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Introduction to Statistical Machine Learning
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71 A

k& (Machine Learning)0ll= 2] 20F=0]| USLIC

—/

v

7|AE0E o2 20FS0| UR|TH HEHS = ChZi 25U T
A| =55 (Supervised Learning)
> PSS 0|83 EHHSE 0|5
> 5|3 (regression), =& (classification) &
> H|Z| =55 (Unsupervised Learning)
> A o] ST HAIE B (EHYST) 8S)

v

H=oeT
> AEM(clustering), 5224 (principal component analysis),
2012 M(factor analysis) S
> U5lStE (reinforcement learning)

> WSO W2t HElsle SHOIM OAZY W E ot

» multi-armed bandit problem, markov decision process &

> O] YoM CHEE 2| =55 (Supervised Learning)2 CHR L,
H| 2| &=8t& (Unsupervised Learning)2 A% CHEL|CH

ol
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SEA|A 7| AletE (Statistical Machine Learning)Of| A=
7| Alsts2l SA1A 0|22 Bl LIt

> 22 (data)= S AEE ZZB(noise)S 7HA| L USLICE
> 2HET &S (noise)0| 7|AlStg L 12|S0l| O{HSH Foks 7|2 =4,
202|S0| ¥ 2S3h=A| Y7 LM = SHAH &40 BLFLIC

> J|AES0M EA 0|22 LS 22 248 SHELIC

> A B (overfitting) 2| O|dH

> 2t219| A Z(curse of dimensionality) 0|5

> AN2|S9| EA A O|2: YX|M(consistency), Z| AT} (optimality),

251AlM0

Aol ¥ E&FSH uncertainty quantification) &
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A|E=8t5 (Supervised Learning)2| 7|2 2

(Input) / &
( )/
(Model) : y = f(x), f € F
t2=(loss function): I(y, a)
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H 4 (Covariate) : x € RY
B8 H4~(Response): y € Y

rir

O =argminrer Eqy x) [I[(Y, F(X))] &

23
o

%g 3302

0|2, M2 242 x7t SOIR8, y2 F(x)2
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Linear Classifier
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> class 7t & 71R|Ql ARE MZEILICEL (&, Y ={0,1} £=

y={-11})

> M3 227]|(Linear Classifier)= 24 &
NHO| Sl 282 AREILIT =
e L C:

A|(decision boundary)Zt
g dAHtE E2

{x:Bo+x"B=0}.

1,1} o, M3st4 f(x)

={-
—E— |(c|a55|f|er) ‘RP V2

0|
f
|.

8
L

N Ol
> ol r|r

f
|

m
0 r|r

= Bo + x ' BOf| CHaH,

Chgat 20| g 2

— A

G(x) = signf(x).

af
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M F327|(Linear Classifier) & MATHHE M (Linear
Discriminant Analysis)2} 2 X|AEl 2R (Logistic
Classificaion)& Ch&L|C}.

> M EF7|(Linear Classifier)0l= 34| M 7t2| d2&4]0]

|

A

> ZAetelE-F I (joint probability distribution)2 2 SHetL|Ct :
MAITHHE M (Linear Discriminant Analysis), LIO|E H|0|2 &F7|
(Naive Bayes Classifier) &

> ZURULEGS P(class|X)E 2 SFILICH T2l 324
(regression) 7|8t 2F7|(classifier), £5] EX|AEl 3] (Logistic
Regression)& O| &%t 2A|AEl £3& (Logistic Classification)

> Ct2 OF 7to| 2{0|& Z|U3+EtL|Ct: T4 EZ (perceptron), MEE
HlE{ O{4l(support vector machine) &

> O] £Yofd MATHEE M (Linear Discriminant Analysis) 2} 22| AE]
=Z(Logistic Classification)E CHELIC}.
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Shrinkage Methods
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M4 2| (Linear Regression)Of|A A= 2| 2 (dimension)

ol UF = 87 A7t dLLT

3| (Linear Regresison) 24| Y = X8 +¢, X € R"™¥90f|A{,
9| if—?;-l(dimension) d7} 29| 4 n0j| H|a{M Al o=z =
| 2| &8 (least square method)Oi| 7| B85t ZHEtSH 3|7 DX S
fot= Cllol| o2 217t 2L ch

