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1. 71A4lgk=

* 7|7-'|| 3(1‘%@1‘ BEZZ  machine learning)
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1A%t

< PlayTennis =H|
= O AFRIO| HILIAE K= 9o 7|4 &=2 ZASH 0| H
. 8&OI0|E (training data)

H 4.1 PlayTennis O|0|E

Day Qutlook Temperature Humidity Wind PlayTennis
= =Y 7= =5 L= HUA %
Dayl Sunny Hot High Weak Mo
Day? Sunny Hot High Strong Mo
Day3 Ovwvercast Hot High Weak Yes
Day4 Rain Mild High Weak Yes
Dayb Rain Cool Normal Weak Yes
Day6 Rain Cool MNormal Strong Mo
Day7 Ovwvercast Cool MNormal Strong Yes
Day8 Sunny Mild High Weak Mo
Dayd Sunny Cool Normal Weak Yes
Dayl0 Rain Mild MNormal Weak Yes
Dayll Sunny Mild MNormal Strong Yes
Dayl2 Overcast Mild High Strong Yes
Dayl3 Overcast Hot Normal Weak Yes
Dayl14 Rain Mild High Strong No

(£ Machine Learning, Tom Mitchell, 1995)

. BE|D HMUH 20| A5 51 U M 2 BLAS
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< PlayTennis &X| - cont.

No Yes Yes No

Outlook | Temperature | Humidity Wind PlayTennis
=Y = sk Hr 2 HLA &

Sunny Hot Mild Weak ?

Rain Hot High Weak ?
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99X ¢

1A%t

St= (deductive learning)
AHAAR =2 (deductive inference)2 £t St

=1 =

rl>

<+ HEH s& (inductive learning)

AI'E1IE(exampIes)° U dt2l(generalization) St O] Il B (pattern) L=

D (mode)e F=ot= A
ASHE Ol 7[ At 4

st HO|HE & MHSH &~ ol GE S At 7
- @ZAO| HEEH(Occam’s razor)

_ JHSOE st AIE 7HER WER Eshs 20| B0

—_ A
23 (97,16)
, ->

4,8) -> 12 \Y./

10,13) -> 23 ~ SIAE &

223,523 75 | mp| seygnaE m) 47'1(5;' yn}#

(43,101) ->144 ’

(14,31) -> 45 /‘\

(123,15) -> 138 113
h(x,y) =x+y

h(x,y) = (2x + 3y) (2x + 2y)y/(4xy + 6y?)
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= QO] HIESNOccam's razor) }E|0f =

rx
i

No Yes Yes No

Herate

Sunny

Yes

No Yes null
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2. 7|1A4Iet=59 S/

X| =8t& (supervised learning)
= QE(EM)-==H(E) HolHEZ FH ME2 230 Oiet =82 Z
g2+ A= I ==

H| X| = 8k& (unsupervised learning, Xf&sts)
« E0| Chet FE7t gle HIojEHE 25 Zast ijH =&

=
A
H1
1%
il

semisupervised learning)
« UH obg Oo|E T 20| FOT JEHOA YEIstor THEH ==

Z2}st& (reinforcement learning)
| Ch3F Best HEE MIoHK|e %XICH BIPEHE (reward)E F
= X0l CHol 2 HENOIAM 2| WS (action)S B



3.1 28
» AT SOl 2A
» S5 HIO|H7I A2 8%
» =0 d 00| 2X|
= Ol 2R7|9 45 "7}
3.2 3|
3.3 &3}

3.6 O|&X| EiX]|

3.7 9IX| & k5



31 X Eets - R

<% X|Egr5(supervised learning)
= O (YE, =) of ciet Ho[H 0] & : st&(training) H|O|E

¢ {(xl!yl)! (xZJ yZ)! L (xw yn)}
= ME22 20| /S I 218 28 = Uk

vy = f(x)

Jhu

ot= & AOotH= A

» 25 (classification)
- EZ0| MRl BE(class, category) S| StLIE AH

= 3| EA(regression)
- 30| ¥l Y (continuous domain)o| 7 A



% =8 (classification)
= OIOIHES FallXl R 74| R (class)E CHEAZ|= &

Z4x 7=|7:||

| 3%

(decision boundary)

= 2 27|(classifier)
- o5 E 28 0|85 H|O|HE EF7ote Z2H
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H =
=TT

= E2{d(deep learning) ¥12|F

= MEZE HIE| M (Support Vector Machine, SVM)
= 0j|0|C}E A E (AdaBoost)

= M T AE(random forest)

= 2HE 2= 2 (probabilistic graphical model)



