I'I!I"LI:I’DUI
1] w ﬂ,f
activation
transfer
: function
f)
By )
thrashold




Auto-Encoder
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Output Layer

Hidden Layer

Input Layer

« Input vector x0f| 7P/t 22 =
v 25 22| approximation

* Non-trivial mapping
v 20| 1L Z hidden layer§ M E& k|«= A(trivial mapping)
v’ Hidden layer@| neuron 7ij=& X A|(narrow bottleneck)t7{ Lt

v 20| noise& 44=Ct

o ot

=
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7| <15l

activation =7}
|2}H, PCA2} =



Auto-Encoder St et

P

Output Layer
X=gyg(2) =sW'z+Db")
Hidden Layer

z = fo(x) = s(Wx + b)

Input Layer

» Encoder
v Input vector x 22 E XX}RIQ| hidden representation z = fo(X) & ==
 Decoder

v’ Hidden representation2 2 £.E{ input vector?t Z-2 X} 9| reconstructed vector £ = gy (2) 2 ==



Auto-Encoder S ot
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Output Layer

X=gyg(2) =sW'z+Db")
Hidden Layer ‘i
z = fag(x) =s(Wx + b)

Input Layer

* N7H2| Input vector {x®}Q} reconstructed vector {#}2| 2XIZ 0| &
& Objective :

ok

L2-norm 22 cross entropy S At

N
1 . .
[W;b; W';b'] =10,0'] = argren;r,lﬁz L(x(‘),a?(l))
' i=1

» Back propagation + stochastic gradient descent (SGD) Al
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= Denoising Auto-Encoder’

Outout Layer
/
&
. 9
Hidden Layer >
b
X X X
Input Layer
P 4 Denoising 0§l A|

* G[O|E{0f| EX{St= noiseE XM 7H5H7| flot =H
v  Training A| 22 H|O|E{0f| 2|2Q| noise =7} (.- O|= X{|AH)

v Training A| & O|0|EH2| YEE 02 = set (occlusion1} £

rlo
o
HL
4r
iC
|
olo

e Hidden representations =5} noise0f| robustt featureZ} ==& 242 7|CH

*[2008, ICML] Extracting and composing robust features with denoising autoencaders



Auto-Encoder
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Output Layer

Hidden Layer

Input Layer

* Fully connected layer

v St AJ740] 0j2 At

* Hidden layer?} ot &

v O|0|X|2} 20| STt pattem= B A= HIOIEOf Tl

—

X=gyg(2) =sW'z+Db")

z = fag(x) =s(Wx + b)

50| T}
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Deep Auto-Encoder
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» Deep Auto-Encoder (Stacked Auto-Encoder)

Output Layer

Hidden Layer 3
Hidden Layer 2

Hidden Layer 1

Input Layer

« 0 2{7H2| hidden layer
v' B L} powerfulst representation St
v’ Greedy Layer-Wise Training@ £ s+&"

S—

=<

4«
("
N

‘ /

S

*[2006, NIPS] Greedy Layer-Wise Training of Deep Networks
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= Deep Auto-Encoder (Stacked Auto-Encoder)

* Greedy layer-wise training *

DecOder ﬂ

T w 1+Eg
2000

2tZ2t-S Contrasive divergenceS
OlQ_ol.O:I OI-A

Pretraining Unrolling Fine-tuning

Greedy layer-wise training2 0| 2%t deep auto-encoder 59| 72

O/0/X] ZX{: Reducing the Dimensionality of Data with Neural Networks * 12006, NIPS] Greedy Layer-Wise Training of Deep Networks 14
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= Stacked Denoising Auto-Encoder

* Deep Auto-EncoderZ denoisingdf| AtE

Output Layer

Hidden Layer 3

Hidden Layer 2

Hidden Layer 1

Input Layer

“Stacked Denoising Autoencoders: Learning
Useful Representations in a Deep Network with

a Local Denoising Criterion”0| A] X 2|3} noise
ol 5%

*[2006, NIPS] Greedy Layer-Wise Training of Deep Networks,
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= QHFX Ol Auto-Encoder
H|==st QI240] Ci3l H|==3t feature MHS B

o
o S}X| Bt feature@| Zt elementZ} OGSt o|O|E Zt

1
o
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12
sl

= Variational Auto-Encoder
* Hidden representationdj| distribution0| ZX|5t- & st&
+ Hidden representationS ZE510] 2/ H|O|E{0 SHsH A0 ZZEHLE AKIE HIO|EE A4

