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What is Intelligence ?

> AARJACRHA) AHS

A\

IQ (Intelligence Quotient) A E

sIY E 71=Y (Howard Gardner)?] tf&-X]‘=0] & (Multiple Intelligences Theory)
o ‘B sjAstAL A2 2L WEO] Yt S
o QIZtof|Al= 87HA] 3-89 A5 EAX
® QI7to] X5 ©USHA] gL gt FEH = EX

A\


https://www.insight.co.kr/news/407274

What is Artificial Intelligence ?

4 217}
® Ol X|=2 7|4, E5] HAEH AlAHIN 9]5] 917F] X]= A (human intelligence processes)2 A|
=0l dst= A

® A I=E 1&ho] Q1 FA|S AL Hof: 1) AFI} A|AEN (Expert System), 2) AF¢1o] & 2] (NLP:
Natural Language Processing), 3) &A1 o1Al (Voice Recognition) & 4) A E=E] H] A (Computer

Vision) = &g

> | TakeAways ]

® QI TA|SS ZFE 7} Q7o) A0l BES u]2alA wetstu, sha sty AjZE) AL wka 4
QlEE B s]Zol} ARE (717
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W]} QIZk A1 5-0] H]Y

L] Alo) A (neocortex)
- AlmAof = oF 100247 o] 4] FHIEA ) &AY
* FE Ur%%r S AZE o JHE 7\1§ AFste Al

017} Al=(Human Genome) &
?_171_} A4 E (Human Connectome)

- k0] = Z=o] Aopted B Qs 7| sE0l = EAS

o] 7Is== 5T’ Hstod A= dAsto] TAN .2 FHE A2ttt
A A 3%011 AOIA AlA||F 2hd 7Ho] = AF8o] &

A=27X 0 g 0]719] X]L-o|2t

870] &-25t0] £5}2 o] 2 o] AL3]o A A Abo} 7}7] 95t L2’
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Santiago Ramén y Cajal (1852-1934)

[ TakeAways ]

- w]o] 9Jx]ol mat AANZI} 917 Q= AR PE} k2

- Santiago Ramon BHA}, LHIALS A A (1906)
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p.5



v]o] 2z 0} K] %

A mostly complete chart of

Neural Networks

Deep Comvolutionsl Network (DON)

Decomvolutional Network (DN

Deep Corwolutional inverse Graphics Networek (DOCN)

i ¢ Cell ©2019 Frodor van Veen & Stefan Leynen  asimovinsttute org
nput Cel
v Deep Feed Forwaed (DFF) y ~ > /‘ \ ~, ~ \/.
O Backfed input Ced /\_‘( ./'o\. ) o ,_»o\ N i( 4,-0-\ ¥ ,_~O\ N\
oo WY F oo 2 N > @b 3 5 @5 5
& Noisy input Cell X -/‘o‘\ /O" ! N /0\. >j X /o\_ w X /o\ \.
REVELS Perceptron (F) Feed Forward (FF)  Radial Basis Network (REF) K A B = . y. S /o}}‘ - G

>( /'o\. - ~ /o\. / \ /0\ / \#“ /o\ X

. Mdden Cell \( " /0 o\‘ AR Tl _/o o\, - d
P 2 oC Yo | o

‘ Probablistic Hidden Cell

Cenerative Adversanal Network (GAN) Liquid State Machine (LSM Extreme Learning Machine (ELM) Echo State Nebwork (ESN)

"o
3

Deep Residual Network ([DRN)

. Spiking Hidden Cell

Recurrent Newral Network (RNN) Long / Short Term Memary (LSTM)  Gated Recurrent Unit (GRU)
-~ O 0

@ Capsule Cell

@ ouvoucell

@ Match input Output Cell
. Recurrent Cell

. Memory Celd

‘ Gated Memory Cell

N 7

208
= 21

Neursd Turing Machine (INTM)

Sparse AE (SAE)

Auto Encoder (AE) Variational AE (VAE) Denolsing AE (DAE)

Kernel

£ Coevolution or Pool

Markov Chain (MO Hopfield Network (M) Boltzmann Machine (BM)  Restricted BM (REBM) Deep Belief Network (D8N)

\ .\‘, %/

)