H =
I—I ll
» O|AFXO| 227

= S50 AFBE[X] 242 OO|E{0| TS EFE & St A
Ut} (generalization) 80| £2 A

« Blo|E{e] 7
= og I:'||0|E1 (training data)
« 2E7|(classifienE &t&ot=0 AtESt= H|0|E At

=
- o5 HOIH7t BHs =5 =

= H|AE G| 0]E{(test data)

- otgEl HE9| 5= HIol=0 AHEdts oy HE
=0l AFEE[X| B2 OIO|E O|0{OF &

19 19 |

- 23 1

O|E{(validation data)

oM stes SEHE AlEE 2807 2I6l Af
St

o
igal 'I|>

=

&dt= 4o



H =
=TT

ek (overfitting) 2k £ & g (underfitting)
.I

= jl_|-35| 3

ot

.+ BH& BIO|E{O CHHA XILEKIA & Sh& el Aef

. GlO|EL Q&L FES m3 Heiygo| 27| R0, Stz o[
o ChaH OiS &2 M58 HO|Ci2te ShEE|X| %2 Ho[Eof Ciisy
EX Qe 452 BY & YU

Mgt (underfitting) At (good fitting) 1t S (overfitting)

Sl
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H =2 O
% |E{(validation data)0ll CHSH M& H7t
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H =
=TT

» 28719 45 Bl

= ™ML (accuracy)
- O} H2H5HA |-.'f— St=7t
- Fetk = (A4 /et o |51 M=)/ M| Hiole] 7l=)
- HIAE H|O|E0f EH6F H=EE BEF7( BZHEE A&

—

O
» H2ATt =2 EF77|1E SE0H| floiM= 2
= 7{0| ©

Jot

FEOIOIEl S A& St

[~ =
of
= o

o>

HIO[E{2t E|AE HIO|E= AX|A| X5 offof &



= JtsotH EH2

H=3 o
250t 42

» HEZ HAE GO

‘458
HE 2=

Sl S
HO|HE <=0

HH Hl2EX
| AFESHE N, d5 875t

= K- 1X}AHZS (k-fold cross-validation) AtE
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H =
=TT

’0

< 279 0|0|E{(imbalanced data) =X|

« 58 &70 £ot= =& o2 47t CHE FF/0 HISHO] X|LEX]
A B2 8%
« =R oot §5 7= Foojg = US
« 0. A ZF72 HOIH7F M2l 99%2 8%, /72 =285 &
A

H22 SlMats HeteE 99%7t =,

° °
o 0%o0 *‘é’ o °© o° %
0® © °*o () ° o
°o°o ¢ o° Y od% ©
o**oo o % g o o
s ©00°%% 0d® o
° o 0®0 & < 9
0® o ° o ,0°%
°0 © e % xx %
= [l 3Eet
- 7ISX[E Dol =t ML AR
- H2 IdSHOHE #= RRUM HEEFZ(re-sampling)
« M2 oG HO|EE 4= F70| ClioiA] 21Xl Ho|EH 4



H =
=TT

% 7Y 00| (imbalanced data) &X| — cont.
= SMOTE(Synthetic Minority Over-sampling Technique) ¥ 1 2|&
- HIE7tE2 2RO g5 HO|HE IsH2E U0 e
1. o2 K2 82RO ohg HO[H x {14

2. x2| k-2 T 0| R (k-nearest neighbor, KNN)2! 22 £5 9| {|O|H
A E

Hf EH
o d




H =
=TT

« 0| BE7|0| 45 I}
= O|Zl &/ 7l(binary classifier)
- FHe BRFEES &= GO0 Ciet EF7|

= 4.2 07 BR7|9 ESHY

ol &
2k =4
orAd A %4 (True Positive) S4(False Negative)
o TP FN
H | o M ¢%Fd(False Positive) H3%(True Negative)
- FP TN

o« DIZt & (sensitivity)/ M3 2 (recall)/ 2 ¥ Z (true positive rate)

I.ﬂ :;JL_IE — P
TP+ FN

TN

« £ 0| X (specificity)/T &4 & (true negative rate)

——|D]_1'|_L =



H =
=TT

H 42 0% BER719 =5¥E

o, =H = = 1 ol &
%* OIILI _l'__TI'7|2| Ao-|c> *57|'—cont. o~ _
o ot %_lool"*g!['[‘r};}’ositiveJ ?1%A§1[5'H?§eregativeJ
. . Hl . 2]okd(False Positive) A2 True Negative)
* Icsl I:élE(pre(:JSlOﬂ) 54 FP ' ™V =
Ame — TP
= TP+ FP
(@) =0
- S48 OZ
. T
2R AEE = ————
95 TN+FN
O (=)
S RIESE
FP
olokal & — —1-Eo|&
ALEE = ooy
o|d o
® Tl EF?EE
AuAE = = 1- U=
o M3l
e Qe TP+ TN
' TP+ FP+ TN+ FN
0
* F1S= (AEE) . (&)
A=) r@gaes)



