BAIFENRESEY
From Al to Deep Learning

@ A +> Mu-Song Chen
RVAEEES 23 34 %
Department of Electrical Engineering

Da-Yeh University

@5;% chenms@mail.dyu.edu.tw

v H335, 04-8511888-2167

£




Qutlines

I Al (AXLHFE)

» Why human can learn (s 4 «sm=mgw)

s Neural Network ¢ s

= Deep Learning za =)

= Visual Cortex grga )
= Convolutional Neural Network (s s e

E EE, DYU 2



£ 4| 8 #7 - Pt (Julius Caesar)

VENI VIDI VICI
£%~£ﬁ~£ﬁm

| came, | saw, | conquered. [Latin:
Veni, vidi, vici.]

A I comes -Julius Caesar
Al sees

Al conquers
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Artificial Intelligence
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Father of Artificial Intelligence

s 936 &+ 4 (John McCarthy) 1956 £ #4 #7
¢ &x 3y <K 4T x4 1w E ) (Arificial
Intelligence) s 2 4 » K36 &+ 4L 1 W E4E
e ﬁvﬁzgie » Fl @ jg #1971 & B & £F (Turing
Award) -

g = John McCarthy:hAlz %% > TR %

19279548
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wr RRE N UE AASE > HF
= AR
= A Artificial Intelligence: Intelligent Agents refers to the ability of the computer

to simulate/model human thinking processes to imitate human ability or
behavior.
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Al - Machine Learning - Deep Learning
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Big data, GPU
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From Theory to Application
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https://zh.m.wikipedia.org/wiki/%E5%A4%96%E9%A1%AF%E7%9F%A5%E8%AD%98
https://zh.m.wikipedia.org/wiki/%E5%85%A7%E9%9A%B1%E7%9F%A5%E8%AD%98

i & ¥ # (Learning-based)Al# X &

= Al £ % ;% (Learning-based);# & ;2
= Machine learning : F#— $F#c#EB~—22 #i(NN modeling) — % %

Machine Learning

&*\iﬁj H'%%:

Input | Feature extraction Classification Output

= Deep learning : 3 #— 22 #(CNN modeling) — % %

Deep Learning
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Feature extraction + Classification | Output
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Applications of Al
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LeNet-5 (Yann LeCun, 1989)

[= Lo R R

- FREH imag BO0En 1EE 10810
"J y | S et mad Ol map O (AR MAD

LeNet-Sti2] et & 8 64 (7 2y~ gy &1 &) > @ $2C15 4t & (Convolution) ~ 525 1
% (Pooling/Sub Sampling) ~ C3 % # & ~ S4# i* & ~ C5% # & ~ F6 2 s 4% & (Fully
connection) % -

answer: 384

12



Deep Blue (1997)

= Deep Blue, the IBM RS/6000 parallel supercomputer that defeated Chess
Grandmaster Garry Kasparov In May 1997

E_éGame viewer - Kasparov vs. Deep Blue !En
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AlphaGo (2015)

= AlphaGo is a computer program that plays the board game Go. It was
developed by Alphabet Inc.'s Google DeepMind in London. AlphaGo has
several versions including AlphaGo Lee, AlphaGo Master, Alp

haGo Zero,
etc. n
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AlphaGo Zero (2017)
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{ AI p h aze rO (20 1 8) (reinforcement learning)
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Training Steps

* Inchess (& /*4#), AlphaZero first outperformed Stockfish after just 4 hours.

* Inshogi (##-#t), AlphaZero first outperformed Elmo after 2 hours.

* In Go (®l4#), AlphaZero first outperformed the version of AlphaGo that beat the legendary
player Lee Sedol in 2016 after 30 hours.

&
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Why human can learn !

Movement
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Human Brain Properties

» Blological neural networks
= 10" neurons (1000 i B4 & =)
= Only a small portion of these cells
are used

= Main features Fonteleye fielt
= distributed nature parallel processing P
= each region of the brain controls
specialized task(s)
= No cell contains too much

frontal Tobe

prefr'n:untalf - i

] ] ] R : vizual
Information: simple and small Broca's ares
(in left hernizphete) X : —
processors ternpotal labe . - E;ES'Lcluﬂatinn
« Information is saved mainly in the suditory W guditory association

Cincluding ‘Wernicke's
area, in left hernisphere)

connections among neurons
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Biological Neuron
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Biological Neuron
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1) Classical Conditioning (+ 241, 1897)

3 v & % (classical condltlonlng))j*zut d FHaA 2 F %ﬁ f% R %
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g i
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https://www.youtube.com/watch?app=desktop&v=Ato9VT0Egg0&ab_channel=%E6%86%A8%E4%BC%AF%E8%81%8A%E5%BF%83%E7%90%86
https://www.youtube.com/watch?app=desktop&v=Ato9VT0Egg0&ab_channel=%E6%86%A8%E4%BC%AF%E8%81%8A%E5%BF%83%E7%90%86

(1) Classical Conditioning (cont.
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(2) Hebbian Theory (s # =%, 1949)

m A F IR R R E 9 (presynapse) # 5 v R F 18

(postsynapse)#! g A e LA el > ¥ M HER R
W®@myﬁ%“°%#ﬁ%%%§?@ﬁ&%ﬁﬁ

zc 7’0/‘7? -} m% ]L o

o Strengthening synaptic
1% i connection after
¥ B Hebb's rule learning
o Presynapse
A N TR 2 ‘ z N 772
s A I A GRERY > RFFE BLT