v ) E= O[OfX[0f HEE A @AL, 2HE 222 X|27L

oln

Output Layer

Hidden Layer

Input Layer
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Auto-Encoder et

= \ariational Auto-Encoder

o 2ted X|A AL Deep Feature Consistent Variational Autoencoder

add
smiling
vector

subtract
T ' ! " _ ' ' \ smiling
‘ vector
add
sunglass
1 vector
add

E &*-&i_h;\ *\f!fi ‘1 51 < TR

B FEFErrrrrril -

Hidden representation2 ZZ510] M A S O|0|X|E. 712 X=E X et ZE O|0|X|E& ¢112|£0| 12l o|O|X|
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Multi-Modal Deep Auto-Encoder
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= Modality

o 212 domain (X}FEFO| A=

e =0
o

sensor domain)oj|A{2| FAf
= 9| sensort

oiE2te Z8I0| L2 ™ CHE domainl 2 ZHF

Multi-Modality
« S8 U0 Choll CHet domaine 22 H F Sl 2= H|O|&
e Zt do

main C|O0|E{ 2| &4t & OfL|2}, domain? 2| &4 modeling

Cf.

Lo . Multimodal distribution. MMDAEO]| A{ Q|
t2h 2| perception2 7| 2% 2 2 multi-modal multi-modal- 0| O L|C}.
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Multi-Modal Deep Auto-Encoder
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v  MZ CF2 modalQ| H|O|E ALO|0f| EX|Sl= 3£ 2| MEE shared representation@ 2 F=

RGB image LIDAR sensory data Ultrasound sensory data
IOO--f-OOI IOO}-OOI IOO}-OOI
©0. 00 ©0. 00 ©0. 00

00 -000O0 - : 0000 ~-00
reconstruction

1@ © - @ @| shared representation
A

shared input

OX@) ---OOOO;OOOO S OL0)
|OO;OO| IOO;OOI OO-;OO
© O - OO0 OO - OO0 © O - OO

RGB image LIDAR sensory data Ultrasound sensory data
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Multi-Modal Deep Auto-Encoder ‘MJ_?.

= Shared representation?| £/

o CH Auto-Encoder?| hidden representation0f| H|SH
]2 modalQ| H|O|E £ at&otY 7| 20| ELC} informativest

RGB image LIDAR sensory data Ultrasound sensory data
IOO}-OOI IOO;OOI IOO;OOI
[©0- 00 (cXeEXele @0 - 00

{00 - 00000000 ~00

reconstruction

shared representation
shared input 4
OO - OOO@--»OOOO - 00
|OO;OOI IOO;OOI OO;OO
© O - OO0 © O -~ OO © O - OO

RGB image LIDAR sensory data Ultrasound sensory data
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» 2 AL Multimodal Deep Learning (ICML, 2011)

« & 71l2| Modal: - H[0[H + 22 Fet

SJHOIH(Z 250 Y2 Y S HO|H(H 2LEE

¢ Multi-Modal Auto-Encoder MMAE)E 0| &350 &2 QlAl
/ EX‘ Iljrlll Il;Flll lIrL n %
Audio Reconstruction  Video Reconstruction Audio Reconstruction  Video Reconstruction
(00 ..-00] [(00C...00] [oo-:r-oo] [oo-}-oo]
(0@ ..- 00 (00 -..-00] (0@ ..- 00| (00-..-00]

-_— - —_— — D e e ——— - -

Shared 1 1

Representation | Representation !
I I

(00 .--00] (00-.---00]

Test A| O| £ feature2

(00 ++« OO] (00 «++ OO] Linear classifierof| g &stof

Audio Input Video Input

Video Input

Bi(or multi)-modal Auto-Encoder Video-Only Auto-Encoder
21
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= 2 H 5L Multimodal Deep Learning (ICML, 2011)

-t

» Shared representation= featureZ 7=, linear classification ==2H

o« 22 7|E0 EXSt= featureE HOAM ALE

Audio Reconstruction Video Reconstruction 1

(00 +-- 00) [QO «-- oo]i

[ Linear Classifier

P
)

il[oo ... 00| (00-..-00];

Shared

A

A

[. ©.-- 00 J Representation

T~

Shared

l_. Q..+ 00 ] Representation

(0@ .-- 00| (00-.--00] (00 ..-00] (00-..-00]
T
(00 ... 00O) (00O ... 00] (00 +-- 00 (00 :--0O]
Audio Input Video Input Audio Input Video Input

