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Abstract

A Study on Social security Big Data Analysis and
Prediction Model based on Machine Learning

Project Head - Oh, Miae

In the age of the Fourth Industrial Revolution, we predict the
future by linking various kinds of data. It creates new knowl-
edge and values and forms a framework for establishing and
enforcing better policies.

The core technology of the Fourth Industrial Revolution is
artificial intelligence and big data, and the continuous en-
hancement of algorithm performance through Machine Learning
based on large scale accumulated data is an important source
technology in all fields. Machine Learning is a field of Al that
develops algorithms and techniques that enable computers to
learn based on data. It is a core technology in various fields
such as image processing, image recognition, speech recog-
nition, and Internet search. The results show excellent per-
formance in predication.

In this study, we study the characteristics of Social Security
Big Data which is being produced in Korea and study Machine
Learning statistical techniques. We will design a Machine

Learning-based prediction model suitable for Social Security

Co-Researchers: Choi, Hyunsoo-Kim, Suhyun-Chang, Joonhyuk-Jin, Jaehyun-
Cheon, Mikyung
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Big Data analysis and present a methodology that can be ap-
plied to evidence-based research. Machine Learning-based
prediction model can provide a basis for presenting academic
and policy implications by contributing to the utilization of da-
ta and making various analysis possible to derive new value.
Machine learning can be applied to the field of social policy in
which vast amounts of data are accumulated, and Machine
Learning-based statistical analysis will be able to approach the

predictable customized welfare.
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(23 1-1] HHOEE Set SAMAKH 2=z

YO[B & STHARIAICH 22

<>
— o A e
RO S

o|SH| ICIA|E
1370 7| =

(238)

AL

2{G|0|E

S Ch==cy
U= At

A BAEAR (2017. 1. 9). HAEAF 2017 3837 A H=A&. p. 5.

E3L obsd] de S FsiA AAlotss =Y
(171oFsEZAIARD S F5(2017.7.~)5 L Q= Aot fi7]oks+d
AL A712A, AFHA nAdA] 59 Hgo
s loks= 271 =g & Qe ALHlR, Ho

F2olH, ZIAsks ol 7IitE & dISEgS A8 ¢

| % Qe AAE

o i
ML
%
)
o
fo
et

(28 1-2] fVI0ISE=AILE

ORSEICH HAAA|
Ao M

0 clETRAA Bs i SO
0-8-0 - SME ExjsiE &4 @ s A @ Iliiﬂtﬂ E%éﬂ%
o IisYET VE3YEL Mfziz|

Az BASAR (2017. 1. 9.). BUEAR 2017 F2YF AY B=AE. p. 5.
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iyt et @ oA = st A, FE7F @Este] obs BEAE
95l FAglolEll 2Et2] @ opsst] @ HHQl Ho|E A AE(Ontario
Child Abuse and Neglect Data System)< &-&5}o] djo|E& E43t
A7} Atk(Fallon et al., 2017). 012 E3f LE] 239] ols Ex] A

]2 Al Zoll Bt £ 7IRE RS AASIAL oks Aol T3t 29l
o

J2 T A4S 9e A olE FAHY AREA HHlolE o] &
2 A= o] % EA T oA o] Bt A7HO'Brien et al., 2015), st

ESAAE9] A50] TR A4 (Britton et al., 2015), W5 A0 A7]4
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&2 AFolMe A oA AAE AL Sl ARRIEA HElo]E 9] 4
< 1fetolal 7| AI85(Machine Learning) SA171M& A0 22X, A
B4 Hlglolg &40f ARt 7| AlSks 715t 5= AAskAL &

7|8Kevidence-based) A7l 28T & U= WHES AA
o 71AIsks 7|9t alEE g2 lolE o] &8 7Hsde #0lal TR
AZ 7FsSH sto] A= 7HIE =5k Hl 7191 4= Ut 714
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o
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[
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012 9= A8 ol B Al AT
AR 0T a1 7MsT wEF B0 o] T % QA

O

H2E A31UE Y
1. A7 L8

o] AtoflA= AR HH 0B e}t ZIASE JEE AolskaL, 1A

5 7ol ARSE et &8 ARE AT EL, Al 71A S 7ol
2+l & 4= Q1= g8 Y (Deep Learning)ol thafl Lotx 112} gict. 714
Sk 715l digt o]24] w7 avlet 7 P EE A Hlas] &
ok 71Aes 71 A8 dSEES B 5 e J
HE I = EA| W E S 0|83t S H g AlEd oS B3f o
B2 8- A G2t Ao R, 7|A ISk 71 283 ¥
Y2 Fo] AR golE F 4 B thFolHiux) itk &2
HiAEs 25 6719 oz /4= of

2 834 A4S g8 -9 ERAT, AT 2 AXE
Apm B, A ok ARAS B3 ok not 5 Thrst ol 2

mxo;—t
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SA7IHO 2= Logistic, Elastic Net, Boosting, Support Vector
Machine, Random Forest, Deep Learning< ©|-&3}0] Z} HFHEO]
gt AlEd|o] A= AAISHAIT

glofe] Bolp Aol ML R AN AT FFEA NI L N85
of AR EA HlH|olE|oF FARE £ 0= Hloly 15 & F42 SH3I






7|AIgk&(Machine Learning)
Y/ [ER=IR-t=R\E!

O x< 20

AE Atel=d 80 & 71ASkS g g
H2E 71Aeks 718 22 At

X3 Helid(Deep Learning)’ | S& &4






7|Al2k&(Machine Learning)
T L S Al

a0 X 20

M2 Ar=l2E HH|o[H H 7[AIskS 708 Ho
1. ABI=E HIGI0JE 74

Ar2]HA HlE|o] 8 9 72 ALS]HAgo] 7 ofof whef ALg] K Ago] g
Sh= 999 Helet #Ent HHolE = FP ol et g FTlolH =
U= $ oy 35 dojE(behaviour data), °]7|X] H|o]El(image
data), 22 d|o]E(social network data), A4¢1°] d|o|E(langage da-
ta) 5= HHo]E 2] ol ZotEt 7 AS<E 712 AP HolH &t
ofye} HIAFHolE N E £ Ho= HolFa =T, o] AFtolA
+ HldolE 9] HAAE FF ol FAHo|E 2 Hgste] AW HE A}
Sttt wEbA ARSI A BlEolE = AR EAT oA A4 B FEE
oy B vlHolE" = A ojd 4= Qi

o|= AR EA7IEH A3x] AAIE AR EAS HoE 2AR A%

g e, AMRIEAF 2 4t O A =9, AN, 29, R
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B 97 Seo] AL o] olele T HAPTS BT A
2 A UH= AEA320) 3% OJnfsict, olof njel AslmA Hgo] e
Mol SRR 57H4 A RAFUAF, AFHE, iﬂli?.ﬂ
AR, 7] 21 E) Azl 2ojnt BAE PYeole, 12n
ZAYRAAE 5 TRt FREIAE 297 Bste] 751 oxg
o8 g X3
ol AR BFEE 9ol Aslng delele] A B el
2 9 ) Qlol R8PS A A & 4 Uk A8
B2y 2 F7h AR A 8 Rk 5] E8o] WAt BE Sl
B, BACR, WY, 18, 5, B3}, 37 59 Hopol A irhe A
Po RS A LAY 52, AR AL, B A4 olg, AF )
o Aol A9 52 Fo 09 40 Ho| FYHEE AUsks A
E2 JuRTHARRS] 4). ABAEIA AL 20134 AR R
of Aol wet BgEigion, olo] et sl Ae] Y % Mele A
53 %x]xgiuq Qo ofuje} Sulo] sfo] At Pl choret Hofof
A ARE T G FAELS TR AdoR D 5 Urt
olst S ARV MBI At M9t 4 U BEHT Ak A
2 AR AJ32ze] AN Y A, S U BESE ASlR
YEAZ B 5 ek ABRAEAL A58 EY] FAH A
sln Hobd AR WA BAE voke 4 QES Hol IHRE e
Sfo] AAFOEN, FHER SolF ARG +ET FAIFL 47
VLS UET JALYS A3t 712 ARE AT 5 YEE AT
e mA o Stk AREAFAL ASH R 24 F4 4 7t
% AA7} o] ol Mo} shu], Selutete] ASlng Aefot Hopd A
AT 4 LS G9E 72 FAXES ERH0R S45e] 1 &
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Asetrte SHAAM Fae AulE Adnt. AR Zofet trdd @
FH A AR, 2E3 A Y-S SHSR AR RAEA Y] HAE
d7gstal glom, FF /\ME JoA 7= R AL A% s st
of Zt A1 ;9] vetd R B ol 52 A AlEskal leH, olE &9

=2 osfE =L -

(08 2-1) NSNS 20 M5

ol 0!
0l 2 e oKD QI o At
ot ZoR2! ExIAH|A
Qe ool 22 - 0
okEel MBlE HE oHel AMES
ol =Xl XIE Zohe! ASEY
Riplbst cioset s
PETEETRNE S S PE=T] ol
SRl 7l 2 L0l HZAE
Aol | xipE JIERIZAMHIA rol oz 0|8
23t gn =l riey
=3} Ly (elmay
23t 30f
25t 1g
EHEA 00t B2 2 92
nge|
BR7IE=T
a0 Arg| 9 AL
azze| Fel 2%
& =
g
Dgordy
xfalel 3
ECT
et
Ofuix| AE R
ot x| Ab|
IEPVERY
EMASEE
Ak gl
EIES =4S
Fofclory i EpASEE
L C TR P
o0l
I

A ofEla, A, @S, 1Ao], 4B, AL 5. (2016). SAR Hi= AFSIRA 2016,
A& BABAE S E AAE] I,



24 7|A&&(Machine Learning) 718t AlS|E% BIGIO|E 24 U 0lS2E A7

ot AR S AN A= AR AL g E RS ZXEe® Aol
719 71241 AgEG G0l wetA AR EAGEAL St 9=
TRk, 8 FHEOPERE AHE skl AAF R AlFskaL 3l
ok BAR He AR EA 201674 = AR EAEA ] JHoR 71,
oFz-1=914olQl, He-18, 22, A5EAT HIE A%, FA, ouXA,
37, 23} A 5 117] Fofkg E55te] FL/4dstal Atk o] AL F
= AR EA Fofo] BAPA Sz Qlsf Hot SHA 0= o]t A
S HANET FT SAAQ WA ARRlEA Aejo S Hrtst

‘

7] 93t BRe U1 ek
ol Aol A AL3| A7 B o] 7] 25 0] AFElEge] Adt WS A
3 % 9l A, BAEolE] EX vldlo]ElS oJujsl Fr & o]

S ABET 75 R 295 AlLES AREAE S o8 - AT H 5
HEA dEel wet JEAEEAEAR) 2320 AR AR}
ARG A7 | B A3720] AT ‘A HEAR HA|AH (S EeS HAR

A&ED)' o= AojEntal & & ot ARREAF Y A 232 (AR
JEo| A 5) Aol "RAFAE A2 EA7IEC] SaHRe] Al
g 5 FoldE] 5ol Ut PFE Ao ST 5 Y F AR EA
HHALEE Foto] o] 7} 5o Yt AR Tt RS A
3t Qlek 3 g5k 9100, ol8 “AlslR g R ekn A Y5tk Sr.

3) 127 WY, 2T 2 08, oA 5 ARlRggel 8] B AR Eb AN, 2
AszRE A2 e A, A%, 24 9 Ao WEBe] Hag U
25 AL ol e AR i gH, 3 ASRATO] Sold] R AR EE

51 SV el SIS 5] 19 - SIS SRR et o At 4
2 B 4w, 5 Aebgust B WY s He 4%, AYRsE 33
2 A4S ERAW, 24, 24, AF, B4 59 ARALI) B AR E= 3w,
6. A B WAk el - v - Alde) Sl AR @ 9 nad sEold
of B AR B AH, 7. 1 o] ARRAFIY AF - el U AR RALY
75 20 BRT FHEA HEIROT Ao AR Ee AN



H2% 7|H &4 (Machine Learning) i 2 &8 AH| 25

274, AR HEolE o] g Hfle AR FoHAR]EA
71529 A3F)9] thoFsl M 9l Ay}t BHso] Aol AP
oA AR EFYHA AR AR A7 =Y A372)3 245 AR A

LI AR ABA AR B FEE A BYY R YT
offl 23 A" = AHL o At

2. 7A1=ks E

A AEL oleRE ] AL Srrllearning)] Al of)
sojol ghet, ARl T oA 5ol Hol(7QX, 2016, p. 77)= E

H(representation), 7Hevaluation), Z|#3Koptimization)®] &l
gl o 2 ot} male 01tt% PFE FPoh= oo|HETT AH@Z A

2ol ol9A Auhe UEEAS AHSH WS oulat ojs
Holek AT 08, o Fol FElo] BN QIS 4
2 AR e o, B71A] ofehilop 2147k AA) o | £4E ofulst
LA Q4 BRaHe ke goleta & 4 Utk Bk ooldE
7t Al QRS W SWYEAS B P njRit ol 7
Feol] B71AE AAsHe shaolA] WAAE Hes) TR B A
W 4 otk HA5H BololA AT 1ES HA o= WEshe 24
2 3 golth. HAs} go] Bube sty malo] A8 157} 2
itk o) sho] LEITIR HASH, olgl 74A) el o3 o
sol gl T, Aze dolHd] oiEt d=g sk A2 U

(generalization)2tal Stct,
71Aer52 HlolE mholdit 8&57|% Sh=tl(Domingos, 2012,
pp.78-87), 71AerE2 HFEI7F APFol| ZE %0} QlA| %Il Tlo]

r_u



26 7|H5k&(Machine Learning) 7|¢t AlS|EEF BIHOJH 24 X oIS2Y AL

F

HEHE 9 gs5oto] A= TlojEof tish JAgt 2dS st
d=o] darE]Eolyt A2 B2 ofu|shk=H] RHA Ho|§ Hold>
F2 Ao A o]® A]A|(information or insight)& Al&dk= A &
Ao skl Ut} 71 AEs2 HFE H8HComputer Science), A
(Statistics), Hlo]8 "to]J(Data Mining) 52 &oket BT #&o] 3
=4, SAIEH ool A= 71AE
ojZ}ilL it

52 544 sh5(Statistical Learning)

(23 2-2) 7|A=ks &3 =20F

Computer
Science o5z
w3 HERZ
HRH HE
XtEo| K2

I E1 Q14 ey
EE =]

Data Mining

A&: Tensorflow blog. (2017a). HAlzdo]gk
https://tensorflow.blog/%ed%95%b4%ec%bb%ad%ec%97%90%ea%b2%8c-%ec%a
0%84%ed%95%b4%eb%93%a4%ec%9d%80-%eb%a8%b8%ec%8b%a0%eb%9f%acke
b%8b%9d-1/°14 2017. 11. 29. 91&

[©)

7IASkEET & HY= JATAGoE, 7ATES JA5Als HY ¢t
o] m3tert 8 357} H1 9t g8 d(Deep Learning) 7] A5}
49] 3t Hofo|7] iRt 7| AlStET wE JLRSlo] 714517 i)
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2% 7|H&&(Machine Learning) 7Hd & &8

Ais, 7IAStE, E2id 2

(13 2-3) 23X

DEEP
LEARNING

Early artificial intelligence
stirs excitement.

1950°s

Z}&: Castrounis, A. (2016). Artificial Intelligence, Deep Learning, and Neural

Networks, Explained.
https://www.kdnuggets.com/2016/10/artificial-intelligence-deep-learning-neur
al-networks-explained. htmloll4] 2017. 11. 29. 91&.

=
YmRs 28

3. 71Heks ¢

7|AStEE o5 HlolH (training data)e]l #olE(label)ol A= B¢
= TR} Q1A g2 B=E U] 71 AIeRs BdE

A E=dk5(supervised learning)¥ B8y

dlolele] 43¢

(ex. T&5HS
SkEA7le A
(unsupervised learning) 2.2 A3t} ol&2 sk
StalA} sk oA A elsh= Aelti# elS, 2016, p. 78). A=st
, HIAE=Shs

o T ]
Holl&= EH(classification)@} dlZ(prediction) &0 1L, H|A| =55
o= #A(clustering) o] QITh. A E8kgolut HIA| ohks 9]of] ZFo}st
%(reinforcement learmng)— A ohso] ZokE nd g BHEshy| ko)
I S-AR] 71AIE9] o FRE ESV| & Rt Aoekee daldE
o] 433t Axto] we} =8 JPAZ ISIAA Y7k Aol Hlu] A ShAL
B]A(Demis Hassabis) 7= @Rl d#E: duty 2.0 2705
%E}”E}J_ Sk=T ol= vHEo] AN Y
= 5 Y Whe A2 JEidtiEd

o7l

“Qlzke] 7L YEHA ¢
B H 22z uEg T



28 7|1Ae&(Machine Learning) 718t AlS|E% BIGIO|H 24 U 0lS2E A7

AH, 2017). 20179 10¥€ ‘Ho]A'of &7i" dutAZ(AlphaGo
Zero)7} 7Fsieks 7|HE ] E0 2, A3k AAT AR E A
o sh5okal At FHo] X Edksolut BIX| =853} 2 X}o| o]
21l & 5= Quot ASFeRs2 Alte. IS AR A gsolal Aske}|
| &0 A< i%owﬂr AR, RO Fsksisol QEA]52]

Reinforcement Learning . BRificial

e Machine
Learning

Supervised Learning Unsupervised Learning

Intelligence

g Z| oS- (2017). 4% A4S AJdie] Hldo]¥] 1] Al ICT Convergence Korea 2017
A E. AZ.

