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Artificial Intelligence) ?|&2 SMH L2 F(algorithm)| HUS Soll At FAt
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« [BEO| = O Blo|E BR] HojE gOo|E BrENol BHS S8 BYHE 4 It
QABE HIO[EIS XY A443te ‘GAN' 5 HIA|

O O} 2SSl
=2 DEN AechE g

A GA(LME) 5 M

0 BRI YTAFS FAS SAYOIE BTSHT 0[0] TSt HTHS R B2 K2 &
OHLYT QUTHs oM, MZ2 JI40f et XSH Bty U AX| Xgo| 27

O USKs 7182 &8 7% HOIE ART T S 2 AN L12|F algorithm)
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X1t Qloje] QIBA|SOR WH
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+ 2000AG7EX| HZ7t Al 2B (expert system 594 RIS Zlee Q20| 2S00l 2 A
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XA OHEQ] o4 E 522 Q5 X1|°._p£19§ %%

- 59 MBY(Deep Neural Network)e SH5ohe /' (Back-propagation )2 ZHE I &7
CNN(Convolutional Neural Network)?, RNN(Recurrent NN)* & “El21'd(Deep learning) ¥ 2|&

50| 58, 8T HIoIH ART IAS ol 2H=E Feix|7| A%

- QIZHYY XA Of'r_| YY2oks AR eSS MESE2EM, 7|APt HolHE ol &

2 2}
AR XA 25 tEdk= Q3Als AltiE XY — 3= Baidul S84 71=(Deep

Lo &G MRS 2XHerror)E E017| ot £ (output) BAIM L (input) B AYFCZ FX0|H IHFXE +Hohs YY

2 ‘Object recognition with gradient-based learning’(Yann LeCun et al,, Proceedings of the IEEE 1998)

3 ‘Long short-term memory’(Sepp Hochreiter & Juergen Schmidhuber, Neural Computation 1997)
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[# 1] 78 Y2{d(Deep learning) ¥nE X U A
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_X He

- - AT HPY AA”S 2, TS 20[0](layer)2t TH=2f QI
DNN - O—" | & wdlneuron)2 Zefdl SZ0 el 2¥et Its

H
- Back-propagation(@xn}) H#HE ol 059 AMFY o
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o>

og she FHERA

2 2|0]0f(Convolutional layer)' S Mg, [O1X] X2

- OlO[X|Y E¥(feature)s FESH= & =
X 0
IAFO] OJ0|X] 14 (image recognition) 3 27 F2 2§
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CNN

- U (input) =AM (sequence)S 1:116}01 ot&de 2
- OAXHY] AHZO| 2UAHQ HH (state

RNN 215} =}
- HIO[HQ] &M7} Fvt A HE 24 G A0 X2 50 &8
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[2¥ 1] 718 £ U3KIs ¥r2lE [23 2] Baidu ‘Deep Speech’ AlAH =

Advanced Input English Output

audio text
A )
Transfer learning

Reinforcement
Deep learning neural networks(e.g., feed learning
forward neural networks/CNNs/RNNs/GANs)
J
RNN

ow>

CAT

Spectrogram
[ @cocoocoo0o00
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Dimensionality reduction Ensemble learning(e.g., random
(e.g., PCA/tSNE) forest/gradient boosting) (

A
=
Pz
P
pzd

Instance based(e.g., KNN) Decision tree learning

Input Mandarin Qutput

audio text
Traditional

Monte Carlo Linear classifiers(e.g., Clustering(e.g., k-means/
methods Linear discriminant/SVM) tree based/db scan)

o |

Statistical inference(e.g., Markov process  Regression Analysis(e.g.,

Bayesian inference/ANOVA) (e.g., Markav chain)  linear/logistic/lasso)

Descriptive statistics

(e.g. confidence interval) Natve Bayes classifier

Spectrogram
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Xt&: McKinsey Global Institute analysis Xt&: Baidu(2016. 2)
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i O|OIX| & AtE9| BR/E U3=(object localization) H7Y
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- Jle Y 201 U el &84S Soll HHI0|ARL 42 XHEO| V50 ADLE AL
?{(smart speaker) & Q1JXE MH|AL 837t HIEH| =t
— Amazon?| 23X|E 7= ‘Alexa’E EAMfet ADE AmMZ{ ‘Amazon Echo” &4| Of
< 2'd 2tof| O]= AgQl 4,7302HF0| ADE AMAHE O FQl AL=E XIAEE= 5,
Amazon-Google-Apple & 71t IT?|¥S0| Zdsts AR 8%
— EYY Yn2F9 80| HFEO T2t FH 2ty