Bimodal Auto-Encoder St& A| network 7+

Al

(optional) 7| =0
Z= X} 8} = feature

Bimodal Auto-Encoder feature + Audio RBM feature A2
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= 2 H 5L Multimodal Deep Learning (ICML, 2011)

* Audio A3 0f noiseE Q17}8H ZL9| =& Ha} 20|

Accuracy Accuracy
Feature Representation (Clean Audio) | (Noisy Audio)
(a) Audio RBM (Figurc 2a) 95.8% 75.8% + 2.0%
(b) Video-only Deep Autoencoder (Figure 3a) 68.7% 68.7%
(¢) Bimodal Deep Autoencoder (Figure 3b) 90.0% 77.3% + 1.4%
{.(d) Bimodal + AudioRBM __________[ __° 94.4% ___ | 82.2% F 1.2% |
(e) Video-only Deep AE + Audio-RBM 87.0% 76.6% + 0.8%

Feature 714 & audio 4= noise H7}£ 23t M& H3} H|w

* €2 H| WSt Z Al, corruptEl audio AZEtE YHOZ Bh= 70| 80| o 3EHYUZ =20l
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= Denoisingl| &
« E modalQ| H|O|E{ 7} F£2tE |92 Al

=
* CIE modal H|O|E{ =2 A4t shared representations 7| = 51 Sl|E H|O|H FE
(reconstruction) 7}=

RGB image LIDAR sensory data Ultrasound sensory data
IOO;OOI IOO}-OOI IOO}-OOI
|OO""‘OO| |OO+'OO| |OO""'OO|

—0 O - 0000 -0000 - O O

reconstruction

|. OIENO) .| Shared representation
A

2 T (25 022 set)
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» 2424 O 21 Multi-modal Auto-Encoders as Joint Estimators for Robotics Scene
Understanding (ArXiv, 2016)

o ItH-Z 2|3l Feature (shared representation) St 2 LCH=,
« 57 domain = +2F A|, Ct= domain YE 2 =l domain G0 F2l0| =X

=2 & A1} (depth?} semantic segmentation)

23 (£ domaingt £09)

RGB O[O X| 2+ 217}

7t0| segmentation Z 1} 217}
RGB O[BIX] + (vehicle detection box + &2 ZtZ} masking)

LiDAR scan + stereo
matching Z 1t

GT depth

25
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» 2424 O 21 Multi-modal Auto-Encoders as Joint Estimators for Robotics Scene
Understanding (ArXiv, 2016)

Reconstruction
Depth Image Semantics

00 00
Depth image (LIDAR + Stereo) 0 00 [0 00 [0 00
. &”“ll! Y i rer:or."us'crur:tion'_‘;LQIQJM_QI fieing

Shared
IEE Representation

shared input

Image (Red + Green + Blue) independent : concat.

hidden layers

©0 00 [0 09 [0 -OJ
@e-o0 @@ -0 [ODO-OJ

Woround, .Objt(h building, qumnm; and Msky

Depth Image Semantics
Inputs
Semantics (Ground + Objects + Building + Vegetation + Sky)
ol (9 =) 1A ZE2olA AFE S MMDAE 21X F 113 123! 2

aORx
—_—
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» b2 A1 Multi-modal Auto-Encoders as Joint Estimators for Robotics Scene

Understanding (ArXiv, 2016)

Depth

Reconstruction Semantic Segmentation Reconstruction

1 ! 1
00 00 00.00 00 00 6o 00 00 00 00 00 00 00 00 00 60 00

Il Shared
@e o9 ReFL;lre::a nE;.raetlon
| | | | | |

[0c ©¢l 00 - C0C/[cC-OC e 00| @0 oo\ @@ 09 [CC 00 [0 00 00 0

L] L] ¥ L] [}
.. .. .. .. @0 049 .. .. |§. ..\ e @0 @00 00 (00 @@ 00 @9
Depth Green Ground Objects Building Vegetation Sky

Full Flat MMAE

Reconstruction

Semantic Segmentation Reconstruction
20 ©00 o® @9 00 00/ o® @9 20 00

0 CCO @@ ®©8 [CC OO0 [©CC C0 [OC 00

Depth

..;.. ..;.. ..-+-.. ..-\-‘..