A1 E 0 R AR Hlo|EE Aol H 23]
o] &g o} 7Askso R =& Ao tig) st
7] o]H& 4 U} SHARE F|Zofl= djA517]| ojHE 7 AT HHES

& A9ol 7 7 AEE A4St E 52 ARESte] o2 7] RlE
al
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Al F2, Ho|AE, uolazAZE Y

=

olH,
g Ve 7INe R o Al

[o]
EEEZ 7 FHote & o

= O

ol Aol 71AekE % 9

s
=]
— o 5 =
W AnEgolSE YUt WET

de
[¢]
)
=
X
i)
%
o)
z)
it
ob

T2 20129 AHHE T5ke] =R J(Andrew Ng) 259k 3

2 A ZRAER]l = BIRIZ Sl AFETT ARIoA
o]
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]%% sy 2014ch1] J—7HoﬂtJr oq:,L oo Way o
714E o839 FIQA] HYZE= 97.25%= QMY BE & FF
(97.53%)°1 7Pt

s AHlS P92 ‘ﬂEiL}l%UJ OME’r 7HIAIEAE 92 VAL A=
o, 929 7leol §AE TV, ¥4, oflojd2 ke 4 3 3 &
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kel R

&3kl it
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ot AL Eis= 7iAEkE 28 =0F
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2 154 BAE Sfdshe oE 528 % % UL Aol
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32 71Ae&(Machine Learning) 718t AlS|E% BIHIO|E 24 U 0lS2E AT

3 Folth. 3] AFAs A 2ok 71AS52 "eld 79| 7ido]
7h&E9E I QU shE2 9IS et 9 BlHolY Al4AElo] GPUE
o]-&35 ¥ A4t 7S &E5to] Adeol ZA FIEU. 22 7Y
E2 Y450} Yann LeCun, Jeoffrey Hinton, Andrew Ng, Demis
Hassabis & 7|AIeHs 3 I1g3118 FHE 93 Qo] 3531
A= FAloltt o3t 7IAISRy T IFAHES IBM, = 5 719

IBM9] 13A5 *b%ﬂ S&(Watson)2 HEld 71HS F718to],
Y oA 2ottt S AFdolAE],

N,

o] 7H 1 Aol g &+ L, A= A
g Aol o Holso] QIFA 5 HIF R 1 E9] A57A
A3l G gopict. £3] R ROl S0 2 AJASHE Z1gs})

lm ru(m

B
rlrz %0 fr nl

=], A AR AYEES 7H] o A& HY GAES =9t & ofHE ¢
Holal ] 7HPHS A|otel= JFE-E 3 Foltt. Texas MD Anderson

&
&
i)
TN

, £&9ZL(Johnson & Johnson), 78 FAAIE (New York
Genome Center), Hld 2] 2@ ti5HBaylor College of Medicine) &
AxAI7IA A 7| ST Xﬂ%g Eﬂq 7kl Qli= Foltt. IBMo]l tﬂr—EJ:q
OJALe] 2kRY0] o &S 7
=T = U}Oﬂ TS

off Abgto] 7
7T X S 9AER S HAES 2407 Wtk 7]-‘6—3‘ et 7H
LR A Z7H, kel
WS, S| W RARE FHH0F Sk AH|AQ] Watson Discovery
Advisorg TishH, AFARECNA HolE et I W8S Hut 41&SH
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(22 2-5] 20119 F=4A ‘HMICIOf Z715H IBMO| Sta

DENKE

PENSER

$17,973

gAY (2013). AFEL} A9 AU diE, ou7A] P Premium Chosun.
http://premium.chosun.com/site/data/html_dir/2013/12/26/2013122602309.ht
mloflA 2017. 11. 29. 91&.

F2L2 20119 B9 T2AE(Brain Project)E @5k, 7|45t
T ANES AFHE HEF & W7} Ho[F(Baidu)E ©] &[5t
AL o, 71AskES] g7l Flo] AZ2U(Ray Kuzweil)
71&M A7 03‘?:}0}57_ 733t (Reinforcement Learning)oll A

o oJ=L9] /\E}Egm GuiRl=(DeepMind)E QI
Sto], 71AIsks Eokoll A AlAl FaL 9] 7l&S ERtt Ao = Frpt
I ek 22 gEdol 8% g2 49 <5 HolHE ysH] ¢
Stol, 2011958 oFhE AJ5to], ARGAFEERE wHiet 2 tlold
£ FAsto] et MHIAE 913 SsHlolH = &-85kal it ARtE
E AGAE S]] olH Y 8= EAI5kL, AREARY] BE FEE 1ot
H, £7] Aol ALALS] Q=5 HolslA HA & AVE HolF= Alo]
B =20|(Cybernetic Friend)& 7ol AS EX2 4401 Ut E3
AFE B ZEopol A HgE S ARESte] AR & AHE Agkst
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A BAFD 5= Qs £2ZEFO1E /LSt olet 22 7IAeE TeS
upglo 8 2}82y AFE2e} 2E SoA 7Est ARL0S 3 5l
71AIskE #okoll A F2h5 UER AL QlTt.

(18 2-6] 729 AR BAN 718
_—— somewnat e toe mage USSR

Adog is jumping to catch a

Two dogs play in the grass. " A skateboarder does a trick
on aramp.

" A person riding a

motoreycle on a dirt road.

A group of young people Two hockey players are fighting A little girl in a pink hat is
playing a game of frisbee. over the puck. blowing bubbles. A rafrigsmoar :él:lii r\:rik:'n lots of

A herd of elephants walking A close up of a cat laying A red motorcycle parked on the A yellow school bus parked in
across a dry grass field. on a couch, akde of the road. a parking o,

Z}&: Andrej, K. & Li, F. F. (2015). Deep Visual-Semantic Alignments for Generating
Image Descriptions. CVPR 2015 paper.

73220159 119 QEAA 7|HH0] 1T AAY Si1a]Z9l €A
&(Tensorflow)2 Z715t9ch 29| o8 #nE 3]Z-L “TLZo]
h A AHIS AATCEE IS HES oAt ek vt
Sk A AE B30 WS FAlF o A5y oo 3|

= oA ARESte ABAAY dadEs QSRS ol§=

QEAATL ko] FASHAT. HAEEE dlA(Tensor) + HlojH &

AL
N
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(Data Flow)2] @402, 'A< 89 o5 A
dolelE x|5he HEgroZ FHTH thAbY 6

i

lo ]jol'
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i

d
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Ha

rr

19
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ol

-

H

En)

o)

o

HE<
EZE olHe] FdS s3] fote] ddsle A4 ARAdE A
olo|M A=t Y& EHE AR, B0 AFTAAT At Aol ¥E

A=EZ Quleitt.
HIAE29] £E4 0 & =(Tensorflow, 2017b),
D H84% &5 dAEEE 1Y AE(Gradient)7|RH] 2= 717
ks ST A AR 5 SlojA 11 S 9I7E Hle- Wk
£ fIoiA C++2 ZAgEon, 7Rt st=gofof tigt
o] 2|4 gloj= 7 7hssitt ’IMERE 237 729 54l

1P

AY A 2E-RI YAER ] I(DistBelief) 2ot 2o Suiu} #lE &S
B AT o1 35T o e Ao E UEHT
2) &ol 1} A

A "Bl E2 = To|A(Python) ¥ C/C++ & X ¥
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ol =, oA, REYITH T2 59 golBgE A
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s 5 Ade] Mg ojsshs TIAsty 7140 4831 QAo

= % skal Qo LEEEE E4] 6711Y L°ﬂ 19 1 oA AR AE

20154 %L:L laﬂ}?_wL 71AtE BT %quL(AlphaGo)—
AE T} dukalof= CNN(Convolutional Neural Network)& o]&
st 8 7| v ao 2 da] #ol& Monte Carlo Tree
Search &g]&o] AREEQITE HHE FA| IE 2~55 $E0]9l 0L,
A= I ot 208 F7REN Qitk {9 HiE Hndoat S &
& HE7ZIARI] BFo|2ehet oAl 2| =2 o] BT FERoH,
20169 OJAEODH Y thxolA e 45 1= SEsto] AIAE =2
3Tt

(28 2-7] LMI9t O|MI= Ch=

. 00:01:00

ALL SYSTEMS GO

g FYYHE. (2017. 10. 19). g=t gaFol=..q o4 ?l?l‘—/] PRI = I ) =
http://news.joins.com/article/22026687°4 2017. 11. 29. ¢

o] AE(Facebook)?] 7|AIeHE 7I& T3 Held 7]9te] ojn]%] Q1
”0471011 o Ex1= o k. AR %0 AFZF) 918 1Y LAY
& 71&
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[ IS

(28 2-8] Ho|A=9| 7|AstE HE Al

)

4 | |

8|\ g1

< ¥

H |sl

4 jo!

« 151

[ | ul

] I

« L]

& o 1 a3 4 L5: L6: F7: F8:

Calsta_ Flockhort 00029 Frontalization AL 323332 16x9x9x32 169906 1677x6 166 40%d 4030

Detection & Localization @152X1523 @142x142 @71x71 @63x63 @55x55 @25¢25 @21x21

= T )

ey Shoes sy Shoes

B Toutss000 Gt B om0 Gt

- - J\ - J\ - J
A FYEIAE, (2014. 3. 21.). HojaE IFQ14] 7|5 ‘d Ho|A g

http://www.huffingtonpost.kr/2014/03/21/story_n_4996658.html°| A 2017. 11.
29. Q=&
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S

Ho] = (Baidu)= 20134 H|o|A 3} Azjdizjo] dejd d34as 4
Hola HEF & W FF off olm[R|Ql14], 24414, FEN4lS ¢
ol 98 7|9 Deep Image, Deep Speech, Deep Behavior 7|&

< 7HEshal Qi

0
>
[o
o

(J8 2-9) 2 SA1 7I252| QNS Hin

E =

B Google A

W wit.ai (5]

B Deep Speech (H}0|5

Am: §34. (2015. 8. 6.). oAz AFASAIH..ICT 7|95 AR A3} A=
http://it.chosun.com/news/article.html?no=2805202°14 2017. 11. 29. S1&

AREAOA ‘=2 (hands-free) AN BAZ AlSote A= S
=, Mo 2h&sh= Hoj=lE FEQ] Bl Fole](BaiduEye)E Wi,
= 2HAe TRVIAE EAIE A7SH QIAShH:= 7s-& AYdtta
HRT E3 Hol T At AN, HAQAK 7 ATHE Ve &
-&oto] F71e} HutE o &5k AFHFAE (StockMaster) & EAI5H

g0kl 7| AekEE Fd&Eoks T 7IAgE Aol ASstal At &
AL Alg]ZuE] AFtaofA st WARP-CTCE AFE 7 Aol 2
R1A57] 913t 7| AlSks AnEololH, E AAR IS ol

S AT X|(Deep Speech)2 MZE 7det Ao & Lot
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(13 2-10] HO|5010[9] Stockmaster

Z}&: Constine, J. (2016). Robinhood lets china trade US stocks free through Baidu's
finance app.
https://techcrunch.com/2016/06/01/robinhood-china/ll4 2017. 11. 29. 91&

mho] A2 AL E(MS)= A5 AS 7HQ1IHA e Cortana)E EA15t
Aot TE= 2] U9} ofE9] AP} mRR7 IR = AR} F=ar
+ HSE Eo AeAEsk= 71AISks 715t YalE|E o g2, FEVE At
&5l 45 H EEA =S HARI HArk HE0] A7Fe] Z(Skype)
oAl AAIZE Qo] W9, o]u]|z] Wo] EAIE QlAlshs 3MRIA 71&d
ofgt IRAEE g Fo|ty E3 mlo|ARATEL LZo] oo
20154¥9] 7|AIsks E%191 DMTK(Distributed Machine Learning
Toolkit) & QEAA TZAE TJAM|EQ] ZI3| E(GitHub)ol &1
S705tAtE. DMTK= AlH-E20|AE #2325 93t C++ 7]8Fe] SDK
(Software Development Kit)O]_Tl gk Hof ofg] L& Ao nEdZ
Y 5= EE SIQith mo|ARZATELE TE VA Sy duEE

Aoz dHA 9t

OHﬁ

N AZ
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X2 7|1AS

Model Scheduling

|0
SIE]
. i I_‘> * Automatic pipelining

Pre-fetch parameter for

next data block
Parameter <:3m Training threads

loading thread
Training
data
ueue
‘ £ Intermediate
Data store

v

, DMTK Z2{|g

(O3 2-11] ZEL

22011 &AI8E 244 914] AlE)(Sir)2] <1 %Xl

A 7]ke} QlEulolA
289 Zow JyHrt

Communicator
Thread
5= FERKED), DMTK ZHPY3(P), oA
A& Science X Network. (2015). http://phys.orgolA 2017. 11. 29
5¢ slele 7]
ol AFERIEU

o= :
&2 pEstn g 249

(10T} X853 AH50] &

(I3 2-12] 0= A2

A& Apple. (2011). https://www.apple.com/kr/ios/siri/oI4 2017. 11. 29
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offEoIAE Al&et HiEH HET BRI E FHE VA V&
& =USHT. ofhE2 71AIskE darElE ZIvke R 1A o] v HiE
£A5te] o §A WA AL Wt AES A Stk T 34 A
Hlé~ ol A o]ojA] ofulE wjEo] 382 1 ool T 3 AfH]

off o8 WAITHAJAF, 2016, p. 31.). & Uo7k 2014d0l= 1174
1 0}715 A °ﬂ Hﬂﬁ*—g AW’o‘}L 7] %—

Io

>

1 ek A7HY ol 2 SHEcho Dot 3h#o] F2Hd o2 & 5 3 o o
et AlE=2 ARl Qltt. 5] EHAL APIE 371t 24 T 3
g4 71 LAY A o83t AlES EA e
of FHAE F5357] fdl A2 Stk tlEo] EE HiSy 250 9
ot SR B, AISHIS AAEE 53 ARsTE HiS AlAE] A
YIRS 7F5lal QiTh ol YA H]_/:(AWS Amazon Web Services)©l|
A= L AB|20) 71ASE 7152 718 Alsstal ok 2%

E o] Ak ool it 7AlsE %_‘lﬂl S= 283t F 47%ﬂ1‘5’f
=

o

>~
I
o)
ille
3

A
QA= 4 5 ABARE QT dEMAOlAS e AT
AN
T



H2% 7|H &4 (Machine Learning) 70 2 &8 At 43

(112 2-13] Of0FE YAt EZ i

ALEXA..

« What's the weather today?

-Addmk dent

- What are my upcoming events?
+Add chips a

ind salsa to my shopping list

Zk&: Amazon. (2017). http://amazon.com/ A& A ShHA 2017. 11. 29. &

O = ApARS QEAAVINF dEd AZEQ0] FhHAuH
(CaffeOnSpark) & 3713t 7182405 = ofnfx] Anpg Z|Qle
Ao 7|8k FiL glow, ojn|x] FAlo] Zgsfigth. T JA A=
o] 7|&o] F/NELoE=N /44 9 ARl Ei= HH Q9] Y-8 AlET
T = "l 71& el &8 4 AS AL R Z|distal vk S
AAlEo] it Holg 75t 7| ASE S A7 5 UES V1A S
& oA HlolEl & :‘17ﬂﬂ——tﬂ o= 20005 AREAF 20159 2E7-E 5
G747 ok FATES] Bl JREE oF 1.5TB 2ol

OpenAl= A< /\}% FEOE P 7 M BHe
2, H&2 BeA 9 AFo]AAA(SpaceX)e] CEO 4E HAH(Elon
Musk)9}t F78 AEFESQ] Az olE 2olFH]H|olE|(Y Combinator)
9] CEO Al EH(Sam Altman)oll &Jsff 20159 129 AH= et &
Al ER2T0) Ed, A4S 71ES Ndshs vgE] 7Ide g, £ A
Folut 71et FAof ufjo]#] ¢iar HE AT AE IS Aot
g} AR gEEZE 42 241 dEjofF A=A (ilya Sutskever)

_4
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7}, CTO= QIEY ZA71Y AEZO]E(Stripe) S419] 18 B2t
(Greg Brockman), 80 HAY HAFYH 9 AX AF =209y
FAARQ] HH Alo|(Alan Kay)7l #ostal utt. OpenAll] AEAZ =

Ho|Z9 55 AHA 3E A|U(Peter Thiel), BAE=Q] 55 A4 2
t 3= W(Reid Hoffman), olFH|H|olE 9] TtEY AA|7} AR
(Jessica Livingston), 121l oPFEAAH|A(AWS), QIZA|A, 2}o]A|
ZlMA(YC Research) 5°] FFoIAt 4% A7A= A4S &
=i, B, & 59 FE=E FUsk, AAAAES A AL 35
Aol thro] 24 9 7| Y9l AV T AoE 7]
=T} 20169 4% OpenAls 385 (reinforcement learning) &
1EE i 2 A5H0E Y5 E3 OpenAl GymS st HE35}
£ 9t A4S vpEsta ot

(23 2-14] OpenAl Gym EE OA|

Eweonments Does Chat ) O s nwih oo

random-v2 on MsPacman-v0 P

Z}&: Intel Nervana. (2017). http://intelnervana.co/°ll4 2017. 11. 29. 91&.
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H&2t ©E(Tesla Motors)e] A= HAIE QIFA] 59 42 a3t
£ PN, AEFY AFA| Eol7k= 71AIsks 7]&of st A
RS B3], 2018 oll= FEZ 07 AEshe AES3o] 7hset A+

BA7F A 4 91 A0 Asteich

(J2 2-15) El22t XSXfe| ABFHAIAE Autopilot)

A& Heisler, Y. (2016. 7. 7.).
http://bgr.com/2016/07/07/tesla-autopilot-software-model-x-crash-nhtsa/ ol A]
2017. 11. 29. Sl&.

