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ML, MAP G 65555 8y ®

Jolds (65 6 S0l sles,
Optimal classifier algorithm, —

Naive Bayes learning —
Bayesian belief network learning —
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Ikelihood —

P(D|h)P(h)
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Evidence
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Maximum A Posteriori (MAP) hypothesis

5 ails 292y H glaas b 5l Glacgazs a5 (Lluwe o 0
0 Dbl (Bl plee 51Ty 4o G i Jeie eenlssy
Maximum A Posteriori jlosl jiSlas Loaws s
Cowds g abaly 5l g 595 0 0asB(MAP) hypothesis
Ny = arglj1 rL\ax P(h|D) RV P
arg max P(D |h)P(h)

heH P(D)
= argmax P(D |h)P(h)

heH

D9l oo BA> g 00gr N5l Jaies <ol Jlaie G P(D) alaly ol o
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Maximum likelihood (ML) hypothesis
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hy, =argmax P(D | h)

heH
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P(cancer)=0.008, P(+|cancer)=0.98, P(+|~cancer)=0.03,
P(~cancer)=0.992, P(-|cancer)=0.02, P(-|~cancer)=0.97
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P(cancer|+) = P(+|cancer) P(cancer) / P(+) =
(0.98)(0.008) / P(+) = 0.0078 / P(+)
S el Ohle s s ilas Jless]
P(~cancer|+) = P(+|~cancer) P(~cancer) / P(+) =
(0.03)(0.992) / P(+) = 0.0298 / P(+)
5l 0gs vales & Le MAP s 5 10

hyap=—cCancer
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 P(cancer|+) + P(~cancer|+) =1
« 0.0078/P(+) +0.0298 / P(+) =1
« P(+)=0.0078 + 0.0298 = 0.0376

el Ole Glo s 4 Jlay (Ol Jloz] @
P(cancer|+) = 0.0078 / P(+) = 0.21

Sl cenl Ole ls p pilas Jlas] @
P(~cancer|+) = 0.0298/P(+) =0.79
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Product rule: probability P(A A B) of a conjunction of two events A and B

P(A A B) = P(A|B)P(B) = P(B|A)P(A)

Sum rule: probability of a disjunction of two events A and B
P(AV B) = P(A) + P(B)— P(AA B)

Bayes theorem: the posterior probability P(k|D) of h given D

P(Dih)P(h)

P(h|D) = D)

Theorem of total probability: if events Ay, ..., A, are mutually exclusive with Z:;l P(A) =1,
then

P(B) = ) _ P(BIA)P(A)
i=1

e dly codllolsT oKl S50 g 5SS 1 ol Oeisle (6 580L 1 w0 10



Brute-force MAP Learning
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Brute-force MAP Learning Algorithm
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Bayes Optimal Classifier

S)9 S 3 s diged &g’}g\ﬁ GXiwd ()7 Jodxe s 4o
oz Jle ganaiws 1 alse Sy bas b ol o i
L Cewl plp sl ails | Vj gudiws s Jla a5 |

P(vjID)= 2 P(vjIh)P(h | D)
hjeH

et |y diged pl Al gundales 398 alal) e Sle lada
13 god A.Q‘P
argmax ) P(v; |h)P(h;| D)
Vjev  hjeH

Bayes Optimal Classification
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Optimal Classification
g JBlgS 55 G ygo (G A (SIRAwS G99 Jlie sl

P(h1|D) =04 P(-|h1)=0 P(+|hl)=1
P(h2|D)=0.3 P(-|n2)=1 P(+|h2)=0
P(h3|D)=0.3 P(-|[n3)=1 P(+|h3)=0

Si P(+|hi) P (hi|D)=0.4and
Si P(-|hi) P(hi|D)=0.6

A AdleS (GaLAiLd e D g0 Ay diged (pl doid o

o] ulo.c).,_c 5))’.3 LgL:bcLyé).é LgL:bLé_é 6‘)‘.’ u’t’ﬁ) U"‘ )| oolau!
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Nailve Bayes Classifier

Nalve Bayes learner is, Jes Llow 5ol g, o ®
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Nalve Bayes Classifier

X dgad ol pasfi X 2V Qo sk ol ae Al e
(8g,---8p) 05d 00 pauie 125 (Shs Lo

L L Gae Al lade el cdmlin diges SO gl Al Gygo ©
AS asine |5l gamaiws Ko & le

Viap Do lade (pideione abiws > sl 6 Gy 5o °

1 g docwleo
Vmap = argmax P(v; | ay,...,a,) 7T
VjeV
Vyap = argmax Py an [ViPOV)) 5y 6505 5l eolitul b alaly ol
vjey P(8y,--18n) 1D g g0 dlgh 929y Dy A
= argmaxP(ay,...,a, |Vj)P(v;)
VjeV 23
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Nalve Bayes Classifier

Ve =argmax P(a,...,a, |v;)P(v;)

VeV

w‘ 0l odwlive (5,»)5.0‘ LSLQJL.A )Q V aS LS_»L:.‘BQ u.o)l.o.w lJ P(V) )‘JJLA L39'9 cda.:‘) )Q
QB.M:GA ML?LA

l.A.A.U-’ (5,»)9.0‘ ool AL goxo d.iu‘ ).in o LA—Q.C ‘J..A.> P(al, n | V) ML?LA Lo
ML’ wo)d L;)).:)L.Mu