PRIV A SRR Y
%’}Eﬁ (Weight) ﬁj% fL‘ o -&r’% ﬁ fﬁ Postsynapse
m;bp\,:.ﬁ;;%;f@’& » TR B e :
i%ﬂ°ﬁﬂkﬁ&ﬁ%,g*g B
S ((RROTE P AT - |
:

|

|

« HFFEYRASPEH LY
P o

w, (new) = w. (old) + x.y

b (new) = b (old) + y
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(3) Neuroplasticity (r. J. avidson, 1992)

2 Neuroplasticity(z‘é SF R ) £ A eSS
"L A g e f#”“’ PR AP %#
..""‘E'L.ﬂ-ﬂ’\lréﬂbl' TP o PR hInE F 7 g

y / N 2, — 2
AU ST R, o
B

<4

e

/7 Ve ) 1251
g 1t < e

o Left: As the neurons fire, they wire
together to strengthen the Synapse
(the place where neurons connect

R o Wwith each other).

LW - Right: As the neurons fall out of
> sync, the Synapse weakens and un-

links.
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McCulloch and Pitts model (1943)
e 1943 # McCulloch £ Pitts i 3¢ A P& endd 5 e &

R F - BHEREIRSL A TR
o LA KAk i BET R DGER - 5
R BRSPS o FH A

‘ A\ i & — [ *LiE (threshold) - 40 5 =~ :",fjfa;g EAR
fl Warren McCulloch|

1(on)» 2% AL *LE > P 50 (off) -

Input %Weights Weighted sum Step function Output
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Biological Neuron to Artificial Neuron

Ce=rdrites

Stimulatesd by an-
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A man
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Synaptic
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M hidden
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j=1.2.....H
k=1.2....c
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Perceptron (Rosenblatt, 1957)

SENSORY ASSOCIATION RESPONSE
UNITS UNITS UNITS
(5-UNITS) (A=UNI1TS) {R-UR1TS)

RETINAL 5

i
—A—  unis Oy D 'I
RETHA CIRCUITS
-~ o L ]
= O:o = '-
L}

e

edureka!

— PI|Wh

)
%) - o
)

W3

W4|— — epoch 1 {

F. Rosenblatt

x(\y

Wi = Wi+ AWi
AWi = -n * LPlout] -TI0wt J1 = xi

; '._2"
Y QE/) I gl 'GUT 1 is learning rate for perceptron
)

(w)

z
b‘ Out = lm'ii‘;.:::'.'.. )
wi) '
1as Q P,

Training Set Tlout)

Assign random values fo
Weight Vector(CW1,W2W3W41)
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Perceptron Learning Algorithm

"""""""""" i I_______________________l
transfer activation I 1 I
furnction lanctian I I I

| I |
@] ¥i | I |
| |
I : —» output
n

| |

| Net input pctivation
Y- (Z gy Xy + br) | I function function |
i=1 I I |
: | Perceptron rule :
;! backward |
e e e e e e o = o = = — = ——— = ———

NN NN SN S OSSN S S S S S S S S S S S S SIS S S S S SR S B B B B S . - - - .- 1

________________________________________________ il
W, = W, +Aw, 1

where i:

Aw, =1(1—0)x, :

;" ] [ EI

leaming target perceplrom  input il

rabe walue autput value : I
________________________________________________'I
|

Update weight !
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Minsky and Ppert (1969)

Perceptrons

M. Minsky S. Papert

Perceptron learning of AND function
1/ 1

Perceptron learning of XOR function
0/ 1

e The exclusive or
(XOR) problem
cannot be solved

by perceptron.
« The solution is
adding more

hidden layers.

S
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Neural Network

Neural Network

2000




ﬁ Multi-layered perceptron NNs
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(a)

Stepl: Forward

Multi-layered perceptron NNs

...........

n, -layer Deep Newral Network : %, ¥, = F.(x%,;0),0= [w.B]",

Step2: Backward

3, =(C,.b,, ¢

47 “nm

e dﬁrm)

initial parameters

npdate paramelers

PR AT 0,=0,,-V.L0,,)

( n, -laver Deep Neural NM{-T

_______ ol et e
©=, Ele-rli+2]w [ <8

Sinaloutputs | estimation 4{

ht U’p }?;I / (

estimated Revnolds-siress

__________________________ j

{(2=/(8,.Q k.59,

Hidden
Layer

Qutput
Layer

Feedfoward and backpropagation
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Back Propagation, BP (s #5983) Rumelnart, 1986)

Neural Network — Backpropagation &472¢

Input Layer Hidden Layer Output Layer

© machinelearningknowledge.ai

3

Layer 2

Design by Ken Huang
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Back Propagation, BP

Step 1
O JW) = o6 z///_— p
4//ﬂaw@ﬂ g

ij (error term of the output layer)
Step 3 (compute gradient)

50 = q© _y

Input x output 'y e~ target y

Step 3 —\ /_ Step 2

0¢(z™)
] . 6 = §0) (W) 4

I O0) = 50 W) O o
Wit (error term of the hidden layer)
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Simulation

Training set
Inputs Output
001 IR AR
010 EpDCh 45000 RMS Ermr

011 | T /7~ |
100 /. ’//\‘ 7~ ' Hidden

000
001
010
01

100
101
110
1M1

101
110

1T g % Input
000 P

Cost after iteration 0
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iupervised v.s. Unsupervised Learning