CH5HOF St= Xt&F W XK(self-driving can ] o143t 7t S

[2& 3] o|o]X| QAo d& MM Fo] [23 4] MIE 238 ADE AL7 ol YIT
(RS, %) & (Ask a question)
) . o AE2|Y A|A
100 VO e e i st
95 I S Efoioi(Timer) &%
, 2102 53
90t I 22 (Alarm) 27
: SAHH
85 | I Q) 9 AULArAL
1 22 YA 2ol 285%
80 ofZ2p0L AL ool o
: o12t0| 4t 2543 2o e A8
75 i g} e
: 10’35 Al A|AH OIE{uIEr K| 2% 1% W2 A8
705 i IS HES A8YE s
T : UH 2ol 195%
0 . . : . EXH(Messaging) 14
2010 '11  '12 '13 "4 15 'l6 17 AZ o B
Xt&: ImageNet Challenge Zt XI&: Voicebot.ai(2018. 3)

O 2 J1=0] £ Mo 2 TS UlXl= "EHAE J|=(General-Purpose Technology) 2 Q!
=]

skls
AT, TEL OfLfet A0 (retai) - BIHO - 56 & IS LUHAM Z1s HE Al S7t

- 20179 327| A7 AX YH(eamnings call) Al ‘RIEX|SO] 79134 AES EHE 5,
LSOl &AMl CSK IS 71=0 Hiot 2o HX = 2

d
i)
o N
1
il

— McKinsey®= &2 2042t QISXE 7120 OPHIT - S(L4z g2l), SeAtS(supply

=
05X =), DZMMH|A 2F (0.2 g2), K- IT(0.2
J I

c
(computer vision) 7|&2 28, X ZENA MO A%Z XiE

=
FT A0iQH Ocados 81 18MH OJHAS] 124 2 24, THAH|A DEs}

> ‘On earnings calls, big data is out. Execs have Al on the brain’(CBInsights, 2017. 11)
¢ ‘Notes from the Al frontier insights from hundreds of use cases’(McKinsey Global Institute, 2018. 4)
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= Y & % % BA 229 JHUYM T-SY, XSAH- 25 LY
y

— Z2Y 8671 LU QsKls 7|=0| Y2 3EZt U= 34% 37t HIE 39% &4
UL 7192 J|0f (UBS Evidence Lab)

— Ol[XIHE(hedge fund) AIFS TEE MO = =012
XPHERS XhEstste BE HE(Quant fundie AH20| QYU
F9| Loo=7t2 Lot James Simons= BilX[HE ‘Renaissance Technologies’

S Y, Uz X2t 58 QAo A8ElE AUSKIE YIes FA TE| M= ¢

ASX|
o

rr ofr

o - ir X
[23 5] ¥38 USKls d&E U TF &X [28 6] SIXIHE Xt5REY(net flow) FOI
Future Al Demand (2 32t Al £Xi12 st 100
ur — %0 HE HE (Quant Funds)
2 _ Laading sacto
» Dot M H|HE HE (Non-Quant Funds)
\ghk‘achand 60
0 telecommunications (BEH QQ! |:E|»E1)
9 40
8 ® Transportation and logistics
7 Health care 20 .
. Travel and tourism ® Y Automotive
® Professional services and assembly 0
; e Erom st | 2015 2014 2015 2017
4 Consumer packaged goods ® ® Media and enterlainment -20
® Education
3 -40
2
1 ® Construction -60
00 2 4 6 8 10 12 14 16 18 220 2 24 2 28 3 3‘2 -80
Current Al Adoption (AI7|& =9} 9lAt HIZ) -100
Xt&: McKinsey(2017. 6, 1071= ZFT!I A Xt&: HRF(2017'32 9E7X|9 HO[H)

