*

( 11 ) = Bayes
* = MAP ML
T = Bayes , Gibbs
= MDL
= Naive Bayes
| | Bayes
: p(a|B) = PBIAPAY)
. P(B)
. 2

(Bayes-)
Naive Bayes:

| Mitchell Chap. 6.2

98%
97%
.008
P(cancer) = .008 P(—cancer)=  .992
P(+ | cancer) = .98 P(—|cancer)= .02
P(+ | —cancer) = .03 P(— | —cancer) = .97

P(+) = P(+|c’r) P(C’r) + P(+ | =¢’r) P(—c’r)=.0376
P(+ | cancer) P(cancer)

P(cancer | +) = P

=.209

| Mitchell Exercise 6.1

2
P(cancer) = .008 P(—cancer)=  .992
P(+ | cancer) = .98 P(—|cancer)= .02
P(+ | —cancer) = .03 P(- | —cancer) = .97

P(+#5) =P(+1+,| ¢’1) P(C’r) + P(+1+, | =¢’r) P(—C’r) =.00858

P(+, +, | cancer) P(cancer)

P(cancer | +,+,) = P 1)
12

=.896




*

*

P(AAB) = P(AIB) P(B) = P(BIA) P(A) P(h| D) = P(D|h)P(h)
P(D)

P(AVB) = P(A) + P(B) — P(AAB) P)=  h
. P(D) = D
h P(h|D)=D h

P(B) = ZP(BIA)P(A) P(DIh) = h D

P(D|h)P(h)
P(h|D) = =1~ - _
o=,

Maximum a posteriori hypothesis hMAP:

hyae =argmax P(h| D)
heH

=arg maxip(D L) P(h)
heH P(D)
=argmax P (D |h)P(h)

heH

,
Likelihood (ML)

hyap =argmax P(D | h) P(h)
heH
h,,. =argmaxP(D | h)
heH

:-| MAP

1. h

P(Dh)P(h)
P(D)

I’-\MAP

P(h|D)=

hyae =argmaxP(D | h) P(h)
heH

ID3

MAP

| |
P(DIN)=1ifh D
0if D

P(h)




*

P(h) P(h|D1) P(h|D1,D2)

-

D

H MAP

P(h) ~
PO [h) =8((), c()

(Bayes-)
= Naive Bayes:

| Bayes

argmax »_P(c; | h)P(h | D)

cjel+-} hjeH

: Bayes H

:-| (Mitchell Chap. 6.7)

P(h,|D)=4  P(-|h)=0 P(+]h)=1
P(h,| D) =3 P(-|hy)=1 P(+|hy) =0
P(h;| D)= 3 P(-lhy)=1 P(+|hg) =0

> P(+|h)P(h | D)= .4

IZP(—Ihi)P(hiID);6

argmax Y P(c; | h)P(h | D) =-

cjel+ -} hieH

| Gibbs (Mitchell Chap. 6.8)

L P(h|D)

P(h)

E[errorGibbs] < 2E[errorBayesOptimaI]

( “Machine Learning”)




*

= (Bayes-)
= Naive Bayes:

*

*

1 <x,d>
di = f(x) + ¢
g =iid
=0
iid=independent, identically distributed
¢ )

hy. =argmin ) (d; —h(x,))?
heH

i=1

h,. =arg max In p(D | h)
heH

m _g(d.—h(x.))z
—argmax InJJe? °
heH i=1
o 1(d -hx)Y
=arg max » - ————"i2
gheH ; 2( o j
=arg max ) —(d; - h(x))?
heH i=1
=arg min Y (d;, - h(x;))?
heH i=1




.

h,, =arg max In p(D | h)
heH m
=arg max In[] P(d;|h,x)P(x)
heH

i=1

—arg max > I[P (d, [N, %,)P(x,)]

%@3%?‘ arg max Zl Ir;(h(xi)“' @-h(x ) P(x))
= arg max z d;Inh(x;)+ @X-d;)In(1-h(x,))
heH 1

(Bayes-)
= Naive Bayes:

| (minimum description length)

= Occam’s razor: “

MDL:
hyae =argmax P(D | h) P(h)
heH
=argmin-log, P(D |h)-log, P(h)

heH

=argmin L¢,(D|h)+ L. (h)
heH

| (minimum description length)

e =argminL, () + L (D h)
heH

(Bayes-)
= Naive Bayes:




‘ Naive Bayes

= Bayes +
| ]

‘ Bayes

" X <a,...,a,> , X
v ?

