


AMOL7HH|0| DB |& T4 A7 (edu@ex-em.com)

- MIS Ph.D.
- A7 &fd SDS DBA, TA

- R A ot D] HF

- BDB7|sdTA oY

- DB Deep Internals &2

(Oracle, PostgreSQL, MySQL, Aurora)

- Adlot7HH| 0] S5 X 2 A E 2

- Adlot7tH| 0| QIS K| 2UAO|E 2
- < Oracle, PostgreSQL, MySQL Core
Architecture 1 > ® T/ &

- < Oracle, PostgreSQL, MySQL Core
Architecture 2 > X & &

- RN AT

- 3 oM pRY|& T MYl el

- Al Mlot7tHE| O] DB Deep Internals 22|
(Oracle, PostgreSQL, MySQL, Aurora)

- dMdoztho] Zet HES Lo

- ddotztho] SEH 2 Ze

- A opFtH| o] = E sQL 29

. ol2euE

- HETIE/N Y BINGE F RMITH PIT EHO
- 5 DB 7|ZATA HE

- 9 MIO}7}+H| 0| DB Deep Internals 22

(Oracle, PostgreSQL, MySQL, Aurora)

- odlot7tH|o] M QI QHE Z2|

- Adlot7tH| 0| QIS K| QE'E Z2f

- < Oracle, PostgreSQL, MySQL Core
Architecture 1 > X 2/ &l

- < Oracle, PostgreSQL, MySQL Core
Architecture 2 > * 2@

[ EREE]

- RDBY[EdTa U AT
- A MIOF7HE| O] DB Deep Internals 22|
(Oracle, PostgreSQL, MySQL, Aurora)

- Adotztho] SEMQ A EHE 22

- < Oracle, PostgreSQL, MySQL Core
Architecture 1 > X 2/ &

- < Oracle, PostgreSQL, MySQL Core
Architecture 2 > & T/ &






ngls
RISXQI Ab3|20| Zl5}

i :t" 7‘" AH xlgl!li




FXEM Dec Irivronds Series 2

Oracle,PostgreSQL, ‘
1v&0L Core Architecturell MySQL Core Architecture III

Memory Architectured] WEERHAE 8528

MySQl Core Architecture |

A r e T T L

DBNS E]E H= 201







) 4

ta

0
»
2 4

{\
: I"“ _
ol ) Vi
"0 """'l:f '
'...‘.' :_‘:1

|
.

S——
A
1
{1







> o g-.-qqq.nt.

e T




N7
0§> \’3&\“ \/o}’% \’"/&’7
W N G /;)8@
i ((_B__1p2, 7 -
end (mee—tF +PiPY—Apnp+| Do~V ()
\P%@@& &\Q’ <>§}’ b?%e( \?2-!

SCSie] BE UBZTI HASE QoKst ZAl



2009708703







n
o
oC
i
>
1o
10
re
uy
kl
L]

d8E o= g A ErAFHO| 2hd & A 4t(convolution operatlon)ol ot ol A 2tof| s 20 ERSLICEH A
A ehds git2 AN 20F 0 OfL| 2 HO|Z2HEA, 2FE & A= 2| 5 M St (analysis) =0F0i| Al = LCH
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F71HQ A E 0|8 A|DEe| =HEXQ WHS 2ATLCEH TN BhALEH 2 FAIZH]| 2K EH2{de &% i
Z 1t CNN(convolutional neural networks)2| wtZ&2& Ao =811, 20123 = F H O|0|X|H (ImageNet)[1] &2/ Cf
2| oM 2E4EH = XA = Heido| d5 YO CioiA = &2 ==L
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KEY MOMENTS IN DEEP-LEARNING HISTORY 1558-1960

1958

Cornell
psychologist
Frank Rosenblatt
unveils the
Perceptron,

a single-layer
neural network
Oon aroom-size
computer.

1969

Al giant Marvin
Minsky of MIT
cowrites a book
casting doubt on
the viahility of
neural networks.
They fall out of
favaor.

1986

Neural nets
pioneer Geoffrey
Hinton and others
find a way to train
multilayer neural
networks to
correct mistakes.
A flurry of activity
ensues.

FREDERIC LEWIS—ARCHIVE PHOTOS/GETTY IMAGES, LEFT: ANN E. YOW-DYSON—GETTY IMAGES



KEY MOMENTS IN DEEP-LEARNING RISTORY 1353-198/

1989

French
researcher Yann
LeCun, then at
Bell Labs, begins
foundational
work on a type
of neural net
that becomes
crucial for image
recagnition.

1991

German
researchers Sepp
Hochreiter and
Jurgen Schmid-
huber pioneer a
neural net with

memory features,

which eventually

proves superior for

natural-language
processing.

1997

IBM’s Deep Blue
beats world
champion Garry
Kasparov [right]
in chess using
traditional Al
techniques.

62, d4 d5 3, Nc3 dxed

STAN HONDA—AFP/GETTY IMAGES



KEY MOMENTS IN DEEP-LEARNING HISTORY 153052011

Mid-1990s
Neural nets fall
into disfavor
again, eclipsed

by other
machine-learning
techniques.

2007

Fei-Fei Li founds
ImageNet and
begins assembling
a database of

14 million labeled
images that

can be used for
machine-learning
research.

2011
Microsoft
introduces
neural netsinto
its speech-
recognition
features.

2011

IBM’s Watsan
beats two
champions at
Jeopardy using
traditional Al
techniques.

CARLOS CHAVARRIA—THE NEW YORK TIMES/REDUX PICTURES



KEY MOMENTS IN DEEP-LEARNING HISTORY 2012-2015

2012
JUNE

Google Brain
publishes the

A neural net,
shown 10 million
unlabeled
YouTube images,
has trained itself

“cat experiment.”

to recognize cats.

AUGUST

Google introduces
neural netsintoits
speech-recaognition
features.
OCTOBER

A neural net
designed by two of
Hinton’s students
wins the annual
ImageNet contest
by a wide margin.

2013

MAY

Google improves
photo search
using neural nets.

JIM WILSON—THE NEW YORK TIMES/REDUX PICTURES



KEY MOMENTS IN DEEP-LEARNING HISTORY 2014-010

2014
JANUARY
Google acquires
DeepMind,

a startup
specializing in
combining deep
learning and
reinforcement
learning, for
$600 million.

2015
DECEMBER

A team from
Microsoft, using
neural nets,
outperforms

a human on

the ImageNet
challenge.

2016

MARCH
DeepMind’s
AlphaGo, using
deep learning,
defeats world
champion Lee
Sedol in the

Chinese game of _
go, four games to o

one.

LEE JIN-MAN—AP PHOTO
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§ SYMBOLIC ARTIFICIAL
|

INTELLIGENGE

meaning, definition, explanation...
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ARTIFICIAL INTELLIGENCE SERIES

Computer-Based

Medical Consultations:
MYCIN

Edward Hance Shortliffe

RULEOQ37

IF:

THEN:

RULE145

IF:

THEN:

1) THE IDENTITY OF THE ORGANISM IS NOT KNOWN
WITH CERTAINTY, AND

2) THE STAIN OF THE ORGANISM IS GRAMNEG, AND

3) THE MORPHOLOGY OF THE ORGANISM IS ROD, AND
4) THE AEROBICITY OF THE ORGANISM IS AEROBIC
THERE IS STRONGLY SUGGESTIVE EVIDENCE (.8)
THAT THE CLASS OF THE ORGANISM IS
ENTEROBACTERIACEAE

1) THE THERAPY UNDER CONSIDERATION IS ONE OF:
CEPHALOTHIN CLINDAMYCIN ERYTHROMYCIN
LINCOMYCIN VANCOMYCIN, AND

2) MENINGITIS IS AN INFECTIOUS DISEASE DIAGNOSIS
FOR THE PATIENT

IT IS DEFINITE (1) THE THE THERAPY UNDER
CONSIDERATION IS NOT A POTENTIAL THERAPY FOR
USE AGAINST THE ORGANISM



MYCIN EXPERT SYSTEM

www.alpunjaswal.com How Helpful Are Expert Systems In Medical ? 20, Apr 2013

PRESENTED BY NIPUN JASWAL

MYCIN vas anearly expert  MYCIN was naver actually
system that used artificial used in practice. This wasn't

intdligence o identify bacause of any weakness inits

bacteria causing severe performance. ;:5 m:“"":_"gér’"

infections. ha tests 4 outparformed me s

bagf;gf:;; x nfenmgms of the Starford medical school
" faculty. Some observers raised

and to T ethical and legal issues related

recommend ar;ttboohcs, wath 1o the use of computers in

the dosage adjusied for medicine — f a program gives

patient's body weight— the  tha wrong diagnosis or

name derived from the recommends the wrong

antibiotics themselves, as therapy, who shoukd be held
many antibiotics have the responsible? However, the
suffix "-mycin®. The Mycin  9reatest problem, and the
system was also usedfor ~ @ason that MYCIN was not
the diagnosis of blood used in routing practoa, was
clotting diseases tha state of technoiogxes for

: system inlegration, espedcially
at the time it was developed.