Rl
N\

A0
o'.'\‘

https://towardsdatascience.com/the-mostly-complete-chart-of-neural-networks-explained-3fb6f2367464
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(ANN : Artificial Neural Networks)

O] A1 73Tk Artificial Neural Networks) : AlZdA 2] stAF Warren McCulloch®@F 4~8FAF Walter
Pitts7} A& 7lEF (19434)

= (A Logical Calculus of Ideas Immanent in Nervous Activity)ol|A] 17| 2] 2 5 o] &
{F o] mol Al gfAl S RUSlotH, £ %0 91y mal B Aot

ol
=
O,

» 0] & A 2]stX} Frank Rosenblatt7} AT E = (Perceptron) 7HE st Q-5-Al7 9] 55 7}
5’3 Al (1958)

- HAAEEO] oA XOR

- T oAl E 2&(Multilayer Perceptron, 1986 )x &5 o} ?giﬂ = (Backpropagatlon 1986)0]
W= HA o]2|gt ot ==, o] % UFA T2 Hl%”i*. A LA = olF
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Biological Neuron vs Artificial Neuron

/ Biological Neuron \

¥ ooy
- Output

N2 ]V A
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& E : ‘
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1

Synapse
. -

X1
X2

Xn
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hidden layer

input layer

hidden layer 1  hidden layer 2

hidden layer 3
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Allen Turing

> B2 =21(1912.6.23 ~953.6.7) : siT} Al H119] =4
> A2 v 2E VAT A4S 4 /12717 (Can machine think?, 1950')
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® AU} H7jo] st Bobg olAlell o AR ofa

> & U7HAl(John McCarthy) :
® LISP =z 12t Ao]E 7istH Al A9 5 Q35F =+ A&

» OFHl Q1A 7] (Marvin Minsky) @ Al o] 9] A|x£7} = A-5-4l173 %} QX u}pshof| 2 7],
MITOA Al A EAS F= AH
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2} E (Frank Rosenblatt)?7} HAl E &(Perceptron) A|A] (1957)
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712 %9](Symbolism) vs. €72 % 2](Connectionism)

1.7 ]i—r-—-] (SYmbOllsm) AAl1} 7158 2RSS s Asts uhAl
. A4S = o =2]A09l FAlo|L} £8F IAAIS A&

. 7BE}ule] AEA FAS wfet 22 Ae)she WAlolc
.o AR ALolA o] ARtelAE o2 gAlofof Fhttial Ao AL ula] AalsL,

3 Al whet Al st 2.

2. 4Z2%9] (Connectionism) E+= A3 F9] : w0 AALA st&sty AAS Sof] FA2 o Aol uhAl
. FA2 ula] Maf $A] 9w, O fojE]2 ¥ BjO = Zio] K@
. HBE} %2 go[Elo]A] HEIS AtopfA AA R SHAEEE 7 o] O] ARlo] ofa] W ALEIH Al 1S ols|: 2}
2
o ofl: ool 9} F]O] AMKI-G o] BojEHA "o]d medo], A Jf ety Y5,
ARE7 UFo] Al2e 19o] ARS B1E o7 mofojtt ety oHE 4 9l A

3 x]-o] A QoF

718500 A0 nfet 248 F1 YA

. ARZEle g ARGIUA BAIS b A

. QI7to] shro BALSH afEl Q1AM AT S E5f o] £o]Al
E3t, 31} A2 0] AiZo] St v]olo] F Qs ojat

whabA QI7to] steo GiAZolA Tk of JpchY B 4 ik,
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71 339](Symbolism) vs. 924 Z%9](Connectionism)

Lot =AJ 1B FH2 BPP|=H FHD H=e2| slE
(Noam Chomsky) (Geoffrey Hinton)

ATt 2| =(1986)2f

MM H X|A|(1967), S2id 7|S ot
= bl oMl i el

zAteiofet 7| S oft

—_

Hesaean Neural Networks ...
. SO NSO -
woen | eza [ wanean ]| [wzaoien] [cosn] . I SR (:‘é .
WEA | =00l — = o » " Kadee
LYSA eon wen] [cooo o o “Po
WEBA | =010 = == - » » b
B 280 Yy Y
o ‘aieie oi0i0 ‘8i8®
o oo 000 s eo
T N300 sa it : | "

- . i = » 2 uis ot a .