_< EEtEE ) [ sEEtey -
Supervised Learnmg QHEUF}E rvised Learning
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Semi-Supervised Learning

( HEEPE )
Semi-supervised Iearniny

LERTFHBAERR - MASTA
Hia R

. "._ o
mim E%%&
|: I.“??UEI:I ﬂﬂp ;‘.‘

AT EEANEE D — &
3 FER - BRI AR T SRR
EiMom o SR E RSB S
7r o M ERB RS ORE

([ mwes
Qeinﬁarcement learning

EAWBIRATE - 2 AR
RIS R ESBE - 1L
WERARE

25010 . IRHEE RO TN - 18
MW ETEFELE - REWEER
Bl R

HHES2RBKIBEHNSE - BRREEERMEEFR
HiBR - MERRATRRE -

S
B¢ EE, DYU
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Reinforcement Learning

» Reinforcement learning focuses on finding a balance between
exploration (of uncharted territory) and exploitation (of current

knowledge)

ﬂ;wmmmt

Re"‘“&-q‘
In terp reter
k\fiﬁfg*_\.cjg

A ction

e The typical framing of a Reinforcement

Learning (RL) scenario: an agent takes
actions In an environment, which is
Interpreted Into a reward and a
representation of the state, which are fed
back into the agent.

______________________________________________

Environment

Actions

Rewards

A IR e il

o 33 b %‘f 3,43 5’,\)‘1 «*uj ‘3(] 4‘1‘[,‘;3;;;

e T 5o M) 0T

L v b I - y 2 Ve
7}3'/)?\‘/’ oo ihfT 5 oo
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Deep Learning
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Visual Cortex

Primary visual cortex (V1)

Secondary visual cortex (V2)

,,gj EE, DYU
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Retina
Photoreceptors

@ LIGHT = —————"—" W0 THE BRAIN

e U I B 6_

Electrical Optic
Impulses Nerve
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v oy BeBg h R PR 3 UR g o 1) VI(Primary Visual Cortex) 0 #X 8 3
V2(Secondary Vlsual Cortex) V4 » 2_ ¢ £ T(Inferior Temporal Gyrus > ™ w) -

v & @szﬁ,ﬁ RALE S BRI - Ryt w - BB RJEY R AL o FREY
(#5404 ERR)E D A G R REAS - d AR - K- K PF Y SRk
£ B o m e L R %Aﬁc

V2: Extract simple visual '

I
I
E properties (orientation, spatial,
: frequency, color, etc) -

Inferior temporal Gyrus Primary Visual Cortex : mtermedlate complexity .

Secondary Visual C V1::8%4P > V2: BB H 5L F 8
Inferior Temporal Gyrus( 20 R I BRI E) VLA E
FTow)itid e Bl 48 e > T do R as )
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Hubel and Wiesel, 1959

A Eopinan v e 1950~1960 & #* > #¢ & 4 1@ &
e 7Hubel 22 Wiesel 3 >t 4 22 jz

D '*%ﬁ-»’%i mj};ﬁﬂ ifk »hn“‘;l % ﬁé

‘ i BRI R

simple cells complex cells -

D. Hubel T. Wiesel fE—' & ﬁé‘&m ' 71’\:}7% A % 5 Ej/j;fﬁ’

¥R G i o

T {3}

response of a complex cell, constructed . L C . .
from multiple simple cell inputs ¢ Slmple cells g - ] G B ~§ 7“‘ ﬂ/;P‘ F”/%I@’ ’

BB 5 @ T — pE Bsncomplex cells - simple
cellsg wrPid | » ¢ XBA =8 PR FpFE T

. complex cellsipthei &7 r2 ¢ 4.7 B % B
il o R R EA %%5 £ 2 A5 —FK?;%;«'J
e ':Lr,u)gxr%ﬁ&—: o

o M ¥ ot ol £ 05 % f R 4 5 eRLGN n e i
»enggdk o 3F SRR R X !qu/n A - EM o

s MM TR XTERPp AN AT MEw
5\ 5 o g~ o o
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Hubel and Wiesel, 1959

s V1°¢ chif H %z (simple cell)sg < ¥ §_§
LA A BHEwe R Y Fr iR

ped (orientation)ersk A AT o T PR G BIVR X
o O SR TITTAT I VT
e s V1°¢ g 32 sm e (complex cell) ¥t g % 25 ¢
| S8 j " g 2 % (direction) # B s 6 & R ek
siiizzz= ==f  FER o TRt ] H e iR
i ! RN HCL ARG R R ke S
(R ) G ! PR LE R

o [ H e i IR Y- kS e ® ok R PL(LON) SR 5 edd g~

R NSFE o 175 SRR §AF R D% -
2]

AR R R XTI A Apiden- k5 A e o B wie iripad
= R < %7 (Receptive Field)#s#4]1 & £4p L ~ AL FAH 5k sd - LA g
Mo TR EA T ELE A B R B P i 5 o
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Simple cell and complex cell

Unit Pooling Computation Operation
r i e e e e i 1
: == Selectivity / Gaussian- |
' Simple A = template  tuning/ |
| l | matching  AND-like |
e s t
Y [ (R ':
| I \ |
' Complex I Invariance SR
| P or-like |
I I I
I e T R 1
"""""" — C T T T T T T T T T Cerationsof omplexcall | mmmomemmmmmmmm e