- 59l YO|oje} Tl FHo =z FgEl Q1FHE Y (artificial neural network)E &k ©
2ld 1 E 52 8P| HdMeE FE @m0 EXoHs U™ ot HOIE7 ER

— o' YnYEE 240t +F(relatively good)Q 27 (classification) ‘d5= 7| HIoH
M= 8 JHQ HO|EPT B0, At B0t 30| 55 U 22t 71O
HolY 28

— HER9 L2F0| Y Zltgrol 2F O|FE|00F Sh= ‘K| =8k& (Supervised-

of, ‘&0l EXSt= HIOIE (labeled data)2] 227t &2
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MO

7 ABT 30% Oy +AES 159 O X|&Tt ‘Medallion Fund’ & 28&. ¥ 5009 22{9] AUMSZE MA| 49 SIX|HE
8 ‘Deep Learning’(lan Goodfellow, Yoshua Bengio and Aaron Courville, 2016)
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ZB2fetE& (Reinforcement learning)]

== Reinforcement learnil
== Supervised learning
= AlphaGo Lee

- J|2E St

(2018-42%)

=0 XA 0
It I:I_I_

W 4 (reward, of:

I-_I_E-lx

£ (WS x, 22t y) FES HIOIE7} FOIX|X|
FA
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=Nk
giss 2

SOtX| & HHEE OtAE{SH "AlphaGo Zero,®

DeepMinde Q1210]

= &ofl T2t

OrS0] th J|E(CIO|E)E H
HFS %[T40
_EUQIEH-O orzy S Cho0

T — Ry

| 2016H OlMI=
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0 10 20 % 40 5 60
Training time (h)

[# 2] dlole] 32Y o|g o|o|X|

P o 9Bt EHE t1|0|E1’7rzg01|A1 BRI

B2 Rgs (2 7] Boets TN HEWI AY s

51 QlZX|S A|AEIO| 02 BHO| A|H%EQ (trial and error)S S}
YOI AR Yok EF WS (action)= &

C N5y
SM HAO| Aot = &' (optimal policy)= SH&oH=

otiete,

OIX|, HaFstel HAt

GoJEl ¥ 10 20 100 | 200 0 5
| (Brain) 339 | 4571 | 72.82 | 98.44
2 (Brain) 30.63 | 79.97 | 99.74 | 99.33
ofi(Shoulder) | 21.39 | 69.64 | 95.53 | 92.94
Jb&(Chest) | 3445 | 6253 | 9525| 99.61 21 wmsat i
hAbdomen) | 525 | 5540 | 9L0L| 95.18 | 59a - wes hie pas am im0
ZHPelis) | 1.15| 1599 | 8370 | 88.45 9 9 i

B 1737 | 5154 | 89.68| 9567 ' G ¢t i i EEEEEEAEEEELE

Xt&: Goldman Sachs (0(¥

- JPMorganQ TH| E@"(i% Az c) G XF HHOR MZA o/ AQARNAINEA
H|210)Z A|ADHEAS B2 HOotE XM A2 MefZ st Hatets
7|8te] Ego|d %134 LOXM™ {1l - E5| ThEo] 4 OjL7F HQot BL
A0 O|X[= S (market impact)2 X|azftO 20 EXIXIQ] XHef H[&S S3Eh|
HIX[0F= CHY| EFglor gt

geh)~100(8=) Xt&: V. Minih(Nature, 2015)

° ‘Mastering the game of Go without human knowledge’ (David Silver et al., Nature 2017. 10)
0 OjRol F22 YAHLZ dalieh W TYIK Aoty BN 52) e MER dd7HE SH(S7H $2)2 Qo HIE

L O

11 “Active Learning in Trading Algorithms’(JPMorgan) % ‘JPMorgan develops robot to execute trades’(FT, 2017/7/31)
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[2% 8] JPMorgan2| Zuiets 7|8t

EoIFY AMA" TLOXM, e H 85

[ Z&5tE&(Deep Reinforcement Learning) 7|2 E2O]Y AJAH! ]

el 214t 14,
Wt 2y
- B ATYE
(Bid-Ask Spread)
Current State | W3 EY Next State
Order (&/’87%t, v, T) - =1 G
(v, t) - A HE o8 v, t)
(Completion)
- A A8 At
APMFXE ZAIS (Order duration)
TAIZH ooy - A 54H8
VEX-T=RES (Market |mpact)

| W Eo|Y AAH (ref)

0.01 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4

[ E3lOIY AARE 2l bl g H|R ]

BBt 71 A2 (loxm)

7{2@ | (Percentage of Volume)

Xt&: ‘Active Learning in Trading Algorithms(JPMorgan, 2016)" %!