ROC =M
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H =
=TT

<+ 0|2 2/7I2| 45 B7| - cont.
. BRI AR T2 (YA E,
» AUC(Area Under the Curve)

. ROC ZMO|A B4 o2} 22| BiX
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3.2 X| g5 - 2|

‘0

» 2|9 (regression)
« o5 HIO|E{0 Ret= EH 0| d0

Mok

+8 RE 2

f*(x) = argming ¥t (v; — f(x;))*




IRy

< 2|9 (regression) — cont.
- 45
- X} O Sarat HHELe| KO
HAE HO[HZ0 Cieh (WS4 — M2 B £ B2 Had




IRy

2|9 2| at™ eh(overfitting)dt FX € (underfitting)

XS

*%

jol

-

S
a3

=

ot

. RILEX|H 23

ol
=

1

g |

Tk

ot

A—I—
Ct=+9

o« K[LEX|A|

A

A

-

° °° o080 % Cﬁm

A

F(overfitting)

S ke
=

J

i

(good fitting)

M SH
o=H

(underfitting)

XSt
=

=
T



IRy

< 2| el HE T (overfitting) TS &
= DHO| 5Z L (model compIeX|ty)E ‘8 E710 HtgF

EXEs = K2l & + (7IEA)*(2E SEE)

f

H ™ (penalty) &

o
o 0 o\ 0O
@ OOSO°°C§q> 008000

v
v

»
»

2 X3 underfitting) ™ et (good fitting) 1A Bt overfitting)



IRy

<+ EX|AE] 3|9 (logistic regression)

= S5 HOIE : {(x, 1), (2, 2), s (i yw)}, ¥4 €{0,13
» ZX|AElSHEE 0|80 et A}

— T o T = 31T =

1 0.5
flz) =
1+e 92
L 1 a | 1 I l/)_—J:
—6H —4 —2 0 2 1 4
a2 413 2X|AEl sk
. SEA 2N BA
1 . .
J0) = — I\__,E(-__u,loq,l(m.,;)Jr(l—-_ju,,;)log(l—.l (z;)))
=1



3.3 HX| £ &%

< H|X|Zgtg( unsuperwsed learning)
= ZAPHETVE 9= HIolE E0] OishA &8 mjHE 2= A
o C|O|E{Of| &XYSF = (structure), AIZ X (hierarchy) & &OtLH= A
« Z7{% AL X} HEHhidden user group)a &= A
- EMES FHO Tt L2215t A
« 2(log) BEE AtESIO AMEIfE(usage pattern)= &OtUl= A

o A
o220 Al
. HI xI L - —I EH http://www.youtube.com/watch?v=rhallml-
re) luk
- & 2}(clustering) iuk
| = In VP debate, 'let Joe be Joe' R
O ~
= E_|_ o (den5|ty eStl matlon) NECHews: NOW with Alex Wagner | Aired on October 11, 2012. In VP
X O_I > A . debate, ‘let Joe be Joe'. Obama campaign press secretary Ben LaBolt
discusses Vice President Biden's debate strategy, what he hopes
¢ |-_|L :I-'__I_(dlmen5|0na||ty redUCtlon) Biden accomplishes tonight, and what issues could __.

Featured: Like Ryan and Biden, US Catholics are deeply divided

Opinion: The VP debate: On style, Ryan; on substance, a draw

Related Joe Biden » Mitt Romney » Paul Ryan »



http://www.youtube.com/watch?v=rhallml-juk

’0

» &2l (clustering)
« FARGO|| WL CIoHE 25t A

@ & -'. :'2} L J 'y
® R ' @ : o*
® K &
N4 f+3
¢ N, S
. u T
®
@ ¢ @ & &
¢ @ ®
*
. @ b <
* ® & ' *
® ¢ * ¢
X s © @ ¢
® Y s ¢

——

= -

gt (segmentation)

0
i
n

image : Pedro Felzenswalb



x = =
= &St
< &2} - cont.
= UHF A E3}(hard clustering)
OOl = ofLtol &2 &5
— 0. k-means ¥12|&
= HX| B =2Hfuzzy cIustermg)
- HO[H7I 2] #80 REHlE &
. AEFEO| B2 10| &
— Ol. HX| k-means €112