Simple cells

Complex cell




Feature Detective Holmes w; s«

2. Sherlock builds 1st set of feature maps,
1. Input Image looking for basic features like lines, colors and

\ basic shapes
&9 A-

3. Sherlock builds 2nd set of feature
maps, looking for more complex features
like nostrils, eyes, or lips

glasses for
64 feature maps

16 magnifying
glasses for
16 feature maps

Sherlock Holmes
the "Feature Detective”..... ...
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Convolution

Kernel

Simulation

Convolution Output

Convolution Output
{as an Image)

Same image as above but

translated on x-axis

T s o~ T T 7 Ouput,

Convolution Qutputs
corresponding to the
shown filters

Fully
Connected
Neurons

layer |
1
1

Person?l
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NEOCOgn itron , Kunihiko Fukushima (i& §, 2% 7 , 1980)

receptive
_~ field

& ?{J‘Q
ﬁﬂg@%ﬁgﬂﬁ}iﬂ "_—_'_“‘———-—.____Q g

0900000+—"" |

receptor
cell

connection
ares

g3

C-cell

e

C-plane

« Ccell # & 3] = % ¢

K. Fukushima

o # & R % (Neocognitron) i
£ Fd a7 cellss w
F 17 S-cells ¥z C-cells 2 45 35
s

o S-cell /& 3| = "% ® &simple

cells » H # * % feature
extraction -

3

-
N\

-

complex cells » 7 #& *
receptive field » E
downsamplingenszc % o

=\
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H MAX (Hierarchical Model And X), (Riesenhuber and Poggio, 1999)

¢ AR Y L T A L A i

. —ﬁ_{ ﬁ?ﬁ’mneﬂ AR ssk ek Hha
Sy

View-tuned units (VTUs). Ex: face units

1

C2 units

S2 units

C1 units

ﬂ\k/j | /) L—\f{)(r\/cj ves S1 units
«<---- MAX operation

+—— Linear summation

£} 4

 Poggio # # #& 1 HMAX

AL T AR e > B
P
cEHE~ TSl unit, &2 "
S2 unit | i& 7 Gabor-] g
gk 1% o
cifE A TCl unit, &2 T
C2 unit ; i& Max Pooling
5 3R % 3B B (Bl 1T o
cEF B R AR
T_ e Gabor g A B
HMAX % B - B %] =Z.
WEEE S Bk B R
FRIR R B endie ) o
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LeNet-5, (Lecun, 1989)

10 output units
fully connected

~ 300 links

layer H3

20 hidden units fl.|||1,f cannected

~ 6000 links

[;yer122192 """"
hiadon onts "% R . =, ~ 40,000 links
g from 12 kernels
" 5x5x8
(i bd  layer H1
36 B 12 x 64 = 768
[ q hidden units —
o < ’ f~2u,0:120 ll‘inksl
rom arnals
seodlies .
2 3 i 256 input units f/
10 2
¢ 1989# P £ F % zDenker® 4+ & T 2 BEE R W SRBFER | 22 232
XA TR AGE R 3 i PR ff 2 (convolutional kernel)mzﬁt@:—}.’% F AR F 2

dA SRR BFY RR
i P?'-EY. LeCun % £ >t [ ﬁ; S N A A T R R T T e P 7}? A e
B0 7 etDenKer® A enieiE > = #3 F M xﬁ;mﬁzﬁx PEAFTEY
« LeCun>+1998# 3% diLeNet-5 - H ¥ 4 23k 7 ehCNN & 5 %] & ;( ; _g b 3 B g
We wH R RN FFaRtE a4 g m*ﬂ&ﬁg SRR R A

51



‘ototype of Convolutional Neural Network

I v
|. P

I N | . ™
I Simp\el Complex

| Cells | cells|

I | 1 1 Emotional
| | 1 . — State
L REe] .
I | |
I 1 1
I | 1
I. -|—l|- . I_, Logistic regression
I 1 ]

1 layer
I I | 1

I — — — I — — Fully connected
hidden layer

= Each layer of the CNN is composed of simple cells and complex cells,
simulated using convolution and pooling operations.

onal Feature MaPs.

601\;::::"5 _:___'ig_ 4D vector
~
nput imafe j/// = Predictions
£ e OoNpP—+®
=, - E Ly l—o —©
_— o} —(C)
- o
2% 7210
T T ]
Optical convolutional layer Electrical pooling layer Optical fully

connected layer




Convolutional Neural Network
\

- | N - -
b=l gl B N - 13 3&:—;‘\13

384 384

256

Numerical Data-driven

Max
m)/ /’mmmm%
pooling
‘ _, B "

Conv 1: Edge+Blob Conv 3: Texture Conv 5: Object Parts

N

RRE Y MR Wi B R R L T i i
B S rARIR PR R R F G 5 S e i BT 8§ B
AT 4R e

- i)
s

£ H
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i Graphics Processing Unit, GPU

MULTIPLY & ADD

CPU outeut
}I’:Wx‘b l-l-IIll-l-IIll-!-i}
SOFTWARE
MEMORY
I oy (I I o o o= SUTPUT
TH W N tm tW :W iE t® :m
GPU o o i i) = o i il o
W W W 2 :m i@ :® Im W N
-, moa e I I
[ ] [ | 1 | 1] [ ] (1 ] 1] [ ] sl
A0 m i a o i i) m m
F=m*b ......... } adl L kL ad 1 | A El 1
it O O O (I O O o (O O |

]
SOFTWARE o i | s - -

EI-; [ ] sl E; 6;. GI“
m " m m @m o Am W™ m A
£ ks e ke ke ket ke e ak p

ALU
Control

ALU

ALU

ALU

CPU

GPUSERE




Big Data

+

sl REURROEREE -5
—(_ wERsTE —(RERERETE —

Rk (1S T Bk EUAIZS « BREFH

anfel T#7FL - TR BERE
WrEIHi sl AER - RAMRAVRTREHAFERS
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i GPU + Big Data

Ce. FEESNIE ... .
- B GPU RIS - v Big Data (loT, Cloud

IMAGENET Computing)
BRI v Hardware improvement

3 28% AlexNet (GPU)
2012E 10 B * Hinton FIRI{E 22 Efiﬁ!]