2] 31E (Geoffrey Hinton)
AWt apol WS BeRlg cietn YRE et a4 o
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AZ71 A AEl(expert system)9] st

> A&7t Al 28 (Expert System) 54 =0 919] XA} A5 ALES]| ZAS siAstAY S U= £7] A%
ANes7]1=
> A7t AAEY £ SAEES Al 7]zo] Beldat 22 M2 Ao ThsH ° F8 olgolr|= &
1. A4 2 59] o &

- A]3to] o] Aejo,
o ST ANE AR 02 st 2l ol

AR STl SR, AL ASe) el 345 B71e1e) 1) At olgc)
 RE AL A A F715H8 S SOl w0l WA fl3lo] Al

ok

Aw7F Al 282 Jelstal faskd wAof] AysiAIRh 2t dstu offtf gt Ho]8 & A 25t T
]

A9 2 A2t
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AL A5 9]

2 (boom)

¢ Ol F R 50 = Q 5K & 3X1H|9] E(Boom)

4213 (deep learning)o| =11 Q= A|70| AI3X} F-of siT
ojct FEROUHA | SHE I
x| CIEDA 2P hisict - QIS AS0 £20] E 4
(956~ |+ O Artifical 8 A ot U 2OV
197014%) Intelligence(=2/3xfs)0l2} - T SH(AMTE 2ol
= BH0| XZOR ARSIt O1FA chRIZ Zo1?

. oIEx}S0| XA TH2A17] §
apxpe | COMSEESHASHOIN| L o0 | seige ol g zevp
(19804~ | A= ﬁﬁ] m':;; e |22 . efgtap Hofud 4 gi= KR
199544 ) ﬂ_"z."f}‘kmq - {27} AAY ;:;nwwr? (XIA| 252

- oIZX|se| Alef 20| i
gict
MoxtE | - BRSOl ‘DYl BB | - TMEEERS) | o ni seagn mos gole
(20102 | AHSS=2 &S3it (Google | - Alpha(io E ol57] 28 HoUP?
~BixH) o| 11240[) - {0 ZFeopd

- QIZXIS0| HIS/E7I2 AU

oA S215tch

A m2l 0.5 O XE=0] SHA}
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b stolut mjed 914
F 12l olojgfo] wiato] u}

19579 A E & (TH=A173 % Perceptron)? &
H{d(Deep Learning, 2006, A=z sl E)

AN o}

a

SHAI5H XOR QAH2A]
= o] & 7A] Q1 BA| s 7

JefU 7] EE A
« D24 (Deep Learning)
o urilo] 2 5502 WA

- ot

(Artificial Neural Networks) TR oA AJAF (1980F THRE 1990 T of] A%

ol tish S 55 Aol T as) AlHA A /&

| Aol el A0
Z2Ey YAEd AT od

%1—
o5
S )
o] = ZJA |0} BRI B

® '50s~'60s
P " APHSER S TR i = Expert System

» AMZA%%(Neural Network) (Deep Leamning)

- Backpropagation
Multilayer Network

:
:

2| (Dartmouth | H
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e : :
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; H
h

H

H

Joomrdy*a
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® '15s
= 7}AIHQIHIAM
(Virtual Personal

1970~ 80

= MYCIN, XCON
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2014 2016
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2) 84, 3) o=, 4) ol
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What is Machine Learning (ML)?

2| H B

p. 22



What is Machine Learning (ML)?

822 HIH|0|E M22 H|0o|&

J

() cutiat tayer
N7
@), 4 rout layer
A B | >
* Artificial neural networks : « O}OID} O}ID}?
. geep nrcteuraltnetworllf]§ E . 77|12 o|2n} &Np?
» Support vector machines , o AL ZALS AL REDID
» Inductive logic programming  <--------~- ' AJS':,'; é’lf Em;» >
» Decision tree learning : Yi | EUE AP ‘=‘U'
« Association rule learning « MZ 313 LHOj| AL2} )2
« Genetic programming * 2050A7tX| SH0| EN?
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HAlIH Y (Machine Learning)yt @214
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190
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ABNEY —

4y e2| s a2l's )

|

olzylega | CNN |
RNN

MEE HE] ol

RBM

/
-
(
S

(Artmcual Intelligence b
~
°|_I_XI — (" Machine Learning fr—— )
eep Learning
AL} BHA S Q1240] 2FXI U’i*'E.‘l Ll cig{Ll
XX 53 UREIE S LEO} AL BHas1O] = 1 o
= Ole Ol 2 X15e.0] A _”' N 01212 43212} H| 23!
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o] ZX| 0] 9] o|A|AJof = AWt Q?