« [GAN(Generative Adversarial Network)] &X|2t H|=3t GIO|HE

015 St 49T Lo HH| EOJES PEsls
o St 5 SAO MAE 4+ U F2IFE

— A2 0 QAR GlOJEIS XU A 4 7| 2o,
YO BET TRYOIME Sl Tk~ O]

X GANS S8 AT OL712ier RASH ARIS Ch 444,

o o} 74513

Qraft Technologies= GAN 212|ES &6l & A%
2 Lo ot 2R ZEEQRE gok= ‘Q-GAN

BH (Discriminaton) = 34

W4SH= 22 (Generator) 2t

AP, & 2

JEOl Efot= HO|E 9

(fraud)Ofl CHSF GIOE{7} BEot 420

FDS(0I

1SS 8 HHEXIAAT)

U A% TEZ2|00| £4

S5 Y

[2% 9] ‘GAN’ YmaZ M8 [2% 10] Qraftel TQ-GAN, ZEE2|Q
s T
NF 37t
HH EXtYE I:‘I|°IE1 & =)
W EEEIYR
Tges
= InputData
| ——— Correct :
———————— ?
o G U
oIE > M O x|
HolH Discriminator L L
v : . .
Al S EmIX| Jmelx] . Fine Tuning
e TR Noise
JFALL X}&: Qraft Techologies(2017. 9)

12 ‘Generative Adversarial Networks’(I. Goodfellow et al., 2014)

13 ‘Generative Adversarial Networks and Cybersecurity Part1/2’(Securitylntelligence, IBM 2018. 3)
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- Held & =t 29 AEAls giEEE2 TEE 20| 24 Y He 52 ¢
S| HH2 ‘SHEA(Black box) 1 £¥S IHXIER 7Y 2E Al 2 HefaLl

5}

00
r

O-l'
ot
S)al
oo

- UDAABY IO HIHE 59| FHEE PG, w29 Of
A

(interaction effect)S IS | OfF7| L0 SHAH (interpretability)2 OF

-

- B BHHY 5 MHIAL] BHY L NRLYO| OIS Fadt Mgle] Qo= YTe|

— —
Z0| AR vl Zilo] T 2 Sof TSt MW B M 97 — 231 5Y 9

ZHO||N A|SHEl GDPR(QEMHOINE e58)152 Qr 2| =0|| oSt
decision making & profiling)®il ol 2 2+, 0|9 A

[ 11] siMS vs. L 7IF YnalE Hl [2¥ 12] DARPAS] TXAl, 7H¥
[AS-IS]
® 2| A4 (Linear Regression)
O|Ef = oo
@ 2N Z YL Decision Tree) HoE - AE=23 et 2n
2 o Do o|O|ojK}= 95%
3 o O o| &t=2 Q0|
@ @ K-HOIR(K-Nearest Neighbors) SHET ama ¢ =8
= CRETENuESs
2 @ Y Z A E(Random Forest) EECuNER . R
= EME S R
T Bfzaafiaces roat
o _ CERGE s ] -
5 @ sqzEUER Secedschl [ :
(Support Vector Machine) s =] A o =xF 24
® osuzy A o A e/l Expeta
(Neural Nets) I : ;.)ﬁﬁﬁ Q}Z o R 2ot
~ S0t 95%EE ngo”
0| % &= (Accuracy)
At&: Ansaro Blog XtE: DARPA XU 2 8EQHY x{olg