NVIDIA GPU =T ImageNet ZE

GPU EFAIRELE CPU

RZ 10-20 {Z

AFRRERRERE

2010 2011 2012 2013 2014 2015

Microsoft I\ 3.5% AUSEREI/SREE  1BRLALE 5% PERFORVANCE _

S
E,,Ej EE, DYU 56



ImageNet, 2006

e ImageNet dataset&_d ¢ = @
TR e g i E 48302006
EATE L B P A F N
= 3 W BT RAI TR # * hE
#L 5 ILSVRC (ImageNet Large
Scale  Visual Recognition

Top-5 error
30%  28%

2010 2011 2012 2013 2014  Human 2015 2016 2017
NEC-UIUC XRCE AlexNet ZFNet GooglLeNet ResNet GooglLeNet

Vo * Challenge) &t # =7 * 30k &
T % ImageNet -

* ImageNet-E_~ A4 F T4 E > * 2R F
PHFR 887 7 - ImageNets 327 %
G LA LT Sy LR
TR e £ 61 1400 5 7 5%k Bl i
B e ¥ a3 > 100F 5% R
o 3 mig e .

* ILSVRC#t j £ j&ImageNet dataset?- ! -
IR i 0% 5 vt ?’* TR RFME e
1000 3 #g &] » = 37 W] 10005 P& 5 - 4%
TR OF 1200 kBRSO H ¢
validation set¥®testing setpfe +* #c& % 55
g %108 % -
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ImageNet for ILSVRC

DesNet

Input

AlexNet

|

SENet

Fap 1 e wret Enstasen baxs.

ResNet

VGG16

GooglLeNet
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KITTIF# &

o KITTIFH B o R+ A7 2oL & sy 20 5 BSLF § IR0 & blrk o 20 9 0%

F oA g ,gﬁ%QTﬁ%E%ﬁﬁﬁ;m%f

FHE - TS 5= WE

% (stereo) - =k jx (optical flow) » 4R 5 | §E (visual odometry) - 3D 4 ¥ + i?] (object
detection) {r3D# gi(tracking) # 3 £ 8R4 Fiw d FIRBT it - KITTIZ 23 %

ﬁ'*’rszq\&* ii%%%%ﬁvﬁ@gzg‘m,, ,{ﬁ;

v e 2 154m 2 2300 7 4
B o %R H) > 39.2 kmAL . RIEE

B 312 % 42 45200k 3D & 214 %g _' 2 g\ » 1 10Hz_m4£;1 XA R o

s KITTIF R B enT £ #ped 26 4 B E G 2B 354
& gqt,&& » — & Velodyne 64@%3D GHFE AR RER
BF 0 113 11 GPS#di % 5 o BB B3] itk

= 2 x PointGray Flea2 grayscale cameras (FL2-14S3M-C), 1.4 Megapixels, 1/2” Sony

ICX267 CCD, global shutter

= 2 x PointGray Flea2 color cameras (FL2-14S3C-C), 1.4 Megapixels, 1/2” Sony ICX267
CCD, global shutter

= 4 x Edmund Optics lenses, 4mm, opening angle ~ 90-, vertical opening angle of region
of interest (ROI) ~ 35-

= 1 x Velodyne HDL-64E rotating 3D laser scanner, 10 Hz, 64 beams, 0.09 degree angular
resolution, 2 cm distance accuracy, collecting ~ 1.3 million points/second, field of view:
360- horizontal, 26.8- vertical, range: 120 m

= 1 x OXTS RT3003 inertial and GPS navigation system, 6 axis, 100 Hz, L1/L2 RTK,
resolution: 0.02m /0.1

re
%
*

B/ EE,DYU

Velodyne HDL-64E Laserscanner

Fig. 1. Recording Platform. Our VW Passat station wagon is equipped
with four video cameras (two color and two grayscale cameras), a rotating
3D laser scanner and a combined GPS/IMU inertial navigation system.
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CNN architecture

= Three main properties of the CNN architecture
= Local Receptive Field (sparse connectivity) (ff# i &)
= Weight Sharing (parameter sharing) (B £ £ # ) wesr sursnrawnsin resom pen
= Spatial Sub-sampling (pooling) (™ #k &)