A

« OIO|E O LI =l = (underlying structure) &7

- OO[Ho| Mut™ = S&

- It AH OI*FXI(anomaIy, outlier) & A

. OOE &= : 5L 22O HO|EE Z2 oz B
. O|O|E I,_-II1 2| (preprocessing) & ¢

| -
» AE

. BAUOl BT BT HE|



U F=H™(density estimation)

XS

*%

1|4

-l

KK

ol - )

H SRS 4

I SSEEANL L

E NN . =
o A 7 e =y
1M W\ pe X)) ) i
H Nz == rh
0 e or

2= 0

=
=

L
008
0.08
004
0.02

T <

= B R(class)E H|O|H
A



» B4H(parametric) 2= F7H
- 2HI} EE oA g0 GEE M2 Tt 7P
- FOZ HOIHE 7tE & U5t & 0| mzto|ly A4H
« HAX Ol AEY : 712 A (Gaussian) & L= O 712 72 A|¢t

L. O L
&t=0| Z8H(Mixture of Gaussian)

= H|2 XM (nonparametric) 2= F%
- =20 oot £ g& 7PE5HA] &1, 0T OIO|H & ARESHO
T e 7o

« MAXNOI HEY . SIAE ™M (histogram)

http://i.stack.imgur.com/pEOXu.gif
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5 HX| & o5 - XHAZ A

% KF =4 (dimension reduction)

= JAXRC| HO|EE HEO| 245 XATISHN XA = H

. 2X
=1 M
« 2, 3%

Y02 wizkol AIZHSSHR HH HoE 24 THs

= - ~1 L= "1

« XFR9| X (curse of dimensionality) =X 2t3t

PCA
T

2nd dimension

1st dimension



2N g b

o KpR=A - cont.

= KFRI9| X{F(curse of dimensionality)
« XRO0| HE+= HE| 227 QH K= B

0.8 0.2
0.6 0.15
0.4 0.1
0.2 0.05
PRNE ! 4K+
0 0
0 5 10 Q 5 10
(a) (b)
0.08 0.06
0.06
0.04
0.04
0.02 0.0z
20Kt 50X
OO 20 40 60 DO 100

(©) ?3)
. 90| Sof8t0) [t BEI7IO| 4T} |SHB LR S}

1ok

!

@ ®) ' ©



AH =2

2 279 =S58 7|22 HOIHE At (projection)std]

L —
0| 2| &&E4t ™ (covariance matrix)0f| Cliiet 1172k (eigenvalue)
I 2 A0 IFHE (eigenvector)E At ZOZ MEH




3.6 O|&X| &X]

< O] &X|(outlier) B X|
= O|AHK]

- CFE OIo[HeF 3A E2rA CHE WA LFO| 2f3h S

NIEES ENE]
. B ThA

= EZ(noise)
- UE QF, A|AHIOA 2d5tE FEEQ 2K}
P

° 3'|;|'MO| I:IAl_ I'"7'|°I' I:l'l

= M B X|(novelty detection)@t 2+

gzl



O] &% &A

< O|&X|(outlier) EfX| — cont.
« ™ 0| MX|(point outlier) S
. CH2 O|O|E{Q} H|m&t0] XtO|7F 2 H[OJE + J*e

= A2HX 0| &K|(contextual outlier)
- =0 X gf= HIO|H

LS 11—

o) 220 25=2 HO|H= d4f, ASE 25== O|SX|

= EICHY O] & X|(collective outlier)

- 02 HIO|HE Z2OtM EH H§L 22 HO|= HO|H=2 &
Woooe

.- http—web, buffer—overflow, http—web, http—web, smtp—mail, ftp,
http—web, ssh, smtp—mail, http—web, ssh, buffer—overflow, ftp,
http—web, ftp, smtp—mail. http—web ...




O] &% &A

o OIQXI outlier) X| - cont.
= BHEAEUX] A|AEl(fraud detection system, FDS)

+ O|geh Al 2 88 Al 7tE 270 A Ats2 2 B0 HAX] HE

= HUEIK] A A& (intrusion detection system, 1DS)

. HEYI Eajmg BE oy W2 AlY
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X = ot

» =M (smoothness, Figft) 7Hd
. JII0| Qe MES Mz e =

=l
2
b
mot
N
olr
0X
©
Hir
0jo

» 28 (cluster) 71"

- &2 #80f| £ot= HIO|H&= s€% 270 £ 7180 ==
= OfL|Z E (manifold) 7}

- Hof AL ZH2 X2 OjLZE0| HO|Ho 22 7t540|

O
IT

Image: ludovicarnold.altervista.org/



