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Generative model and Discriminative model
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I . Generative model

TESIBREMEBEDTMP X V), BFE YR TERENEIEDMERIIEIRER
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Discriminative model

HIRDEBES IHRRRREN =1 () B FEMEDMP (V[X) . REERIZEHE
AERE. BEIHADERZENRINDOED, RRBEFEHIEZ FNER
BT DR OIESABEREIENEAS DM, RLEREXNIONEN, ARRIEAERES
MEREES. BTFEESIPYIXNSHP X)), JUNHEHTISIER EBHR.
JE X RHEFHERRHE, ALY UE NS X0,

BAIHIBISTIE Logistic@3, SVME



I. Naive Bayes

YIRS caall =K

HERE, RIFTBEMAEERIT

BNRERED G /x), REBRHHAR P(y|x) =

BFPTEXERIBP ) 8@, Frd

XYL B R0

P(y)P(x|y)

P(x)

h(x) = arg max P(y)

CEY

PlayTennis: training examples
Day Outlook  Temperature ~ Humidity =~ Wind | PlayTennis
D1 Sunny Hot High Weak No
D2 Sunny Hot High Strong No
D3 Overcast Hot High Weak Yes
D4 Rain Mild High Weak Yes
D5 Rain Cool Normal Weak Yes
D6 Rain Cool Normal Strong No
D7 Overcast Cool Normal Strong Yes
D8 Sunny Mild High Weak No
D9 Sunny Cool Normal Weak Yes
D10 Rain Mild Normal Weak Yes
D11 Sunny Mild Normal Strong Yes
D12 Overcast Mild High Strong Yes
D13 Overcast Hot Normal Weak Yes
D14 Rain Mild High Strong No

d

=1

d
_P(y)
= P<x>gp(xim

P(xi|y)



I. Naive Bayes

ABEEKp (v %), MEIBIEEE

FTIRBRE D (x, v), FEAK

1Y, BIRFEBLAHEMINOAIGEE

e e

h(x) = argmaxP(y) | | P(x;|y)
=1

CEYy

d

PlayTennis: training examples

Day Outlook  Temperature  Humidity =~ Wind | PlayTennis
D1 Sunny Hot High Weak No
D2 Sunny Hot High Strong No
D3 Overcast Hot High Weak Yes
D4 Rain Mild High Weak Yes
D5 Rain Cool Normal Weak Yes
D6 Rain Cool Normal Strong No
D7 Overcast Cool Normal Strong Yes
D8 Sunny Mild High Weak No
D9 Sunny Cool Normal Weak Yes

D10 Rain Mild Normal Weak Yes

D11 Sunny Mild Normal Strong Yes

D12 Overcast Mild High Strong Yes

D13 Overcast Hot Normal Weak Yes

D14 Rain Mild High Strong No

—Given a new instance,

X'=(Outlook=5unny, lemperature=Cool, Humidity=High, Wind=5trong)




I. Logistic Regression
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I. Logistic Regression
m
t(w,b) = Z Inp(y;|xi;w,b)  BAbERE TS
i=1

e . FTZHO= (w;b) BY

I N WTxibyy — BRTSESORE,

t(w,b) z( yiw x +b)+In(1 +e™ ") Gaperreren
i=1 B
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HERMHSHOE, BT HRIRIL



|. Analysis

PX,Y) BUSITABE SRR, FEZ2BNTESMIGHIBEEESIERBE K, & Naive
Bayes HBtEN 5IFERIE 24E #IT Sl OJCAMERSEEANMAS MY 5 IEB@BVR
1%, M Logistic Regression NIANKRES2EX F8IBXIM 2 X8IPRE.

O: RS DMIRBNERED, BARNDEVREL ?
A:ARZ, QP3N EEFTPBEEATRRSOMIFNER, ZRNTOLTEST
RECIRRBEZHNRE

Q: AN 2BEANRE ?

A: ORISR B <ERE 0> BESTAEVESS, WOLURIES SN E HAETE,
BEPAMElatent variable , partially observed data DIA partially labeled
data
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