2 Output i

6 maxpool 8 GE

9 9|9

5 i

Convolutlon Max pooling
= l@i&%mﬁ‘! R R Poooa A K & e e B ERE N A B2, mff:[é:ﬁﬂ ~ v m X
i at’ e B t‘ #‘rﬁﬁ:%}(feature map)rmd Ao B i—f&ﬁﬂ - B

qu ’ 3 l[% ﬁz /T}»ﬂ’\p/(zd ’Dm}{z\'zﬁ% o

Eﬂ EE, DYU 60



(1) Ff5h i &

s GG R R B ELE SR RIpRE I g bR T R P
Wegfe? o 53 R0 AH g A (el ) g AT o
= B 4rCNN$2¢ 5 i i 088 » B2 1 3X3eh fh Pl 7 5 48 > 5 ff Pt i » B 8 2-3x3%
BIELHER  RUUFRART O N EEMP G FEY -
s AR EONA G R R 2R 5 il B R AR R Sl o B
# F AR ERE -
FULLY CONNECTED NEURAL NET LOCALLY CONNECTED NEURAL NET

Example: 1000x1000 image
1M hidden units
‘ 10712 paraemetersii

Example: 1000x1000 image
1MW hidden pnits
Filter size: 10x10
100M parameters

image size=10"3x10"3
- 1x1076 hidden units
image size=10"3x10"3 filter size=10x10

- Spatwual correlotion is local
- Better fo put resources elsewhere!

1x10”6 hidden units # of paras=1x1076 x 10x10=10"8
# of paras=10"3x10"3 x 1x1076=10"12 CEZES S ST 5D

QE¢ EE, DYU 61
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(2) BE

L e e grouacs RN |

[ ] ﬁ;f] )‘ J\ /J‘ 7‘ 8X8X3 m%/ 5 E/ }g\ ji :3’ :””FIInput R G B 8x8x3 :
LR BEIGBE LI E L e N

2 0) o : — :

~ ) : Kerlnels ' ;"31 .s.xaj_ .3.x3_”‘ ‘ .3.x3u l3.x3JJ 3*3"3"5:

= S fEHRIT F ¥z pexbE B (Fl s 0 T mr m omm omm !
RGB) » # {5 £ #= BOX6H#HAM( |0, =

| |

/\' _ A Maps 6x6 6x6 6x6 6x6 6x6 bx6x5

% Element Wise)fp #viE T p e 1T :

» R EISH(FISOB B M) 6X6 1 T |

! eature !

eF4F fic g o :l;c:::tor [ o o o @ ] 1x1xs,

m 5 r- BEMPY (3X3)Léi?$§:] R ey — TR iE (BX8)iE (7 X f kI
s R A SA SRR OFERE  ELEL IO (S5 HFPAI3TT OB G ) 0
T 2B B ¥ 9x64=8x8x3x3(* ¥ Jg bias)=576
m B4k EELF > ELEL IS EE SR ELO
n FEA T (S RI BEATY)
n iR SRR E L S 8B B F_8x8x3x3x3x5=8640
s BEELET L BhEIXIX3(Z B E)IXS(T B L A +7)=135
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HR MR EERE

EY L

Input image
10x10

Kermel

Feature map

Hidden neuron

BE s

W2 : +bg .
o O
s -
P s

(3] ® .
picture o .
0 O
8

@
o
o ©
By Ylango input hidden output
2D Conv = 1D Conv
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Convolution

HIDDEN LAYERS
Edge detector templates in various erientations Feature maps
| 1

INPUT LAYER OUTPUT LAYER

P O D O D D B D D e ey F-----------

Input image Output image

Edge map

|
SD!!JEJ' Derivative Gaussian filters




Input Volume (+pad 1) (7x7x3)

i Multi-Channel Convolution

Filter W0 (3x3x3)

Filter W1 (3x3x3)

Output Volume (3x3x2)

X[y 2,0] wl[z,:,0] wll[z, 2,01 olz,:,0]
- - 5
oJofoJo o o © 11 o 1 1 -1 E? 5
ofo 2 Jj1 0o 2 0 01 o -1 1 S5 I =
JI_= P — E——
0—"2_ 2|2 2 1 0 o [1 [t 0 1 2 1 4
0O 1 0 0 2 0 0 wil[z,:,1 willz,z2,1] olz,2,1]
00 1 1.0 0 0 - éi B E -
1T 1T - 5 110 [0 10 - 1 4 4
0 0 0 0 0J)-140 -1 1 0 0 -5 -5
et D27 2] 10:,:,2)
oo foTe o 9 alon 11
I"ZU— 23 0 0 7 0 1 4 1
7] W’J —1 Tj|1 1 10 0
l 2
i R 0 Bias b (1x1x1) Bias bl (1x1x1)
0O 1 0 00 0 0 B, 1, 0] bll:,:,0]
01 271 1 1 0 3*3*;251@%&_
(%15 7 27 Filter)
0 0 0 0 0
[1r:,2] toggle movement
oo qofe o o
ofzA41 12 070 O
—||_ 281 2 ik 281% %4
1 o 1 0 0
0 o 2 1 0 1 0
0 0 1 2 2 2 0 Filter WO Filter W1
o0 2 1 0 0 1 0 3*3*3(3E_7] & ﬁ;?l »~ £ RGB) -
& 1 channel erfilter & #c4p I > o
A N I % I channel siofilter 3<% F) Lt ’/}ﬁig‘:l& (3*3*3+1)*2:56
SH S
B i EE,DYU
[ &3 «J

7*7*33 »~ (J §15*5, zero padding =
7*7)