Ireloto|(Mobileye)= ADAS(Advanced Driver Assistance System)
£ 7idsto] A&aeiaitt. HAFERIA 71&S o855t A &5 7hs
A& A&t SEERNAN ASAE AslE AR AL"ES
25N 7152 sttt

ZEld=(Continental)> ZFAFEE|A AARE A HE£0]A4]

522 o] 83He 10| LA0] B}t AET & Y= Aol Hey

7S T Aol AFsIAH:. AlA 7Igolu AR -6 clEE
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Ao, ARFEE AF 7& o dHE A+ XEHHoE X Fo]
: 20150 FENEH FEE AEFPAEA A8}
A9 Woke vheistol AHeE AEAE SelRlol & 2 5 9l

JHg7tE AZARI lEtjol= HW ARAF & Uz 93yd 71&
Zgoll & 7]191E stal ok Foll= GPU 715 A58 "a8jd AlAH
gto] Bk 7jdtgic}, dlv|tjol= CUDAZR= B Y obr|gA
£ 7¥sto] GPGPU 7|4 ©l835t HAFEH B2 FAFAT. 24
32 CUDAY] 5= &-8&st710) vl Agst7] wfZel 1= Qlsf <]
toks 145 1Y 71=9] whlE 24 58 4= 1%tk 20169 &

H 241 A|AE]Q] EtolH PX2E HAFE ] AT 53 474
HESA 7I5ke] 994 762 23 A& &
St FAsk= o 82 4 AT @RHEI=ZSY, 2016, pp. 12-15).
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o
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e
-lN

o
rlo
oM,
fijo
r
()

ceto]B PX2+ ARs Aol HAE AlA, Zhdlet, 2told, ol 22t
JH] 5ol ST HolEE Hed dito= A i), of AL’ 7|
= %ﬁﬁ %}Oé% JI 45 MM Foltz S4d 77 FE 52

A AsAE TEsiWs Aolt. EgfolH PX29]
]

& ol A
#ﬂ’é%ﬂ% Ao T2 Eﬁoix “Eﬂ lb} o ES 45t st
(o)
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[O& 2-16] 2lH|C|OF E210|2 PX2 X

DRIVE PX2

Dual Next Generation
Tegra

Dual Discrete GPUs
12 CPU Cores
Pascal GPU
8TFLOPS (FP32)
24DL TOPS

12 simultaneous LVDS
camera inputs

Dual Tegras on Top

Dual Discrete GPUs
on the Bottom

Liquid Cooled if All
Devices used

Z}&=: NVIDIA. (2017). http://kr.nvidia.com/object/drive-px-kr.htmlolA4] 2017. 11. 29.
Q&

oflo]oto]Fol(AiCure)= Hl=F = EAATANIH)ZF &g 714
& 7N S 7|4 OR OF Bg oS AT B PF S
A5 o] J1ASKs 7142 B8ska Uk ARG 7140 A8W &

AES AUEET} AFAIA A mof g dut Alo]o] BAIE wofstH,
AAZEOR BARO] Ao B g F of 2 SISk B8FE A7)
LAY AREE HZ ARESHA] 2 S AAs A0 R AT E STt

JAEH vzl E&o] A ool (ebay)= HE'd 71HE 2-8-5to] wl=t
o] ZAY ou|X & AFHE FEHoto] WAL HI1E 2ol & F
ol A5o® AlEe E7 4 U=S st

LAEFIA THA AP, I 71 52 Y HE B Alo]AA(Narrative
Science)®] 7IAF 2 LaLE]EE o85Sl 71l S6AE R 7194
5, AX = 5 HlolE|of 7|Htsto] AMdS HPshs AEHO|EA TAE
&% ofal Qlvh ®3F Heb, 3, 58, Al e 5 A
O & 7|AISksSs E-87 et HIZYA 7137 Solyal Qi

A
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3. 71HekE 71de] =W 28 Al

S 95 ATA B 17192 FHOE /AN 7147do] 9

oI, BF AF7/NLR&D) JAIE s w2 o4 ol

AR oiEe] AlElet FARHL 5404 71ee A8t SEO]
&'0f| ojof MIAHI'E AHolH AdojAEe 7N SN Tee
Ndste H 285 S5 o WlF S7HER ARRE], SefolE 29t
A N 282 HIAEsHH Sk HlolEE Rkl gloH, o|=7t
WSt BFNAME F4U4 L= /AT = U Vle2 NE
o et Eet, ASAs 7IeS vl A ALz ZHEsto], vj= A
ﬂi@ﬂ iZH OJ%X]%(AD SHEF N 7140 H]E HAAHVIV Labs
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5 Hﬂl* A FAE Y3l AEL 7]=o|1 Sl A A= Jd
TS ] ZRE WG A(Veles) & QEAAR
3705ttt 7HH0 3 W8 ¥ AHFY 2 AYA] ‘2E(Open)CL E
£ GPUOA 35t 4125 C T2 Y AojE H&EeH A &
& 0101—‘”: A}% ”é:i} 4= & 3= GPGPU 71&9] ‘Ft{CUDAY
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¥ 7ls 5= Xﬂ%%} %E} °ﬂEE}°1H°ﬂ 28 71741‘<‘f$a 71 =

2 LES} o] ARgATL ARE JEESHE FE, 4, HAE 5O
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(28 2-17) S9Y oI

2|=elnt Op=ar ol OHOWSt THof= > ofj2E= ={o] A
Cis ma|st cHste = olo|x|= 23=t5| =X = ey

e

How long
will it take
by car?

X2 =
Soi2t= SV

A&7 FF AE0]. (2017). http://store.google.com TTtl(papago) AAl A o]m]x]|oj|A
2017. 11. 29. Ql=&.

20179 3¥ SAHQI A3 A5 71& E=2HHClova) & A= 370
AL ANFO R H F D7 AFA s 29A FolB, A7FE /1B A5
7171 ‘IVI', /1845 25 ‘HOo|A(FACE) 9F 22 #opd 24 ES <
olo] ’rEsla TS E, 2017). lo|HE b=t ofupEo] Al A¥]HA
o AE o] A S44S 1 294 Eol FAY A 1T 5 4F
FHE dEFE= 7|7t 20179 89ofl AHQl [VI= 2 A7|o A
o AA5l= HERPC B4 7171tk A7t Wotd WH|Alol A -
AR Zo 5= APl Hof Frt. ATEE FEO IVI offo]' = A}
=5 A 197HE S ARkl Ao

)

o
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(23 2-18] H0[HS ClsXls AL 0=

Clova
Smart Speaker
WAVE

A& WAVE. (2017). http://store.clova.ai/ko/product/wave goJE AA] A o]u]z|ojA
2017. 11. 29. 9=

157] ¥4 71l 10009 Yol ¢ :

717Ee. TS AR AR A3 As A4t e B/l HRE
T2 LR 7ASRs 71& E AFEE gotal ok HAIA A H|AR]
717 BT QI YR Y thg, A d 59 A3t EE 52 B gEE
= o] &A=l gt Wt HlolE & B O & QIFA T AREYolE
st o] &89 AZA 5 AWA 5 Z4HE At AHAE AEY A
golct.

A= 2010878 A5 AAsA 71& GHE e =82
el glon, 20124¥e] 1&Eg 33 Y AIAF S SRkl
2017 CESOA 4] ok7t AF23=3o] A5ttt o]u]#], S4JQ14]7]
<1 gajydo] 7HkS & 1458 35 Y AJAEL Mol AH,
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A A A, 5T AR, AR S fA, ARs 18AlE 59 715l
EIFE T B3 AT A Fole AASAE 7P HoHAl 28 4= A
=5 54904 7le FEoe g2 ¥E 7|eolal 9leH, 20181¥9 <

SASADS] Held 2404 AAE AR S SAIS Aol
Zt(cldi)= 989 71&S ol-&5f ovX=RE B JEE A4}
£ 7]1&E Eshe AEtEC|th S0E 201449 olujx] A3
ILSVRC(Imagenet Large Scale Visual Recognition Challenge)©]]
A7l SRR H ARAAA 2 AlA 7915 AAR ™, 20159 5
SfloF & et=] ABER 2271 71 T ShE S oA A= it

T2 A RS FASANAA R Av2E AlEshes 7|92R, 7] 741
oh5 7| 52T Ve EYULR oldE e VeRES ALY
e EFAS LS. dlSEY 7Iee E85 oL 'l 71%
PE 75, ZHolE, 7i=d, B9, B9 5 719 778 A HE
HFE AAE = 3oy, ojde AFER 45k, £4S vl o]
Hde A9 A5 Al AR 75t ARAPE 9 ARE v 8E
3] ST = ULeF -

EO0IE AHZ J[AEHE 7142 &8 AP

ool 400 W1 A S oo s
WE Hok= o)) 94 7143t AAY ALFWIA 7FsH ofH &
24 BEA7L AR ojg 8H =oAx Sk wAolth. F]Askeel

5) 28}4(2017), pp. 77-78& EEH 02 Q1-85to] AT
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ol _ﬁlO

2oRo)| A 9] 7| A S5 ARLE oJAIAE A(smart assistance)2f
Aol A dEskd 22 E Algste] S5 &= 5 AUtk ol

22kl F7 =U(Massive Open Online Course)°l|A1= H|H]Q 735},
EE AXNT, As A AIAEE 85t o 7|E tigt o 9
HAY FEAEM & E'= £ 5 Ak 171 35 E£4(learning
analytics)®oFet natabg Ag A7 HoA F83 T2 & 4 A
= Aot

wolale 2ol 7IAhES o83t AdAQ Al=Tt o] FojA]aL
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7les 8o, A AUA T AR U] ARGEE A
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54 7|A&(Machine Learning) 7|t AIS|E& HIGO|E] 2AM 2 0|E2E o1

H3% =2{d(Deep Learning) 7|H Sk 24

Z|T o] BldolE Y] &4, shs 719 /A, HFE Y SX e
2 A3|A 7129 7|AIsks E ANN(Artificial Neural Network)e| 7}
A3 P 71E9] HAE EoHri ot EAIECl dish €714 4
T = olHWaL, o]of wt 7|Asks E dEdol et #ilo] v
AR AL It} o] A" AFERt 7| Alsks 9 HEdo] FOo & HrkE 43 A
P AlthE AT 5800 = 2YHIL Qlrt. of HoflA 7]—5—94
71AISs 9 92d 710l gk A8t ofy gt X2 7] AIsks H
2 71959 7d 2 71e4 sF=ol dsiA 4715zt gt

Z| o2 St woF 9 Ak FopolA A-8E= "l 7|5ke] 71A g
59 Mg, 72 193 7]&50] &&= Al FF=0l A 2715t
1A gt} el 7Eke] 7 Ay dadEe o|vA A= 28, A
oA, SA4AA, =& EoF SolA vl thfstAl &Es] A+ S0l
oh "@Ed A9 FEHQ Bl olEet ‘AT 2ok B o &
7100 stal QUth. o]Holl= ZH2te] ZHRIoA wWE A7F ZPEAA
g H2d’ olgk= g 71| F=AI7E oestE T BY AF-o] vrf/do] F
7heE| 3 Ao] Gt £k 3L HEEA S o] F L itk

1. =i 7[Hte] 7|AIskS 71H: DNN(Deep Neural Network)

= = =
Zo] ozt Hlole] AReIA Btk EAS 7|4 Az shshe Zoltt



H2% 7|A&&(Machine Learning) 18 ¥ && At 55

A BES 92)d& end-to-end machine learning ©]2kal Sttt @
g9 A AFY] Bdo] fJg¥F, 245, SYFT2E FAHHH 7
£9] 7IAIgEgES 2YS(hidden layer)® 7H47t & olA ‘Shallow
learning’ OIE}—T’— stal, 2459 vt B2 AFY 2ds 71EA

‘Deep learning °l=taL gt G249 7H¢ 2 A 5 stuzs 71&
9] shallow learning2 2t & 4= gt B3 EAES & & Y=

Aole}. (1% 2-193% DNNO| 7|3 7o) thallq Lhehhs 1dolct.
ofe} 1A ol 7jo 2uF o TAE] et

(22 2-19] DNNQ| 7|=7x

: hidden layer 1 hidden layer 2 hidden layer 3
input layer

oS O output layer

Z}&: Hinton, G. E. & Salakhutdinov, R. R. (2006). Reducing the Dimensionality of Data
with Neural Networks. Science, 2006, Jul 28: 313.

dd9] 7|&o] WHok= o 83 7HEC] 2 71| Qe=d I 5
sIU7t ‘pre-training’ 7]Holth. 2006 JE wQ] Afo]dA =F
“Reducing the Dimensionality of Data with Neural Networks™©]
A Qe BrRgolt

g2 oh59] =8 24 F stU9 gradient vanishingS =}
njE Y] 273E ador Aoz sidsks oItk DNN



56 71Ha(Machine Learning) 7|8 AFS|E% HIGH|O|E

oIE=Y

24 Y o7
RBM(Restricted Boltmann Machines)

(Deep Belief Network)¥® o] layer-wisedH|
o =

objective

stacking®t 22| DBN
~wisedHA A EIGO R 7
|(weight)9] 27132 & AAsto] sfdsk= Wl E3 243t}
(& 2-20] Pre-training?| &1t
function

- initial point

reinitialization
local optimal

N&@ initial point

« >

" .gl'obal optimal
Layer-wise pre-training
Z}&: Hinton, G. E. & Salakhutdinov, R. R. (2006). Reducing the Dimensionality of Data
with Neural Networks. Science, 2006, Jul 28: 313
DNNoJA ZAIE 9
w9l M3 7]
rate?} 223
o] E 5} |

ol

S2sh g vl H213 9ol Bastet 45 7]

O 2+ Gradient descent 7]%¥o] Utk learmng
1 24939 gradient #5Z o|-&5to] miehr|g &S
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2%} 7|1H 8+ (Machine Learning) 7HE 2

(J= 2-21] Drop-out®| 7|2 AX0| T3t 7Hd

oW
Present with Always
probability p present
(a) At training time (b) At test time
Z}&: Hinton, G. E. & Salakhutdinov, R. R. (2006). Reducing the Dimensionality of Data
with Neural Networks. Science, 2006, Jul 28: 313.
T3t DNNOJA overfitting HAE A H4#3t 71HES ARSI}
-

1

Overfitting YAIE st tHEZHQ] A3} 7S Drop-out’ °]2k
o =
=

719olt}. (2% 2-2132 Drop-out 714 9] 718 7ol gt 7o)}
g3t Bl &(p)9) nodeES ]

Drop-out®] ¢ 85 Al random3HA|
B/gstgho 24 thafet 299 DNN2 ohsRtt,
thoFst 23] DNNE©] voting B35 7F49} 311ke] DNNoj| 7
H 283 HAE Alole

= 1 0

317 SR Fohe s ee 855t 71 HA
node52 HZHAS} 314 4 wteuld gholl p% BaIA ALgSict



58 7|A5ks(Machine Learing) 7|2t AFS|EA BIHO|E £M 2 0E03 K7

(2™ 2-22] Multi-task learning?| 7|2 X

Task 1 Task 2

{uu. . 'U] {uu. . .uJ

B

WYV (W'Y
» o

" EERTT

2 )

I )

T

o

Input data

Z}&: Hinton, G. E. & Salakhutdinov, R. R. (2006). Reducing the Dimensionality of Data
with Neural Networks. Science, 2006, Jul 28: 313.

DNN9] H4#3} 71" 5 & t-& 7|H O 2= ‘Multi-task learning’ ©]
k= 7]¥o] ot Multi-task learning o] 0|24 & 4= Ql%0] F
J5talA} k= task(task1)@oll THE task(task2)E F7H 02 h5A
7| Woltt, 24511 A} k= tasket o] H= A= (correlation)
7t A= taskE A 5T BF F7HE taskt dH FHSHAF AE
task®] stgoll YF= 714 F P ol=jt @A Atst
oA HH task 28 F7FFC2H, Sk50] task 19] I=sHA] P

o
oX,
or
o)
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DNN= 855 A7) E(tool) 2= o8] 7HA|17F AR

O Theano: Z2EZ] 23K Yoshua Bengio W<~8)°| 73t E2
#], Bengio I8 AR I ARFYUET} uf$- &/4d3} = of
AL Python 715§+ E4.

O Caffe: ZAg]EZyo}lfis+ ¥Z2|(Berkely Vision and Learning
Center)7} 7Holgal AFFE H|A Holo] Eslxo] glo
C/C++ % Python 75} E4.

O Torch: & sHYann LeCun IS4, Ho|AEA F& A}
£)o] 7jEet Eo|u, Python 75t EXLE &7} tha HlE
Aoz A QA, C/C++ 7]He] EY.