A& 99
¢ Soide nne
® O E 5o, i EH’? 31 gy e st Eeld S eSS E51 AAE (HoJE2) st
> Alz2] 3l E(Geoffrey Hinton): Q1545 ZoHE2d)E /WAt = &4 AR A2 stAL/ZH 8 2FstAt
71&9] ANN(Artificial Neural NetWork)E H2{'d(Deep Learning)© 2 o]= H7Z3H2006 ?7).

|1

> A|Z2] 51E(Geoffrey Hinton) A& AA} SHAN QT ( oF2ll A T 24X A 7] Q]Z]of 2R FH] 7772
MSo] 91810 & S0 Ha{d S o] Alof =H8 A| E(20094).

o A o
“ofxbm] QHEA 1 5HA Lpw e Fofa}”
e Fejdoz A7) B At oanct £ SHUAA At Lte,

EojM He{d= AEstr] AJAL

I

I=!

ER T ER-PY
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d{d3} ImageNet

IMAGENET
IMAGENET Accuracy Rate
Accuracy Rate 100%
100% #Traditional CV @ Deep Learning
@Traditional CV ® Deep Learning
90%
90%
80%
80% 0
70% o S
‘ !
60% ®

50%

40%

30%

20%

10%

0%
2010 2011 2012 2013 2014 2015 -

> 201090 A]AF= o]o] Xyl o1 Al AXITH3] (IMAGENET: Large Scale Visual Recognition Challenge)
o Az2] o] gl geid swel A3xl 5o 2 0124 )

> 20139 B v[A AEFE Q191 DNN XX & APt H & FHof| 7|92 LL=0] 4,400%F S = 0f
2 ol% 2329 Yol EER

> Fejgo] 57t & 0] T AE0] uau A= Hol =7 . 20173 o] o] tjg]= oA,
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https://namu.wiki/w/%EC%BB%B4%ED%93%A8%ED%84%B0%20%EB%B9%84%EC%A0%84
https://namu.wiki/w/%EC%8A%A4%ED%83%80%ED%8A%B8%EC%97%85
https://namu.wiki/w/%EA%B5%AC%EA%B8%80
https://namu.wiki/w/%EA%B5%AC%EA%B8%80%EB%B8%8C%EB%A0%88%EC%9D%B8

orn} 17 (AlphaGo)

> O|u] 2 S5FARH] A (Demis Hassabis, 1976'A4H)
"BOFRIE(2011), F= HEHANAN Y
- +=0] 5 Fefof BuRQlE 142014 1827%)

> M QEU} QE A3 5, OF Al2015) B (20| Al 7]&-S Aot 3 1)

» dntyl vs o|A|E, 4=10)|A] Lot 10f
® 2016\ 124 & "Elo]A(St=19] HIF AFO| E) I} "SHFHIE(5= 2] HF5 AFo] E)'Qll 'OLX]| AE]
(magister) @ 'OFAE]" ofo|t] 2 54}
® st=of uhgstul Z=0] AA|(FE) 12 (& 1), Y22 ofobuf FEHFH LK) 5 AlAl Bd= 71AF
2 JU= 605
® DX AE|Q npAE]E 9l Tgfo] =5l Otub 1 o] Af BIA]
o Anty = 50 uhE Al AR 9t ate] thA oA S2fst H 28 (K]'H 2017.59)
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At (AlphaGo)Qf Yofil A=

> %7] dutu(AlphaGo)et 2t A 2(AlphaGo Zero)= = T} @09l E(DeepMind)oj| A 7]t§t
vl= A5AlS
® SHA|T, A Astut st WA oA 2 R}O]