From Compater Desitop Broydopeda
22001 ™he Computer Language Co. e

User imetface

iI-then-eise rules

Forward chain Abliity 10 ask question
Backward chain  get input and explain
rationale for answer
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MEXOl 20| 1847 HEQ| ME AHZ 2826t QT HIA(COMPASS)E
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‘* #) ) 9BFs B xnser — 1980 CH
f © FED gMo|2Hs Chedh A o] $HA| 4
® 2X Al ES FE 1"8 “X| 4"
+ OA} = Hoj et B2 X4
+ XjAH|o] &
o 0|3 kol LS = 1% Al & A|EL At
® 196432 ELIZA
« CHSHE AR
o XA EXSHX] 23 U GIOEMM HAEE FFSHH FO|T A0 w2t CHS5HA &
. Xl chstatn ¥ 4 818
L X" =7|‘ AIAEJ Edward Feigenbaum
I 1970"’1[-" —EEE EHQQ—' uroltl(MYCIN) The Father of Expert System
« S0 ©E UE8S HIEYoR LAHAUES WL TUH NYSE UEle ALY

DENDRAL 7R Al

® 1960'ACH O =% = Lt0|7H}-& (Edward Albert Feigenbaum) NEC N
« OjX|2] §7| 3B EE SHst= TE7 A|2% DENDRAL 7Y 0% 32 AR2

1994. Turing &
+ Dendritic Algorithm BN

» Heuristic-DENDRAL: performance
* Meta-DENDRAL: learning
+ MYCIN, MOLGEN, MACSYMA, PROSPECTOR, XCON §% O| DENDRALS| £&

EX : http://www.thisisgame.com/webzine/nboard/212/?2n=54634
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%%Exl(ontology) = 0|'9'°* I| A E

IBLIEOIAS "B A|AMS TX3Hs Glo| RR3 0i3)/7432| 0|2

y of vocabulary/concepts used in building artificial system”

#o| 2|

ComposadUt
® FO|S(MBR, transitive law)2| 42 o5 Organization j
+ Is-a | Mission
o LU is-a AR A AR is-a 5B D 22UV is-a S8 e L T -
- FO0|® HE It - N
. Pal't'of Calts / o ;»m.m:»s 7
« ZFY part-of B2l A A9 part-of X| 79I [ e
> 29l part-of X| 79I ey REPR——
. 0|8 X8 s TS sn,@m.,
+ 20{2] part-of ZFY A ZHY part-of T2 Sl
2> 20{2| part-of §39! Ve , Type d PG, s
. FOIE MY S 28 e “"""jg . A —
Standards 7\— - . =

Ontology example

EM : bitp://www.thisisgame.com/webzine/nboard/212/2n=54634




» <GyCCorp %

- = . Capacitacién y Consultoria Corporativa




History of CYC

* Douglas B. Lenat and MCC (1984)
 GOFALI at a massive scale

e Construct “Common Sense” knowledge
— 3 million rules of thumb (2002)
— 300,000 terms



CYC: LOGICAL REASONING WITH THE

WORLD'S LARGEST KNOWLEDGE BASE

http://mww.cyc.com/
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ZIAHY S AR ECH BN Se|ch
o 2XL Al B2 B.E AS 2. 19694l A1Folo| X7
Symbolic reasoning $22 A7 2 O|F
® 9."3‘”%3 §I|01 3. 19744 Lighthill 2314
- Ao g|o| Holof CHSY Lighthill M4=2] AIO] CHPE S X oA
® QIXS= E7Ist A2=E HI 4. 70HCH DARPA OfAF A2t o -

O|RYHMN 7| SHBHH Al X[ STt
196944 2] "mission-orient direct research"§ Q73 ¥oto| Bt Of A Atz
AR: A A 5. SUR debacle
DARPAZF CMU2| speech understanding researchOl &% (5=#0He Of A 3| 2)
Ol %2 84 214 AIAHO| 0] CMUZ| 7| &0f 2|88 M3
198744 LISP 7| Al AlZ o] #1|
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- 2 2012'd ILSVRC(ImageNet Large Scale Visual Recognition Challege)
' K2 E-EE CHete| #+H|T (SuperVision) ¥&

LTeam name
SuperVision

' SuperVision
ISt

4 “‘*RSI

Task 1 sl
(BR)

A°| °|E A°IE M L2
58 1H=s...

test-preds-131-137-145-135-145f.1xt

pred_FVs_weighted.txt
pred_FVs_summed.txt

Filename

test-preds-141-146.2009-131-137-145-146.2011-145¢f.

pred_FVs_wlACs_weighted.txt

\Error (5 guesses)

0.15315

0.26172

0.26602

0.16422 7

0.26646

Description

Using extra training data from ImageNet Fall 2011 release

Using only supplied training data

Weighted sum of scores from each classifier with SIFT+FV, LBP+FV, GIST+FV,

and CSIFT+FV, respectively.

Weighted sum of scores from classifiers using each FV.

Naive sum of scores from classifiers using each FV.

pred_FVs_wlACs_summed.txt

0.26952

fNoive sum of scores from each classifier with SIFT+FV, LBP+FV, GIST+FV, ond
CSIFT+FV, respectively.

SuperVision °|9|2| T E: 1 H2A&N A8 ote 82 2HE ANECl £
- QMBS RET| A% LY §¥2

SuperVision: $&°| N 8EE HI°|E9 EFE AAZ IS}

23t =8

“Deep Learning”

Geoffrey Hinton

1 http://www.thisisgame.com/webzine/nboard/212/?n=54634
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g 21 1t 7| Ef 7| A 55 2| X}

Eﬁ &%) ?.Iﬁl'a‘(Deep learning)3} CtE 7| A& &2 X}0|
: @ GjO|E{ & HIEo 2 HAFE7I 222 SEHE US0
v QABA| o F2 dut
¢ QASX|S2 P70 =23 AS
® 0|%2] dit= ofH ZHOA “minor change”
¢ Hejdel 3 BY o5
AL L guzioicop
+ B2 ARIH =27t HE JE
« Ao QEY QS S FHCE HO|X| 2= SHY #Y

EX : http://www.thisisgame.com/webzine/nboard/212/?2n=54634
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. - (Ge E. Hinton) 152 DNN 2|A{ %] oI
o olE 4 Hah!.xl* ﬂ¢ (CEO: Demis Hassabis)
: TS i “l"i A% (2%: Yann LeCun %) Preferred Networks®| SB |
% Conventional Big Data N eneration Bi
processing ﬁ technologies

2014 lnshtute of Deep Learning( V2 METFHRR) 4 e R e e o g g
39 %3 £, s S
g A% WER S(Andrew Ng) 5 (Z1A4ITE A9IXH gad gidd
::‘}‘-':! ,'L ¢ mM
e + Watson2| At3t
+ 109 B3 (1=8) £
« 2,000 22| ALY £8 MM
« 19 §©8 f29] #X FHu|E 28 - Watson O{F2|H|0| M WX 3|Atof £ X}
@ Dwango (Dial-up Wide-Area Network Game Operation)
+ 20149F =230 QBX|5HFA 4
o A% OF0}71e} 3|2 Al (W)IZE)
® PFI
« 2014% 210|0|E{ £t JHL A} PFI(Preferred Infrastructure)?} A& et Preferred Networks
. 7|:ﬁ;gﬂ§;|2xl'}0eep~kamingi ZAesio] 217t SR e EME 31, loT 7|22 0|28 UES A
« NTT
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® 20149 ¥= 20| E(Deloitte) AtS| Y
+ FF0| AXt2| 7t2H| 35%7} 20'd O|Uf 2RO = A
+ HXIEE S 7tsH2 80| RETE =5
® AZC 3o gl
|+ IT7|== 203 O|ufoll 0| X 50% W=7t A2tE ALz oF
o 3o H|E Q7HS CHMSH= HFH
® 20143 EMME A (Transcendence) - 2172 HAFE0 Q=2E
® 20143 &{(Her) - 2 SH[HILtL] AHY, 22|31 2BHIH|2| HIEH(O|R2... E2Xo|Ch
® 20153 o|O|E|0] 4 A| Y (Imitation game) - W F & (Alan Turing)2| 24
® 1968 AEHZ| T EE|(Stanley Kubrick)2| 20013 AH0|A 2E5IA|0](2001: Space Odyssey)
+ HAL 9000
« XtRoX| et MELX]
® 1984 E{0|L|0|E{(Terminator) - 2 3X| 52| mj1|X S0j Cis 3=




ﬂolﬁ(singulanty)

+ o] =2} (Ray Kurzweil)2| F&
+ QIBX|E0| AIMECE LIS QIBX|SE THET| AlRSHE Al
o HZEQHYUL 204522 O F

o Ofo|ol T A3 AT (Elon Musk)

¢ “RUBXSE YTo| US| FS Bt At 2oz ofntE SE317| mEolct”

4 L 5 ¥ AO]X(Bill Gates)
® “UE A3X|SS AP 250 U= o A
o SZlo X £z
® Google
. DeepMind Q14310f ALYO] QIR X|S0f et R2/9H3| A%|
¢ YR ATX| 53
. 20144 R2/YHS A4
o REl= A YT AU

Paradigm Shifts for
15 Lists of Koy Events

( w" 1w w0 (

Time Betors Prosent (Yoars)

ABX|S012 RAUT
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Image from https://deepdreamgenerator.com/
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Neural Machine Translation (NMT)
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Decoder do —— d — d — da
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Input sentence: Translation (PBMT): Translation (GNMT): Translation (human)
| EWRHEHTEES DM | U Kegiang premier Li Kegiang will start the Kegiang will initiate
8TPEFYIIZAN) B | added this line to start annual dialogue annual dialogue
MEALBEHB SR | the annual dialogue mechanism with Prime hanis L
PR EREEY mechanism with the Minister Trudeau of premie
=, Canadian Prime Minister | Canada and hold the first
‘ Trudeau two prime annual dialogue between
ministers held its first the two premiers fia

annual session.
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End-To-End Memory Network for bAbl Tasks

Story Text Mem | Mem 2 Mem 3

daniel went to the office

john moved to the garden

john went back to the kitchen
daniel moved to the garden
mary went to the kitchen

daniel went to the bedroom
john went back to the hallway
sandra travelied to the garden
sandra travelied to the bedroom
daniel moved to the kitchen

Guestin ©

is sandra in the bedroom? LY

Arewer

Predict answer [EtE

© 2017, SNU CSE Biointelligence Lab., http://bi.snu.ac.kr
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Language
Generating ANN

\ A group of people
iV shopping at an outdoor
market
R —_—
. Thera are many
vegetables ot the
fruit stand,

A stop sign is on a road with a
mountain in the background

A little girl sitting on a bed with a teddy bear

A girafie standing in a forest with
trees in the background

(Y. Lecun Y. Bengio, and G. Hinton, 2015)

.nature.com/natu el m v521/n7553/fq tab/nature14539 F3.html
7/0rLSNU.ac.K
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Convolutional Neural Network
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CONNECTIONIST Al (

* Consequently:

* Connectionist is more flexible than symbolic
Al.