‘S a 1 3*3*3filtersn ¥ # (H 1§ 5
2) o 1 $13*3*2ck

Feature Map £_%¢ % #f % 4% 3 B~ 0§
[ =::d

= i Filters2 ¥ & 4> B e B~ 41 3
27 e engFiac(r 5 1 Feature Map)
= i filter 4B (2 o — & )&
FEHS irpz'a 18 3] - i Feature
Map - #7142 35 ff {5 Feature Map: iR
(2 E ) Lk enfilter (B B2
il

n=5, f=3, s=2, p=1

(input(n)=5x5, filter(f)=3x3,
Stride(s)=2, zero_padding(p)=1)
Feature map = |- =(n-f+2*p)/s +1
=(5-3+2*1)/2+1=3

D-1F-1F-1
a;=f (Zzzwd,m,nxd,i+m,j+n +ij,

d=0 m=0 n=0

A A5|D=deep=3,F =3
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Convolution + RelLu

ololo]|c oocf

olo|r|olo|~

Feature Maps

| Rectifier |

yil

@(x) = max(x.0)

m
0 S
j=1

Only non-negative values
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RelLu + Pooling

Feature Map RELU activation
310/ 5]6]:

7|10| 8 |15] ¢
4|5 8
4
5
4]
12




Convolution + RelLu + Pooling

Convolution (RGB) Convolution

Rectified Feature Map

g EE. DYU 63



Input Image
(28x28 pixels)

Simulation

F--~ -~~~ --- - ---mm—m—m— - Il

|
iIConvolutional Layer 1

:Convolutional Layer 2

FuIIy:-Con nected

Filter-Weights
(5x5 pixels)

e

K-

& =
o E=
. s
- "

-

———— ey ————-

The input image is processed in the
first convolutional layer using the
filter-weights. This results in 16 new
images, one for each filter in the
convolutional layer. The images are
also down-sampled so the image
resolution is decreased from 28x28 to
14x14. These 16 smaller images are
then processed in the second
convolutional layer.

5 ~ B 1§(26x28) 5 4 1618 5x5¢h %
# 1k (T 0 & 2 1618 14x14chE B

(14x14 pixels)

PN in]

N

(16 channels)

2 @ &
7 7 2"
7 2 2
| @ @ @

Filter-Weights 1 Layer Output
': B I Layer Class
Vs EE R - "
LEEEEEE l 0.0) 0
i E @ E E! E (7x7 pixels) 1 ﬂ 1
EEESAE 01 2
E?ﬁgtheseFE EIHFE]EWII . ﬂ 4
MHoE RS IIQEIIE[:JIE_FQI?_']: . 01} 5
PHEEEEE P @E E @, 0.0 6
ANE@EE®| TEEEOE, T oa—»(7)
N EEENE D (36 channels) . 5o g
SEEEE | cominn SO LE
: . m ' (_IGXBGM‘%ﬁﬁ (1E8 features) (10 features)
______________________ 1
These 16 smaller images from (the first The output of the second

convolutional layer) are then processed
in the second convolutional layer. We
need filter-weights for each of these 16
channels, and we need filter-weights for
each output channel of this layer. There
are 36 output channels so there are a
total of 16x36=576 filters in the second
convolutional layer. The resulting
images are down-sampled again to 7x7
pixels.

#w - K en]16R FAH 0 Fd 36X
BEIE(Fe3 16BEHP) 2436
B X7 end& B ] o

convolutional layer is 36 images of
7x7 pixels each. These are then
flattened to a single vector of length
7x7x36=1764, which is used as the
input to a fully-connected layer with
128 neurons (or elements). This
feeds into another fully-connected
layer with 10 neurons, one for each
of the classes, which is used to
determine the class of the image,
that is, which number is depicted in
the image.

1764-128-10

69



Convolutional NN

RELU RELU RELU RELU RELU RELU
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Convolutional NN

[]
&
. i Animal
= i Monumant
. ‘ Forast

- @
® @

| . Car

@

I
I
I
I
I
I
I
I
I
I
I Bird
I
I
I
I
I
I
I
I
I
I

Chrtput
Input RGE Image Comelutional Layer Max Pooling Layer i ¥
yEr
Feature Extractor Classifier
Lo o o o o o o o e e e e e e e o o e e e e e e o s e o o e e e e o e o e -
r Feature learnin !
9 1
I | | \
1 I I
| Flatteln Fully connected ISoﬂmax
|
Input I Convolution Pooling ! o i o 0.01
(28 x28) | layer (24 x 24) layer 1 |7 -
I (12x12) Convolution Pooling 1 |[of\ /T-}e -P I-02
I layer layer 1 |° o (two)
(4 x4) o
1 I [o[NIe 0.18
| 1 |[e lo
=] re
= I I |o e P toun)l= 0.002
- BERE
| = ol e \ 0.62
1 “' 1 [e 1 e \\
/ / ] e
1 / f / 1 °o | o F’(nme)l 0.008
{ / [ I 4
l“ I ————— -f/ —— - — -r ————— 1L —— — —I I —————
\
Convolution Max pooling  Convolution Max pooling  Fully connected layers
(5 x 5 kernel) 2x12) (5 x 5 kernel) 2x12)
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Back propagation of CNN

« CNN:E & B4 ¢ 425 214
s 2RBEE B
. B E e B
SRR W F T

Convolutional layer

Backpropagation

Previous layer Convolutional layer

Rotated Kemel derivative derivative

Max Pooling

Backpropagation

Input

Forward
pass

Mask

Backward
pass
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AlexNet, 2012

. AIexNetn\Hlnton%‘? 4 Alex Krlzhevs,ky'~Lr,£"L
lg\/év\ Zﬁ\ﬁ =3 z}

ILSVRC3# 3 -
L1001 F A 8

o AlexNet % 8% (5 % # & &
224%224%3 - AlexNetzii »

