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Xl & st&(Supervised Learning)

Az shEolet AFE(Z2]F)ol &34 dolE(train data)e} 2o]E(Label)S& ZTA|A S5
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HI X &= &t&(Unsupervised Learning)

HIAIE SH&olat ol (Label}e LEAIZIA| 1 clolelo] o5 HEEN(LLF)o] Anz
Srele WEQUT. aolzel £xletA 7] tEel SR8 WHel AAE AFotel 2
2 YUY AIS Aol £ dolel(irain data)s} Ael$(Label)o] 224 X vl
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9l olulxl e HolH g K-B7 ﬂw Pe sy FPetE Tete AnYUch 2
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L Amgd mef sy agNel 2 %w_a%% fepior gryet

& +Agh 2x 7|9 FAE oleloz B/ ¥4
Clustering), T+ o]% 43K Mean-Shift Clustering), A&
Clustering), A E> FX5KSpectral Clustering) 5°] &Y}
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Ol & Xl € XI(Outlier Dectection, Anomaly Detection)
| &X](Outlier Dectection, Anomaly Detection)= o]JTH A o|x IZLIIE K]
= ujgdyct. st golE(train data)l Y= Ho]Ef(input data)ol] B]7gAQ1 %k

dlolg7t o, o] & ol HlojE2t £5U
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wo rr
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YA e WEolEl YA Holelet YyYHolAl gL HlolEst TaEo] IS =g
o 0} EFUCE FYRolA| ¢he HloElS ol HoleR gL,

gk, o4t dlojE7F WO sty wHlo|up duelEo] Feteet Aes IR gy o]
o] = HlolHu A& A, AAE tlo]E|(Time Series data)oflA]
oA &A= A o]’dA|(Outlier)?} o]’ (Anomaly) &X7F JGUT}.

o] AFX|(Outlier)= &Y™ f|o]E(Cross-sectional data)of]A] B]FAMAQl fo|E & At= 7]
ojujtyct. olf(Anomlay)= AIAE TlolE oA BIFGAR] HolHE e AZ Qg

o714, YurEel dlolele AAMA|(nlier)2 H20] WAl HolE o] 4| (Outlier)2
weU

Tip : A|A1Q dlolEj2t QA Ak Aoz wjAlE HlolE S oujghct.
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Data Outlier

O|AFR] = 2]9] o]u]|X|ojjA] BeAl X]Ao] o]AX|2 &
o], 4AP7] HolEst A detx RRS aeld

Ao, APl AASEAY o) ER7E Ald¥sHoF &

LI = ]
Uch 9ok, ol¥Al2 AAsHA @hn 2ASH 58 MY olwsix ke Aubr} Uepd
A O
Eal

O|AFX] ®&A] Ydu2]E2 ofo]&P ol ZP AE(Isolation Forest), LOF(Local Outlier
Factors), One-class SVM 5©°] J&UtT}.

A& =2 (Dimensionality Reduction)

A Has oA HiolH 9 AS FAste] AAHAQ AR HolE 2 WA sk
g Yuigdyct. o8 543 §4 o] Exste AHAAES oldsto Fa pdaso] o
g B FAFUT

dlojelo]l S4(feature)o] Uf$- WTIY S RWL TS o @; AlZto] A@w v,
=9} AYES BAY 4 YUk oA dolele] Szl ATBAL A2 Eoiw, st
Lol Sauhe ASHAL ol2] S92 agstel shto S0z WAY & daUch

RFeF, 3xho] HlolE
7, Alzer SOl ol

AE 40 A EX ME(Feature Selection)y} E4 F&(Feature Extraction)o] 9}
oh S HEE S £ES UM AYA WRWS ugyd

=4 Hee 54 SHol 489 Yol s, AHgstAl Lot H: SHe oojguct



mju

ol

sto] &t

2 AA

%O

wir

X

hpol

1o

oD
™

)