_4

O Tensorflow: J-2°] /st on, o2 EE0] v tha %
FrhEslont 41 AgHT B JuolE So= *c‘z}a o]
A AR AL 9l= &°l9, C/C++ 3 Python 714 &9

FA DNN2 thefet 2ol A £2 ds2 WiH ARSHAL At 94,
ofm|A] ZoF 5 S/d&oF, Ho| ZoF 5 ofF FofollAf 719 it
< v A=) 154 AsS Holal itk ol Wt 7]£2] DNN &
Tt op gt A= F2E50]

23 5l desol wE S50 APHL Qv 2T E99Y er%‘-—éJ
T2 3 FF=ol tisiM wE A A




60 7|HE(Machine Learning) 7|Ht AIS|EEH BIHO|E 24 2 OS2 H7R

2. Yo 7[ER] J7[Asks 7|#: CNN(Convolutional Neural Network)6)

CNN2 shut T o2 7o) A=FA Flojofet 1 fjof 23wt
A2l 15 AT FlololE& o]Fo|A Urt. CNNOJ o3t 2+ 23t
A A dolEof A7t Fxo|H, wEhA /oy Y4 ool A £2
62 HojEth. CNNO| 25 AHA|5] B 7|&9] A4 vt
AEFAZ &9 FYrigk E4S F=5Uve HollA =20 E37L
CNN2 o2 92459 :ILJZ—X']FA o] gloJoEo] A|F(stacking)¥]
o] glom, go]ojEo] i TS, 71242l Flojoles EH o
I} Zo] Al 7HA] FFEIL & 4= QU

224 glo]oj(convolution layer): AEFZA A4S 53 &
AE=2 F=5k= golof
O &% #ol°l(pooling layer): ¥ 37+ F3tst= oo,
15 501 974 dole9 3% o] 47F o AHAAET

(sub-sampling) 59 & 53 XY =A(dimensionality

reduction)®] &3 A<
O A=3F Flolol(feedforward layer): 23] glo]oj=ollA upxat

e

et

of A g=Im, 519] Fololold HPE EHES BRs= oL %
NEHoE 4 BUS 2NN F4TYL A Bk 20
42 ol W8S 7Eko 2 Al deio] die) we Rolujs 5ol
H, 342 Foldl 34 Hol8l Jog o) 222 293t Sl
FE 72 B S5 SO ES Qs e gk

6) 7Zt71(2016). pp. 15-162 ZZHOo=E Ql&5lo] A LA3t
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Ao o= GARE & 5 Utk

CNNZ2] A3} glojo]o] %—,—, At AureF ths HAE2(Feedforward
Multilayer Perceptron: MLP)AH F2& {slAE= 519 #loloj9] &
o dis] 7ISAE &% Aol tigh HiolojAd] & AHolE
(sigmoid) Tt Z-2 & ool BHAIXI Fho] Hoh. 3h59] A v
AReF MLPAE AA| ghat oS ghollA Hsfix]= ol grell disl 715
A, "iololA 55 I Y AE(gradient)E 73 ATIo|ES: IR
o] Foj At}

CNNO] AEFA #o]o]e] AL, AU3F Fojojet A HEA] ko
L, ste] LEE shte] ofm] x| @%3}% I SHEE ShLto] o]
oo s 7 k=5 E4 7ISAl= BT SYsHA o skl ofn

A7} o3 gAlEof dis] 5L BHE —1% Shi= Zo] YRRl AA
o g Z47ko] fAo] tfsf ULt 7] Hto] HEEHTt B F
Aot} E oF 7HA] o2 F2Z 5 dlo]o] kToflA A9 dlojo] k=9
AE FHE HH, &) d2H T (fully connected graph)?] 3
Ej7} ofUtt. &, FE7} o|w|A] AAof] A-&E|= A o] ofyz}, oln[X]9]
QX L%+ FejQl Ao|},

_

sk

=

E7 dlolols ABAEIE ok WHoR ofF 79 dAsS
shte] g2 AFHmapping)Al7le= F/3He 3T o|BAH R
o2 7k o] MBSl £3d 5 ot e wigsle 3

Bo] w2 £ 7)ol 72 AFgHL,

AF7AAE CNNE| 71BHQ Ade o] dels A ngi
CNNE Hlole|2ie 502 WA (eature)d Sk dlERel &
TelEolekn ¥ 4 ek 7129 7ASRE B9 HlolelE hadh] 9

s ©A & 29 glolgE A= 7hsshe #go] Basitth g2,




62 71Ae&(Machine Learning) 718t AlS|E% BIHIO|E 24 U 0lS2E AT

£3] CNN2 o283t A& Ho|H=REE wj¢ a&xoz 5t
A CNN2 2012E ILSVRC ©Ju]A[Q14] tislofA] 3lE
AlexNeto] 2k J5 /TS BALEN CNNO| ZAQl
o] o]ojA gith. AFHE= CNNOJ tigt olsfE & o 2 l 517 f1siAl
153 ILSVRC 2h= o]m| Q14 th3jof|A] 9-5=3F /35 H<Ql CNN
ZE50] A A E A} gt

(O3 2-23] AlexNetQ| 7|2 F£x

5 Convolutional Layers 1000 ways

Softmax
" lqi’;’ﬁ (N \Aj\j L
(= o=\malslpl

o "\" e
T8 Max

pooling

1008 wow A
.
.

3 aw

3 Fully-Connected
Layers

A& Krizhevsky, A., Sutskever, 1., & Hinton, G. E. (2012). ImageNet Classification with
Deep Convolutional Neural Networks. NIPS'12 Proceedings of the 25th
International conference on Neural Information Processing Systems, Vol(1),

1097-1105.

201249 ILSVRC(ImageNet Large Scale Visual Recognition
Challenge) BEIH] 958 Avet EEE thsto] 500, A
=579 A WA AA7} Alex Khrizevsky o]th. 19| o]&& o}, 1E0]
7St CNN 25 AlexNetzZtal B2t} AlexNet2 & 5709 con-
volution layers@} 3712] full-connected layersZ +/d°] o] Q1o
™ W upX|9 fyll-connected layer+ 1000719] 71E| 18| 2 RS
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o) 28+ =E softmax TS ARSSEL QU
AlexNetof| A+ pooling 7|'HO & max pooling 7|H& £t} max
pooling ALA HghZ 2= G Adst= 7ot} E3t &

A= sigmoid7t oFd ReLUE ARESHo] Sh5& 5 9 81 ol
2} back propagation®| ZFHs[jR|= o] d 2 7}?(] ]ltt. Overfitting
of thet FAIE sidst] % HEAQI

S8 Aotk 12y sk HlolHE 8= Ao ¢4 ¢or, g5 b
o[g|7} EoluH Shs AlZto] Zojx]7] wio] A& WA ALEs]
of sttt whebA] data argumentation ©]2H= 7|HES ARESA] over-
fitting®] =A1E =551t

ResNet(Residual Net}& 20159 ILSVRCOIA 58 & &are]
ol AA A= ‘Kaiming He' = AFEolth ResNet Activations
Ao g HEStE weightE S5te Al o= Y&(input)t &9
(output)®] o]l FAHresidual)E eFAIZI= Aokt & 7=
AlexNet £ 7% Convolution= 59l Feature mapsE Transformation
AA FATE ResNet £ % AZH(input)oll Additivedt
Convolution® & Sk5A|IZIth A A S 2 ResNet AA B2 42 100
layer o]0 &2 14| stHA, Zlolof WhE g5 ATE d= 5 = U
S yulstgd o, 1 WP o2 Residual Learmng olgt= WS WH
SFATHRISI, 2017). Residual ©] ol & ARESH
ZE A EY nergh $71 Stk A O}EH TR} 22 HHE CNN &
S ANEEE gith o] HHTE W2 Y xE ol 2709 weighted
layerg AA &9 H(z)E WM, 5& 33 29 H(z)E f= Aol
30|, weight layer?] Tjetn|g gho] 274 €t

il

|




64 7|HEH(Machine Learning) 7|Ht AIS|EEF BIHO|E 241 2 OS2 HFR

[ IS

(33 2-24] 712501 7129 CNN ¥

Al

I weight layer |

any two
stacked layers l relu

I weight layer |

H ) lrelu

Z}&: He, K. (2015). Deep Residual Learning. Conference on Computer Vision and Pattern
Recognition. Boston.

-] (3™ 2-24)9] 71220 CNNFY] 204 H(z)E &

Y E &

I Ao A5 A & UAEF S5 otAl dohd, 2719] weighted

layer=  H(z)—2zE& <L&F 50| EHolof 3th o7]A

Fz)=H(x)— o 2PH 20808 &9 H(z) = Flz)+ = 7} dcoh 11

HEE (OF 2-24) 5=+ (1" 2-25)49 HHH, o]Zlo] HiZ
Residual Learningd] 7| & E£& =7} H}.

(I3 2-25] ResNetQ| 7|2+x

X

weight layer
F(x) relu
X
ight | —_—
weight layer identity

Flx)+x

Z+=: He, K. (2015). Deep Residual Learning. Conference on Computer Vision and Pattern
Recognition. Boston.
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Aok, oA BIE 2802 AZAEE shortcut A2
o] A7|A ¥9)oH, o] shortcut Tet|E|7} glo] viZ HZo| H+&=
FZ017] giol Aitd BHolA = SiAle] 7= A 2ol &ol7t

ojgA 7|& Fxol|A To] vl et B B2 GIE IS 5 U
o} Mol H(z)E 47 93 52 4, olAls Hz)—2E &
7] 918t S5 SHA HH, HH Y] A9 F(z)= 0°] =ojof 517] o
2ol g5 ko] wlg] ZAo| o], o]A°] pre-conditioning T4
< oA "ot Fla)7F A 00] e BFo R 53 obA HH g9
22 S (fluctuation)= GA A& 4 UA Hoth. 19 Qu|ofA
Flz)7b 22 229, & YwAl(esidua)E shsetths oA

residual learning ©] E]r_T’_ YA "ok B3 A8 E2 xvt IR =
ol dAZo] 7] wjzof sHetr]e 9] S=of] J7Fo] glor, Bl Holuyt
+ A& A5t shortcut F4FF S7h= /it 18]aL E 79] o]0
£ AYHHEA Jg3t S0] AZo] ¥7] wZof forwardH backward
path7} &A= A7 35 4= Qi

3. Hald 7|gke] 71AskE 718 RNN(Recurrent Neural
Networks) & LSTM(Long Short Term Memory) networks

RNN-S AP“*O] oA AZFHEAE 2] £ Ao AAHY
oh RS A2 viezbuih A SR E A A gkt 7]E]

okl A% el AGE A1 ) A1) gtk Aol 4
ol A44o0] k. T AEA AAFEL oA UL T 5 ¢

R =
k. 2A0] A8H AAFEY] +8 @dellth. DNNoJu CNNZ ©]
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A ZHLLO] correlationS FE5] 1H FA] Fole= FHS 7R
AU RNN2 Yol R85 7R YEQ o[, & 1 F2= FE7}

A&GEE A 295 92 2tk RNN2 o2 JE7}F 417330 &
g o o] HH Fhol BA] recurrentsHA 12fEo] A&A Q1 4ES
712 dlolEo] Hisf S5 'IH ayHolt), Iyt AFE 7k Aol
TR EA] FSEAL AJte] XgE o™ K9] gho] ARt HiEli= van-
ishing gradient ¥A17} 3

}
LSTM2 7] 9j&/d& o5 < Sl S 79 <& ATt

Z&: Colah. (2015). Understanding LSTM Networks. http://colah.github.io/posts/
2015-08-Understanding-LSTMsOllA 2017. 11. 29. 91&

(23 2-27] RNNOJM Bi=El= 2559 1%

A | 'C, A
| | |
Z}&: Colah. (2015). Understanding LSTM Networks. http://colah.github.io/posts/
2015-08-Understanding-LSTMsollA] 2017. 11. 29. Q1%

AEHQ HolHE sz o AEet L RNNOJA9]
gradient vanishing A& o252} AA = ATt 7122 RNN A}
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< FHY WHEEHE AW EEES 7HAAL At o] HHEEE BES
gt 7§9] tanh & -2 v Zragt 28 7HA] 2 it
LSTM E3 ARs 22 28 7Y 18y HHEEs RE2 UE
£ Adt} RNNOA Q] gradient vanishing ¥A415 gradient JEE
A7e = = A(cell) 7Wg} 371HA] gates(forget gate, input gate,
output gate) 7I'd= =45to] siAst3ltt

(a3 2-28] LSTMQ| 7|2 &

Z}&: Colah. (2015). Understanding LSTM Networks. http://colah.github.io/posts/
2015-08-Understanding-LSTMsOllA4] 2017. 11. 29. 91&

g5t 2ol

LSTMOIA A GA= A AdeollA] ojE FEE HEA 2%
}. 0|2 ‘Forget gate BF1 314, X150 2o oJ8jA] A=},

(O3 2-29] Forget gateQ F& Ll $=A]

fe=0 (I'Vf'[h-f—l_\xt] i f?f)

Z}&: Colah. (2015). Understanding LSTM Networks. http://colah.github.io/posts/
2015-08-Understanding-LSTMs ©ll4] 2017. 11. 29. 91&
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O @A01A = old Mz FEE A AHlol AFEA 24t o
e 7 ez 4. A, "d=-(input) AlPIE T ol &£
L A|OHo|E &2 oy ZIEE JJAISHR] AA S} o =0 A
% ool 4 e M2 T2 S 9F G & Uet IS g
AoA, A LHE 73T S =71 #dl o] == SAA "ok

_

(2 2-30] Input gate O X 2 44l

i = g(["l‘"‘i‘[}!.‘t_]_|xf] + f)z)
Cy = tanh(Wer-[Ry_ 1, 1] + be)

Z}&: Colah. (2015). Understanding LSTM Networks. http://colah.github.io/posts/
2015-08-Understanding-LSTMsollA] 2017. 11. 29. Q1%

(23 2-31] Cell of 712 3 A

vo

;,T “(_’p%) Cy = fix Ciq + iz x Cy

Z}&: Colah. (2015). Understanding LSTM Networks. http://colah.github.io/posts/
2015-08-Understanding-LSTMsollA] 2017. 11. 29. Q1%

o[l GO e A AT ¢, A A AT G2 AR B
oIek o 43 €1l /% . £, 327} Al A forge
gate®] Zolth. 17 the i, * (5 e} olZlo] 2 AE gt S7t
Quka A 2R glow 371 7 3K(scaled) Al T8 ZH5o],
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Oy = l"[l'ﬂ :h't—l_-. .']’,‘t] =+ bo)
Iy = oy % tanh (Cy)

Z}&: Colah. (2015). Understanding LSTM Networks. http://colah.github.io/posts/
2015-08-Understanding-LSTMs©ll4] 2017. 11. 29. 91&.

LSTM2 5314 71& RNN9| 452 2T = A HAL B3
o

SN = Bt 2 23S AHE 5 A =HAH-

4. 2aid 7[4te| 71AIekS 71¥: RL(Reinforcement learning)?)

7) HHZ, olHAQ017)8 EBHOR Agste] AT,



70 7|A8&(Machine Learning) 7|8t AtS|2& BIHIOJE 24 U o5 A7

2] oA ZRAIATE A St dlEAR] A}l FHolE MwkE
% WEAZ Aok PATE FEEE oy ZEo)7] 2ot et
SHEE AR S AA st mizol Are] shsA R vle
ARt ot olf &2 2 JrIEst AARE dukare] Y e
& AePRlES 7Nte s Fink wehi Aeete S B Als wofll 7+
& 7W7ke Bdolet & £ Qlth. AmsRsibe thEA Foes2 ©

W, rfo
rlo
b oo

=

B7} FolA|A] gheth. 1 hAl 33} S A Folx

Rn)
0o
S

0 o_>;. fr
)
iy
i)

Agolnt. Zekeha g Eoke A9 Ao mlHo] dojd &
P42 Y2 5= ZA s 2= Aolt) ®13F AoesS =7 9
A ATAEL S BAg it AR, T1Al0] Bl w9

S~
>,
i)
ox
)
o

(Markov decision process, MDP)°|t}. ofZ L &

P02 A AR Folg ul, BAAek vl SHHg
ngteh. oE SolA W7 i €2 AIE Aee A W AEet
7h S5k Follwt o&9hS 9ju|gtty. MDP+= ofefiet o] 2A Y

o=
ur o dlo
o N

lo
<

N
-

O A set of states
O A set of actions
O A transition function
O A reward function
919] ] 71212 olele] oA F3) AvEES Pt MDPE Ash

= ) QlolA 7bg 5P AHB I oAl ofleh e A% B3k S
20| 9l Aoltt.
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(T2 2-33) ZAt B2t 20| 220| U= 4z

1 2 3 4
A Klein, D. & Abbeel, P. (2012). UC Berkeley CS188 Intro to AI-Course Materials(video).

(1% 2-33)001A4 &I &= Sl%o] 2Ro] 3lZ& 4= U= AHl= 1274
o] A} & sl}o]al, oA o] Are Z7K(state space)o]“/}. Zt AA}o]| A

BEEZ AR olsstAY AR 3l 5 AL, o] Tl 7HRY
o] 5 Z7Haction space)o] Pt 2RO A=} o]Fo] AF
B9l Hots WFo=E ol 55 HANL —QJ“E—.?J Beolle =5
o] Y& ol5stHI =, Y TFEE LELR T2 YXOE o5
gt o]g% £ AHolA 54 B2 = W, tharlo] =2 AH
£9 &2 YeRd Ao] Ho| 3 (transition function)e]t}. upA|2ko
2 7olerEolA 7MY 585 BAY S ZF AEloll FoE=d, #19
AR}F SAoA B0 =St +19] HARE , Eofl =Estd -19] BAY

= @A "ot MDP7} ol %l o, A3lehsE Frh= A2 7= v
& B3] & A= st A s e AS Au|eith of7]ol=
of 2] ou7F GAQIET, & 7] S8 A2 vl#o] ¥& H/(reward)

(/]

)
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o] Ztelo] Ytk otk A F5S BN Aol BAE Fad
==

a} o]—],] njEfjol] FojA]= BAERE o 1

ytem) FERE olek, WA ol WEE Ve A Ul 4
gof et £ %
et el 1
WS Aol B2
451, A1) Al b QeI 14 o) gk oA
2o, MDP7} ol o, H29] 43 P8 2 el oA
ot At Ak, ootES Fi A1 7IRA P T A g

E(value iteration)® F3] ¥rE(policy iteration)°|t}. o|E A s}7]
oM = HA FhvalueyZ BT o7t ok @A SA4H o= IS
T e HAHETE ofy e}, S AEfollAl AlAE W 92 5 e EA
=9 9] 7|9HgE & o AT, S ok E i AR vtes s
= A" 4= Q1S Aola, o]EA oz A HY g T
QA ot vi= o] ml#of] €& 5 Q= BAE 9| 7HEE 9 &
(value function), V(s)2tal ¥ EE}. St H|=5HA| @A o\ el A
od P F= ), Aol = & Sl= 7Y BEAES Bk o
(action value function) 22 Q function, Q(s,a)gtal F-2t}, Ff HHE
(value iteration) HtZ o] gt 5 ?LGP— WS A3 3 o
= QA FEE otdzt nF o] AElE, S L AN 22 S Ae B
‘= FalioF 517 wilzoll A#A o= AoJst] o YRty o= A3l

o
1o As o] g s Lolr] YA Euk olFo
equation)S &85, 1 A2 t}S3} Zro] A ojE ),

_101‘

E*:
o]
N
S
©
)



2% 7|H &4 (Machine Learning) i 2 &8 At 73
Vis) = maXaZT(s,a,s') [R(s,a,8") +~yV(s")]
S

9 A ST 8o Fefal A2 gk e V(S)7} =°17F Sl A4
(recursive equation)¥= & 4= 2L, V()& AL Y™ A= MDP2}
22 H-8olth V()& A9 #e= 1713}0}—1— HE AJH sofl tishAl
919 AAAE $ED d7kA] FshaA i FAY V(s E 2 5= ATt

ol A gk HHEof| thsiA A EQtrhd ojHoll= F vhEa= e A

A QhEof tsfiA AmE A} St AW 2 A 7HA L Sl B
9] 5= Bk B U} ol & Hg o E AAS A= B
A 7} A (policy improvement)?] HAE o|FA AL, o] F HAE 7
A otp7t T W7hR] oA 3ty AR o2 HA vk
o] g vkEuchwiEA HHe] Y3 Pz STtk TR Atk
O|ARERE o] @A) MDPOH o] ol goke 1] o84 o)
A3 SrpE Aol =A] gotH I} i), o2 gt £A1E gNtEe s 1
9 x| A35}sk5(model-free reinforcement learnlng)olf'}i B