Input data Convl

55x% 55 X 96

227X 227 X 3

Conv2

&

27% 27 x 256

(e]

Conv3

Conv4

Conv5s

|- [P

—

13x 13 x 384

13x 13 x 384

,ﬁ,l&ié,

S DG
MR ¢ dp e ARfLeNet5 % 2 F o

HCNN% 0 20125 %2

H Top 5 error rate4g £ % 2

4 12
z‘uc 4

q ‘“

FC6 FC7 FC8

13%x 13 x 256

Side supervision

4096 4096

class number

ﬁ;r])xgg]fg,\—’\ 2

LeNet AlexNet 1

1

Image: 28 (height) x 28 (width) = 1 (channel) Image: 224 (height) x 224 (width) x 3 (channels) 1
Convolution with 5x5 kernel+2 padding:28x28x6 | | Convolution with11x11 Kernel+4stride:54x54x96 |
sigmoid | RelLu

Pool with 2x2 average kernels2 stride:14x14x6 Pool with 3x3 max. kernel+2 stride: 26x26x86

Convolution with 5x5 kernel (no pad):10x10x16 Convolution with 5x5 kernel+2 pad:26 x26x256

_ sigmoid . ReLu

Pool with 2x2 average kernel+2 stride: 5x5x16 Pool with 3x3 max. kernel+2stride: 12x12x256

flatten

Dense: 120 fully connected neurons Convolution with 3x3 kernel+1 pad:12x12x384
. sigmoid - . Relu

Dense: 84 fully connected neurens | | Convolution with 3x3 kernel+1 pad:12x12x384
sigmoid . RelLu

Dense: 10 fully connected neurons Convolution with 3x3 kernel+1 pad:12x12x256
v v Relu

Output: 1 of 10 classes Pool with 3x3 max. kernel+2stride:5x5x256

flatten

Dense: 4096 fully connected neurons
/ ReLu, dropout p=0.5

Dense: 4096 fully connected neurons
RelLu, dropout p=0.5

Dense: 1000 fully connected neurons

Output: 1 of moo classes
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ZFNet ceieranareran. 2013

o ZFNeteie i, ’;H#{J‘z AlexNet = 2L & » Sig¥+ Fé*/%; AL Y 0 LR
P R ARSI HPS ’J L RR

* AlexNetsn% 2% i Raliasing(aliasing £ 45 2P~ 447 5 48 M PF > IR TF Pl BUR A I ) o 1P H 35 2 &
510 % 4% & stridess < 3142 (5 f3AE B R 4L > 7 12 :}fr. BB o BstridefS4R L2 B2 PR
e#-kernel size» <) (¥ 4R % stride3¢ -] > kernelix 3 & %5 5 PR & #H) -

« %1 %4 Kk > kernel sizefs 11 57 ﬁZ—StI’IdeU( 4755 ]

image size 224 110 13 13 13 _
filter size 7 @3 ‘ BE
1 k384 | V1 384 '\2‘56
stride 2 3x3 max C
3x3 max pool| | contras pool 4096 4006 class
stride 2 mont stride 2 units| | units| | softmax
\3. 55 l >
2 6
96 256
Input Image — =
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer6 Layer7 Output
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ZFNet v.s. AlexNet

= (a) 1st layer ZFNet features without feature scale clipping.

= (b) 1st layer features from AlexNet. Note that there are a lot of dead features -
ones where the network did not learn any patterns.

= (c) 1st layer features for ZFNet. Note that are only a few dead features.

= (d) 2nd layer features from AlexNet. The grid-like patterns are so-called aliasing
artifacts(’® &r). They appear when receptive fields of convolutional neurons
overlap and neighboring neurons learn similar structure.

= (e) 2nd layer features for ZFNet. Note that there are no aliasing artifacts.
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OﬂVﬂet Vlsuallla’tlﬁﬂ (Unpooling and Deconvolution)
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VGGNet, 2014 #)
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GoogleNet, 2014 s)

* 2014 GoogleNet(= i i {7 5 ff 0 - igw B & fif & {7 s/ e &inception i
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ResNet, (Kaimei He, 2015)

o % ¥ AlexNet, VGG, GoogleNet & #ceri4e 5% o %‘*”'J 4 Iy A%k AxdF > E£.F The
deeper, the better ? e % S F 2L7RAE- kg R » 3 3 A PR IR ok Bt L FRDFRT
Al & B F A T % o (VManishing Gradient Problem and Degradation Problem)

e 2015# ;f_/f%céip % Buenie o (Kaimel He)xk 344 3 & £ &f#.(remdual block)e4¢ 45 4
B0 T 4152 K mResNet - ResNet %2015 # nILSVRCHt 7 & ¥ 5% » Top 5 error
rateif 3.57% > Frr ¥ e SAZA% A 5 en5.1% o

* In ResNet, identity mapplng Is proposed to promote the gradient propagation. Element-
wise addition is used. It can be viewed as algorithms with a state passed from one ResNet
module to another one.

e Resnet helps in building large neural networks by ensembling short Resnet blocks.
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https://towardsdatascience.com/review-resnet-winner-of-ilsvrc-2015-image-classification-localization-detection-e39402bfa5d8

ResNet

= ResNetst £ b efmk s & B ko 4 T A K k50 VAE BAVLESH »~ -
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(%) . | X « H(x) : Resnet Block
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ILSVRC Competition History
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