(o143 23t 2Y] OE2Y

o =
= O =
ot= EH(Surrogate models), @H+2t S2XEE Meloks YA (GAM), OF+E 2780l

- @ 2l 5 WO 52 UL SO TET ZIRLE SN SAZBUR 5
842 =2 BY(elRH(surrogate models)?l AW TG, HlY YT2F0| &
E0t Z0fo| tfgt 2 I BtEg el
14 ‘Deep Learning: A Critical Appraisal’(Gary Marcus, 2018. 1)
1> General Data Protection Regulation: AtAQI0|| Ciot JHOIFES Hdta JHRIFPEY XAtR22 OlF I &E2 BF
16 “|deas on interpreting machine learning’(Patrick Hall et al, O’REILLY conference 2017. 3)
KBa8XF 3314
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- @ g Hads St 1XR0 A2|ES MEot 2 O|F G| YHIZ F2HGAM
Generalized Additive Models)2r Q. ZM B2t M A S 0LE HiK[SH A X117

1 ZaZ0| oY ISHER| )
3 g0Ig met ~ £X R 2

[} =
SHe|X| Q41 SASH| ZE 715 (Local-Interpretable-Model-agnostic Explanations)

[23 13] th2]2%(Surrogate models) 7H& [2& 14] TLIME, ¥2n2lE X8 Al
[ ElolE ] [Bogr=22¥]
;D B4 DT HE Y g
s —!‘E XCH bk
i%% 0 018 Fgo 7 & A "~
ooz 1 042 834 10 =p h.fﬁ
LA 0 011 =% 10 X3 & =
=] ol
0 021 =gdf 1 X Q& o]oIx
2= Ojnjx| =E 0.85 0.00001 0.52
[ cllolEl ] [Sid =2 2¥ ] P(Hi-a) = 0.54
. olZA DTl EE K "
=2 047 | 018 |78 7 éo oo S|4 2 7t2q7l S22 BT O[o|X|2t '17.,A+0||A1*4I1|E_|a
D 082 042 234 10 =p OAEHLISD o L beo| ole 50| = o
| oETentEn i 220 20| US U H7Z £FY &4BO| F7HEsHHT
012 021 ZFgo 1 s i S O 9 022 A4, ‘D=t &0 7H-_rlE'—I 279 Q0
Xt&: Patrick Hall et al.(O’REILLY, 2017) Xt&: Marco Tulio Ribeiro et al.(O’REILLY, 2016)

S8MEE 0I5 Fek dde S +AG Mot =2 HFH0| Y|det g
Mot SA0 215 e
K& Lal=50 B2

o
AMEHITE Y (Credit Scoring System) ZHA A, S{MH =2 QI

=

[
Al
I_|:|

O A8t 7|1™ FICOY "Reasons Reporter, (Xt2: FICO Blog)

-

r"‘m — oo O3 O 20| &85t U8E7HE+E Msdhs FICOE a3y
o J18rel AMEFEIL U O|YFIEHHEX| A|AE(Falcon Fraud Manager)&

Heotn, Wot Zojol Mug 20| 9Bl LIME LualEe M8

g

10
2 OIS7IEA EAl Al O 2

ro

‘Reasons Reporter’ 7. .87t gl
O] & TS OI/EX e Its. oM =2 QlsX|s L2 E THE:

—

= o
EXIS17| efl, 0] 24 Sk sH 28K 58 XML Challenge’ 7HAl

mjo

O oks 2HO| YUY} (Generalizability of learning)

8 B HOJE] ANSIEEE e OIBAlS RHE £40| [AfSH T2 Foof X
=]

E
&(generalization)ot’ | HE7| ZO|, 2 M2 2FS JHLBHOF St= Hlzad L4

17 ‘Intelligible models for classification and regression’(Yin Lou et al, ACM 2012)
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2he £ HOM SE3 XA TSt B0 2 BRY 4 Y
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@3, gy

’

= L
[ =] o
Hzo o4& ¥

=

XSk Overfitting) =7 |

— ASKSs Fo Al 7|E0| StEE XeS 8ot kg PgoM 27&= Ho|ELY
URY HIg2 eV[Hoz Fofet £ V| WREO|, X|52| O (transferring intelligence)
oM B - HISS HESH DeepMind

AlphaGo Zero=

201 ATEQof

—

HE USAls 28] O=F

SH&(Transfer learning)’, @BlY G0 St=

(Meta-learning)’ & S 7142t

— O MOletE" FHZH FAFE (Similarity),
St 7|12 FY(source domain)Q] X[AE MZL
Aol E50] SHA| XHetE(R
o