;%L‘
r_u
st
Q
N,
n:
(L
o
ig
1o
f}Z
1o
N
_>Ii
ru
2
9,
T
in
o,
oi
ok r

oA ojd P& ok, ‘FEHOZ FHS IHFE o *JEHQP H
Freward)Z @A 9ot 2d =] FoetH2 1 1‘1} Z3skelzol Hl
of 2 7kA] FEEE S0 qled, 1 tHE@"J Zo] vkz A}
(exploration)th. B 0|4 20| o]BA| F&tol=A] LA| Zot7| wiEel
A ofHal 1 AIE BofA A T AL SgAIACk it o]

;
= 4%

A o8 = xe) FoeES o9 F 4 YA Lobuu Fit,

9bA il 7]k ZJBttol] AGE Wek SAOIA T, a, §), B

o
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B2 7K QoIA a8 w(9= NP, FoI4 r S 7SR Peolt,

s) = maXaZT(sm(S),S') [R(s,7(s),s") +~yV(s)]

919 Alo] md e ZJlelEol AMGE= A 7 A olnh T(s,
(), s)& B2 ghol AN, whoF ohg Adeli(state)?] 0] Tehe 2Ho
A Ugthd, 8= o] T & #E ot (sample mean)2 & thAS
= A " o] Ao & Mt o|fo]dS 2SR iAot HHE
% U7 temporal difference(TD) Sh5(learning)°|t}. MDPOJA]
7392 U7} ofd A soflA] F=oi7 FA FrE SIA ofH PE= 5t

H(a=n(s), 1YL 1 AHE thad AH s'9F B4 r& e AL 9r]
gtk 183 o] (s ,a s, n)EE R AAEC] FHEHUZ 1, o] ©
I[85 B2 ® g T<(value function) V(} FE & =
(action value function) Q(s,2)5 SH5sHA Hct. ¥yt o]F o]

Qls, a)oll HsfA et 42 th53} 2t

|

[©)

Q(s,a)HZT(s,a,s/) [R(s,a,s") + y maXa/Q(s/, a')]

4

A FAE o1BEN B 2k A Qs )F Arllol= B 5 3k of
Ao A TS FE 3% (sample estimate) 2.2 WAS 4= Q11, o= A

q
B Thea 2L SS9 4 9 Hek

ol
2L

Q(s,a)—(1—a)Q(s,a) + a[R(s,a,s") + ymax,Q(s',a)]
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o 3, the

_L?l‘.
>
1o
N
o3l
ru
er

e E‘”‘Kexplorat101n)°1‘:} 7‘9%% %XJ*J HAS
S HAHY F= 3571 ot ol FAPF 2= of
oﬂ(state space)°] Ax| webA o FzbEr

oA F-E olgt QE= WY 7y At el | Akeks
(deep reinforcement learning, DRL)°IA 7} 583t A F shrt
AR dufdt dshk=7telth DRL 91l DeepMindtkoll A 233 7
317 DQN(Deep Q Network)o|gH= B Z0] 9t 20169 HrRI=
o] a7} olHlEH AAL] Hi=olA e S 4= A THEClE &
algjEo] DONolH. 7]&9] Aslekso] dargjs4] Bl DONS
2L Q4L wo] gich 1|9t Q&Y $4]0] 7HA = 74 & A4
2 2ol it 71 ofE AR glolE, QEt=rol it fdlelES T 5
e Aot} o]t E4& A7 HT 2 ofulE 7t s RLO]
71&9] SL(A=3kz)ell HIsfiAl 7HAl= of=&o] 7
< reits A, H19 4 Sl 93] she] Ao sk Q
5 AUOlE A 4= Atk Aol ATt (s, a, s, 0014 (s, a)E
IE f 99 PBF aF W 1ET} stojk FISE A)gko] EE Ff

d

=

.

d

=

=

oll

kil FE
_l I

rlo

=
w

In
=)
&
17
oz
1o

ol

R

QGs, a)= A 2129 5 3 T=(action value function)Z +Hgt

U
the ol golth. 9] 441] SME wiok AR QGs, ) WS ekl
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E4A 2 & Ak max a'Q(s, a)& o] A= 7T B a
9] =71 f3tsflof gt thA] Waf BE s FE-S tF Fojdd, AlY
Z Q@kol o= P52 =1 ey, 183 FHHO QGs, 2)F od 9
g (s, a)oll tigt Q T E=gtolt ot S8 s J=of gt &
A(target)olZtal 2ot £12] Qo] tgh Mgt o] F o] H2 -7} A
L8504 ©ol AMg-Sh= 3] BHr(regression function)oll tHet Y&

g e el 2o AT 4 Atk

5. El8jd 7|dto] 7|AHekS 71¥M: GAN(Generative Adversarial
Network)8)

NIPS 2016014 7F¢ =E1l 71 E & sl GANOJZHL & = 9
t}. GAN(Generative Adversarial Network) ]S04 = & 4= Q15%0]
‘Adversarial’ o]t ©o]2] APZ] ojujE B ‘thPsh=, sk o]

+ o] Ut} ti"st ™ F4 she] A= Slojok sty GANS =
A F FEOE UFolA ok A ATH 2R & 4= St} W&o
W THE(Generaton)?} ©l#8A whEojxl UWAZ Brlcks TE
(Discriminator)7F 1014 A2 dH(Adversarial)stH A 29 452
A2 WA s YA Aol GANY 8 7lidoth. GANS & © g4
A5l A7} Ql=d vlZ th2 o9} 2t} A H| Y2 (Generator)<
AZZ YRt gAs] Fol#a st tE SO/ = AR
(Discriminator)e] o224 YxH AHE e} 7Es}E 1(Classify)
i) o] AR oA F 1F BF £olal sk AR 5
o] HASHA Hil AypA o 2= A A9} fIRA|HE FEHE 5 gl

o] olEth= A°lH:. o]t dlAE BHgLE GANS & © 94

8) FAE(2017) EEHOR <lgsto] AT
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o2 Ayt o33 Bt} Generative model G= 87} 2+ Q=
data x9] distributions &ohfa1l =3t} wek G7F HJEs| data
distributiong EAF 4= QIthH A 7|4 L sample2 43| data?t
T8 4= gith $HH discriminator model D= @A X717 B3 Q=
sample®] training datao|A] 2 Z1A] T2 GEFE TrEoj% ZQ1A]|
£ a5t} 42| %ol High &5 estimate Q-

(23 2-34] GAN OflA|

I tries to make

DG =)} near 0,
D(x) tries to be (7 tries to make

near 1 D@z)) near 1

Differe tllmllll
( funetion £ ) ( 2 )
. x Ilﬂlll]lll"l fram x nulll]l'l: ul from .
h datn el
Differentiable
funetion &

A& Goodfellow, 1., Pouget-Abadie, J., Mirza, M. (2014). Generative Adversarial Nets.
NIPS 2016 Tutorial. Canada.

webA (18 2-34)& H9H & 4= 3l%°] DO YAl data2HH
B2 sample x= D(x)=1°] H1, GO ¥9]9] noise distributionC.&

2 L input z& 93 =03 Sampleoﬂ A= D(G(z) = 0°]
HEE L2ttt & DAY FES B57](mini) Y] ok vt
= G= D7 AT SE2 #o17l(max) 918 3ttt debA o] &

Zo] £ ¥ ‘minimax problem’ °olgtal & 4= Q. ¢°F D7t

o
=2 =
= T multilayer perceptrons model A+&3It}. Generator's dis-
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tribution p, over data =& 355}7] 91 generator?] inputl & =
o]z noise variables p, (z)°ll gt priorg A5t data space=9]
mapping= G(Z0,)2 RS 5= Ut} o749 G= P& 7hst &

multilayer perceptron®|tl. $HH

L
d

FEA 0,5 parameter® Zt
Discriminator 9A] multilayer perceptron® 2 D(x;0,) 2 YEFHH
output single scalar #t°] €t D(z)= 27} p,7F obd data dis-
tribution S 2 HE g2 52 YL webA olF 4l o= st
H o237} 22 value function V(G, D)ol 9gt minimax problem<&

S A} Zoliet

min , max, V( D, G)

=E, . wlogD@)] +E. )l

log (1-D(G(2)))]

by

(18 2-35)2 A|F7HA] ollA At Y&t 4152 182 1
ot} AL HAlo] data generating distribution, Tk AAo] dis-
criminator distribution, =4 410] generative distribution®|t}. &
3 IR0l 9= M2 SR} ¢ = G(2) 9] mappingS EoETh 11
e AR AZ AAE U p, 7t p 2 A OEA A7 A &
4= 9}, o] Aeol A discriminator’} & distributions F+E35H7] 9
off st ShH & WA 193} Zo] & ¥ & F85k= distribution©]
TEoiZet. o]%F G7F @A discriminatorZ} FHE3517] of 32 HFo 2
S5 o Al WA 1-A Y B2 I o] 207 T N

|

TN= p, —Paara”’t =l©1 discriminator’t &2 A5 FEs}

1

A &3k= D(z) = 5

91 A7} et
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(O3 2-35] GAN E=Z2MA

po(data) Data distribution
1 Model distribution
N

T

Poorly fit model  After updating D After updating G~ Mixed strategy
equilibrium

A= Goodfellow, 1., Pouget-Abadie, J., Mirza, M. (2014). Generative Adversarial Nets.
NIPS 2016 Tutorial. Canada.

A 27X NIPS 2014904 2HEE| T NIPS 20160] 7F& 3kt 719 =
% ol GANOJ a4 o] 2291 853t A S-S B3l Lot=E kTt
O] XA 2] oo GANe| A5 Alg 2= ARAZ} AEsHA A7

S|
=1
Rl
=1

DA

A BFA] ot ARk Z2 J-E A F= olvlA Hye 75 +
= A siFAdT B A ofm|R|of tisf XA DopA|= Sk
< 5ol B AT olmAZ sk 7152 AlEsIE . GAN
o SALR Asf ATA T2 &4 A4 oA Holut ‘554 FE =
g 5 e ABAToE TERHU. oIt X BE27F GANS HET A
213 Hholl =A] FAIRE, GANZ o|u]A] 347 E Hil, el 59 5 o
gt ofEEA ol T B 7HAE BAFAL ot B3 A5 ||
A B ofEh F/doly Ao E] ol GANS A&t Al g0l &

v
=

ol
)
_1

2
A,
b
)
v
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6. Y 78| 7|AHIgks 7|8¥: VAE(Variational Auto—Encoder)

VAE+= o]0 287 E o] 7|H9] EAS ol H&x {50f & 4= Ut
Variational Auto-Encoder©l|A] variational ©]2k= ©@oi7} o £4) &

UEAIFE LopH A} Jhtt,

(19 2-36)9] 79 #+2 =5 AT EH GANI VAE= A2 Explicit
density®} Implicity2h= ZefjollA Z2HA]A| €t o] F Z= 2] 491 74
¥ BW Maximum Likelihood(ML) 2= 7igo] &43tt}. &, gen-
erative model°] Sta1A}F 5h= A2 MLY] Y2 & v 2 o53 o2
A= Ao ® A 4= Stk ojuf ojH A0 2 likelihoodE THF=1o
e} TRt AehEo] EAR. 24| Ul 4 Sl WAlo] oA A
3t Explicit density ¥2]7} Implicit density BF4]o|t}.

(O& 2-36] GANZ} VAE 2

l Direct

Maximum Likelihood R
- s S
e AHME " -~ Shgple &
@ lensity |('|1.~<it_\'

o A THs Y e
. . Markov Chain
lensity lensity S
1\H \BI'J\I-}si Sle belief nets EM 2= GSN
._-\|'_.\1]|.; Variational Tarkov Chain
-PixelRNN Variational autoencoder Aoltzmann machine
-Change of variables

moddels (nonlinear ICA)

Z}&: Goodfellow, 1., Pouget-Abadie, J., Mirza, M. (2014). Generative Adversarial Nets.
NIPS 2016 Tutorial. Canada.

GAN 22 79 implicit density ®W-4]] &3tct. of7] A 7421 =
Jolg} g2 % 2-2]7} o]' modelol Hi3] £ &3] P25t 4l

o
E2E &7] Yol samples ¥+ WS Lot}

_|>~

il
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HhHo] explicit density 2]l sidshs e HES Z9Z B
3] A oJsto] o5 HiSete A "ottt RS F 7] ol o
F717h vl A Wakl ol A mdo] g ¢jo] o|% Feet v g

3] 27} ok= A ooz AYE E & vk= AT AT o]FA

AFeR= W oll= Monte Carlo approximationsZF It 7] of

7ete 59l ol AES Hobd BEE §3dEAHE oleltolo]
ok T} olefet WAl SAHE TAUS THESE A B4 4 59
ot melthe o] itk ol2d e I8l a4 VAE: ole}

=] variational inference®= BTt} deterministic$t B4 AMES
o densitys AR

VAE®Q] 7@ A& &9 1 A ot iz} gt thaat Z
o] B4l o|u]R|& 1ol 2 AN H-E d2 SofHAL

(O 2-37] VAE OIAN1

deconv deconv
’ layer layer
vector of ones target image

Z}&: Frans, K. (2016). Variational Autoencoders Explained. http://kvfrans.com/
variational-autoencoders-explained/°ll4] 2017. 11. 29. Q1.

olH vectorg YHOZ 5}9, deconvolution layere2 A A] ]
A& AP o J=E Bl ok55tal 4of sk Aol Ut 9
£ 59, 3.34.52.19.8] -) I¥0[', [3.4 2.1 6.7 4.2]1-)7W 2 &=

1:1
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(12 2-38) VAE GIA]2

Encoder Decoder
Network = = Network
(conv) (deconv)

latent vector / variables

Z}&: Frans, K. (2016). Variational Autoencoders Explained. http://kvfrans.com/
variational-autoencoders-explained/°4] 2017. 11. 29. QI&.

9= vectorE random #e] oFHz} o|P| A& encoding?t #E2E ThA]
SHH, HdRt oju|X|9] HYHE He= Ao] 7Fs3iRIt. ofH F o]n]%|9]

£ encoding®t] latent variable®] A&sk1l, decodingsto] E-Hok=
Auto-Encoder FE[9] R dlo] ghEo]Xt). 2F4 0= AUslk= FHl= oln]
A& ‘memorize’ k= Zlo] ofYz} ‘generate’ o= ZO|EE latent
variableol] ©1# constraintE A5 constraint WO gke] ¥slof ot
2} 82 olL A& o 7FssHA BsA A 5 Qe HES TEE e Al
£ ofA "t} oY constraints= 7240 2 Gaussian L@ ARESITH

(O 2-39] VAE OIA[3

mean vector
[ ] sampled
latent vector

A0S
Encoder Decoder
Metwork 1 Network

N2
[conv) (deconv)

standard deviation
vector

Z}&: Frans, K. (2016). Variational Autoencoders Explained. http://kvfrans.com/
variational-autoencoders-explained/°ll4 2017. 11. 29. 91&.
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A3a 0z, ‘olu]x

It
o,
o

ol
ok
=,

2,

2
o

= £ A7} Gaussian X9}
latent variable®] £X25 &7 vh50] == A'0] VAES] Z#7} HE
= 4% olmx|et AA| oJu|A| Ato]e] MSE®}
Gaussian Ato]9] KLD9] o& ZAFC}
ol KLD9] optimizeE 5, encoding network”} Gaussian®©|A]
225 real valueE AN = Ao] ofvz} By EFHAE A5
WY+ reparameterization trick®] AFE-ET &4 constraint &, Hat
I EFHAE 7HA&= Gaussian W] 455 ©l-&sto] oln| A& A/ sh
W= Aol 7FssiA Al ot
VAEE oA AHE GANY ]IS SiEH GAN 22 7% VAEY
H|of & H=3t ghS BAJSHHATE VAE 22 ¢ GANo| B=3 7k
A We Zo vl 7120 MSEE cost functionO@ AREsh=
generative model2] EAE QI blurring @4e] 1tj2 =8y} vhdoj
VAE= ¥sh= 42 &9l vhdshke 2] 7Fssto], E=staAt sk
= &9 vehd = o= Aol ot &, original¥ generated
values®] 2% ¥ w7} 755}t

2, cost function

o

latent variable®] 3

=
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(113 2-40] VAERt GAN &3 H|w AR

Prominent attributes: White, Fully Visible
Forehead, Mouth Closed, Male, Curly Hair,

Qu.er)r Eyes Open, Pale Skin, Frowning, Pointy Nose,
Teeth Not Visible, No Eyewear.
= =
VAE o ~ . ]

[ =

Prominent aitributes: White, Male, Curly

Hair, Frowning, Eyes Open, Pointy Nose,
Query Flush, Posed Photo, Eyeglasses, Namow Eyes,

Teeth Not Visible, Senior, Receding Hairline,

Ly

Z}&: Larsen, A. B. L., Senderby, S. K., Larochelle, H., Winther, O. (2016). Autoencoding
beyond pixels using a learned similarity metric. ICML'16 Proceedings of the 33rd
International Conference on International Conference on Machine Learning,

Vol(48), pp. 1558-1566. New York.