* Connectionism is weak at doing logic.

* What symbolic Al does well, connectionism does
badly, and the opposite.

* Hybrid systems combine the two, switching
between them as appropriate.







Rodolfo R Llinas
Zisto| ZRolM BB W22 WH3LE 250|ct

YaeNl
ZX : https://www.arcoiris.com.co/2013/02/vivimos-para-trabajar-para-pensar-para-cambiar-eso-es-la-
vida-rodolfo-Ilinas/



Robert S. McNeil
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Neurona de McCulloch — Pitts




A Logical Calculus of Ideas Immanent in Nervous Activity, W. S. McCulloch & Walter Pitts, 1943

Bulletin of Mathematical Biology Vol. 52, No. 1/2, pp. 99-115, 1990. 0092-8240/90%3.00+ 0.00
Printed in Great Britain. Pergamon Press plc
Society for Mathematical Biology

A LOGICAL CALCULUS OF THE IDEAS IMMANENT IN
NERVOUS ACTIVITY*

B WARREN S. McCULLOCH AND WALTER PITTS
University of Illinois, College of Medicine,
Department of Psychiatry at the lllinois Neuropsychiatric Institute,
University of Chicago, Chicago, U.S.A.

Because of the “all-or-none” character of nervous activity, neural events and the relations among
them can be treated by means of propositional logic. It is found that the behavior of every net can
be described in these terms, with the addition of more complicated logical means for nets
containing circles; and that for any logical expression satisfying certain conditions, one can find a
net behaving in the fashion it describes. It is shown that many particular choices among possible
neurophysiological assumptions are equivalent, in the sense that for every net behaving under
one assumption, there exists another net which behaves under the other and gives the same
results, although perhaps not in the same time. Various applications of the calculus are
discussed.

1. Introduction. Theoretical neurophysiology rests on certain cardinal
assumptions. The nervous system is a net of neurons, each having a soma and

== _—— - ALt _ A% LR AN == ZEermu == - =1 === = - et o


https://www.cs.cmu.edu/~./epxing/Class/10715/reading/McCulloch.and.Pitts.pdf

Cell body (soma)

Oligodendrocyte

Dendrites

Axon terminals
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Biological neuron and Perceptrons

Output: o{w-x + b)

Sigmoid function:

al)= —
l+¢

An artificial neuron (Perceptron)
- a linear classifier

A biological neuron

ZXN: https://www.slideshare.net/jbhuang/lecture-29-convolutional-neural-networks-computer-vision-spring2015



Neurons, Real and Artificial

NEURON HAND~-TUNED
QUASAR JAROSZ UNDER GFDL - WIKIMEDIA COMMONS

weights
inputs
X
activation
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% @ net input
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activation

A3
transfer
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Neural pathways are st rengthene'd' éach
tlmethe areused (Hebblan Learmng)




Postsynaptic Neuron
%Y

Presynaptic Neuron
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| ‘ v,
“"When an axon of cell A is near enough to exci w ﬁ

and repeatedly or persistently takes part in firii D. O. Hebb
growth process or metabolic change takes place in one or
both cells such that A’s efficiency, as one of the cells
firing B, is increased.

D. O. Hebb, Organization of Behavior, 1949



1949 F{LtCte| Al 2| &KLl Donald Hebb 2 2| XA Ql 'The Organization of Behavior' 0| A{ '@l2| A|'HA 2}
T &4 F A| LHAO| HZZIE XA S 2|5t M E| sHM St& A2 J|23=0| 0] XL 1949k Z o] AlZ Al2| oy Cf
of Z510 ZO|AA 7=t AL, :l" O] Xoj E°' hl-“-'-Oﬂ)\'l SEet £k E':‘“E'Oil CHoll 'Y M LS
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FMe w8 A, B 7l A2 HIEHO0|1 X|SXHOo =2 Hl(firing)oo]
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o] & (weight) 2 HH™ #HX|A| EIC}. . 30| 8% FAS LS| 742 E ot
i E H fEIEr .............. (by ZCH=1992)
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We know the past but canhot control it.
We control the future but cannot know it.

Claude Shannon
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1956 Dartmouth Al Project

.."1
[T ey f
- B

Five of the attendees of the 1956 Dartmouth Summer Research Project on Al
reunited in 2006: Trenchard More. Johin McCarthy. Marvin Minsky. Oliver
Selfridge. and Ray Solomonoff. Missing were: Arthur Samuel. Herbert
Simon. Allen Newell, Nathaniel Rochester and Claude Shannon.



Dartmouth Conference: The Founding Fathers of Al

John McCarthy Marvin Minsky Claude Shannon Ray Solomonoff
Alan Newell Herbert Simon  Arthur Samuel

And three others...

Oliver Selfridge
(Pandemonium theory)

Nathaniel Rochester
(IBM, designed 701)

Trenchard More
(Natural Deduction)




A PROPOSAL FOR THE DARTMOUTH SUMMER
RESEARCH PROJECT ON ARTIFICIAL INTELLIGENCE

J. McCarthy, Dartmouth College
M. L. Minsky, Harvard University
N. Rochester, I.B.M. Corporation
C.E. Shannon, Bell Telephone Laboratories
August 31, 1955

“We propose that a 2 mon

10 man study of artificial intelligence be carried out during the summer of 1956 at Dartmouth College in Hanover, New
Hampshire. (1956 O & & &=

th,
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https://en.wikipedia.org/wiki/Hanover,_New_Hampshire
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https://blogs.umass.edu/comphon/2017/06/15/did-frank-rosenblatt-invent-deep-learning-in-1962/

History of Neural Netwoll S SsaEs

2(8) F248.

Frank Rosenblatt
At
:' : ; * Input : real-valued
s " = e * weights : learning
s | * Output:0or 1l
A’ ;
‘ W

https://www.slideshare.net/taejoonyoo/2016020302-deep-and-wide-analytics
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/Oeep Learning

(Oeep Learning with GPUs
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Perceptron “Mark 1 Perceptron”

https://youtu.be/OVHc-7GYRo04
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MARK I | PERCEPTRON

PERCEPTRON




The Perceptron: A Probabilistic Model for Information Storage and Organization in the Brain, Cornell Aeronautical

Laboratory, Psychological Review, by Frank Rosenblatt, 1958 (PDF)

Psychological Review
Vol. 65, No, 6, 1958

THE PERCEPTRON: A PROBABILISTIC MODEL FOR
INFORMATION STORAGE AND ORGANIZATION
IN THE BRAIN!
F. ROSENBLATT
Cornell Aeronautical Laboratory

If we are eventually to understand
the capability of higher organisms for
perceptual recognition, generalization,
recall, and thinking, we must first
have answers to three fundamental
questions:

1. How is information about the
physical world sensed, or detected, by
the biological system?

2. In what form is information
stored, or remembered?

3. How does information contained
in storage, or in memory, influence
recognition and behavior?

and the stored pattern. According to
this hypothesis, if one understood the
code or “‘wiring diagram’’ of the nerv-
ous system, one should, in principle,
be able to discover exactly what an
organism remembers by reconstruct-
ing the original sensory patterns from
the “memory traces’’ which they have
left, much as we might develop a
photographic negative, or translate
the pattern of electrical charges in the
“memory’” of a digital computer.
This hypothesis is appealing in its
simplicity and ready intelligibility,
and a large family of theoretical brain


http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.335.3398&rep=rep1&type=pdf

PRINCIPLES OF
NEURODYNAMICS

PERCEPTRONS AND
THE THEORY OF
BRAIN MECHANISMS
REPORT NO. 1194.C.0

15 MARCH 1541

LmRENAUTK:AL LABORATORY, INC.
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15, MULTI-LAYER PERCEPTRONS WITH FIXED PRETERMINAL

NETWORKS .

The perceptrons considered in Part II have all consisted
of three "layers' of signal generating elements: a sensory layer, a single
layer of association units, and a layer of R-units (containing only a single
unit in the case of simple perceptrons). A perceptron with additional layers

of A-units between S and R-units will be called a multi-layer system. Thus

the network diagram:

0 — B0 ,o\‘\
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S fy "'nr

ZX : RPINGIFLES OF N Eg RO DYNAMICS 320 page



Perceptron Research from the 50's & 60's, clip
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https://youtu.be/cNxadbrN_al



inputs weights
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w»

Wy

weighted sum

B

step function

Perceptron (Input — Output)

https://youtu.be/OVHc-7GYRo04

Vi =
-4

Input values
(15%,5X,50405%)

are multiplied by their respective
weights
(Wys Wy, Wy e e oW )

This entire expression is then
summed together inside the
neuron

(W +X W X W o o o +X W)

If the sum is larger than a specified
threshold, the step function outputs
a 1, otherwise it outputs a 0.



NEW NAVY DRVICE
LEARNS BY DOING

Psychologist Shows Embryo
of Computer Designed to
Read and Grow Wiser

WASHINGTON, July. 7 (UPI)
—The Navy revealed the em-
bryo of an electronic computer
today that it expects will be
able to walk, talk, see, write,
reproduce itself and be .con-
scious of its existence,

The embryo—the Weather
Bureau's $2,000,000 ““704” com-
puter—learned to differentiate
between right and left after
fifty aftempts in the Navy's
demonstration for newsmen.,

The service said it would use
this principle to build the first
of its Perceptron thinking ma-
chines that will be able to read
and write, It is expected to be
finished in about a Yyear at a
cost of $100,000.

. Dr. Frank Rosenblatt, de-
'signer of the Perceptron, con-
jducted the demonstration. He
said ‘the machine would be the
first device to think as the hu-

ings, Perceptron will make mis-
takes at first, but will grow
wiser as it gains experience, he
said., ;

Dr: Rosenblatt, a research
psychologist at the -Cornell
Aeronautical Laboratory, Buf-
falo, said Perceptrons might be
fired to the planets as mechani-
cal space explorers.