1o|A] A+, A, B+, B, C+,

>

E
=
d
O]-Z\

=
=)
, C 2=

5
B

ES
A

w4

K

o
wr

1= o ow=s
S9lut =i

E3(Non-negative Matrix

A(Principal Component Analysis, PCA),
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ool HE(Agent)s #AT HEAESHE LIS ojujgych 5, Zeolo|(Player)} ¥

JEf(State)dt B74014 ololHES] HEe ojujguct. vrSolA of © E9) e AL
Zp7te) meQd4E AUt

B (Reward)2 @A €739 FEjolA oo]dEZ} ojmel dFS Fe W, AeEHe Y
2 Augyct. F(Positive)?] B4, S(Negative)®] B4, 09 B 52 =2ds 2
HiFo] FojAItHA, 1 73 9] AJEfollA ool E: sl YE S © Wol A 75/l
AU B2 29 B e siT d& 28 Hlert Wopgdyo.

opxleto 2 ARY(Policy)e ool FEV} HE ATEely] 95 BSeE FnFS oulg
Ch &, oolMEL WREL 52 Fof WS AjEelt W5 Mol Uk

Tip © A2|stolA reinforcement= A20] ofH At=of Y55l 0o} P55 vHLE A=

ojmgyrt.

Or23Z 23 18 (Markov Decision Process, MDP)

/Policy E valuation\

p
Agent
Ry (Reward) L
Ri(Reward
1(Re ) S¢(State) R:(Reward) A¢(Action)
R,(Reward) R
t+1

St+1 Environment D—

R,,(Reward) + L

- ,/

dolMEL 5, HelolA 4,9 5L BT T2

o
Sy ik O W BARL R, S ofo]HES

Fek shsol S8ttt M8 § sty ©740] nt2im Z4 wge] nt2in £/4d(Markov
property)2 7HItt= 21 4yt
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ol2am 448 B AENS. S S_)5H @A FE(s)7E Fol
(5= T2 Aeisch @x) Aejol olsiq AREnts 2 ojojgych
e @x) Aelol olsiAg AR cks ooyt

AEAo= e HalsHA =0, ofd JEioA o3 AEl2 ®stste A& ol
(transition)2} gryjct.

A2, tAIR 9] e S0l BE(4,)S & o f8Yote oS AEY 5., ARsHA 2T
o]5 /JH| Hol(state transition)2} stt, AE] FoJoi W= BAL R(S,, )2 BAL
A&Y

JtX| &4=(Value Function)
7}x] @4 (Value Function)at of@ Atef S oAl Ao wjet =2 3t of AAg= 70f &
J(Expected Reward)Z ooyt

=, JEiet sl et SR oz ofF BARS AEsiExldl et o5 dadd

. AJH-385 71X F4(State-Action Value Function)= EAfst=H] o= o™ AFEf
. A

do| o2} Yess o dAHE 7Id B4ES Huigyo

of 7}A] &4l e} shgol MYEA YUk FAe| Jhx A4S FENTY, 58K A

IRl dae 2 A4 Y78 (Bellman Optimality Equation)s AH-&stt. S4A=Y
(Dynamic Programming), =8 7}=22 4% (Monte Carlo Method), Z4A dha
(parameterized function) 52 AR 4 Ql&Uct.

= R

A=, et 52 dolAEY AlgAQ(trial and error)E &6 B4 Fd=
A

2t sh52 IA BE 79re] 738t s (Model-based Reinforcement Learning)y} 20|
Q= 735t s (Model-free Reinforcement Learning)o] &5U Tt

24 J|di(Model-based) & 2 Z! I Z2|(Model-free)
o 79te] st skt wdlo] gle et 8159 olgolA ¥ 4 %ol RHES AMEShe=
offof ma} gy

get stgolMe 2d(Model)2 HlolEfot Azgroll et Al(H(x))ol obd, ol tish 7Hd
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