00 -0 0 |OO1OO| |OOT'OO| lOOIOd

m Full Shared

Representation
..+.. IOO+OO| |OO+OOI |OO+OO|

29 0@ @09 9@ 00 00 o0 @9
Depth Red Green Blue

©6-00

Semantic
Shared Representation

[©0C ©C @® @@ [CC CC [0C ©J [©C 00

20 00 @@ @9 00 00 @@ ® @ .. ..
Ground Objects Building Vegetation

©6-00

Semantic Segmentation Input

Full MMAE
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» b2 A1 Multi-modal Auto-Encoders as Joint Estimators for Robotics Scene

Understanding (ArXiv, 2016)

 FUll-MMAE vs. Single image 7|8t0| /s, AGMEF 22| &

Reconstructions

Single O|O| X| 7|tk _

Yu2E AIE
(8t H2lo] % )
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MMDAE for Automotive

F G Y

+ MIA 04 SE0| UIQS
v M XEA|2] hardwareX QI Iif~
v QIR 3 30| 2ot 5 Wl

¢ B, T 50| MM AR 2SS B2 HP

a1 © IT
S inferencing 192 HX|= MA Q| inferencing 2F

rot

v’ Stereo camera
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F G Y

« AM Ol S2F B[O 2kt
v MIMo| HAF SXof| CHs &2l =l Rule (FThen) 7| gt THe
v K|SHEl 2=X1O| rule 2, 7SS RE H| ™AL ASES mHEE

_ L A
v InferencingO| 2=l Z{0f| CHSHA = THEH E71s

Cr=o| A7 SAIM 1E'E =t

M A 7t9| cross validation=
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Retm

f K T o7 B

Sensor
data

Sensor

S AN B

§|O|E{ 7t correlation modeling

= ENot= 2 =

2o S LX|St= M Ho|E ZHE

Extract Shared Representation

i

LIDAR

o[y oY

o[¥ oX

Ultrasound Radar

System Overview

oy oY

Image Vision

o[¥ oX
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=H|EY As AN A A ASl HF

1) AS| WA HIO|HE Mleh CHE M Ho|HES 45 220 27t
2) Shared representation ==

3) MIA AO| CH$t reconstruction =24

4) AKX MM AZEE FE= HEQ} reconstruction A1 H|

Validation model

data of sensor A

N

Sensor Validation > palid | invalid

reconstructed sensor data

. 1
: Sensor Data Reconstruction I

I
I .
' common information L AL b el Plesy
I I Auto-Encoder
I I
: Extract Shared Representation :
i_ -— - A\ = = = = d

I
data of sensor B data of sensor C data of Sensor D
Sensor A Sensor B Sensor C Sensor D
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e Sparse LIDAR + Stereo 7|2t2| collaboration
v/ 117}9| dense LIDARE CHA[SH7| 2[off B2 Ml AT =X
v C{&& probabilistic modeling= S5l 4

o S, AI2H0| =52 &2 designdt modeld]| 2|75t LIDARR} stereo
depth £} fusion

o 0tO1 CHFOL 2t A (2 3 HM S)0f & Ciae AQI7F?
o Sparse LIDAR + Stereo?| data fusiondjl MMDAEES & QIoHCHH?

v Sparse LIDAR data?} stereo imageZ =5| dense LIDAR £}
reconstruction

Stereo Prior

LIDAR Prior

Combined Prior
[ |

0 10 20 30 40 50 60
Disparity (pixels)

Stereo camera + LIDAR fusion2| 04| A|
(20164 IROS =& & “Real-time
probabilistic fusion of sparse 3D LIDAR and
dense stereo”)
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o Sparse LIDAR data®} stereo depth imageE {IHo = gt

e Dense LIDAR dataS == 5}= MMDAE

——————————

E Dense LIDAR daz‘ai: Sparse LIDAR data Stereo Depth image
OO : OO OX©) : Q0O
OO0 -~00 Q0 -00

— R R )

t
00 -0000-0000 ~-00

reconstruction

shared input

shared representation

t
©O0~-0000 -

O Ol

+_|

—
|OO;OO| Q0 -00

*
00 -00 © O - OO0

Sparse LIDAR data Stereo Depth image
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o2 J|hiE= e Y

o SAX77HK]| kiling application Xl

v Xf B MBE S8 50| 30| Reid MAE0| Y

» MMDAEO| variational auto-encoder@} Z+0|, share representationdf| CHot O|O|EXM Q1 St50| A|=E
Ao = Of &
v' Shared representation@tQ 2 A}2H0| O[s{Et o~ Qe Alet MY H|lS THs
v HESE2E B7HX| Black box A2 Hi= Al =Q A2 22 summary 7Hs
A
=

T8 M
v' 71 Q|, variational auto-encoder®| generationS 0| 235}10], A1X} H|AE O|FO| AFRE &= Q= EETH THM9| O

OlH 48 7s
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