VAE

GAN
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7 |AI8k&(Machine Learning)
SH7I'H Hlw 7

H1E 71HekE SHIZIE 29

o710 M= 71AISks A7 IS A7lstA qitt. ARY &8 =
o] dZo]7] wj&o] ALZ5k5(Supervised Learning)& 2 AHE
o 25t S4E 2y 52 HoP dlelEA(Training data)2 474
Z*(Descriptive features)?} W< (Target feature)® T+A%E 0] U
ou o] HolgAle R 7]74]51‘1/5 (Qiaﬁé ggsto] ASHPS T
o} o]gA RtEoiA &R S MEL HolElAl(Test data)oll A8
o] =& HolEo] dSat= FEE 4= AUtk ol" 7ol FL=rt &
ZAo] gt FE-2 Y FriolA o Gﬂﬂo] 7oAz dSHY
o sigst= 71ASs A7 IHE SHoE AYstaia} gt

(38 3-1) st 24

Machine
e L earning

Algorithm

Target ‘

Descriptive Features Feature
- - o o o - Prediction
- Model

Training
Dataset

Zt=: Kelleher, J. D., Mac Namee, B. D’Arcy, A. (2015). Fundamental of machine learing
for predictive data analytics-algorithms, worked examples and case studies.
London: The MIT Press.
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qERFom 8L 4 e TAVIHES 85 a7 HAL Q= €Y
J(Deep Learning)2] 741 Neural Network#HF o}L2}, Regression,
Shrinkage method, Decision Tree, Boosting, Random Forest,
Support vector machines(SVM) Bagging, Deep Learning & ™%
gt of7]olA = RREHN(EER)7E 53 B8 A48T & e
Logistic regression, Shrinkage method?! Elastic Net, Decision
Tree, Random Forest, Boosting, Support vector machines %'l
ol At A o)

Logistic regression< TEHR(y)7H HEE A 450 SHHeete]

WAE ok o 48 o Qe WHoE, AKolL &

[0,1] Ateloll A h& Zh= pla)ol el
(Y=1lz) = p(3, + B,z)
07 PSR 4= Qlt). AGIARFolM = a7F FolfS W Yo 247 3
wolR9E ZXAE = 2UREES A8(link function) pE &3
TYslsh= Zlojtk. AAFRe] efoll wiet p(a) = exp(x)/(1+exp(z))

] 23, plz) = exp(—exp(z))= AH(Gumbel) 27,
pla)7t EEPTFEEY] Bugh 223 (probit) o]l ot A
4o HeEldow RAAE Kol Wol ARGH

v

= x) = exp (xT'B)

i el A = ] T
1+ exp (xT ) ’ ('3 (ﬂl,ﬂm ﬂs, e ﬁp) )

9) FHE e uol, 48, AU, $F9. AZAQ01)Y HEL EHoR AE
_‘17
O

shof A7ABHE



HI3% 7|A18tE(Machine Learning) 77|18 Hlw 7 89

p(Y=1|X=2z)

ie. 10g<p(Y=0|X= ) ) = 2’8 o|t}.

P(Yy=1lz+1)/P(Y=1z) _
Py=0le 1)/ P(v=o) ~ PB)

£ Q@ ZH|(odds ratio)gtal gttl. @ ZH|= 27} St SUke w y =1

d &5 y =09 & H9 F7F= ArSt) A& S0 1= £50]

Iy ofd AEo| tigt 7£9) o2 (1=7Y, 0=v]7Yet & o, 5, =2

o[ 450l 3 9] SV EF= THUioHA] &2 gl et i

gLg0] Q =H|7} exp(2) = 7.384] Z7}ot= Ao g AT 4= k.
2AAE 3] gt S E3k(likelihood function)=

)

n

L(ﬁo’ B) = Hp(ﬁ() + ﬂlxi)yl(l _p(ﬁo + /811.1‘))17%7

i=1

where p(x) = exp(z)/(1+exp(z))

olty. 271 ke Aol Higt vlAdE =rol”7] wEol Ut

(maximum likelihood)Z&A %] (AO, )L X% W (numerical

method)& AFESto] 18 4= St} AR 27t y& A9Yst= o 79
Aol ]St 7o A2 S A AT

2

X' = —2(max, 1(8,0) — 1(3,6,))
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oftt. Xk PAHOR AT 19 Hol AR
# f,7F 0] oluieta A8 tct.

r{m
m[m
&
il
is)
[
2y
)
u

N 19
>
r>~
of
Ho
oflt
™
ot
me
ol
el

s
)
N
-
fljo
fo
24
)
i
mgr[r,
I
N
o
_°r|‘,
rr
e
=

U BIC 59 Ag7|&2 Hadhohs Rgo= A=ttt
A AH If= Folxl AgHs vof His] vk Y7h 10] 2 &
g P(Y= 1|:r)—‘é—' FAstetl, 03 1 Afol9] kAl 71&4t as A

A oF 24T o, 2ok k= AR A S A= AP E J18]o]
o AP EOA y =121 A&7t diF e Wb dughS 0.5
e Fgog 1Y & Qlvk. F WAE A-g EATE TEsfof ¢
oty =121 A5E &% E57o6t= &40 y =021 A=E &% 270k
£A40] vlsf &4 J=7F AsHA 2 d =
A &= 5 At L HolE A7t doly M s, 50|k 52 1185
o agtZ AFY 5 ATh

EAAE AP AFIARF Y TRIVIA 2 SH(EB9)HsE 1
of &5t AA7F 245k ths5-A4d(Multicollinearity) A7} &
Aok A%, SAAS 47 Adte] E7FsE 4= AL, FHFY &
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Ato] AR 5 A 4 g ATE Z 4 9k THEEAA Tt &
g AE3] A AE ABBAS Kol B B YRS A4
85U, A WSS YRR R PCA,

-

(method of penalization or regularization)?! 533 (Ridge re-

gression), LASSO, Elastic Net W2 228 4 9l

2L ARSI ¥ QolA] TEAS o) & Sk Agude} kg
B4 719 JEWAS S BY0) BREE owA 23T A7t

m
—~
o
o
=
IS
3
0]
—
=
0

olc}. EASe] AEA WolPL B 4 Qe w4
inference)> Fo1A A77t g EXE WErty 7}753—{5_}1:}_ = 3o
dfet F4e g H, ArolA 2yo] ma diat 228 )

L ol
Qe B4 FE R4S B et 7Hge 5] fRe] 1 58

_?4

7F Ak gato] gtk | 24 diido] E= HlEolE(IAHd B

5 Z}E)Oﬂ AnEassiie % A4 Zﬂ%ﬂﬂ‘)ﬂ% oA 59 A4
T A

g CHE]' 7 EW %}L ]E"\ﬂ FZ(nonparametric in-
ference)?l ¥ % (function estimation) YHES A-83 4 U
micro array A2 Y A9 $HT; 259 71 ¢ IAY Tt
O] rFEI B AF- 71Ee HHEREE ofE] EAIE oFIT & A
ow, 7 sjAd g HHYS}H Y E(method of penalization or regu-
larization)= 118514 Hc}.

A
A4 stee wg7E dold {(r.y)) , =wd dwgus

rEx C RIPHS(FESR) WS y EY I FpH A f & Fe v
T T 240 BAR B 4 9lon, d5ee Brlsh: 7
A Lly, f(2)) 5 ARSI ot ol Az fE7f0la 7
& g T ARIO| B R AmS A sk st F<0] Wt whEt
A o] ¢ FAAEE Hasohe e oo R & o= A gt

i
|
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Tikhonov®} Arsenin(1977)< ol&gt &= 4 EA9] a7t 435H4
o7 & Hojx =2 dHs] uhHE AASHY . o= HAY J(f)7t F7F

o Yot BASE HA st

B Jf) 21

HE= =
Elastic Net2 WA= 242 A0 € &+ e 7IHoR, Hp
o i

Az”}<<1—a>|ﬁj| +af),as0,1]

Jj=1

Elastic Net2 53 3] (Ridge regression)?} Lasso 49 AH=S
ot BPHOo 2 I, —norm T} I, — normS AT ZHN ATA 7}

e HFES BT AEste], ATTA 7} e HeE oA skl |
S 53] AE5H= Lasso 2 @S RSt 4= Qo A##A 7] Ql=
HEES L A"l AL 1S} f&‘ﬂ{groumng effect)=tal gict.

A

4o
1>
=2
W}

a, A ZrEo] FolFL u, = ¥4=9] Elastic Net =345
a\), By(a,\) 231}, ol A M > 0 of thefA] F54]

[t
~
1=
Eb>
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L

S g3} gfja2lo] Fa3td], A
w2t S EY MY § S35 He B0 Ak A7 Ssw

J Al A slig 5=l
= AT 5 qlofof 517] wizol siAHo] ¥ FRAEH A
Toks WU 5 ol AR (Decision Tree)i= 0171 AW
o] digf ¥S WS dSols Bgor BERU(classification
trees)?} 3] A H(regression trees) 0| Ut} A U= A3}
E UF ge] 2z 23T 5= ot

(O3 3-2] SAEZUT O

Credit status

Bad: 168 (52.0 %)

Good: 155 (48.0%)

Total: 323 (100.0%)
I

Income >= 2130%

Bad: 25 (158 %)
Good: 133 (84.2%)
Total: 323 (48.9%)

Income < 21308

Bad: 143 (86.7 %)

Good: 22 (13.3%)

Total: 185 (51.1%)
I

Good: 4 (45.5%)
Total: 9 (2.8%)

Good: 21 (52.7%)
Tolal: 39 (12.4%)

Job: C,D,E,F Job: A.B Age < 25 yr Age >= 25 yr
Bad: 143 (90.5 %) Bad: 0 (0.0 %) Bad: 24 (49.0 %) Bad: 1 (0.9 %)
Good: 15 (9.5%) Good: 7 (100.0%) Good: 25 (51.0%) Good: 108 (99.1%)
Total: 158 (48.9%) Total: 7 (2.2%) Total:_49 (15.2%) Total: 109 (33.8%)
Job: D,E,F Job: AB,C
Bad: 5 (55.5 %) Bad: 19 (47.3 %)
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AR U= 7t 19 ¥ HHEAc & Havto 2 AA| 99

ol Ao} 72l ARt AUl o8 A 22 if - then
o g #HEo] o|3fistal AHsty| 4t

AT P AA 4 (growing), 7FAA]7](pruning),
B3/ 87 oA 9 SO E o|FojXitt. AR dAl= 7 viHolA 4
At A 9] B 2& ZobA "}UE A= B o2 A AES

A7) HAlE AE AA D f7lo]

EAY FAAS 32 73S 7L = 7HA Be EE 83 THRIE Al
Akt 5§34 7T dAO A= ol = H(gain chart), A EH(risk
chart), 7= (Test data)E °]-&-5}] 4/\}7““/} 5 g7l €
ok 34 9 A& gAoA = 5E UFEFE iAot dlER g A
et & oS0 A3t

A= o3 o] EdH

i)

M
T(;0) = ZZlva(xEQn)

o714 R, terminal nodeA9] A2 iglel Ay JAES
LERH L, QZRmeL FAdoF & BpE ougity, AA| A& M
M Y Ry ..., By, 2= WAL ZF GHOA At v, 2= SIS

LHO] A -] SF2loA] 22 (split variable)7} A<
Be EAE el Fofoh, cET 3 QEE R 0% ZoW AX
B2 Useth, H3Y Hee AA 435 2719 BRI R Yt

£ 7|&(split criteria) 0.2+ EH Eﬂ’\gl BRE Jupt & 1Es)
=710 Higt S £5E(purity) B EEE(mpurity)E AH&-5H,

ofl
rE
i
rO
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d A 52 2 7P 2A sHAY Eek

&= 7P AA 3%—5— hﬂ—’?— 2270 ® Attt
=74 BAFS 7IolAlF BAR (chi-square

statistics), XY X]—’F(Gini index), NEZ3 A|$(Entropy index)7}
now, 3 Yo B¢k 54 sATE 4 240 ot F-3AT
(F-Statistics), ®4F0] ZrAagFo] ity

FdE(ensemble)> Fo14 Atz 2R H of2] 79| ASHPS e
F o]gt ASHPES AYste] st FF SHFZ Tes W
2 ugit}. HxZ AotE FAE ?-:?"’EJ Bre1man(1996)—4 Hj 7
(bagging)2.2, A8 (Boosting), AE(Random Forest)s
o] ¥i¥o] wol] AMHY. A= H“ﬂ% ]5“"—1 & 7|20 s FIAZ
T &o] FEF Lz ASE

FAEO] 7] ofoltjoj= o &Eo] oFgt, MHSH oS
Rt 22 52 P (weak learner)E2 AFSt At ASEF(C5E
o] X[Ho] 77 ASEF)S W= Aot

Freund®} Schapire(1997)°ll 23 Az ARt FA" GAZES &
F(Classification) FAIE 257 Yt HHOZE AREEJTE Weak
classifierdl G, (z),i=1,2, -, M& %A &3t classifierd G(z)
= es S o A

o) =sien| 33,6, )|

m=1

017]/\‘], G(x)Q,} Gm (1')7 1= 17 2a7M‘8_‘ %7](CIHSSifieI‘)‘%§ }%_-_q_

S x28E —1, 12 7= g5t} o, i =1, 2, -, M 2 Z} st
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=771(weak classifier)yE°l thet 7Fg2]olt. Z¥zke] B577](classifier)
=2 7S EE(Weighted sample) S 2 FE £x}2 07 T=ZHt}, o]
., = Ol DAA LEFI HEof T o & 7S XE FosiA o
2 HACAE ¥ & ERE & UAEF dUe|EHY. o] d1HES
Adaboost ¥alg|Eolg} 5kl o] YAl ES EAH 02 HESHH Tt
A

l

(23 3-3] Adaboost ¥12|E EAIs}

Final Classifier
sign[37 00 0 G (0))]
.
= Gag(a)
e ()
eeee Gla ()

Adaboost ZH5E] Mok 71EA1E Tk ek AxE thet Ut
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(12 3-4] Adaboost YT2|Z AE

1. Initialize the observation weights w, =1/ N ,1=1,---,N

2. Form=1toM
(a) Fit a classifier Gn(x) to the training data using weights w:.
(b) Compute

oWl # G, (x)
err, = ~ .
Zi:l Wi
(c) Compute «,, =log((1 —err,, )/err,,).
(d)set Wi A Wi 'exp[am [(yl * Gm('xl))]al = la'“aN-

3.Output G(x) =sgn[y " a, G, (x)].

219] Adaboost &11EEL G

7

il

o] o4t ERRIFE HIelsl7] wizol
discrete adaboost &g]&0|2} gtK(Friedman et al., 2000). T4l
AP Htglsk= 749 real adaboost ¥118]E5S AR 4= Ut
Adaboost F11EEL 57 TA 48 & 4 = dargEo)7] o
2ol I A= A&35t7] HsiA= 7 2P (Additive model)&
TEsto] PSS ANt 4 Qlth TPHE S ot A2 Ao

2 xdFh

d
r

A71A bz, ), i =1,2,---, ME basis function® &, AgHS xo}
il y 2 YRSHSE S0k g5olty. 582 EA%rt

Fo|AH EP4= H|olE (training data), (z1,y,), (x995), -+ (xyyn)
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=24 # Q52y a7

| sl ot 413k o] 1 HaAghg HAR She RS Tl
o] HEo|t},

3 AHZL«%’ Zﬁm m CL‘ ’ym

ol 419 8% Tk AL Akto] W] B3tk ofPA Shel
basis function= EJJ_E]-E]-— BEA= AtFoz 7] 11]11?—01] 4214 0]
Wios Hash BAS 2442 % 9t o I

<< Forward
stagewise additive modeling®]2}t gttt

[(O& 3-5] Forward stagewise additive modeling 2!

1. Initialize f,(x)=0.
2.Form=1to M:

(a) Compute

(B> V)= ar%min Z Ly [ () + (x5 7).
(b) Set f,,(x)

= fua )+ B,b(x;7,,)

Z*(Exponential loss function)gt

B S8 = e,
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B . ~¥f)y 1 Pr(¥y=1lz)
*(z) = argmin, By, (e )= glogm

1

& = = —

9] A= A5 HHTSTE IetrARl 22 AE S H(logistic re-
gression) TAIE thF= AAA AR
BAH A2 Eo) A basis function®2 F2 AME-EE= A2 Stump
ojtt. Stumpe 7HE HeRt FHS AU (Decision tree)=
root node®l|A] $HTF £7]5l= & terminal node”} = 7HSl A& &
St} Friedman(2001)° 2J5f| AQtE Gradient tree boosting &ale]

Z 4 WA vheat P

[O8 3-6] Gradient tree boosting Y125 AH

N
1. Initialize f,(x)=argmin » L(y,,7).