M (multicollinearity): 8% HaS0| ME A20| HHM 8
S oA ELICh 6|2 S0, d > 0| 22X FH0| 59
USHAH ZEotA| ZEHLIC
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itted model)O| 2F 23 (true
9| Z{ZE(curse of
HL|C}.

v
kJ

e (overfitting): Aot 28(
model)0i| H|SH {2 S&3HA| 1L, 2f
dimensionality)2} Z2 &S Y

a3
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M4 2| (Linear Regression)Of|A A= 2| 2 (dimension)
=A|E s Zste YH2 2 SAZ Y (Shrinkage
Estimator)2 AFEEL|CH

» M3 3|7 (Linear Regresison) 24| Y = XS +¢, X € R™ 90| A,
2t29| 2} (dimension) p7} BE29| £ noj| HISHAM ACHZHOZ 2
«f, o siZE YOl ASLC

> = MEH(Variable Selection): 2| 2522 /1€ (Best Subset
Selection), 12144l (Forward Selection), I/€l(Backward
Selection) &

> =422 (Shrinkage Estimator): 54137/ (Ridge Regerssion), 2t
(Lasso) &

> 2} Z A (Dimension Reduction): &3] (Principal Component
Regression), £&2| A (Partial Least Square) &

> O] Q0| M ZAZ A 2K Shrinkage Estimator), £5| S5A13|7/(Ridge
Regerssion)2t 2t2(Lasso)E CHELICH.
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Basis expansion and Kernel methods
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H|AMS 3|2 (non-linear regression)& = G|0f| 7| 74

(basis expansion) B= SHTSH(kernel smoothing)=
§.|-_9_3|-|__| [:|-
=2o4d .

>

M3 3|2 (linear regresison) Y = X3 +¢, X € R™90|M= BAES
E[Y|X] = X30[ XOf tisf Ml o2 H& A7t W& ==
UG LICE

H|A& 3|7 (non-linear regresison) Y = f(X) + ¢ & F= Hl0le &
72| EE0| AL T

7|2 Z7li(basis expansion): AEPHa= X0f| B|4& HEH(non-linear
transformation) & -?—I?_F = H2|0|M 49 37 (linear regression)&
=L

> SIHEIE F(x) = 307, Bihi(x) 2 22 HERZL EUC o] o, 2

Ef7
hi:RY - R & 7|4 —.—(baS|s functlon) 2} §hLCt.
> Ef°F2|-_;L|(polynom|a| regression), 2|—_;L|A 2tQ!(regression spline),
HetAZ2t2l(smoothing spline) S0| JU&L|Ct
KT 2t (kernel smoothing): 8#gt4~(kernel function)2 AFE5H0Y
2 (local)22 MY 3| F(linear regression)E =L|Cl.

> Nadaraya-Watson £ &, =AM 3|7 (local linear regression) S0|
UE Lt

OII
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= (Ensemble)2 0421 o5 7|(learner)& 20} SHLt2

ds g2 o7l eUth

> AAE(Ensemble)2 0{2] t&7|(learner) / &5 7|(classifier)E 20t
sitel 45 22 a7l / B£Rle Bslr,

> B2 (Bagging), £ A&l (Boosting), SHEHE2{|AE(Random Forest)
|
S
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Model Assessment and Selection
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HI7tH(Model
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23 MEH(Model Selection)2| 02| HH=2 b L|Ct

> 23 MEH(Model Selection)2| 02 RS2 HiSLICH
> AIC(Akaike Information Criterion), BIC(Bayesian Information
Criterion), W X}EIE/d(Cross Validation), £EAEZH(Bootstrap) &
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Function estimation on high dimensions
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> HAAANME= eeE 2Ed=E o2 YES0| ASLICH
> IO M= 22| A F(curse of dimensionality)=Z QIsH 2
A= 542| OFALICH

> DAAM eE FHote 02 7|EES LotEUth
UBSIVHH 25 (Generalized Additive Models), AFE 23| 7
(Projection Pursuit Regression), CHH2F 48 3|2 A 240!
(Multivariate Adaptive Regression Spline, MARS) &
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Reproducing Kernel Hilbert Space
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Reproducing Kernel Hilbert Space= 7|4 Z7l{0{| A{
=2l 7|4 E &Eot=S of SLCL

EEO

> OI-A1 H|A~|o=i 9_| ( o=
expansion)Lt 81T =k (kernel smoothing)2 &5

> 713 HIHOIAE D55 40| T|AE BAHO
WEof 71A2| 77t FeH=2 AHE LT

Ut
2 Ane 4

23t

—

non-linear regresison)S = G|0f| 7|4 A 7{(basis
[P

el

> 0| sliZdst= 71 S0 5tLt/F RKHS(Reproducing Kernel Hilbert

Space) QIL|C}t.

> ST F(x) = 3075, Bihi(x) @
gto2 LIEHLEHZIE, RKHS O M&=
odeﬁg LIEFLHRILICE O] ) k(-,-)7

I_

f
4ol R0 Y 241 HlUY 2H=2 28
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YN ARSS T2 A0 S3H= ARSTN2| E
Cf RASHE2 2 Ko A2 B& WA YULCE

> 2420) S} Els 20| B|5/0] U 87| RO, AN
H2| =802 E Rt

—TTeE
> Cot 20| Q& LT} k-means, mixture models, density-based
clustering, hierarchical clustering, spectral clustering &
> o2 Y EM YYS2 A 0|23 Bl L

A,
LW
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Concentration of Measure
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- . . — E
Concentration inequalitye= E-&H 0]
SAI LY.
> k5t 49| B2l (law of large number)2, Xi, ..., X,0| iid At=0|11
DEAEX] =p <o O, B2EH0| RHACZ StE-EHES
c5HL|C}-
A - .
1 n
HILn;OP<n2X;u >e> =0 for all e > 0.
iz
> HEYDS O YutAQl 42 SHA S If SEHSO| HERE
CtE2at 20| 54z 2522 SAct= A (2 o[of Hast
7|25)2 Concentration inequality2} EL|C}:

P <sup IF(X1,..., X)) —E[fF(Xq, ..., X0)]| > e> <.
feF
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an i = SHE 2 st
Concentration inequalitye= EFE2H40| HEfE =SHEHO
SAIELC
> BEEAS [ YUl o2 SRYAZIE O EHS0| WENS
OS2t 20| es4e= 2532 A4lsk= A (Y 0/of Bt
7|25)2 Concentration mequahtyEf B C}
) <5

(sup|f(X1, yXn) —E[F(Xy,..., Xp)]| > €

P
feF
22 concentration inequalityS BY-&L|Ct: Hoeffding's
| —
o

=
mequahty, McD|arm|d s inequality, Bernstein's inequality,
Rademacher Complexity, VC dimension, uniform bound &

27 /32



Introduction to Statistical Machine Learning
Linear Classifier

Shrinkage Methods

Basis expansion and Kernel methods
Ensemble

Model Assessment and Selection
Function estimation on high dimensions
Reproducing Kernel Hilbert Space
Clustering

Concentration of Measure

Minimax

Deep learning: Introduction

28 /32



=1 iZﬁE’.FOl
- T OOo—
©)

7 |CH 2k (expected error) QI L|CY.

Z 8 (estimator)2| Z|CHR[ R (maximum risk)
z|oto| FR0| 222

~

H Y (estimator) 6, 2| Z|EH$|34(maxumum risk) 2 2|9f2| 220

> & o
A4, 0] BHSOH 4= Q= 2249| 7|CZ (expected error) U LICE.

AN N

>

> X = (X, Xp)E LEE 22X POIM 22310, P= HEELY
e Pof| SEILICE

> YT 0, 2 AR X9 Yolo| +YLITt

> EMBS () 2EY 0,9 2245 YU Tt
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0L A 2| (minimax risk)2 L24>(parameter)

3 O|
44 0SS 2AFRLIC

=
T o—

OH A 218 (minimax risk) R, _%I 2o AR = & 2&5t=

n
f(estimator) 2| 2| (risk)ILICt. O|F EE237|(sample size)2]

R, = I;]fglégEP £<A (X)), Q(P)H
P
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Deep learning: Introduction
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Deep Learning

Gy —

Output

Feature extraction + Classification

Input
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