) =
MY & AhEasdla Het HE Xeas U 45011, T KU 21T
k=1

- @ HERIE: T
Bl AMAS M -
A

o= ‘AutoML’ AB|

um
>
>
10
Uy
L]
Ho
M
(1]
paL
0kl

O AGH Algi=

A5 UE fAF SH2Z O1FHdH= Ol
ASAs ML SAE Arsefols ‘HERHS

e CE-TE

B (target domain)2

22 g (Relationality) 5=

~training) = Volkswagen2 A4 &

S =

D

oogle2 HO[HZ ACH XE22 Hed ZES AR

(GCP)2t &7H Ais

[23 16] Google2 "Cloud AutoML,

[ MOISk&(Transfer Learning) ]

3t shA o
(Training items) (Training items)
0 0 0
0 0 0 0 0 0 000
0 0 0 L
ste
A28l
BHA A
[=] [=]
A2H AAH — | 3

GOl A== Y
Y& 282 (labeling)

& 2

223
Ygo|E

2935 9 ot

Cloud AutoML

Fd
-3

Handbag Shoe

A R
o B4 s

Xt&: Sinno Jialin Pan(2012. 5)

18 ‘Deep Learning: A Critical Appraisal’(Gary Marcus, 2018. 1)

Xt&: Google

19 *Mastering Chess and Shogi by Self-Play with a General Reinforcement Learning Algorithm’(DeepMind, 2017. 12)

KBE=8XF 3g8a+14



KB X|& H|EIDl (2018-429)
~ 2gOASS GO BRe ¥H W ot SO|N AT Shy THES HOJED} HES
o:fe} x

—1
a
THOZ TO|(0f: 2o ZME Go|E| £ St M AAY — Moy #e)ohs YHO| £F

O QaXls Lg|EL X0 X (natural language processing), O|O|X| Q1A & H7[Z2F A <]
=

URISIFOL, 7Y &8 Al 00| B2 SHAIEO| EXY
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e
In 9
Ir
4
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|.|-|
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Google, Facebook & 7t [T7|¥S0| 2EXI5S
off Gitiot XAigE FoiY + Us A2l ANZRE AR2: 2F9 FH0| 2| A&

- JefeHS-GAN G OlZ{ot SIS oiZshr| ot QlsXls LY ET Aot E2HL
Ofd — Zofers0| HNzZ 2ltE U9oP| fiBhME ohs 280| & 2tgel =8t 2
Q=S & YrF(representation of the real world)SiOF SHH, GAN &2 &oll ‘&8 El 7+ O
DIXIE Sl oFaY 49 & HIoHE Sdl oF5%t QISAlsE0 450! Mot | & 0

O SBHR2F QISX|E Zla2 XY oHfE 242 S=051H OfS HHE £ YHSHL QUT=
oM M2 12 F0f et X|&£X ot 9 ME0| 2+

- 2016 YHE O1ZX|5 T =22 108XMAOR 199614 O|L OHff O[AF Z7Hst =2

2 28 +2)UCH, NIPS/CVPR/ICML & 2 ML MK 22 G330k FM2 -

1998'F 0|2 Google(39.02 %a)-Amazon(&M g2) 5 15709 O IT7|¥E2 & 86
o FAHE FALH 103709 2S5 AEHEYS sl

=
5 JIYSE HIAH FX

|o A4 (‘Borealis ANE AT,

« RBC(Bank of Canada)= 2016EHE ZHUCH W 3742] @l
L QXY FYUZ SOt MEN A 8 A7 N8 Jed

(ML |

<MAALR 20+ (yeigoo.kim@kbfg.com) B02)2073-5764>

20 “Driving in the Matrix: Can virtual worlds replace human-generated annotations for real world tasks’(ICRA, 2017)
21 “Artificial Intelligence Index: 2017 Annual Report’(MIT & Stanford, 2017. 11)

22 “The 10 tech companies that have invested the most money in Al'(TechRepublic, 2018. 1)

% ‘Non-tech 7| 22Y FYAMY Al =2 A (KBEEH T4, 2018. 4)
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