Ve i=l1
2.Form=1to M :
(a) Fori=1,2,---,N Compute
,: _{ OL(y,, f (x, ))}
o) .,

(b) Fit a regression tree to the targets 7;, giving terminal resions

R,.j=L2,--,J,
(©)

Vim = arg min ZL(yiafm—l(xi)"' 7)

v X;€R;,

(d) Update f, (x)=f, (x)+ i Yml(xER,,)

3. Output f(x) = f,, (x)




23 75 Fols HHo By Mesu Wk Aeo] Sl
o wPS Audt Fo

(I3 3-7] 2= boosting 28 7= 11

i“&éi . [E]....

mlmm —_’ "““

/]\

IE‘{!IGQH HAS

l Yes
M
fi= Lot
k=1

Friedman(2001)& #4:2] 4e)d SR8 Foigitr], ¥aol 50
L BARGOIA 5% Wavh sl v gl gt Any
2718 vehic B2 7u RRolA 2, W] dhet ke e

= 3 r

splitsonw;

N

o AT S YL, [ WS z; of I3 £5ET EoPHEAE v
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(O3 3-8] X &= A

Pelal Lengh

SepdWidn  Pela Wi

Sepal Lengh

T T 1
10 20 30 a0 S0 L]

Relatnee Infiucamcs

WY ZYAE(Random Foresthi= FAALS A= 7] flote] F
EAE(Fo| AmERE 55U 3719 S WY B F2)7} ¢
o] SHeEo] iRt FAe FE52 29t AR dedo] ot
learnerE & 7l WEolHie 7o R YIS &A= vt Eoh

QA4 BT HolE(Training data) L = {y; xi}il 2, E R O

Wl o) AR ol e REAE B2 L' = {y, 2]}’ S A4

o} 2t LU oA EEHSE 5 k(k < p) /vt 292 Hol ojard
BURE A/dettt old, JARERUTE Follss s SAZA AW
ok § 7 GAE o9 W HhEsto] A4E RSS2 A9 2
5o ZF: learnerg TH=
W ZHAE LA FA AL fof 5h= AFo R REAER HE
FAZ

2 @ 7)Y AR, k/dgrE oA T AAX, ARl
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19N & AL AT A 7 A EA AU, W B
REAEY ERO G AUAA A e ok, AGAT] G4
o 21e) oA ESl AshEe] ool SRR B, £

FEAIM = e dae F8ohs TAE ARSIt

i@ Random Leaming set
| @ Random Featpres

AN
7~

' Averaging

U¥tA 0 2 BRwAlof QUofA 0-1 EATFE ol-&5HAlet, id 29
q Argof= uhRAg<r(margin function)@} 1oj] 7|4t
A% (strength)S o]-&3ttt.
HA Y LA AEO] ARGE AEEUT ] ETS FO)=, o] 2
Aol oapEutEs {f(+,0,),k=1,.,K} 2 I3} 7ok

(z,y)7 (X, Y)o] RuaRe gge HEoln 77t HFJ:

i

A
j=au

:
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=

g R AE M= B dith i S85% X4E Alssk=d],
Aol gt $_ e A I M-S XASHA] Fal BYS 7535t
45l o= A S22t FolEsAE HolFe Aol

m
o

¥
mlo

[O2 3-10] UE HLHAES MK ZQT OfA]|

fit.ranf
ATAT < ATAT °
CYFRAZ21.1 = CYFRAZ11 b
IGF .1 < IGF .1 °
RANTES < RANTES <
AFP < AFP =
CEA < proAposAl <
proApoAd « PAL1TA =
PAL1T.1 - EGFR -
EGFR o CEA -
CA19.9 = CA19.9 -
T T T T LN S B . S S S
10 15 20 25 s} 4 3 12
YolncMSE IncNodePurity
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AEZE ¥ 7|4 (Support vector machines)+ Cortes?} Vapnik
(1995)7F Abstqitt. ARE HE 7|Al= AZE HE E75 oJvlsh=
Zo|A 9t AR ofye} Aol A8 75, dlSo] A
ool of 2] 7HA] | AAmof HisiA A-8517] H7] dlwoll 2 o
7] S AN Eol 2o]il it 7]E9] dEAQl EF R =
AXE 3= A7t FolFE o vl die 21

H2ES
F7gote Hl visl, AZE ¥ YAl &E 92 oA ¥ A 7
i

7|A7E B2 S EEA 59 3HE FAWHEC v 5
o] MY o= et} Iy T S A5 FERollAe &

3} 713 9] shuE & 4 3,
719le @ YIdstRgE AHs
o] 7Rt Zglo] o Z (n < p ) A9l AHo] Qirt.

Ag  AxZeE dHEH JAEe 2FFEE HolHE  o]&3lo]
fl@) = <wz> + 12 HEE Ag EFISE A2 5 f(z)9 &£
o5 doto] 2L Ay oo et vh Mg dlEsict o7
NN <w,z > = w'z o|th, A&7} APIFE Be] 7Rsdlnz nE
i(=1, ..ol Hetd yfla;) >0
plane) f(z) =07} 53] Wo| A3ttt AXLE g 7| A% o237 2
o] R 13 glo|EE59] ul(margin) C> 05 3ol SUsH 24

B2 tofet,

>
oo
i,
B
52
rir
Ku
>,
5=]
m
E
)
N,
-,
rir
e
e
oy

N
2
ol
S
N
Y
U
1
4>
i)
=
&
ol
ol
X
=)
Pl
o
1
N[

ANk y.(<w,z;,+b>) = C i = 1,...,nol ha}o]
max, ., j-1C
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(323 3-11] SVMQ| M& 23

class -1 U

" =] f
w*x+b<-1 separating hyperplane

w*x+b=0

Z}&: WordPress. (2009). https://onionesquereality.wordpress.com/2009/03/22/why-are-
support-vectors- machines-called-so/°ll4] 2017. 11. 29. QI&.
g7t AgAF oz el 7soHA] &2 4-(linearly nonseparable
case)oll= €3 W(slack variable) &,...,§, = EUTCZH o] F
£ 9R8S 58als ohl O'F Adsiohs BAL Fath &, Aoz
Ay (Kwa; > +b) = 1-¢,& = 0,i=1,.,n31)A

1 n
max, . ||w||=1(§ lwll® + CYJE).

i=1

o, C> 08 BPTEeA e uH 11| Jria 2718 2P

A BeE 2 5 9tk
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VS|
A1)

H2E 7 Aleks SA7IE E- 2 Hlu

HI

EXAY 39 7MY F A2 BYo| QP olgk= Ao|th. ket
TR A o] 49 Alito] ofFA] gt ZAAE 3] 9] Tl
2] linear decision boundaryE AEIH= HolW T2
(Interaction term)< ZOA &0 2 & T|FA| %,?0]-, T HeE 7t
o] w5 AE RIS EoE W WSS A/ddfof ettt 3, SE¥SY
H3o] invariant oHA| &

AE U= if-then P49 ]6]1’5‘} | 4% 2= /st
Zk]jo] golstal, ALY WLl My HPE BF FFT & Ao,
m3gof gt 73 (A2 A 3 %v:"}é B )0l Zoel= A
42 wholaks o] Qltt. E3H 7MY A o] Qe ¥l tisho]
Fzx= 27 dolv= 54 7 13151 o] (outlier)oll @ 1
Zsith= AT Qo)

A UTO B2 W ST A5 ARG = T S
o] ojZlt}, dRtHo® EZS UFH Y2 oS o] A5HE Il 4
o] o, Aol wEt Alitge] B sk gloH, Hlo|= ERAA
7} A% (recangle)e] obd Z-¢-oll= F4]
oltt. £3], Atm ) of7te] Wdlr} Qi Aol A5 v AHE & ok
U4 w9 ) EFE S WrRioltt.

T A}o]= 591 Boston Housing data & & FEAEH(F0Z] =}
FERE YT 2719 HES HE 5Y F5) &S EFE H|IH
B A tE 230 oA ot AP U7 EQ1ESE ol f+= A
WA eEoA ERE 22 o A= B[Rt dSE8E 2= vt o
g EA5H7] wzoltt. whebA Apmo] A2 Wsto: A HiA =] &

=
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257} uh % Ik ol 3 WA Beldsh s 4wt =
I Ak BT BHA E3 AE YR} ) 2eby
2 oJu]giet

(32! 3-12] Decision Tree2| 29 GlA|

AGF=794

71.04
innuska o

-71.04

‘ 4221

40.69 27.26 20.00 34.07 3272 46.29

FAE du8E2 e 2 AS58Z 7HL T SyEae] #g
ol invariantstH, Interaction terms= 11T 4= QlojA v|AE &3t
7HA] 1S 4= Qe

FARO T2 BYPoA Parameter tunning 2ol 7iHETHL

¥ % et

Aol ojgitt.

Support Vector Machine2 A 372 2 BHO R HFAE &5+
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Sh= o R a&go] Fof 7| FA oA Eo] A-ESHaL Q= HFo|t
5 2 3 ZACNA A& 7ksstH, HlolE ol F2(noise)°] Ao1=
A JFEA 3 B K overfitting) HA] gttt T1EA B2 S
2 SVMQ 4 F shelH.

SVMe] &80 2= HP53S 93t Hlo 1/\“(tra1n1ng data)o] MZ
59} AF(dimension)o] At £k7F A 4= Qi) 81l &9
& 2] Yol A 2P| A4 9] Tuning parameter A7%0] 5935
o E3, HEo] thet shA = ] gt
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239) thetsimpliciy) & P RAFT AR S8 po]d,

7t HPE FEStE e T olfe BAE A 9estA HAbskL
47] WZel. Occam’s razor 2] 8%t 2] oJ5hd, = o] &
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54, 6H*—1"°iﬂ\, TEA, Y BE 1S Bt o Sa%
Q3 118 A2 df&E o]t ofFg ¢

@01“1 °H’“°1 HHE AR EAl0l A8 FS Bt

£ EEche A% ,E%é 285t ou]7t gich. wHEkAl

OH IHE 30| 999 EP(rando

ool

£
A
N
o]
=
oD
o
e
@)
”T

TEL AHsls 7|22 3RS Mallow's Cp, Adjusted R, &
TR QB =S (misclassification rate)2 2HS | e 4 (LS
st FF, H@, 2uof, 48 5, 2015).

oJ7HA] BP & olgslto] F&LWRo AREE Priy=1lz, ...z,
S AxR &, ARREES P (2, .o2,)7 FOIRE W, B8

¥4 Y7} 10] € gEolth, AP@: o Eguss zasm ko AS.

I, AFEES SYHSE 1HT S Pr( - 1|x)& 9]1:!]6]—1:,]-‘

B2 J|27lo|g} ASeE-S 13t & o] S o] &5o] x} = nemy
A=) HEE Aol Aote] Hok= holtt. AlE Eol, ARFEHE©]
0.8 o]Alold A7 E 1150 sty AFZE3FE0| O ]u]—o]l?j AEe

.8
0 &0 ettt 7 7€ AR ES &9 5 o8 7THRIE



118 7|H58k&(Machine Learning) 7|8 AtS|EE HIHO|E 24 2 652y A7

= X

TAE U= Eolth. 2E87E&=1-FE7E&°H, dE7eS 48

gl QESHE QEF d§H(confusion matrix)?|ZtE it} R R
0] gt oeFst FHA7F = 5= A=t HF7F 27091 A9-0] o EF

#o| T2 et P,

(B 4-1) Q220

. o e
= 0 1
] = ] = ]
= 0 A7)0, 01]?0 A7)0, °ﬂ71 AA 0
1 AA1, 0 AA, A1 AlA|
A% 0 g% 1

(33 4-1) @288

True Negatives (TN)

I
— False Positives (FP)
o} 3 1
]
=
L]
@
=
=
1F 4 2
— True Positives (TP)
/ .
0 1

predicted label

False Negatives (FN)

A}&: Raschka, S. (2017). Lift Score. https://rasbt.github.io/mlxtend/user_guide/
evaluate/lift_score/°I4] 2017. 11. 29. 91&.



H4% 71H18&(Machine Learning) 7|4t GIEZ2S Lo o1 119

LFFE0 it Rt SHA = o= L
O BEFE&=(ZA0,AZ0) N =+(HA1,AZ1)9] W=/ A =
O L&27E=(dA0,ASDR=+(EA1, A150)2] Rl=/ZAR =
O W#x(sensitivity)=(HA1,9151)9] Rl%=/HA 19 ¥%=

O Eo|Z(specificity)=(AA0,91Z0)2] HIx=/AA 09 ¥l

‘E’R}E{‘ W 10149 FEFE0l1l, S0k ¥ 0049 &+

&< 9u|gitt

ROC(receiver operating characteristic) 242 F&3 29 A
o= UHES} Bolko] ofs w4~ LS AIZSRE 1Ho R AT
ZHA]0]2(Signal Decision Theory) Q2 HE &5} A1 59} 739
_‘_’li_

gE HHor gt

[O& 4-2] ROC

T T T T T T T
====-Random gues:
ROC curve

Best Performance - =

True positive rate (TPR)
Sensitivity

e wWorse Performance

ole ' . 1 I ' 1 L 1 I
o o o2 oD o4 os o8 o7 o oe 1
False positive rate [FPR)
{1- Specificity)

Z+& : Hassouna, M., Tarhini, A., Elyas, T. (2015). Customer Churn in Mobile Markets: A
Comparison of Techniques. International Business Research, Vol 8(6), pp.
224-237.
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T 74Ol kol i E Solk 3o A5 ¢ Fole 1-50lk
Solle YIHEE AAsta 19 FAo|t RIFEe} So= W[
'6‘}1, kA ROC 342 S71shs FElE |t
AUC(Area Under the Curve)= classifier?] ]S e+ A3
% ROC A9 o] HAZ Qjujsi, AUCTI =255 2 23|tk

(O 4-3] AUC O[A|

* ROC Curve Black : Logistic
Green : Logistic + Elastic Net
Red : Decision Tree
Skyblue : Random Forest
Blue: Boosting

Y2
= _|
=
= g N
=
z
$ == |
=
Logistic 0.7069
Logistic + Elastic Net 0.7083
N
= Decision Tree 0.5872
Random Forest 0.6858
=2 Boosting 0.7201
0.0 0.2 0.4 0.6 0.8 1.0

1-Specificity

A& Hassouna, M., Tarhini, A., Elyas, T. (2015). Customer Churn in Mobile Markets: A
Comparison of Techniques. International Business Research, Vol 8(6), pp. 224-237.
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%Captured Response, %Response ¥ Lift SAFS 3ttt o]Y=
Ne&9 53=, FAF0= Y9 3719 B4

9] plot & ==
T 5 STHE ol&sf 1 =& 1™
ol #o AREEE 5AF %Captured response, %Response 5

cheat 2

A]

rlo

1o
T
i1

= =3
o] £ W Hl

Ex H=%

S

%Captured response=d[lg 5FolA ZXHA
=

*100/ (Aol A Z3EER0]

1o
.
ul

%Response=od 5aolA EIHFe] £ #l9] vl*100/(51d

SaollA AA ¥)

SAYE JE59S o, dSSE
= %Response+

%Response FAFZ ASTES

9] x% dlolElo 9] FFrE ojulsin, U¥tAo
EFo| YolRHA 7+ABH}
Zo] B1E*100/(AA]

Base Line LiftE& JAOA H@xH0] S5

W)= el o, Lifte

- Lift= sl3532] %Response/ Base Line Lift

2 A4k

XO| QEFE #HE A8 Lifte thZ Eth

Lifp = (7P/(TP+ FN)
= TP P/ (TP + TN + FP+ V)
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(% 4-4) 2HWPIE o

24 9 5Py

Lift chart

ROC curve

Recall-
precision
curve

Domain Plot Explanation
Marketing TP TP
Subset (TP+FP)/(TP+FP+TN+FN)
size
Communications TP rate TP/(TP+FN)
FP rate FP/(FP+TN)
Information Recall TP/(TP+FN)
retrieval Precision | TP/(TP+FP)

Z&: lan, H. W., & Eibe, F. (2016). Evaluation-Lift and Costs.
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(28 5-1] =Xe2 Q20| ofet LERES| FMH

oo
1o

True Negatives (TN)

I
— False Positives (FP)
0 3 1
-
£
=2
v
5
1} 4 2
- True Paositives (TP)
/ . .
0 1

predicted label

False Negatives (FN)

o 0= HNEXNE oF o=z
= 0= 0 0lE 1
=20 tﬂ¢ HH 0 | ® HA0 & 9950 | © HA0 & 151
(A 22 O B2) | Mz 1 | @ A4 & 920 | @ AL & =1

Z}&: Raschka, S. (2017). Lift Score. https://rasbt.github.io/mlxtend/user_guide/evaluate/
lift_score/°4] 2017. 11. 29. 91&
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H2E 7|=8A X 2Y=4 24
2750 A NSHAS SYRLO T 11F5t0] T-testS A5}
Ak, 7HRFH, FAS, BANE, BBolA e APusTt 8

ol4-2 0.05519014] -olal et

H 5-2) T-test Zu}

B Y N SRt 4 7 Sl
o =} - o E—’.Egif
0 6047 1954.4407 208
el 1 676 1948.3003 501
0 6047 2.4435 017
7 O_]/\
Feas 1 676 1.7944 042
0 6047 1671 2763 .006
A9I7T ofp
H o 1 676 359 5311 019
0 6047 54 .0089 .001
E.Z 4 Bk
PR e 1 676 35 0518 .009
0 6047 27 .0045 001
1:11 7 A=)
AT ¥ 1 676 7 0104 .004
ZEFE E'E Aday| 0 6047 22 .0036 .001
7Pgol R 1 676 17 .0251 .006
e mae 0 6047 4.6282 022
1 676 3.5917 051
0 6047 5438 8993 004
T 1 676 464 6864 018
P 0 6047 10410 1.7215 .008
1 676 793 1.1731 034
0 6047 4575 7566 .006
7Y WIEE
HL == 1 676 624 9231 010
el Ao 0 6047 1085 1794 .005
1 676 294 4349 019
0 6047 58 .0096 .00125
AR o =]
T o 1 676 2 .0030 .00209
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o

B v N SRt 2 m3 ool
=T o T ol E—ff—gxl'
B 0 6047 .0627 .010
1 676 .0222 .018
] ol 0 6047 701 1159 .004
1 676 63 .0932 011
0 6047 861 1424 .004
YA of g
1 676 398 .5888 .019
0 6047 819.0475 85.01361
7HAELE adi* 5 5
1 676 1488.0040 4273412
0 6047 12.8130 .50376
Al&(h1107_4)* : &
1 676 .5833 .12378
3 0 6047 295.9507 3.102
ZA98](h1107_9)*

i ) 1 676 120.4571 3.453
o 0 6047 21474.9883 5480.160
FHAY

1 676 46022.4970 |  25593.754
N 0 5223 39396.1324 3923.039
SAA

1 540 5273.5519 1876.486
2¢ ol FAZE EEA| 0 6047 25 .0041 .001

9 & Qlo] & &1
FEED 1 676 19 .0281 .006
Zoze 75 ) gust| 0 6047 115 .0190 .002
A Bt A 1 676 25 .0370 .007
AZS Yx B8 A7), O 6047 16 .0026 .001
As}, =7 #2 AE 1 676 4 .0059 .003
o] TwenE 3t | O 6047 14 .0023 .001
o & & ¥ 1 676 1 .0015 .001
o] Qlo] AL e | 0 6047 68 .0112 .001
3ot AE* 1 676 35 .0518 .009
o] glo] E9lo|L} 7|&o]| O 6047 53 .0088 .001
Holl & 7t AE 1 676 22 .0325 .007
Iy = Agzergsr| 0 6047 155 .0256 .002
H APA o 1 676 63 .0932 .011
AZRY wgog els| 0 6047 38 .0063 .001

