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= Bayes

= MAP ML

= Bayes , Gibbs
= MDL

= Naive Bayes

Bayes
. P(B|A)P(A
: p(a|B)— PEIAPA)
P(B)
. 2
= (Bayes-)
= Naive Bayes:
Chap. 6.2 Exercise 6.1
?
98%
97%
.008 P(cancer) = .008 P(—cancer) =  .992
P(+ | cancer) = .98 P(—| cancer) = .02
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(+ | =C'r) P(—C'r) =.0376
P(+ | cancer) P(cancer) — 209

P(cancer | +) = )

P(+ | ~cancer) = .03 P(- | —~cancer) = .97

P(+1#5) =P(++, | C1) P(C'T) + P(++, | ~C'r) P(=C'r) =.00858

P(+, +, | cancer) P(cancer) - 8%
P(+,+,)

P(cancer | +,+,) =




P(AAB) = P(A|B) P(B) = P(B|A) P(A) P(h | D) — P(D | h) P(h)

P(D)
P(AVB) = P(A) + P(B) — P(AAB) P(h) = h
P(D) = D
T P(h|D)=D h
PB)= > P(BIA)P(A) P(Dh) = h D
i=1
P(D |h) P(h) |
P(h|D)=z ——~—~1 P _
"o
Likelihood (MLZ
Maximum a posteriori hypothesis hMAP:
hMAP = argmax P(h | D) Nyap = ar%er'r}ax P(D |h) P(h)
= hy =argmax P(D | h
_ argmax PR IN P(N) gmax P(D |h)
heH P(D)
=argmax P(D | h) P(h)

MAP ID3
|
h
MAP
P(D[h) P(h) - .
P(h|D)=—~ 21~ =
(h|D) P(D) g(ilf)gl) 1ifh D
hMAP -
P(h)
Pyap = ar%rﬂax P(D |h) P(h)




P(h) P(hD1) P(hD1,D2)

UL

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

Bayes

argmax »_P(c, |h)P(h | D)

- 2 cid+-} heH
= (Bayes-) .
= Naive Bayes: Bayes :
(Chap. 6.7) Gibbs (Chap. 6.8)
|
P(h,| D)= 4 P(—|h)=0 P(+|h)=1
Ph,ID)=3 P(-[h)=1  P(+|hy)=0 : PID)
P(h;| D)= .3 P(—h)=1 P(+|hg) =0 z
D P(+|h)P(h |D)=.4 P(h)
heH
EP(— | h)P(h |D)=.6 E[errorgippsl < 2E[errorBayesopﬁma,]

agmax »_P(c; |h)P(h |D) =~

¢il+-} heH

( “Machine Learning”)




(Bayes-)
= Naive Bayes:

WEo
" N

[REFFFEE

D <x,d>
di = f(x) + ¢
e =iid
=0
iid=independent, identically distributed
(G

hy, =argminy” (d, ~h(x))?

heH i=1

hy,, =ag max In p(D |h)
heH

m ,;[d‘—h(x.))z
—agmax In[[e?* ~
heH i=1

g max zm_g[di ~ h(x)

heH = 2 o

= arg max Y -~ (d, - h(x)?

eH

—agmin > (d, - h(x))?

heH i=1

i




h,, =ag max In p(D |h)
heH m
=arg max In[] P(d; | h,x)P(x)
heH i=1

= arg max Zm: In[ P(d, | h, x;)P(x)]
Oy arg max 3. In(h(x)* @=h(x)*" P(x,))

6\“
= arg max Z d,Inh(x;)+ @Q-d;)In(1-h(x;))

(minimum description length)

= (Bayes-)
= Naive Bayes:

= Occam’s razor: *“ "

m MDL:
hyae = argmax P(D | h) P(h)
heH

=argmin-log, P(D | h)-log, P(h)
heH

=argminL¢,(D[h)+Lc (h)

nerH

(minimum description length)

Myae =argminLe (h)+Lc (D |h)
heH

= (Bayes-)
‘- Naive Bayes:




Nailve Bayes

u
= Bayes +
n

Bayes

] X <ay,...,a,> , X
Y ?