0]

> 5.9 Ato] Al

1. 8h% Hlojg]
._7]‘<_7] O]-_T_]‘_]-_]_
« QP AT vIE 7| E(AY 715)E <5 TIolHZE ARE-
. QIZE] 7|82 Saf 7] Aol uhE Makut A4S olFl B, Ase th2st0] s A
~°‘*qu_TL Xﬂi
217k0] 718 Glo]El 2 A5 AFR5HA| e
. uﬂx]A]—Eﬂoﬂ}\-] 5] v FAIuE &
St (A7 A= 45, self-play)
o Z7] by eto] tf=tof A 100:0 &

L o
U g
J2L'
i)y
401.

2 xp7| "pAlRO] TS £}
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x10

OlZ2XI=sHIY&E
https://youtu.be/VBZu UjwTFE4?si=Q7bdXfchf7HX?21tB
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= L
4 Tojof #H2 ok

. 2 A o i} oflolE] o] B2 ZAs) oetut o] 2 st st Halid (A1
A2l of A 2] Hopol A ALRE = Helid BH & sh
2101, 241 AL, A10] Qe =0l Alglo] ALS

» attention mechanism

L ERAZH B1e|EL 7]E0] 8k AIZAURNN)OLE AE 2 AZAHCNN)IH= Za], ofeld )7
L= (attention mechamsm)o A&

- OJRIA HiAY S A= =79 2 ©of
= mlorsl . wodo]iL} MA] E0] AFoI S A
K}Oqoi A2 Fofof|A] AgdH 2] I Ao,
7)1 E0f= AFA o] A 2] FOoRo AT AFRE[ QI O L} o] & HFE] A FO7HA] &4
AR = Ao 2= (LLM)e] E)

%Q w0 mje} 7R 2 Hojsh whalo 2 Bajo] ofn)
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https://namu.wiki/w/LLM

Attention Is All You Need

Ashish Vaswani®
Google Brain

avasvani@google.com

Llio

Transformers

Large Language Models

Noam Shazeer*
Google Brain
noam@google.com

!

Niki Parmar*
Google Rescarch
nikip@google.co=

Pre-trained Model

Generative Al

Few shot, Zero shot--

training for 3.5 days on cight GPUs, a small fraction of the training costs of the

Jakob Uszkoreit®
Google Rescarch
usz@google.com

best models from the literature. We show that the Transformer generalizes well to

other tasks by applying it
large and limited training

successfully to English constituency parsing both with
data.

Output
Probabilities

[ Linear |

.
(o o )

Feed
Forward
1 “\ | Add & Norm |::
fod & o Multi-Head
Feed Attention
Forward
 —

7 é Nx
Add&_Norm

Nx
f'" Add & Norm | Masked
Multi-Head Mutti-Head
Attention Attention
= =) A J)

N — & /)
Positional ) @ Positional
Encoding Encoding

Input Output
Embedding Embedding
Inputs Outputs
(shifted right)
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A 9lo] =& (LLM : Large Language Model)

> At Aol 2 (LLM : Large Language Model)

® CjF20] BlAE Co]E|S shsto] Qlojo M sl CLOFGh AFQLS 2olel & Qi AFA|S D
o xllo] X2](NLP)o] wilo] st 982 51, QI7ke] eloj2 ofaf5t st o] st 452

2]

> LLM9] Q9 &7
® U5 oj2tojg e} ojojH:

1. A A~ 719 ool B & 7HA] AL Qlof, st Bl A E Ho]E|Z s
2. olg{gt st &oll oo &, &1, 2Ju|Z Z1o] o|3]
® kst &g

1. BIAE B A A, oA 22471
2. Y AbE A AAHL
3. ok 1 =32 {143t YEj= g
4. g3} Mo oo]HEx &H&

> E AR of7|ElX] ALE-
1. 280 LLME EaiA T (Transformer) &9} of8lA HAUZE S 7[Uto 2 A
2. o] &2 QI M2 o]sli5t= 5 o] Holuw, {l HAENME 5 Q5t JEHE &5t b

p. 34



A Ao md (LLM : Large Language Model)

> At Aol 2 (LLM : Large Language Model)
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