Without Human Controls '

-
. The Navy said the perceptron,
would be the- first non-living!
mechanism ‘“capable of receiv-|
ing, recognizing and identifying,
its surroundings without -any
human training or control.”

The “brain” is designed to
remember images and informa-
tion it has perceived itself. Ordi-
nary computers remember only
what ig fed into them on punch
cards or magnetic tape. . ‘

Later Perceptrons will be able
to recognize people and call out
‘their names and instantly trans-
late speech in one language to'
speech or writing in another
language, it was predicted.

Mr, Rosenblatt said in prin-
ciple it would be possible to
build brains that could repro-
duce themselves on an assembly

!

Iman brain. As do human be-

line and which would be con-'
scious of their existence. ‘

1958 New York
Times...

In today’s demonstration, the
“704"” was fed two cards, one
with squares marked on the left
side and the other with squares
on the right side.

Learng by Doing

In the first fifty trials, the
machine made no distinction be-
tween them. It then started
registering a “Q” for the left
squares and “O" for the right

squares. !
Dr. Rosenblatt said he could
explain why the machine

learned only in highly technical
terms. But he said the computer
had undergone a ‘self-induced
change in the wiring diagram.”

The first Perceptron will
have about 1,000 electronic
“association cells” recelving
electrical impulses from an eye-
like scanning device with 400
photo-cells. The human brain
has 10,000,000,000 responsive
cells, including 100,000,000 con-
nections with the eyes.




The Navy last week demonstrated the
embryo of an electronic computer named
the Perceptron which, when completed in

about a year, is expected to be the first
non-living mechanism able to
"perceive, recognize and identify its
surroundings without human training

or control.”
- NewYork Times 1958 &



1959 - Bernard Widrow and Marcian Hoff of Stanford developed

models called ADALINE and MADALINE
developed to recognize binary patterns and eliminate echoes on p
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Hubel and Wiesel's Landmark vision experiments

Electrical signal
from brain

Recording electrode ——»
Visual area
Pl ;/ of brain

\

A

Q Stimulus

https://medium.com/@michelIewshu/what-machine-'\learning-
borrowed-from-vision-science-469a20779b7a




1ght bar stimulus
rojected on sereen

Recording from visual cortex







As a result, in 1969, Minsky co-authored with Seymour
Papert , Perceptrons: An Introduction to Computational
Geometry. In this work they attacked the limitations of
the perceptron. They showed that the perceptron
could only solve linearly separable functions. Of
particular interest was the fact that the perceptron still
could not solve the XOR and NXOR functions. Likewise,
Minsky and Papert stated that the style of research
being done on the perceptron was doomed to failure
because of these limitations. This was, of course,
Minsky’s equally ill-timed remark. As a result, very little
research was done in the area until about the 1980’s.

Marvin L. Minsky and Seymour A, Papert

Perceptrons

An Introduction to Computational Geometry


http://papert.www.media.mit.edu/people/papert/
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Backpropagation (1974/1986)

Error back propagation

Ervor Calcnlation

|

Expected

Hidden Layer outpu

Input Layer

1974 Paul Werbos’ invents Backpropagation algorithm for NN
1986 Backdrop popularized by Rumelhart, Hinton, Williams
1990: Renewed Interest in NN’s

29



Applied Optimal Control

ARTHUR E. BRYSON, Jr.
YU-CHI HO







m Back-propagation is a learning algorithm for
multi-layer neural networks

m [t was invented independently several times
m Bryson an Ho [1969]
s Werbos [1974]
m Parker [1985]

= Rumelhart et al. [1986]

Zur Anzeige wird de
) - ' Dekompressor E;f ogg
Parallel Distributed Processing - Vol. 1

Foundations
David E. Rumelhart, James L. McClelland and the PDP Research

Group

What makes people smarter than computers? These volumes by
a pioneering neurocomputing.....
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1974

* Paul Werbos’s Ph.D. thesis describes the
process of training neural nets through back-
propagation.
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Self Organizing Maps

y T. Kohonen
% Dr. Eng., Emeritus Professor of the Academy of
Finland

His research areas are the theory of self-organization,
associative memories, neural networks, and pattern
recognition, in which he has published over 300
research papers and four monography books.

T. Kohonen (1995), Self-Organizing Maps.
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shal'l‘concentrate on the particular kind of SOM known as a Kohonen
twork. This SOM has a feed-forward structure with a single computational

ayer arranged in rows and columns. Each neuron is fully connected to all the
soql‘ée nodes in the input layer:

P -

T
I

Input layer

Clearly, a one dimensional map will just have a single row (or a slngl@’colu:
in the computational layer.

''''''

image from https://www.slideshare.net/EdgarCarrillo6/neural-networks-self-organizing-map-by-engr-edgar-carrillo-
ii



How Do SOMs Learn?

Visible

Output
Nodes
(Map)

Visible Input Nodes

Deep Learning A-Z © SuperDataScience

How do Self-Organizing Maps Learn? (Part 1)
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How Do SOMs Learn?
| ‘ Nodel: (W, ;W W, 5)

Visible . yisible

Input
‘Nodes | Q Nodes
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How do Self-Organizing Maps Learn? (Part 1)
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How Do SOMs Learn?

‘ Nodel: (W,'):W]_2:W|_3)

Node2: ( Wz_‘ :Wz_z:Wz_; )

Node3: (W;,:W3,:W;z)
Node&: (W, ;:W,2:W,3)
NodeS5: (Ws:Ws;:Ws3 )
Node6: (Wg1:Weg2:We3)
Node7: (W;,:W5;:Wo5)
Node8: (Wg,:Wa>:Wsz)

Node®: (Way:Way Wos

P Bl o) 60377424 == B © S Ry

How do Self-Organizing Maps Learn? (Part 1)



How Do SOMs Learn?
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How do Self-Organizing Maps Learn? (Part 1)

Nodel: (W, ,;:Wy,:Wy5) B
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Node3: (Wz;:W3;:Wss) ‘
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All the knowledge is in the
connections

— Dowid Rumelhart —

AZ QUOTES

http://www.azquotes.com/author/10753-John_von_Neumann



Parallel distributed processing (PDP)

= Rumelhart & McClelland (1986) made a very strong case for the
use of connectionist models, highlighting the qualities of parallel
and distributed processing
= Parallel Processing
= Parallel processing can be contrasted with serial processing
= Processing several different pieces of information at the same

time, rather than one after the other:
*Example: face processing

= Distributed Processing
= Distributed processing can be contrasted with localist
processing
= Representations of information are distribute across the whole

neural network, rather than occupying specific locations
=Example: Karl Lashley and the ‘Engram’ (location of memory)



Neocognitron

Fukushima (1980). Hierarchical multilayered neural network

Us, Ues USZ Uez U?? Uca

// A (h 4 ,ﬁ . Ugg
i Q"I -' » ‘ ' @ ‘ﬂ‘ ’U_Cd
2 C / 1 ; ",‘ g :“"' ; g g
b 7_:4'%4 H 5“’\3 g
[ s SR Y H | e
input | ¥ ’G‘
layer ; / ,é T
contrast |V
extraction ©99e v recognition
extraction layer

S-cells work as feature-extracting cells. They resemble simple cells of the
primary visual cortex in their response.

C-cells, which resembles complex cells in the visual cortex, are inserted in the
network to allow for positional errors in the features of the stimulus. The input
connections of C-cells, which come from S-cells of the preceding layer, are fixed
and invariable. Each C-cell receives excitatory input connections from a group
of S-cells that extract the same feature, but from slightly different positions. The
C-cell responds if at least one of these S-cells yield an output.
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Neocognitron Movie - Part #2
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Neocognitron Movie - Part #2
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SZE HIES 3 (HOPFIELD NETWORK)

o E|%HH A3 RdAd2RE| Hopfield network & ZSEsilom of 4
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/ hopfieldNetwork

Reset Network

Load Image

Train Network

Add Noise
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BP

D.E. Rumelhart, G.E. Hinton, R.J. Williams
Learning representation by back-propagating
errors. Nature, 323 (1986), pp. 533-536

O Solved learning problem ™ Hard to train (non-convex, tricks)
O Biological system B Hard to do theoretical analysis
B B Small training sets ...
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Convolution Filter

Center element of the kemnel is placed over the (0 x 0)
source pixel. The source pixel is then replaced (0 X 0)
with a weighted sum of itself and nearby pixels.

Source pixel

-
-
-

Convolution kernel
(emboss)

-
-
-
-
-
-
-
-
-
-

New pixel value (destination pixel)

AEEO= EH EY0|
HESBH= AIHMESO| QUCH,
0|2 oot It 2Hctst
HIEHO| convolution
filterO|LC}.




15

16

15

I 11230
I 0|12 3
I 3 (0] 1]} 2
I 213101
I 243 o|olEf




1

2 40

1

214]0]

1

0.
2 [4]0

1

2 4 0

1




—

L {“ : F (11

((X‘kl)
'&' =, { (Yo

\ \Lgx‘

Ly

j‘w&,,,euﬁp ?’(




Interview' WITh

Ianj Gobdfellow

Research Scientist, OpenAl
Inventor of Generative Adversarial Networks




Generative Adversarial Networks

* Created by Ian Goodfellow (OpenAl);

* Two neural networks compete (minmax game)

* Discriminative network tries to distinguish between real and
fake data

« Generative network tries to generate samples to fool the
discriminative one

* Use latent code (z).

Sewrce: Gandfelow, lan, et of. Gemariive adversaral mets.” Advaaces i aeaval idfermalion praceising syidema X024,



Random Manipulator or
Input ‘Generator Network’

Enforcer or
‘Discriminator Network’

Real Currency
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Deep learning: A brief history

In 1979, Kunihiko Fukushima invented an artificial
neural network, "Neocognitron”, which has a
hierarchical multilayered architecture and acquires
the ability to recognize visual patterns through
learning.

In 1989, Yann LeCun et al. were able to apply the standard
backpropagation algorithm, which had been around since
1974, to a deep neural network with the purpose of
recognizing handwritten ZIP codes on mail.

