



 SHAPE  \* MERGEFORMAT 
[image: image1]

 SHAPE  \* MERGEFORMAT 
[image: image2]

 SHAPE  \* MERGEFORMAT 
[image: image3]

 SHAPE  \* MERGEFORMAT 
[image: image4]

 SHAPE  \* MERGEFORMAT 
[image: image5]
[image: image6.jpg]Cuyerimg_lewnag : olfonsl medels | o 1 PR
B @ ‘ S ey e 1) a4,

® e T Pl
Fie %o % : [ Pm T a0 %) g

(

rlyi)

1

Draw  pedd from prior j{ngm/c AR
{rom P, %, .. &

‘- . £ ‘
¢ las s Freation / Prehction - _ '
Defines ; ’ s ww ® ds p»eAM]L g, compute
. pé)x;",‘i,""'(r‘/r)
P(f’\'"'\"“"”x’) = /féq,ixx,q,..‘x,w)d’ﬁ
Py T Pl lps) - / Pl % KeYE) Plylgxy Ay,
Pley T} péy; 1)
- ' = [ qtui) Fa 1wt ) oy
Learning - (’-,‘5 JUst Frolmb‘f‘}ﬁ'c ;‘nﬁrch&) . I - i
'y prediction 4
feer Pl ‘1,(,/”0 "%f@/;ﬂr

{)Odll/k\f 9"\/*‘-4 i"’“lrt\:‘f\) 044%
'L&w.?mkc( averag & by porterior

Plpl %y, - %)

= )0 &v"‘\/f ],"v\.’,,.,,(,) F/V )x,w-X,)
Pl Yo 14~ 1)




[image: image7.jpg]A /wc:f‘\’!}vm B, e.5ian }{””'L‘j

MAP (m,.xmwh. A /"’"”’l—"";}

Luslind oF mw‘ajﬂ\? over all fééo
awording ¥ por\w‘}or/

¢ hoore sinsle /3“ I e

gk }/)(,o/x,y,--'&‘h)

+ -
¢ ¢
!
[ &y Tf,‘:f 4y, 1) Ag.
= arzrut/ P[A ﬂ"._l' _P(({' l Y{v )
! 1
Peant /] Patiman. lboblvod
3

Bew £5Van leﬂfﬂm .

fpy,@h:f f)/.oé,

jouvf modle (s

4CAY

Do 7 ¢ 0 Lo PRz, 9(%42 Gy ud Trom [

Defines:
P({) AR X 4r )

Py Ter Plxvi te)
P ey Ter p )

4

L@[/L/'(]xr\a:
frior 73
18

Posterior  qiven {rainicg dAata
PG | 4y, - %ol )

= f’({’ X'Y,‘-"f‘/r)

LT A

r (‘('V/ aa '*/r‘ﬂ)
Pipy Tl PLEY)

’T—‘_—_/‘——‘
j?/’p) )T,':’( @f(xfl,‘/} | d.z_
b



[image: image8.jpg]élafrllt.’aﬁn\OV\ / Pre 0(:'c‘/',(on !

Glsen an X (ompude

Pl L x4y,

[ Bl e
f f"(‘/[i)a PGixuxy, - Y, d1;

e

\

Xv‘/r} 4%

o

(]

/P/\/ia,d rély) /’ﬁf&m--»@w} .,

’0& l'l'vl'—.X"V’) 2

= fi(yl*\ q.(x) Pé-/‘/‘/,'-v(f%} C/@
[ 3 fatsn - %) dy

q ‘s peditm i/'( weight 9. % /ar/crvlsf‘
_ p(ak Lo X
Normalited]

7

/

Ecle learming « b proleblity s
PDrier &Q'\d‘y =
pver  pelgl]
P[/) = Ez“-‘t (“,L)K(’)
a-r b-
T P (]—p) ’ F.'é‘_“’.}_
Ews~ AN
eneratine wole(
Fa=llp)=p g
Cirm olefe « - ok, ke (3
Peo :Jwicr
Plole - g)= re) T, P, 2¢)
Xy = .(r)
NI i
a-\ ¢Zk’ =1 & o= .
- p ("ﬂ)bl F-ze
= Belq /Gh‘ix,’/ 6#%»2&‘)@(
€ (F} R - S . 2%
atb + ¢



[image: image9.jpg]Examgle learning Yl wtmy of o nermel disfS

(dude &iferf 73)
Prigr dtnf"’"«; M v /V(/\ Jt)

Panr = iy @ t )

@m«#,‘w mooce Xl AJ(M,U’) g
Ploray = I,ﬂ- e—;—ﬁ%ﬂ)’

Giwven olate - -

Postyior
Pla .. vl §

Pes T Pi L)/ fla- a)

“

“

Lo
g g~ 41_?) /E

i .
wlere 9::0" X *,’_,,.T \

& I tt,

‘ T

T2 L o0
¢

Br (k) o7F CEI - ra {Y';")Z//U |

_ . lor o Beyetian r
de : ! randler  vehier o [say,
(‘;u\ Learn neg P Ctu.u/ o T

z@f bewll 6 = Pl | mE)=Y]

Pr‘;pf‘ dtnj‘v‘l{’ ij e @e% @;k/bﬂ‘ )

Geneative MM
Asfant 8515 Indeerdef
0.

Guwen oot 2,2, - 2,
Postersr Plg | g, .. z.) = Tz -3
Gy ind

P12 -~ 2 =
Beta [ Gt Tk 10e€)-L)Y 7y
Yiwr =8 l(f)a(a;\:k)(r -
E(sj“'?f"%) > Gr Z(p&?g):k}gj

Buvbie R Ua)-




[image: image10.jpg]Ea.c“nf(c'" L‘“\f""'\c} a %nl)lldimfndllo'w/'lﬂrw/
Clrenr precticfo- )
Peige obzn::‘{-v W MQ IM)

C dn 0",‘;‘&0&%/ jgn CM*[IM{ [ 96(/(,
@L@/@ y ~ Nixw ¢%)

O ven datm leyS Ky Ye>
Porler/or p(‘i/’ e VF)

Pty ~ Wi T)
Pllw k) ~ W« o
Ple)y x)~ MBe, B)
wee g7 XTET e T
b = XTZ-’\L

E(wfyX) = 8L e 4 sb §aep

AE FEREN(ES

CMNeckes e (@7) Bayesiax nefwoles {or aw&m,mf/y

Dot iy o~k g dedye Disovery | (3p79-117)
Dv\dh l#qr‘f U?\ CLMP)L(;/ ?
Mdchell @1\ Chopter (&

Bisuop@S)  Chepler 2, Choglen 1O



[image: image11.jpg]& ALBERTA
CMPUT 466/551 - Machine Learning

Winter 2006
Department of Computing Science
University of Alberta

Instructor: Dale Schuurmans, Ath409, x2-4806, dale @cs.ualberta.ca

20 . Bayesian Leam:\nﬂ

Buyesion Lemm’xuy

Givar Eears o prolmb iy wodels pe

Vf'\¢f P(pj

T/‘m?ni'% dala g

Weand o Cﬂwp(/vk roorf.(rr‘o/‘

F//J/ AR X,w)

= (P TT;-_: Pl y 14)

74y, -

Fioy Ty P4 1541
\
Vel -4)

P&

"(fLI)‘.’

X, M2

J'M 1 ol

{ ahﬁ{/ké/é\w/
sy