1S 08 o Joe (NaIVE) ool 5,8 ol wb » Naive Bayes Classifier s .ol s,

it Jifn oyt 250 & g2y ol

ﬁ\ﬁ_(al,...an) shlac w5), ouslice JLQ;;>| LAt B lade SO (gl ODyg0 opl o

Vye = &rgmax P(v; )H P(a; |v)) Naive Bayes Classifier

VeV
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Nalve Bayes Classifier

:doM>
5 P(V) dilixe nolie Naive Bayes Classifier o, 5ol is, 5o
WDgus o0 03] ypod LQ‘.;T LSS Oleds 5l eolawl b P(ai| Vj)

g adaly sleolaal b as aas o JoSid 1) lans 8 b podd pl dcgosa @
109y 0 IS0 WAz ools gaaius sl

Ve = argmax P(v, )HP(a V)

VeV
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e

Day Outlook | Temperature | Humidity | Wind Play
Tennis

Dayl [ Sunny Hot High Weak No
Day2 Sunny Hot High Strong No
Day3 | Overcast Hot High Weak Yes
Day4 Rain Mild High Weak Yes
Day5 Rain Cool Normal Weak Yes
Day6 Rain Cool Normal Strong No
Day7 | Overcast Cool Normal Strong Yes
Day8 Sunny Mild High Weak No
Day9 Sunny Cool Normal Weak Yes
Day10 Rain Mild Normal Weak Yes
Dayll | Sunny Mild Normal Strong Yes
Dayl12 | Overcast Mild High Strong Yes
Day13 | Overcast Hot Normal Weak Yes
Dayl4 Rain Mild High Strong No

s dly codllolsT oKl

S50 g 5SS 1 ol

00S (guivdiwd | lasl
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S 53 Sl ol
Al dwles sl ol o
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e

oS asdo |y 5 Jle alws (g, (I b puslez o @
X:(Outl=Sunny, Temp=Cool, Hum=High,Wind=strong)

)10 (6w ool oS guisaiws ala, Jleel b @

Vyg = arg max P(Vk)H P(a [v,)

vy €[ yes,no]

= arg max P(vk)P(OutIook_ sunny|v, )P(Temp =cool |v,)

v €[ yes,no]

P(Humidity = high|v, )P(Wind = strong| v, )

, Jles! Jlade 10 olows Wb Jlade ol aclbwe gl @
o 2 (e
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S 6‘3)’5“‘1 sl yo 1 ST Oless ol b1 e
P(PlayTennis= yes) =9/14=0.64 Aty
P(PlayTennis=no)=5/14=0.36
P(Wind = strong| PlayTennis= yes) =3/9=0.33
P(Wind = strong| PlayTennis=no) =3/5=0.60
etc.

P(yes)P(sunny| yes)P(cool| yes)P(high| yes)P(strong| yes) =0.0053
P(no)P(sunny|no)P(cool |no)P(high|no)P(strong|no) =0.0206
= answer: PlayTennigx) = no

- 2
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m-estimate of probablity
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111

Vg = argmax P(v,) HP(a IV,)

v, e[ dislike,like]
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e oimled 5l s

Our approach to representing arbitrary text documents is disturbingly simple:
Given a text document, such as this paragraph, we define an attribute for each word
position in the document and define the value of that attribute to be the English
word found in that position. Thus, the current paragraph would be described by
111 attribute values, corresponding to the 111 word positions. The value of the
first attribute is the word “our,” the value of the second attribute is the word
“approach,” and so on. Notice that long text documents will require a larger
number of attributes than short documents. As we shall see, this will not cause
us any trouble. ' | | -

111

Vg = argmax P(v,) HP(a v,)

vy e[ dislike,like]

= argmax P(v,)P(a ="Our"|vk)P(a2 ="approach'|v,)

v, e[ dislike, like]
. P(a,, ="troublé'|v,)
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LEARN_NAIVE.BAYES_TEXT(Examples, V)

Examples is a set of text documents along with their target values. V is the set of all possible target
values. This function learns the probability terms P(wg|v;j), describing the probability that a randomly
drawn word from a document in class v; will be the English word wy. It also learns the class prior

probabilities P (v;).
1. collect all words, punctuation, and other tokens that occur in Examples

e Vocabulary < the set of all distinct words and other tokens occurring in any text document
from Examples

2. calculate the required P(vj) and P(wy|vj) probability terms

e For each target value v; in V do
e docs; « the subset of documents from Examples for which the target value is v;

|docs;)
P(vj) < tEamoes

®
e Text; « a single document created by concatenating all members of docs;
e n <« total number of distinct word positions in Text;

e for each word wy in Vocabulary

e n; « number of times word wy occurs in Text;

nx+1
n+|Vocabulary|

o P(uwgly) «

s dly codlwbolil olBiils 558 gae 1S ¢ Sl pile (6 S0l 1 Ly 38
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CLASSIFY_NAIVE_BAYES TEXT ( Doc)
Return the estimated target value for the document Doc.
a; denotes the word found in the ith position within Doc.

* positions € all word positions in Doc that contain tokens
found in Vocabulary

* Return vyg, where

Vng — alrgmax vjinV P( Vj) ]Zin positions P( ail Vj)
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Lg)"} 09; 20 )‘ g.i.a ‘D‘AS a oD P O)3.0 Jlas g.i; c\iu‘ u..\.u TR V-
o, elazsl b5 NEWS group

comp.graphics misc.forsale alt.atheism soc.religion.christian
comp.0s.ms-windows.misc rec.sport.nockey talk.religion.misc sci.space
comp.windows.x rec.autos talk.politics.mideast sci.med
comp.sys.ibm.pc.hardware rec.motorcycles talk.politics.misc sci.crypt
comp.sys.mac.hardware rec.sport.baseball talk.politics.guns sci.electronics
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Learning Curve

ZMews

100 R R R
an R I = I
a0
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