Despite the success of applying the algorithm, the time to
train the network on this dataset was approximately 3
days, making it impractical for general use.
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/C:/Users/user/Downloads/deepneuralnetworks-120216040913-phpapp01%620{1).pdf
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2006: The Deep Breakthrough

Hinton, Osindero & Teh
« A Fast Learning
Algorithm for Deep
Belief Nets », Neural

Computation, 2006

Bengio, Lamblin,
Popovici, Larochelle
« Greedy Layer-Wise
FITT Training of Deep
Bengio Networks », NIPS'2006
sontreal Ranzato, Poultney,
Chopra, LeCun
« Efficient Learning of
he Cgi{” . Sparse Representations
St with an Energy-Based
Model », NIPS’2006
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Prof. Vladimir Vapnik

USA, Columbia University, Facebook




Small Margin %rge Margin

Support Vectors
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1991: SEPP HOCHREITER'S ANALYSIS OF THH
FUNDAMENTAL DEEP LEARNING PROBLEM

de(t-¢
de(t)

) = IIﬁWF'(Net(f—m)) |
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gate activation function
(always sigmoid)

input activation function
(usually tanh)

output activation function
(usually tanh)




Deep Belief Network (DBEN)

+ Stacked RBM

* Introduced by Hinton et al. (2006)

. 1st RBM hidden layer == 2th RBM input layer

* Feature Hierarchy QQOCOQT) &
REN

QOO0 »
Mt S'S et

« OO0 s'it QO3 «






[AL - 5] [DL - 1] Decpearning (D

15t B'—r»eé'kTHMrough: Pre-training with RBM
(Hinton, 2006)

« Deep Belief Network (DBN)

— The network is not trained as a whole (Back-propagation)

— Each layer is trained with unsupervised Restricted Boltzmann machine
Stochastic, Generative: Learn data distribution & can generate data-like samples

‘deep belief networks can be formed by
ng” RBMs and
optionally fine-tuning the resulting deep network
with gradient descent and backpropagation” (Wikipedia)

QOOOOOCO) hs
GOOOO0O)
RBM
©O0000O m OOOOOOO) M
.

RBM

(e]olelelelol0) R (OOObOOO) x @OOCOOO} X




® No need to use complicated RBM for weight initializations

® Simple methods are OK

- Xavier initialization: X. Glorot and Y. Bengio, “Understanding the difficulty of
training deep feedforward neural networks,” in International conference on arti
intelligence and statistics, 2010

- He’s initialization: K. He, X. Zhang, S. Ren, and J. Sun,“Delving Deep into Rectifi
Surpassing Human-Level Performance on ImageNet Classification,” 2015



Xavier/He initialization

® Makes sure the weights are ‘just right’, not too small, not too big

® Using number of input (fan_in) and output (fan_out)

avier initializati

)i, 20190

hp.randon.randn(fan_in, fan_out)/np.sqrt(fan_in)

By X

EEu %
N C

]

He et al. 2015
np.random. randn(fan_in, fan_out)/np.sqrt(fan_in/2)



Xavier Glorot http://kaiminghe.com/
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2nd BreakThrough: RelLU (2010,

« Recitified Linear Unit (RelLU) | =y

w—Rell

— Gradient is defined as: N

0if x <0
Lif x>0

Avoids vanishing gradient
+ Eliminates the necessity of pretraining

Simplifies back-propagation
+ Efficient Computation: Only comparison, addition and multiplication

Sparse Activation = Makes learning faster
» In a randomly initialized networks, only about 50% of hidden units are activated
» Can also partially relieve overfitting problem




2|5 QS AAL0| Mol = B3} TS

=
Neural Network Activation Functions
zﬂ . - z?:(g‘::p(-x)) [
Iir;ear piecewi‘se linear tan‘h(x) ‘

—— am— Rectified Linear Unit
threshold sin(x) till saturation logistic 1/(1+exp(-x)) ReLU(x) = max(x,0)

)

+ Hidden unit0| sparsity7} L}EFCHCH

« Gradient vanishing 2% 7} 8iCt

A to| Chedl A ot 0| W2 EA o
S Yol 2=

42 X250 ON == OFF 8. B8 S840 &, 5lot2 Fe{ &
Yo M= 0|2 7ts B smooth SAF 2 g
BHeid RO M= ReLUE M2

U AL LY 20| M = sigmoid @t tanh E+E X2

© 2017, SNU CSE Biointelligence Lab., http://bi.snu.ac.kr 5

Figure 3.2: Neural network activation functions. Note the characteristic

*sigmoid’ or S-shape. (A. Graves, 2012)
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https://www.slideshare.net/ByoungHeeKim1/recurrent-neural-networks-73629152
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34 BreakThrough: Dropout (Hinton, 2012)

Motivations

Deep neural nets with a large number of parameters are very powerful
machine learning systems

However, overfitting is a serious problem in such networks.

Large networks are also slow to use, making it difficult to deal with overfitting
by combining the predictions of many different large neural nets at test time.

The key idea is to randomly drop units (along with their connections)
from the neural network during training.
This prevents units from co-adapting too much.

Present with Always
probability p present

At trais
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ImageNet

Prof. Fei-Fei Li
Stanford University
Creator of ImageNet

IMJAGENET



IMSAGENET

14,847 categories, 9,349,136 images

e Animals * Sport Activities
— Fish * Fabric Materials
— Bird * Instrumentation
— Mammal - Tool
— Invertebrate — Appliances

* Scenes - .
— Indoors * Plants

— Geological formations - ..

Deng, Wei, Socher, Li, Li, Fei-Fei, CVPR 2009



ImageNet Challenge 2012

Task 2: Detection
Task 1: Classification (Classification + Localization) Task 3: Fine-grained classification

Car classification Car classification Walker hound
* Predict a class label * Predict a class label and a * Predict a class label given a
bounding box bounding box in test
» 5 predictions / image * 5 predictions /image * 1 prediction / image
* 1000 classes * 1000 classes * 120 dog classes (subset)
* 1,200 images per class for * 1,200 images per class for * ~200 images per class for
training training training (subset)
* Bounding boxes for 50% of * Bounding boxes for 40% of * Bounding boxes for 100% of
training. training. training

Z£X : http://image-net.org/challenges/LSVRC/2012/ilsvrc2012.pdf



Task 1: Classification

Car

Winner
SuperVision
Alex Krizhevsky, Ilya Sutskever, Geoffrey Hinton
University of Toronto

Z£X : http://image-net.org/challenges/LSVRC/2012/ilsvrc2012.pdf



30% -28.2%

25.8%
25% -
20% -
16.4%
15% -
11.7% =
10% - W&
ok 8% ey 152&
. = 4.9% 4.8%
G% - 2= 3 6% 3 6%
= 193 I
85
0% —
2 2

'y vy < oy 4
< 4 'd 4 'd 4 n‘r' b 1" =,
%, Y 0 Y % T T, Ty T,
- £ c [ [0 5 r‘."g, 5 @ ()
(=] "’fr_ er"‘ d}f‘ ?f' ‘?fr_ %y & “’d“r 5
£ o
e @ % ‘5”,55 <
€ &,

o
=X . http://image-net.org/chalIenges/LSVRC/ZO12/i|svrc2012.gdf



16.4

ILSVRC'12 ILSVRC'13 ILSVRC'14
AlexNet - VGGNet

Z£X : http://image-net.org/challenges/LSVRC/2012/ilsvrc2012.pdf
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6.7 -°
-- 8.57 2.99

ILSVRC'14 ILSVRC'15 ILSVRC'16
GooglLeNet ResNet Ensemble



s Al Meetup

SEHES

~Jan31-Feb1,2018
Regency Ballroom
San Francisco CA

aimeetupseries.com




Case Study: GoogLeNet ~iseeoyeral. 2014
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— ILSVRC 2014 winner (6.7% top 5 error)



ResNet ©
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"W A deeper model

4 5 (34 layers
A shallower modeél ( yers)
(18 layers)

e / =5+ [ deep® model2 training errorZ}
== /== oo
o L~ » Shallow model2| parameterE deeper

1 == model%| copy
L smcyin v | G . Extra layers?} identity function2| &t
layers s s HE- E.Olzs‘_!- 721-?—}7} L'"'g %= o|o
. Deep** model2 ptlmlzatlonOI 2l
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Ch
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o
= : o | Residual Learning for Im eRecognmon. .

http://blog.naver.com/PostView.nhn?blogld=koys007&logNo= 22089846020 parentCategoryNo=&categoryNo=62&viewDate=&isShowPo
pularPosts=false&from=postView
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http://opinion.mk.co.kr/view.php?sc=30500001&year=2016&no=135625



Heroes of Deep Learning: Andrew Ng interviews Yann LeCun
https://youtu.be/Svb1c6AKRzE
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t ‘.intmduction to computational geometry
Ml;sl*q ‘and Seymour Papert, 1969.

MBI 9IA|E= SUEI|RE LD X D3 19 MFHY (Bronx High School of Science)
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=X : James L.

Collecting
information

Integrating
information

Sending
information )

McClelland Stanford University

Dendrites
of target
neuron

Terminal button

Axons from
other neurons
/

Information
from other
neurons is
collected

at dendrites,...

...processed
in the cell
body,...

...and passed on
to the axon...

...and then to the
terminal, where it
is passed on to its
target.




http://www.holehouse.org/miclass/



How to use Tensorboard
Embeddings Visualization with
MNIST
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ILSVRC 2010 -

0 01 0.2 5 5 8 B ;| 0.8 0.9

T " T [ T [ T I L

kil 0.26 ILSVRC 2011

0 [ [ r i i L i
0 01 0.2 03 0.4 0.5 0.6 0.7 0.8 09 1

# Submissions
T

3 L ! L L |} L L i

s~ 0.16 ILSVRC 2012 1

0 01 0.2 03 0.4 0.5 0.6 0.7 0.8 09 1

Error (5 predictions/image)
Z£X : http://image-net.org/challenges/LSVRC/2012/ilsvrc2012.pdf



Ranking of the best results from each team

Error (5 predictions)

0.4
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0.25
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0.05

Z£X : http://image-net.org/challenges/LSVRC/2012/ilsvrc2012.pdf



[Al-1] Al Background & Overview (8:48 & HE| HA|H ElL|CL)

HHAUE FRUAY [Esc| BB £248.

The History of Artificial Intelligence

» The gestation of artificial intelligence (1943-1955)

« Artificial neurons with on/off state (Warren McCulloch)

» Neural network computer with 3000 vacuum tubes (Marvin Minsky and Dean
Edmonds)

» The birth of artificial intelligence (1956)

« Another influential figure in Al John McCarthy
= Princeton 2 Stanford = Dartmouth (official birthplace of Al)
» Two-month workshop at Dartmouth with 10 attendees from Princeton, IBM, MIT and CMU.

P »l o) 2740/51:00




[Al - 1] Al Background & Overview (8:48 &= E HA|H E L|C})

HHAUE FRUAY [Esc| BB £248.

The History of Artificial Intelligence

« Early enthusiasm, great expectation (1952-1969)

» General Problem Solver (GPS) by Newell and Simon
* The first program to embody the “thinking humanly” approach
 Arthur Samuel (IBM) wrote a checkers program that eventually learned to play at a
strong amateur level (1959)

 John McCarthy at MIT

» High-level language, Lisp, which was to become the dominant Al programming
language
* Advice Taker (1958)
= Uses general knowledge of the world to search for solutions to problems

» Accepts new axioms in the normal course of operation, thereby allowing it to achieve
competence in new areas without being reprogrammed

P »l o) 27:53/51:00




[Al - 1] Al Background & Overview (8:48 &= E HA|H E L|C})

HHAUE FRUAY [Esc| BB £248.

The History of Artificial Intelligence

» Knowledge-based systems: The key to power? (1969-1979)
« DENDRAL (1969): The first successful knowledge-intensive system
» Larger reasoning with domain-specific knowledge
+ Infers molecular structure by means of molecule-related information and the mass spectrum
» Heuristic Programming Project (HPP)
* Investigates the extent to which the new methodology of expert systems could be
applied to other areas of human expertise
» MYCIN to diagnose blood infections
» No general theoretical model from which the MYCIN rules could be deduced
» The rules had to reflect the uncertainty associated with medical knowledge
» Understanding natural language
» The importance of domain knowledge was apparent

» The emphasis was more on the problems of representing and reasoning with the
knowledge

P »l o) 29:58/51:00




[Al - 1] Al Background & Overview (8:4835-’?- H SA|H ELICL)

The History of Artificial Intelligence

* The return of neural networks (1986-present)
 Back-propagation learning algorithm (mid-1980s)

* Al adopts the scientific method (1987-present)

» New trend started

» Dasting theories rather than brand-new one's proposal

» Real-world applications rather than toy examples

+ Rigorous thecrems or hard experimental evidence rather than intuition
» Examples

« HMM for speech recognition (a robust mathematical framework)

« Data mining with neural networks

» Bayesian network formalism for an efficient representation of, and rigorous reasoning with
uncertain knowledge

« Normative expert systems which act rationally according to the laws of decision theory

P »l o) 3048/51:00




[Al-1] Al Background & Overview (8:48 & HE| HA|H ElL|CL)

The History of Artificial Intelligence

» The emergence of intelligence agents (1995-present)
« The availability of very large data sets (2001-present)

* The state of the art

« Robotics vehicles

» Speech recognition

Autonomous planning and scheduling
Spam fighting

Logistics planning

Robotics

Machine translation

P »l o) 32:05/51:00
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Games as a Benchmark for Al

= Alan Turing proposed Chess as an Al benchmark.

- .-
.ms._‘ — !
N : aJ .

Arthur Samuel in 1957, playing checkers against a mainframe computer.

Amin Babadi General Game Playing: Challenges and Opportunities




The History of Development
of Neural Networks

= TheBeginning of Neural Networks (1940's)
= McCullochPitts Neuron
= HebbLearning
= TheFirst Golden Age of Neural Networks (1950's and 1960's)
s Perceptrons
s Adaline
= TheQuietYears:1970's
= Kohonen
s Anderson
= Grossberg
s« Carpenter
= Renewed Enthusiasm: 1980's
= Backpropagation
= Hopfieldnets
= Neocognitron
= Boltzman machine
= Hardware Implementation

An Introduction to Neural Networks



The CyC Project (Lenat 1984--)

Coding all necessary knowledge in a specialized representation

The project started in 1984 with the goal:

Assemble a comprehensive ontology and database of everyday common sense
knowledge to enable Al applications to perform human-like reasoning

Currently the knowledge base consists of

3.2 million assertions (facts and rules)

280,000 concepts

12,000 concept-interrelating predicates

A smaller version of CyC was released under OpenCyc

Success of CyC is still open. All knowledge is put into the machine, it does
not yet have the ability to acquire knowledge by reading text.

Mihlenbein: Artificial inteliigence and Neural Networks

38




| propose to consider the question: “Can machines think?’
This should begin with definitions of the

meaning of the terms ‘machine’ and ‘think’... But this is
absurd. Instead of attempting such a definition

| shall replace the question by another, which is closely
related to it and is expressed in relatively unambiguous
words. The new form of the question can be described In
terms of a game which we call the imitaion game.”
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EEEEEEEE IITIIIT 272722777

E I Vi

E I Fid

EEEEE I i

= I Fid ARAAAAA
E I Vi A
EEEEEEEE LLLLLLLL TIITTIIT 27272777 A

Eh%%ﬂ > (PLEASE TYPE IN ALL CAPS) WHAT'S YOUR NAME DEAR 7

ELIZA > HI, T'M ELTZA. WHAT DO YOU WANT TO TALK ABOUT ?

AMIT > CAN I TALK ABOUT MY PROBLEM 7

ELIZA > SURE... !

AMIT > DUE TO ON GOING EXAMS IN COLLEGE, I HAVE A LOT OF STRESS.
ELIZA > PLEASE RELAX A LITTLE. SLEEP WELL.

AMIT > THANKS FOR YOUR ADVICE.

ELIZA > NO MENTION.

AMIT > BYE

ELIZA > BYE AND KEEP IN TOUCH...

ZX : http://henry8.tistory.com/16



- Andrew Ng 2



Zago AAAH O O] o[+
http://www.yoonsupchoi.com/2017/08/08/ai-medicine-4/



https://youtu.be/Qil4dkmvm2Sw



Deep Neural Network

Deep learningO|2t= Z42 A& deep neural networkS 2|0|5t= ZdO|Ct, Neural network0fl CHSi A= O] 20 A HHSIF D, 13 deepO| 2t FAQITt
StH, CHEA| OfL| 2} feed-forward networkO| Al 742 0| hidden layer?t 174 ECt B2 ™ ‘deep’StCHL Hot= ZOICH @F 2 layerE £ 1/ ECH= B
O 7| 20 F Lt2= neural network 1= 25 deep learning ¥ T2t 4 2t5HH =ICH

| At deep learning2 T 22 A2 0F7 OfL[11 O|O] & HE MOl 7| =Xl A7t £ 2 O0FO[L.

1958 Rosenblatt proposed perceptrons

1980 Neocognitron (Fukushima, 1980)

1982 Hopfield network, SOM (Kohonen, 1982), Neural PCA (Oja, 1982)

1985 Boltzmann machines (Ackley et al., 1985)

1986 Multilayer perceptrons and backpropagation (Rumelhart et al., 1986) 1988 RBF networks (Broomhead&Lowe, 1988)
1989 Autoencoders (Baldi&Hornik, 1989), Convolutional network (LeCun, 1989) 1992 Sigmoid belief network (Neal, 1992)
1993 Sparse coding (Field, 1993)

O|f = 0|0 7+ S8t 7| =Xl A= O 0| Cf E%tLt X|'H 20| 2B backpropagation € 112|552 0|0] 1986 Lt= Y112[F0|12, 1989
0| LI-2 convolutional network?t & = vision £0F0|A & A= 1 CNNO|CH 21 H| H2t deep learning 20004 = 0| X|LIALIMOF T2
27| AZUCE f A S

http://sanghyukchun.github.io/75/


http://sanghyukchun.github.io/74

Neurons: Pandemonium?

COGNITIVE DEMONS

1958 idea: The mind is made up of
“demons”, who shout based on other . .
demons shouting to them. The loudest is Oliver G. Selfridge

heard...
( Modeling Neurons

CSE 153
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nto| ZiHf 22 1936 12 0f Efo{ten, &4 Cish2 714 7| BE Jatcistoln, 1956H0)| EUat S A0l AF 3 SHHSHA(GSIA : Graduate

School of Industrial Administration) off ZIgiCt. 1960, Simon 2] X|£35}0| EPAM(Elementary Perceiver and Memorizer) 2 2 €| =

=2 FSUCL 2%, M| ZL|of Cist HEE| Buwo| H| =LA AZ0| Zu7LE[ACh O YAl ZBS2 B4H J0| 0 ZsiA ztel of
AMEE 2PES *IEEﬂOIﬂEH:fE A2 U8 UFUME 4L g 5 AACL 2L H2 w=0f CHsh 7HH|7] At 3'd2t 72 222tk =2t
2 HFH|E X| JUCE 2= CHE 15352 =50 20|17, HE2| tishS mLior2t M, 1965'd AfHE E CHeto| FHFE AtO|HA Stafo| w4
7} = Act.

nto|ZiinfZ 0| HHE2| CHstA| o 22l 74712t 61, Al B =F 2 HE S [FFE L AL (Computers and Thought)] & 1963 McGraw-

Hill AbOflA] SEHet 2o|Ct 1 £0&= Minsky o] [ XS ole] Z]S CHTHS| F 8t =250| A2 QICH AMEE jsto = 71 mjo|ZlHIg2

AEHZE Cfsto| ZHFE ME 270 £|of X0 Bt MO{R™ A|ARS = QJRUCH mlo|Zllufg2| 0| 22 Qlzte| ™oLt HHSE 7IX2 5= |
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CEs

sto
O] = 2 X|(Heuristic Aproach)& MEiZHCE.


http://www.aistudy.co.kr/pioneer/Simon.H.A.htm
http://www.aistudy.co.kr/pioneer/Minsky.M.htm

A Brief History of Al

State of theArt in
Memex: Question Answering

Vannevar

Bush

Expert Systems
Knowledge and Reasoning

Big Data

Computational Power

=t Al Winter 2™ Al Winter
/N Yk iy 7\ O
NS N NS NS
1945 1970 1980 1990 2000 2010
Dartmouth Text REtrieval
Conference of Conference

1956

Reasoning as Search
Natural Language Understanding

Logic
Neural Networks

Natural Language Processing
Information Retrieval
Machine Leaming
Knowledge Representation and Reasoning

Question Answering




(& 1-1] Alot XIA| B8lo| ALl F2Y 918t TR AR

71z F2 AR

Ale] £ McCulloch and Pitls, A Logical Calculus of the Ideas Immanent in Nervous

(19434~19561) Activity, 1943

Turing, Computing Machinery and Intelligence, 1950

The Electronic Numerical Integrator and Calculator project (von Neumann)

Shannon, Programming a Computer for Playing Chess, 1950

The Dartmouth College summer workshop on machine intelligence, artificial
neural nets and automata theory, 1956

A% 84 LISP (McCarthy)

(1956:3~1960ICH £41) The General Problem Solver (GPR) project (Newell and Simon)
Newell and Simon, Human Problem Solving, 1972

Minsky, A Framework for Representing Knowledge, 1975

Alo] 248t o Cook, The Complexity of Theorem Proving Procedures, 1971
(19601CH FR1970U1CH =81 Karp, Reducibility Among Combinatorial Problems, 1972
The Lighthill Report, 1971

TSt MAHS| ¥ DENDRAL (Feigenbaum, Buchanan and Lederberg, Stanford University)

(1970440 2¥-1980UWLH Suh MYCIN (Feigenbaum and Shortliffe, Stanford University)

PROSPECTOR (Stanford Research Institute)

PROLOG-a Logic Programming Language (Colmerauer, Roussel and
Kowalski, France)

EMYCIN (Stanford University)

Waterman, A Guide to Exper! Systems, 1986
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(196513~2IxH)

Hopfield, Neural Networks and Physical Systems with Emergent Collective
Computational Abilities, 1982

Kohonen, Sel-Organized Formation of Topologically Correct Feature Maps, 1982

Rumelhart and McClelland, Parallel Distributed Processing, 1986

The First IEEE International Conference on Neural Networks, 1987

Haykin, Neural Networks, 1994

Neural Network, MATLAB Application Toolbox {The MathWork, Inc.)

fist A
(1970AcH Z=gBxl)

Rechenberg, Evolutionssirategien-Optimierung Technischer Systeme Nach

Prinzipien der Biologischen Information, 1973

Holland, Adaptation in Natural and Artificial Systems, 1975

Koza, Genelic Programming: On the Programming of the Computers by Means
of Natural Selection, 1992

Schwelel, Evolution and Optimum Seeking, 1995

Fogel, Evolutionary Computation-Towards a New Philosophy of Machine
Intefligence, 1995

Zadeh, Fuzzy Sets, 1965

Zadeh, Fuzzy Algorithms, 1969

Mamdani, Application of Fuzzy Logic to Approximate Reasoning Using Lingusstic
Synthesis, 1977

Sugeno, Fuzzy Theory, 1983

Japanese ‘fuzzy’ consumer products (dishwashers, washing machines, air
conditioners, television sets, copiers)

Sendai Subway System (Hitachi, Japan), 1986

Negoita, Expert Systems and Fuzzy Systems, 1985




Hopfield Network

= Recurrent network

= Feedback from output to
input

= Fully connected

= Every neuron connected to
every other neuron

John Hopfield was the person who introduced the concept of the network energy having compared neural network dynamics with thermodynamics.



In deep learning, the algorithms we
use now are versions of the
algorithms we were developing in
the 1980s, the 1990s. People were
very optimistic about them, but it

turns out they didn't work too well.
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https://ko.wikipedia.org/w/index.php?title=%EC%9D%B8%EA%B3%B5%EC%8B%A0%EA%B2%BD%EB%A7%9D&action=edit&section=1
https://ko.wikipedia.org/wiki/%EC%A4%91%EC%B6%94_%EC%8B%A0%EA%B2%BD%EA%B3%84
https://ko.wikipedia.org/w/index.php?title=%EC%9D%B8%EA%B3%B5_%EB%89%B4%EB%9F%B0%EB%93%A4&action=edit&redlink=1
https://ko.wikipedia.org/wiki/%EC%95%8C%EA%B3%A0%EB%A6%AC%EC%A6%98
https://ko.wikipedia.org/wiki/%ED%86%B5%EA%B3%84%ED%95%99
https://ko.wikipedia.org/wiki/%EC%9D%B8%EC%A7%80_%EC%8B%AC%EB%A6%AC%ED%95%99
https://ko.wikipedia.org/wiki/%EC%9D%B8%EA%B3%B5%EC%A7%80%EB%8A%A5
https://ko.wikipedia.org/w/index.php?title=%EC%9D%B4%EB%A1%A0_%EC%8B%A0%EA%B2%BD%EA%B3%BC%ED%95%99&action=edit&redlink=1
https://ko.wikipedia.org/w/index.php?title=%EA%B3%84%EC%82%B0_%EC%8B%A0%EA%B2%BD%EA%B3%BC%ED%95%99&action=edit&redlink=1
https://ko.wikipedia.org/wiki/%EC%A0%84%EB%AC%B8%EA%B0%80_%EC%8B%9C%EC%8A%A4%ED%85%9C
https://ko.wikipedia.org/w/index.php?title=%EB%8F%99%EC%A0%81_%EC%8B%9C%EC%8A%A4%ED%85%9C&action=edit&redlink=1
https://ko.wikipedia.org/wiki/%EA%B8%B0%EA%B3%84%ED%95%99%EC%8A%B5
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https://ko.wikipedia.org/w/index.php?title=%EC%9D%B8%EA%B3%B5%EC%8B%A0%EA%B2%BD%EB%A7%9D&action=edit&section=2
https://ko.wikipedia.org/wiki/%EC%9D%B8%EA%B3%B5%EC%8B%A0%EA%B2%BD%EB%A7%9D#cite_note-1
https://ko.wikipedia.org/wiki/%EC%9D%B8%EA%B3%B5%EC%8B%A0%EA%B2%BD%EB%A7%9D#cite_note-2
https://ko.wikipedia.org/w/index.php?title=%ED%97%A4%EB%B9%84%EC%95%88_%ED%95%99%EC%8A%B5&action=edit&redlink=1
https://ko.wikipedia.org/wiki/%EC%9E%90%EC%9C%A8%ED%95%99%EC%8A%B5
https://ko.wikipedia.org/wiki/%EC%9E%A5%EA%B8%B0%EA%B0%95%ED%99%94
https://ko.wikipedia.org/w/index.php?title=%ED%8A%9C%EB%A7%81%EC%9D%98_B-type_%EA%B8%B0%EA%B3%84&action=edit&redlink=1
https://ko.wikipedia.org/wiki/%EC%9D%B8%EA%B3%B5%EC%8B%A0%EA%B2%BD%EB%A7%9D#cite_note-3
https://ko.wikipedia.org/wiki/%EC%9D%B8%EA%B3%B5%EC%8B%A0%EA%B2%BD%EB%A7%9D#cite_note-4
https://ko.wikipedia.org/wiki/%EC%9D%B8%EA%B3%B5%EC%8B%A0%EA%B2%BD%EB%A7%9D#cite_note-5
https://ko.wikipedia.org/wiki/%ED%8D%BC%EC%85%89%ED%8A%B8%EB%A1%A0
https://ko.wikipedia.org/wiki/%EB%B0%B0%ED%83%80%EC%A0%81_%EB%85%BC%EB%A6%AC%ED%95%A9
https://ko.wikipedia.org/wiki/%EC%98%A4%EC%B0%A8%EC%97%AD%EC%A0%84%ED%8C%8C%EB%B2%95
https://ko.wikipedia.org/wiki/%EC%9D%B8%EA%B3%B5%EC%8B%A0%EA%B2%BD%EB%A7%9D#cite_note-Werbos_1975-6
https://ko.wikipedia.org/wiki/%EB%A7%88%EB%B9%88_%EB%AF%BC%EC%8A%A4%ED%82%A4
https://ko.wikipedia.org/wiki/%EC%8B%9C%EB%AA%A8%EC%96%B4_%ED%8E%98%ED%8D%BC%ED%8A%B8
https://ko.wikipedia.org/wiki/%EC%9D%B8%EA%B3%B5%EC%8B%A0%EA%B2%BD%EB%A7%9D#cite_note-7
https://ko.wikipedia.org/wiki/%EC%98%A4%EC%B0%A8%EC%97%AD%EC%A0%84%ED%8C%8C%EB%B2%95
https://ko.wikipedia.org/w/index.php?title=%EC%97%B0%EA%B2%B0%EC%A3%BC%EC%9D%98&action=edit&redlink=1
https://ko.wikipedia.org/wiki/%EC%9D%B8%EA%B3%B5%EC%8B%A0%EA%B2%BD%EB%A7%9D#cite_note-8
https://ko.wikipedia.org/w/index.php?title=%EC%97%B0%EA%B2%B0%EC%A3%BC%EC%9D%98&action=edit&redlink=1
https://ko.wikipedia.org/wiki/%EC%9D%B8%EA%B3%B5%EC%8B%A0%EA%B2%BD%EB%A7%9D#cite_note-9
https://ko.wikipedia.org/wiki/SVM
https://ko.wikipedia.org/wiki/%EB%94%A5_%EB%9F%AC%EB%8B%9D
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https://ko.wikipedia.org/wiki/CMOS
https://ko.wikipedia.org/w/index.php?title=%EB%82%98%EB%85%B8_%EB%94%94%EB%B0%94%EC%9D%B4%EC%8A%A4&action=edit&redlink=1
https://ko.wikipedia.org/wiki/%EC%9D%B8%EA%B3%B5%EC%8B%A0%EA%B2%BD%EB%A7%9D#cite_note-10
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https://ko.wikipedia.org/wiki/%EC%9D%B8%EA%B3%B5%EC%8B%A0%EA%B2%BD%EB%A7%9D#cite_note-11
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https://ko.wikipedia.org/wiki/%EC%9D%B8%EA%B3%B5%EC%8B%A0%EA%B2%BD%EB%A7%9D#cite_note-17
https://ko.wikipedia.org/wiki/GPU
https://ko.wikipedia.org/wiki/%EC%9D%B8%EA%B3%B5%EC%8B%A0%EA%B2%BD%EB%A7%9D#cite_note-ReferenceA-18
https://ko.wikipedia.org/wiki/%EC%9D%B8%EA%B3%B5%EC%8B%A0%EA%B2%BD%EB%A7%9Dcite_note-D._Ciresan.2C_A._Giusti_2012-19
https://ko.wikipedia.org/w/index.php?title=%ED%95%84%EA%B8%B0_%EC%9D%B8%EC%8B%9D&action=edit&redlink=1
https://ko.wikipedia.org/wiki/%ED%8C%A8%ED%84%B4_%EC%9D%B8%EC%8B%9D
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Multilayer Perceptron