Y FoR4g A
2@ %Q‘ﬂ;ﬁ U 676 2 .0030 002




134 7|HE(Machine Learning) 7|8t AFS|EE! BIGIO|E 241 2 OS2 A7

A ST A a9l
i Y| N | aeRs | w2 e
AAA ojzg wEel| 0 6047 138 .0228 .002
52 Zo] wWolgtue
o A 2o ¢gd Ae 1 676 89 1317 .013
BAAL oltE el 6047 291 0481 003
g A2 4 Eo gloid
9 49 A48 ¥ 47
gi%;ﬁofg* 1 676 191 2825 017
A Ao L hot
3 g 25%0;% 1 i‘ 0 6047 25 .0041 .001
olA 7 W AFRlEo]
Aae] g2 ZolAd A 676 18 0266 006
g AT A8
AAAR] oz o
2 AS FES) A 4] O 6047 39 .0064 .001
glol4 sojok stk 4]
A3 gt 27w
. %_@* A =R 1 676 31 .0459 .008
AAAEA ojH w&o
a2 e 4 2o o | © 6047 21 .0035 001
w7t LEdE WA Ee
g%ﬁ 1 PRE 676 14 0207 005
0 6047 680 1125 004
7 Aot 1 676 179 2648 017
. 0 6047 205 0339 .002
I 9 5 AR e 1 676 18 0266 006
B 0 6047 1733 2866 .006
e 1 676 284 4201 019
e e ot 0 6047 28 0046 .001
1 676 3 0044 .003
0 6047 45 0074 .001
A o 1 676 10 0148 .005

F1FYE 5%steA Fofshd Hol * EAIE 595

24 g2 ZAAH J|ARY, FElastic Net, Tree, Boosting,
Random Forest, SVM, Deep Learning®|th. 2§ F=2 ¢t 249

A FA G2 AEA7} wo] EAJse] BA Mol AL Aolsie

O 71 -
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I3 t-testollA] FOoHA] P2 HSERE Y 7H] vl 24 95
4 o] Zoto] B &S

tlolEl= BES F5ohs HolEet By Adst= HolH, BgS
H7loke dlolE 372 Wrolith g2 HgS Agshs tlolE=
HEE 15t HolEe} A4 B3PS HolE(Training data), =
B B7t HloE|(Test data)2 W71 %= Tt

(029 5-2] 2750 2687t HOH

Training set @
Validation set @

MOYdEl Error

A golEAlE Y HAE AREstal WHA| 97f HloleAle 2
Zof ARgRtT. F HiA Ade F WA dolEAlS Y Hro] ARgSt
AL Yo 2] 97f ElolEAlE Y 500 ARGt o]F A 101¥9] dd S
O AAE 2E Holge 2y 50 1T ARGSH| Bl 2Y <
gloleilat e H7t gloleiAle] FAl= Lol giA "
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(H 5-3) 10 fold Cross-Validation

Experimentl T1

Experiment2 T2

Experiment3 T3
Experiment4 T4
Experiment5 T5
Experiment6 T6
Experiment7 T7
Experiment8 T8
Experiment9 T9
Experiment10 T10

5 B2 ZF Byuitt 10719] 2] 5T
AlA 23 F7lo A= 10fold CVE 23 H7} do|g& 13519t

~

ot L] 741* EE 038 7 2o EAS AuH7] 95, A
HolE = 23S 55to] AAlskIH.
Logistic ﬂ-‘Hﬁ] 22 AR Y oS 2o}

H 5-4) Logistic Coeff

HH Estimate Std. Error Pr(|zl)

(Intercept) -3.7805 0.3552 0
7H-hee 0.8233 0.0976 0
A7 o7 0.7584 0.1681 0
LRI oj i 2.1959 0.3046 0
FEAZE o7 1.022 0.5642 0.0701

Z471 B AUAETEE o) 2.4304 0.4225 0
NFE ASSE -0.0748 0.0436 0.0864
7 2R Y /7 0.4694 0.2718 0.0842
T 2R 5 Ax -0.5855 0.1456|  1.00E-04
7t w9 s 0.8132 0.1884 0
7h-d AolER 1.0777 0.1107 0
A7EYg ugday -2.8878 1.5655 0.0651
AZEA=R v|g7|zt 0.0805 0.192 0.6751
95714 AaE_AA 1.0055 0.1738 0
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Hay Estimate Std. Error PrO|z])
AO(E71) A _LA 2.2412 0.1209 0
THAHELE -1.00E-04 1.00E-04 0.1857
Al -0.1173 0.0341 6.00E-04
Ay -0.0081 0.0015 0
5 0 0 0.4999
2ﬂﬂ%§ﬂﬂ%ﬂﬂ%%—rﬁﬂﬁ% 01311 0.4079 0.748
&7 38 ' : '
TS 71 W g &3t FY -0.3631 0.3598 0.3129
AlE& WK Fl A7), As), vt 3 49 0.4165 0.7931 0.5995
9] FuEHE S E ol & & AE -0.6708 1.1427 0.5572
=0] glof ﬁgﬂ] g X 3t 49 -0.0862 0.293 0.7686
=0] §lo] ERlolu} 715o] weol & 7t HE -0.7983 0.3325 0.0164
71 F ASEFATE | AEA; o7 0.4696 0.2206 0.0333
AZEY vgoz st BY FoiAEE
AR A o] B 0.6354 1.2976 0.6244
BAFQ olEe & HE Zo] HolH
Cow o A Eo] gioid %@* 0.1754 0.2372 0.4596
BAAR ol wEo] He A& 4 =ol ¢l }
ol 38 3 ANIE & 2t glod] A% 0.6464 0.1682| 1.00E-04
ﬂZﬂ%—l olgle o] HE AL FE| 4
QoA 7 W ARlE0] AAkY] e & -0.049 0.5213 0.9252
17%1% AAE AZ HY
BAEQ olEe fEo] He AL FEI
4 &= glojA Holof gttty AJZsh= FE 0.2915 0.4143 0.4816
ot ZA Hld A
BAER] ofze 2o HE AL A =o] gl
ol B} TEA)E BX] 2t A -0.3686 0.5761 0.5223
197 Aoy Z45e 3% EA(+
o). AR olEie 0.324 0.1508 0.0317
197 Aoy Z25e 2% EA(+
B RREER 0.2843 0313 0.3636
197 Aoy 25 3% EA(+
o). 772 0.1868 0.1234 0.1303
197t 2oy 258 gt EA(1s
o), s 25 0.4284 0.6973 0.539
r=o z#st 2EA (1L
17 SHofd 258 2t A0 0.8481 0.4629 0.067

A_FAEA
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Elastic Net o] 3AAFE AHEHA Logitic 3]AAGL A thEA]

O O slolsk A~
Aa= gRlE 4=

(B 5-5) Elastic Net Coeff

Elastic Net Estimate
beta0 -3.7457
7 0.8118
N7 of 5 0.746
HA7E o 2.2011
A7 ofF 1.0226
ZETHE B AYAETPE R 2.4354
THE_ASSE -0.0779
M 28 58 45 0.4584
M 2R 58 A -0.5822
7 T3 Egk 0.8099
7HE BolE R 1.0748
AZEIE vgdEE -2.7581
AZEIER ng7|7t 0.0673
JYE714) ARgE_=A 1.0116
H(E717Y) ARFH_EA 2.249
A EAE -1.00E-04
Al -0.0982
gl -0.0082
54 0
29 ol JAIZE dEjAY ¥ 4= glo] e &% BE -0.1293
FhES 719 W gRekA & & A -0.3548
AlgS WA Zof #71, Ast, $e7t #2138 0.3948
9] FuSHE ¢ 2 ol X & AW -0.6282
=0] glo] AL I & 3 AE -0.0843
=0] glo] ERlojy 7kEo] B & 1t Ad -0.7912
7He F ASERATH | AEA o R 0.4716
A7ZES ugog Qlsle] BY FojAAE AT A o 0.6064
A olfE WEo] B Zlo] HojgEuz o A Eo] glod 0.1728

e
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Elastic Net Estimate
AAAQ ofzfg wito] HE AL A =o] glojA #+3 I3l AAE 6
471 A 29 0.6501
AAAR] o8l o] HE AL FE5| A = YoM 7 U A ~0.0464
E0°] AA] FE EolAY AAE AE FE :
AAARI ol Hiol HE AS FES| A 5 glojA] Holof gt} 4
3 A7 gE F7) =9d A9 0.2841
AAAY olzfg wizo] HE AL A Eo] glojA iyt IEGE H 84
A 53 43 0.3
137 2oy 258 2#st EA(1EA)_FAE o= 0.3241
197 2oy 258 28st A1) _Fd € A=A 0.2822
197 2oy 2458 2#st EA(1EA)_A7FEA 0.1846
197F 24olY 252 23 EA(1e)_LZSEA 0.4172
197 24olv 252 2H3 EAQEN)_FAEA 0.8399

[J2 5-3] Decision Tree 23 =2 H
k”% .<015
T
& EaEE: %J\ﬂ 9:1-'?'- <05
‘ 0.02543
tE ZEsE HE
0.18700 -
072180 039060

oA BYoIA 3717 ZSHe o
ou} WA, 4

ERIA|ofH.

= 5 AN
Fa3 Hp =

A GAA, AR 2

Ae<

ANXZ O
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[(J% 5-4] Boosting ZE(MCHIA Hstk)
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RI3E 7|AEt 714 OS2 Hia Y B}

=

1. 25/

BR71%2 058 % u 7 g QBB T 2t
(H 5-6) EXAE(ERZIE: 0.5) 2E5H
} o w
== 0 1
N 0 5,916 131 AA 0
413 263 AR 1
d 0 =
H 5-7) Elastic Net(2F71&: 0.5) QERE
} oE v
== 0 1
N 0 5,918 129 AA 0
415 261 AA 1
0% 0 A%
(B 5-8) Tree(BR7IZ: 0.5) QE=H
g} o w4
= 0 1
g 0 5,968 79 AA 0
471 205 AR 1
q9% 0 d% 1
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H 5-9) Boosting(237|F: 0.5) 2=8H
N oE s
smua 0 5,911 136 AA 0
376 300 AR 1
A% 0 g% 1
H 5-10) Random Forest(2&7|F: 0.5) LERH
) oE v
= 0 ]
g 0 5,893 154 AR 0
389 287 AR 1
9% 0 of% 1
B 5-11) SYMER’IE: 0.5) 2EFH
} ol v
7= 0 1
y|
Sgua 0 5,944 103 AR 0
486 190 AR 1
A% 0 9% 1
H 5-12) Deep Learning(CNN) (E&7|&: 0.5) QLERH
N oE s
= 0 1
smuma 0 5,795 252 AA 0
367 309 A4 1
& =) g 1
ER71E2 052 P2 1, k= FAE0] 92.38%E 7HE =4t
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2. BT, SOIE ¥ BIYE
BREACN BRY1ES drke Atk Het A3, Solx, wg
= gt £77152 0.5, 0.6, 0.7, 0.8, 0.92 3= o] =g

BYE, So|x, WgE Aok et 2t

(& 5-13) 2F//I= 0.5 21

random deep
svm 1
forest learning

o | 91.91% | 91.91% | 91.82% | 92.38% | 91.92% | 91.24% | 90.79%
S0l | 97.83% | 97.87% | 98.69% | 97.75% | 97.45% | 98.29% | 95.83%
QIZE | 38.91% | 38.61% | 30.33% | 44.38% | 42.46% | 28.10% | 45.71%

logistic elastic tree boosting

H 5-14) 2871F 0.6 &1

random deep

logistic elastic tree boosting forest svm i

T | 91.79% | 91.80% | 91.82% | 92.09% | 92.16% | 91.16% | 91.00%
S0l | 98.86% | 98.86% | 98.69% | 98.68% | 98.66% | 98.71% | 96.79%
U= | 28.55% | 28.70% | 30.33% | 33.14% | 34.02% | 23.66% | 39.20%

H 5-15) 287|F 0.7 21t

random deep

logistic elastic tree boosting forest svm lsaming

T | 91.21% | 91.19% | 91.82% | 91.39% | 91.54% | 90.88% | 90.94%
SO0l | 99.29% | 99.27% | 98.69% | 99.22% | 99.22% | 98.90% | 97.53%
DIZE | 18.93% | 18.93% | 30.33% | 21.30% | 22.78% | 19.08% | 31.95%

B7HAEE I ER S o] A2-ofli= Decision Tree] 237} 7+

& Z=t}. stAYF Decision Tree9] 4%, £7715< 0.55H 0.72 A&
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S, AA 190H] 12 J&E+= AlolA &AF 20590t} ¥, BR7|=
£ 0.8, 0.9% P& Lo = Decision Tree S 25 02

2w ¥R} 09] Aol A S7e} 19] Aol A 447} Ho] Hol7h
U 729, shute] 7} 7|e el o Bk A 9 2 glch

(B 5-16) =F/I& 0.8 Zut

logistic elastic tree boosting r?grd::: svm Ie(zja(:r?izg
T | 90.41% | 90.41% | 89.94% | 90.79% | 90.79% | 90.82% | 90.86%
E0|= | 99.69% | 99.69% 100% 99.69% | 99.77% | 99.47% | 98.31%
QIZE | 7.40% 7.40% 0% 11.24% | 10.50% | 13.46% | 24.26%

H 5-17) 2F/I= 0.9 21t

logistic elastic tree boosting r?grdec')sT svm Ie(:rar?i?\g
ST | 90.06% | 90.05% | 89.94% | 90.14% | 90.08% | 90.45% | 90.74%
S0|= | 99.95% | 99.95% 100% 99.93% | 99.95% | 99.76% | 99.02%
QIZE | 1.63% 1.48% 0% 2.51% 1.78% 7.10% 16.71%

H27|&0 uat A& E, Eo|x, 1T dy} RAEo| Auldog &
4% A5 Holal Qlt}. deep learning(CNN)Y] 3%, W4 E A&
H o2 ® o] vig] JfiZ o2 52 A5 Ho|al 52 SRIskrTt.

j

Ol
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3. ROC Curve

[(J2 5-5] ROC Curve

Y
z %/
& . [
(=T li
¥
g
21|
<l T T T T T
0.0 02 04 0.6 0.8 10
1-Specificity
4, AUC
H 5-18) AUC Zu}
2y AUC
Logistic 0.9058
Elastic Net 0.9059
Decision Tree 0.8335
Boodsting 0.9161
Random Forest 0.9101
SVM 0.8530
Deep Learning(CNN) 0.8726
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ROC, AUC B = 7149l #2830 HY 2 AEQ] A7t A

o] 39| %Response BAFOZ IS Y7ot

AIFEE AR JEsIRS Wl A9 5%, 9 10%, 39 15%, 4
1 20%, &9 25%, &9 30%E 16522 5to] PR %Response

SATE AL

(% 5-6] Lift 4= by

Total number of examples

Experiment 1 E

Experiment 2 B

Experiment 3 E

— a / Test examples
Experiment 4 | E.

ASZE =MU2 89 X % FESH0] AH U B2

10 fold partition©Z 107l test set®] %Response H
= vhatt gt

r:Ll
r>~
i
_|l',
i)
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M5 7|AS

lifte] %Response

&(Machine Learning) 7|8t OIS2Y 2

=3 logistic | elastic Tree Boosting Ranf svm Leaming random
5% 11.7 23.6 24.1 24.6 24.3 12.9 14.5 3.4
10% 29.5 41.1 44.4 44.4 41 32.9 32.6 8
15% 55 66.9 70.4 68 65.7 57.3 56.8 10.3
20% 81.6 94.4 98.1 96.2 94.2 84.4 82.4 14.3
25% 111.4 124.3 126.2 126.3 124.5 113.4 110.7 16.8
30% 141.6 | 156.1 | 159.4 | 157.6 | 156.2 | 144.2 | 138.9 20.7
(B 5-20) S39 lifte %Response HMET(%)

logistic | elastic Tree Boosting Ranf svm L;;..sfg random
Y | 3441 | 6041 | 7088 | 7235 | 7147 | 37.94| 4265| 34
10% 1 44 4 48.66
ace .03 | 6134 | 66.27 | 66.27 | 61.19 9.10 8. 8
15%
acc 54.46 | 66.24 69.7 | 67.33 | 65.05| 56.73 | 56.24 10.3
20%
ace 60.9 | 70.45 | 73.21 | 71.79 70.3 | 62.99 | 61.49 14.3
5% | g6 4 6
ace 31 7399 | 75.12 | 75.18 | 74.11 | 67.50 | 65.89 16.8
30%
. 70.1 | 77.28 | 7891 | 78.02 | 77.33 | 7139 | 68.76 20.7

BAZ A, FA”T Y

lift ©] %Response

2 58 HolT A, SAAHURE Ao

g|o]Elo] A= Deep learning(CNN) 5

AL Tt

o]
240} dlof(language) 2HAT F ANE HehfA: 2
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HadE AE

O ARt A= HASHA] =t
QEFE, AUC, ROC, Lift9] %Response 5 7|Agks 7|HQ &
A" A7t Al £33 ERIT &= ATk 24l 71 "

e
o 49, ThE B4 Aol B]3) WU} L Holth. ol A Lo
=2, C

2% AR Tha IisiA diSst 23tof A Hitd Ae=, CNN 2

I v BX] 5 o7& 27sHH BA] go] BT Aol &

A aee A X FE2 S0l 7 AUt ST HId R B2 S
okl

Xc}oﬂ/ﬂb XH@XJ. o] ;q;qq whebs, B4 2Eo] e
Zof gt wek o] Qo= Fa37t 2%10] F3IRI7of wht e 4= 9l
E]

O,
el
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N
i
Mo
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>
i
N
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o
=
=
o
)
o,

oE 7ASkE 71‘3011 1°H T2 *é‘a—% Holx|

Lifto] %Response(test Eﬂ 159] &= = !
F3Y 1) 83 4§ U= logistic ARG HAE AE v|wsHA
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A7 22 ARTE GALE Aol 43 Ak JREAIEICTY)
e BE WU, 714, B4, ARDolA ATt Zelal 4nEL
glom] olgA)] £ ALEE Wt 4RSS B 38 YuS
o] ¥E35l1 AT 2ol 2|53 Qlxmal 9l A

A2 Heey Q. Az g wAlE & +Hd o FH &

;O

=& FAZ0)L 4ol S A 4 e B = H(fused)=
A EojoF 3ttt o] wiEof o] M AmEA HEre(Data
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Scientists)Q] FHE =23} A|7to] BEXpE 1 A g7t BASHE o] gt

A "5 A7t gdolu 9 5 At & fle 847 AH4
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