Viap = argn\)ax P(Vj la,a,,...a,)

g PR 1V)PW)
eV P(a,a,.....a,)
= AgMax P(a, a8, |V))P(V,)

. : P(ay...a,v)
. ' n (rglm) @

Nailve Bayes

= Naive Bayes

= P(@y,...a M) = P(aylv) Py ... P@v)

MJA (0(2) — ZIA] (=0(n)
- » Vvap

Y =argmaxP(v))] [P(a |v))

Naive Bayes:

Naive Bayes | earn( )
P*(v)) = P(v)

a 3
P(alv) = P@&lv)

Classify_New_Instance(x)

Vi =argmaxP(v)[ [P@ 1)

Naive Bayes:

P(v) P(@&lv)

= 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 TZLarﬁs P(Y) = 9/14’
Dayl [ Sunny Hot High Weak No P(s.mnle) =2/9,
Day2 Sunny Hot High Strong No P(COO| |Y) — 3/ 91
Day3 | Overcast Hot High Weak Yes .

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

Dayll Sunny Mild Normal Strong Yes

Dayl12 | Overcast Mild High Strong Yes

Day13 | Overcast Hot Normal Weak Yes

Day14 Rain Mild High Strong No




Naive Bayes:

|
PlayTennis ,

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

Vg = &g rUax F3(vj )H f’(a [v))

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

Naive Bayes:

?

Bayes :
argmax P(a, |v;)P(a, |v;)..P(a, |v;)P(v;)

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

= ie. i i

» doc = (a,=wy, 8=W,, ..., 3, =W,)
PR ;e.g. =

= P(a=wlv)) = P(amwyv;) = Pwv;) Vi,m

« P(dociv)=P(@;=w, 3,7W,, ..., =W, V)
= P(wy ) TFID P(w, ) TR P, ) TR
TF(w) w (term frequency)

P(N)P(sun| N)P(cool | N)P(high| N)P(strong | N) = 0.021 v ev
. 0 1
=V =N
Naive Bayes:
! |
| | a1 V]
- P(alv)= count(a, Av) =07? .
. : 0 ol .
= Laplace correction )
5 _N.+mp
P(ailvj)_ n+m = web
: 2 sz—vi/ a=g = Naive Bayes
- ¥ ) e - .
=P P @lv) ( ) _ Naive Bayes . 2 i
am*“ - : ) .
Naive Bayes

" Vi =argmaxP(v)) [ [P(@a |v))

= argmax P(V,) TP [v,)™™

W eVoc

n;+1
n;+|Voc|

P(VWIVJ'):




procedure learn_naive_bayes text(E: ,V: )
Voc=E
E w, V Y . P(v))  P(wlv))
N; = j
N=
P(v;) = N;/N
Ng = j Wi
n= j

j
Pwilv;) = (ng+1)/(ny+Voc))

procedure classify_naive_bayes text(A: )
A ,Voc
return argmax,; ., P(v;) [1; P(31v;)

Twenty News Groups (Joachims 1996)

. 1000

comp.graphics

comp.os.ms-windows.misc
comp.sys.ibm.pc.hardware

comp.sys.mac.hardware

comp.windows.x & rec.sport.hockey

at.atheism
soc.religion.christian
talk.religion.misc
talk.politics.mideast
talk.politics.misc
talk.politics.guns

lysis of th

newsgroup

misc.forsae
rec.autos
rec.motorcycles
rec.sport.baseball
rec.sport.hockey

sci.space

sci.crypt
ci.electronics

sci.med

T. Joachims. A probabili
In the 14th c

ith TFIDF for text categorization,
Machine Learning, Neshville, TN, 1997, pp.143--151

Twenty News Groups (Joachims 1996)

Naive Bayes: 89%

. 100 (the and of ...)

stop words

. 38,500 . =

13

NewsWeeder (Lang 1995)

. “usenet articles that | find

interesting”

10%
3 4

Lang, K (1995). News\Weeder: Learning to Filter News. Proceedings of the 12th International
Conference on Machine Learning, 331-339, Lake Tahoe, CA.

: Bayes

| P(h|D) PD)

= ML: P(D|h)

= MAP: P(h|D) « 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:

P(D|h) P(h)