Stacked AutoEncoder
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Stacked Restricted

Boltzmann Machine (SRBIV) Multlayer Perceptron
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Problems to solve for deep learning

Deep learning0| S5I7|7tX| 4= B2 AT ZNE0| JRX| 2 X2 X H deep learningO| hotSHA| & 7| 7HX|= FOA LM E 2K & regularization
method & O| Lt initialization method &, 12| 1 overfitting = ZEI EHOF g 4= /= optimization mehtod &0| B£0| K| Ot| HA 2 E{ 2t & &= QUCE. 0]

A4S0l SSHL 2 NAISHT Q= A2 overfitting O| CF.
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ZEX : http://sanghyukchun.github.io/75/
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/// Deep Learning history

1958 1990 2006-2010

Perceptron & Convolutional BigData, ReLU,
Training Networks GPU, weight
initialisation

I FrsT wiNTER  [HEEEEEEE SECOND WINTER

1943 1986 1998 2012

Neural Back- Gradient AlexNet o
Networks propagation Descent

https://www.slideshare.net/AliKheyrollahi/deep-learning-for-developers-oredev






We know the past but cannot
control it. We control the future but
cannot know it.

— Claude Shannen —
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1959 - Bernard Widrow and
Marcian Hoff of Stanford
developed models called
"ADALINE" and "MADALINE." -
developed to recognize binary
patterns and eliminate echoes
on phone lines

1975 - Kohonen and Anderson developed

the first multilayered network

1986 - Rumelhart, D. E., Hinton, G.
E., and Williams, R. J. authored a
seminal paper, which showed how
backpropagation algorithm can be
used to train neural networks with
multiple layers quickly.
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# Beaufort Fairmont

A computer program is said to learn from
experience E with respect to some class of
tasks T and performance measure P if its
performance at tasks in T, as measured by P,

improves with experience E.

~ Tom Mitchell

www beaufortfalrmont.com  984.244.2313




The Singularity

Irving John Good — 1960s * The
ultraintelligent machine “A machine
that can far surpass the intellectual
activities of any man however
clever. ... an ultraintelligent
machine could design even better
machines ... The intelligence of
man would be left far behind.



Hopfield network (HN) model

« A Hopfield network is a
form of recurrent artificial
neural network invented by

John Hopfield in 1982 — kT
« The network is entirely 1
interconnected A
— All neurons are both input . 1
and output \’(\
« with binary threshold units ; e 41l
1,ifx>0 =
F(x) =

-1, otherwise
These are single layered
recurrent networks

” l | Institut Supérieur de PAutomobile et des Transports - 49, ruve Mademoiselle Bourgeois - BP 31 58027 Nevers cedex
o Téléphone : 03 86 71 50 00 / Fax : 03 86 71 50 01 2
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Having just read it, it appears that the 1962 work in which Rosenblatt proposed “four layer” networks (i.e. input, output, and two hidden layers) didn’t
actually do supervised learning. Instead, it uses a more Hebbian learning rule to do unsupervised learning (it relies on examples being presented in an
order that means examples of the same “class” are presented in sequence; the network learns to associate examples that are presented in close

temporal proximity).



| can think of three reasons that Rosenblatt’s work is sometimes not cited, and even miscited. The first is that Minsky and Papert’s (1969/1988) book is
an analysis of single-layer perceptrons, and adopts the convention of referring to them as simply as perceptrons. The second is that the perceptron
update rule is widely used under that name, and it applies only to single layer networks. The last is that Rosenblatt and his contemporaries were not
very successful in their attempts at training multi-layer perceptrons. See Olazaran (1993, 1996) for in-depth discussion of the complicated and usually
oversimplified history around the loss of interest in perceptrons in the later 1960s, and the subsequent development of backpropagation for the training

of multilayer nets and resurgence of interest in the 1980s.

ZE X : https://blogs.umass.edu/comphon/2017/06/15/did-frank-rosenblatt-invent-deep-learning-in-1962/


https://mitpress.mit.edu/books/perceptrons
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= HI8|7 - https://agithub.com/golbin/TensorFlow-Tutorials

Bay Area Deep Learning School - https://youtu.be/eyovmAtoUx0

https://www.reddit.com/r/MachineLearning/
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Bay Area Deep Learning School

http://cs231n.stanford.edu/

HFEHE o] Bl Y 7| https://mww.youtube.com/playlist?list=PL sS-TVNjbU7cIDOjpAZKud3uG8APHDg M
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https://www.youtube.com/playlist?list=PL1Kb3OQTCLIVtyOuMagyVgT-OeWOPY XI3i5
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David Silver https://voutu.be/2pWv7GOvufO

0|2 & https://www.qgitbook.com/book/dnddnijs/rl/details

http://coolingoff.tistory.com/7?cateqory=615687

https://deeplearning4j.org/multilayerperceptron

http://www.aistudy.com/neural/perceptron.htm

Hebb, Donald O. (1949). The Organization of Behavior. New York: Wiley, pg. 62.

Visualizing and Understanding Deep Neural Networks by Matt Zeiler https://youtu.be/ghEmQSXT6tw
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http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.335.3398&rep=rep1&type=pdf

books

http://www.deeplearningbook.orqg/

Artificial Intelligence : a modern approach (3rd edition) Stuart Russel, Peter Norvig


http://www.deeplearningbook.org/

In 1949, Donald Hebb would help to revolutionize the way that artificial neurons were perceived. In his book, 7he
Organization of Behavior, he proposed what has come to be known as Hebb's rule.

=X : http://web.csulb.edu/~cwallis/artificialn/History.htm


http://cogprints.ecs.soton.ac.uk/~harnad/Archive/hebb.html

2.1 First Attempts The first step toward artificial neural networks came in 1943 when Warren McCulloch, a
neurophysiologist and a young mathematician, Walter Pitts, developed the first models of neural networks. They
wrote a paper The Logical Calculus of the Ideas Immanent in Nervous Activity on how neurons might work [1].
Their networks were based on simple elements which were considered to be binary devices with fixed thresholds.
The results of their model were simple logic functions with “all-or-none” character of nervous activity. In 1944
Joseph Erlanger together with Herbert Spencer Gasser identified several varieties of nerve fiber and established
the relationship between action potential velocity and fiber diameter. In 1949, Hebb a psychologist, wrote The
Organization of Behavior [2], a work which pointed out the fact that neural pathways are strengthened each time
they are used, a concept fundamentally essential to the ways humans learn.

ZEX : http://www.mini.pw.edu.pl/~macukow/wspolne/selection.pdf



2.2 Promising and Emerging Technology In 1958, Rosenblatt a psychologist, conducted an early work on
perceptrons [3]. The Perceptron was an electronic device that was constructed in accordance with biological
principles and showed an ability to learn. He also wrote an early book on neurocomputing, Principles of
Neurodynamics [4]. Another system was the ADALINE (ADAptive Linear Element) which was developed in 1960
by two electrical engineers Widrow and Hoff [5]. The method used for learning was different to that of the

Perceptron, it employed the Least-MeanSquares learning rule. In 1962, Widrow and Hoff developed a learning
procedure that examines the value before the weight adjusts it.

ZEX : http://www.mini.pw.edu.pl/~macukow/wspolne/selection.pdf



2.3 Period of Frustration and Disgrace

Following an initial period of enthusiasm, the field survived a period of frustration and disgrace. In 1969 Minsky
and Papert wrote a book Perceptrons: An Introduction to Computational Geometry [6]. It was a part of a campaign
to discredit neural network research showing a number of fundamental problems, and in which they generalized
the limitations of single layer perceptron.

Although the authors were well aware that powerful perceptrons have multiple layers and Rosenblatt’s basic feed-
forward perceptrons have three layers, they defined a perceptron as a two-layer machine that can handle only
linearly separable problems and, for example, cannot solve the exclusiveOR problem.

Because the public interest and available funding becoming minimal, only several researchers continued working

on the problems such as pattern recognition. But, during this period several paradigms were generated which
modern work continues to enhance.

ZEX : http://www.mini.pw.edu.pl/~macukow/wspolne/selection.pdf



Klopf in 1972, developed a basis for learning in artificial neurons based on a biological principle [7]. Paul Werbos
in 1974 developed the back-propagation learning method although its importance wasn’t fully appreciated until a
1986. Fukushima developed a stepwise trained multilayered neural network for the interpretation of handwritten
characters. The original work Cognitron: A self organizing multilayered neural network [8] was published in 1975.
In 1976 Grossberg in the paper Adaptive pattern classification and universal recoding [9] introduced the adaptive
resonance as a theory of human cognitive information processing.

ZEX : http://www.mini.pw.edu.pl/~macukow/wspolne/selection.pdf
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