Viap =argmaxP(v; |a,a,,...,a,)
vjev

P(a,a,,....a, |V;)P(V,)

=arg max
VeV P(a,a,,..,a,)
=argmax P(a,, a,,...,a, |v;)P(v;)
vjev
. : P(a;...a,v)

(A 2
n 2" )

| Naive Bayes

= Naive Bayes

n P(ay,...,a,v)) = P(aylv)) P(a,lv) ... P(aylv)

MIA| (20@27) - A (Z0(n)
. » Vmap

Vyg =arg rgaxP(vj)H P@a|v))

Nailve Bayes:
Naive_Bayes Learn( )
P"(v) = P(v)

a a
P"(ailv) = P@&lv)

Classify_New_Instance(x)

Vig :argncaxls(vj)l__[ls(& [v;)

Nailve Bayes:

= P(v) P(alv)
= P(v) count(v) /N
= P(AB) count(A A B) / count(B)
«= 100 . 70+ 30-
= P(+)=0.7 P(-)=0.3
« 70 , 35 a;=SUNNY

« P(a,=SUNNY|+)=0.5

*

Day Outlook | Temperature | Humidity [ Wind Tzlnarxs P(Y) — 9/14’
Dayl | Sunny Hot High | Weak No P(sunny |Y)=2/9,
Day2 Sunny Hot High Strong No P(C00| | Y) - 3/9‘
Day3 | Overcast Hot High Weak Yes .

Day4 | Rain Mild High Weak Yes P(high|Y)=3/9,
Day5 Rain Cool Normal | Weak Yes P(Strong |Y) =3/9
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

Dayl11l Sunny Mild Normal Strong Yes

Day12 | Overcast Mild High Strong Yes

Day13 | Overcast Hot Normal Weak Yes

Day14 Rain Mild High Strong No




Naive Bayes:

n PlayTennis ,
<Outlk=sun, Temp=cool, Humid=high, Wind=strong>

Vys =arg rr\)ax PV)[ PG Iv))
Ve i

= P(Y)P(sun|Y)P(cool |Y)P(high|Y)P(strong | Y) = 0.005
P(N)P(sun | N)P(cool | N)P(high| N)P(strong | N) = 0.021

=V =N

‘ Naive Bayes:

?
" H
= Qe P(ay,....av) = Pagvp) P(ajlv))...P(a,lv;)

Bayes
argmax P(a, | v))P(2, |V))..P(a, |v,)P(v,)
=argmax P(a;,a,,..,a, | V;)P(v;)
vjeV
" 0 1

| Nailve Bayes:

] q; \'A

. P(ajlv;)=0 count(a; Av)) =07
] : 0 0!
= Laplace correction
- Palv) =t
n+m
= N V= Vj
= N V=Y, a=g
=p P (ailvy) ( )
=m*

*

= web
= Naive Bayes
. Naive Bayes ?
u . ? ?

= e i i

= doc = (a;=w;, =W, ..., 8,=W,)
. ; e.g. =

= P(aEwylv)) = P(a,=wJv;) = P(wlv;) Vi,m

= P(doc|v)=P(a;=wy, a,=W,, ..., a,=W, |v;)
= P(Wl |VJ_)TF(W1) |:)(W2 M)TF(WZ)_ .. P(Wn |Vj)TF(wn)
TF(w) w (term frequency)

| Naive Bayes

v, =argr(1/axP(vj)HP(ai lv;)
=argmaxP(v;) [ [P(w, |v;)""
vJeV

W, eVoc

N ; +1

| |
Pw |v;)=—"—
(W 1V, n;+|Voc|




procedure learn_naive_bayes_text(E: , Vi )
Voc=E
E w, V Vj . P(v)  P(wlv))
N; = j
N=
P(v;) = Nj/N
Mg = i Wy

n= j
P(wylvj) = (ng+1)/(n;+[Voc)

procedure classify_naive_bayes_text(A: )
A , Voc
return argmax;.y P(v)) I; Pailv;)

Twenty News Groups (Joachims 1996)

. 1000
u newsgroup
comp.graphics misc.forsale
comp.os.ms-windows.misc rec.autos
comp.sys.ibm.pc.hardware rec.motorcycles
comp.sys.mac.hardware rec.sport.baseball
comp.windows.x & rec.sport.hockey rec.sport.hockey
alt.atheism sci.space
soc.religion.christian sci.crypt
talk.religion.misc sci.electronics
talk.politics.mideast sci.med

talk.politics.misc
talk.politics.guns

T. Joachims. A probabilistic analysis of the Rocchio algorithm with TFIDF for text categorization.
In Proceedings of the 14th International Conference on Machine Learning, Nashville, TN, 1997, pp.143-151.

Twenty News Groups (Joachims 1996)

= Naive Bayes: 89%

NewsWeeder (Lang 1995)

. 100  (the and of ...) " “usenet articles that | find
. interesting”
stop words -
. 3
. 38,500 ... N .
| 1] n 10%
of 3 4
Ry 1000 10000 Lang, K (1995). NewsWeeder: Learning to Filter News. Proceedings of the 12th International
Conference on Machine Learning, 331-339, Lake Tahoe, CA.
13
: Bayes
P(D|h)P(h
o(h| D)~ PINP()
. . P(D)
= ML: P(D|h)
= MAP: P(h|D) o P(D]h) P(h)
= Bayes : P(c|D) = | P(c|h)P(h|D) dh
= Gaussian :
=
| |

<> cross-entropy
Occam’s Razor:
= P(h) = description-length(H) MAP
= Naive Bayes:




