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Kernel Logistic Regression

Support Vector Machine

Logistic Regression
Perceptron

Linear Discriminant Analysis
Neural Network Tree

Naive Bayes Classifier Gradient Boosting

Random Forest
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HiolEl= Random Variable HolEl= Numbers
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2 39| £%: Simple & Naive Approach ..y

 Naive Bayes Classifier e k—nearest Neighbor Classifier

p(x) =P(Y=1]x) N(x) = {x2} 71 J1IHS kH) CIOIE] Q1A )

B Px|Y=1)-P(Y=1)
CEGT=0- =0 e T=D-po=D | PRSP0~ ) ik

P
Px|Y=y=|]Px|Y=y)
=t

v

-’é! j—" ZF—;SI ) f% T SHR X2 B A B3|
»



o MYPLHEM (Linear Discriminant Analysis)

Model: y ~ Bern(z), x|y ~ N(p,, 2)
x|y=0 x|y=1
Classification Rule: . .

p(X)
p(x) > 0.5 e > 1
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B Io| =H: Logistic Regression

p(x) 4

e ZX|AE! (Logistic) 3|7 B

y | x ~ Bern(p(x))

log p(x) =pot+P Iy 4« p(x)= o

i o 1570

e Maximum Likelihood Estimation
n

arg min (. f) = 3, ylogp(x) + (1 = ylog(1 = px))]|
V i=1
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20| =H: Connection

o | DA

L-px) (1—1) ¢pxipupD) -7 exp{(x—pup) E-1(x - pto)}

p(x) 7+ (X py, X r exp{x—p) T —py)}

log '

| l -7 |

| p(x)
0g =

1 — p(x)




&St LI Perceptron

| Perceptron |
RN - (1957, Frank Rosenblatt) |

° oo Separating
Hyperplane
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St LIS 71: Make it Soft! ;
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Soft Margin Classifier

520, Q=12
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Linear SVM
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SHHoll Mapping Al 2&
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(B2 X2 Feature &2t

P(x;)
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CHE= I of: DH2 st&610| 2I0H
SVM, KLR, KPCA ZRPt 2427

; Feature -‘-’foﬂ)H_J 71EI
 d; = distance(¢(x), p(x))




T & LIS J] - Neural Net
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Z TICt LIS 7] = Neural Net
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HMFo =z e LIKI] - Tree

e Tree @YO| Of0O|C|]f

o Binary Recursive Splitting

o ZITIGIXIE 850l FX &=

e
ool V| =

O
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o Random Forest (Over—fitted Tree) ' o o °

o Boosting (Under—fitted Tree)
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Population Level

=0 Hd L
o T= =R/|= FAHVN

o Q=2 (misclassification rate)2 X|AS} 6= E2SThA|

P(Y # IA/\ X)=P (Y;é sign{f(x)} | X) =P (Y-f(x) < 0] X)
Margin

e Bayes Classifier (Optimal classification function)

SRS (x) = argf(nyn P(Y-f(x)<0]|x) sign{f*¥*(x)} = sign{p(x) — 0.5}

Classification Class Probability
function
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Sample Level

o CIOIEL: (y,x,) € {—=1,1} X RP,i=1,--,n

=P (Y-f(x) <0)

Margin, yf(X)
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Surrogate Loss

o XHIPII NMCIEE O-1 &2a®E S0 LIFJ| 2l& 482 UNA
o |Logistic Loss -0ss.

L(y,f) = log{1 + exp(—yf)}

o Hinge Loss (SVM)
L(y,f)=1[1-y1,

o Loss (Boosting)

L(y,f) = exp(—yf)




Surrogate Loss: Examples

Logistic Regression
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Support Vector Machine
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Surrogate Loss: Fisher Consistency :

o O-1&AITIAE YNIGH?] 21Tt Surrogate Loss?| X|ABHO] X227

o DHMIE 24820 RiskE A|ASISIM 0-1 RiskE |AS} Ot 2T} S LUoHOFStH

Definition (Fisher Consistency/Classification Calibrated)

A loss function L is Fisher consistent (or classification calibrated) if its

population risk minimizer leads the Bayes classification rule.

e Fisher Consistencyd et S EX 2127

Theorem (Bartlett et al., 2006)

Let L is convex. If L is differentiable at m = 0 and L'(0) < 0, then the

convex loss L 1s Fisher consistent.
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Empirical Risk Minimization

e ERM Formulation

0 o] MEHol| 12 &

L asso, Ridge & ) e e M

(Baots, E20A THLEIYS)
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e Weighted =X|AE] 2|4

min 2 7(y) - log[1 + exp{y(fy + B"x)}]

e Weighted SVM

min Z 70+ 11 = 3By + B, + A1




AN,
=
m

p(X)
pxX)<m

{

o P(X)E EYOH= WOl B2, IFX

I.

<0

21 2=

= 0|30

\ 4 b
& ¥
_u_ pl.L "
LA 185
5 w
L
1

e
g2
ean Data Analysis Socioty

¥

- Kor

jod £




_L_LOOOO_L_LO_L%

Learning

FOUIM 72 wloll Lich =

p(x)

0.75

0.12

0.93

0.53
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Prediction

= = 24
o TT =

JT

S
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JF Sk s

Pred /
True

T =.25

Pred /
True

Error Rate
0% vs. 80%

TPR / Sensitivity
80% vs. 100%

TNR / Specificity
100% vs. 60%



=Y -E- ROC Curve

Receiver Operation Characteristic (ROC) 2

ROC Curve
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e Area Under the ROC Curve (AUC)

o 10| V= 5 F2

sitivity)

0.6

4L
O o=

AUC(f) = P(f(xy) 2 f(x)))

1-F,(t): TPR (Sen

04

0.2

0.0

Worse .-

= E(hf(xy) —f(x_) 2 0})

ROC I\/\argln

|
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1-F_(1): FPR (1 - Specificity)




o Logistic Regression

o LDA
o KNN

o Naive Bayes




o kMO BEZA {fi(X), -+, (X))} B B YH2 YUMo Z EX| %S

o O|UERZIIEHIEH™MOZ ME (One vs. One / One vs. Rest)
S

o LIEs+ SVM
a. (Lee et al., 2004) D ktyll + Fr(X)]+
b. (Naive Hinge) 1 — fy(x)]+
c.  (Vapnik, 1998) syl — (Fy () — £5(3)]

d. (Crammer and Singer, 2001) [1 — min;(fy(x) — f;(x))]+

o Neural Net / Tree 7|8t0] L L ZIEIOHH 2 Jts
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ke ___|Support Vector Machine|
Logistic Regression | ————

Linear Discriminant Analysist.

|

Random Forest

(k-Nearest Neighbor Classifier
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