-
L& ZP/}/‘/?/??CI p/’ﬂ bab))ist Models

So_tar, we've learned

-mﬁm‘ma Raoes Net-

— the meanhd & a Bayes Net- .

— arsivet- Dm%ab/\//éﬁt C)//IPHPS

//Mﬂm ds a Bmué( /\/07 ame 7%7)2 %

( structure, Dammemg)

Q ask an opert .

@ learn 3t fom data.
HgW€S€S H : /) g ,}L, b:a An, }25-
Duta D

di: St candy s Jime.

dz.: .an C’ﬂﬂg,’é’{ ,)\5 _//77’)?

ds

Zhe

A Drivr 0WA/2qu%eses

PCH) =007 02, 04, 02,0/




(ﬂ/}@ly FMMD/P

— 7 bag o candies w/ 2 Pavaus 4 chemy £ Jime)

— Same lragper r _both Flavours

— Sold )b bMS Wy difteeent  12hS

by /OD% CA@/ﬂ/

/7; -ﬁ(% C/)@/be

. 2% /’/7@/72/

_/74 y XY /“/;efﬂJ

he: 0 % 6/76//?/

Aﬁ‘;ﬁ/‘&tﬁhﬂ N cardes | (c cheries, X Jmes, N=c+X4)

— What"is the Pavour rarh o e bm 7

- What wl be e Hayour 6L tHhe ner c’d/?//u

= T SR

T

—g

=

—



&)

) Bprsm/) / pm%ﬂ

—“Cleulates 1he® Probabiliy A éach /ww%esxk
qien vhe At
Plhsld) = o P/o//]) ) Plhs)

e " S Jupothesis prvr
7&& 5 Au/)m%es/s k> /;fde///ww( b"rz Atz glven_hypithests
a’/ZVn dm%x

PRI = U D Ph)

- «M*Ol#OI”OZ%O/O%
Plhold) = ¢# 0.2c2% 92 = % 0028 & 3.8
_Plhld) = x p82% p4 = 0. | = 308%
Plhald) = & 0.75>% 0.2 = ¢ D12 > 346%
Plhs|d) = > )2 0.) = w 0] 30389

[
= Y0+ 00/aT+ 01+ 0125+ 01D =035




)

Q) Buyestan  predieiim . : next cardly Is lime.

Pixid) = D_PCxldAh) Plhild)

= 2 P(x[h) P(hld)

The welki/u‘ec/ avetzge ot the  prdictitns  6F- ¥hx

MU /1/1/ /)/JDDMQS&S

Pixld) = p#0 + 0.28%0.038 + 0.5% (.30 + 0.7 %0344

+1* 0308 = ¥3.1%.

Pmberv‘—/es

N— The Bayesian prediciin ¢evertually agrees W/
The ‘?%iéé hu%%k 4

@(OUV — apﬁma/ éwuen The PI7VT, +he &u/@?n D}ed/&fbn
s conect mete ofen Yan ammrwpd/tﬁbn

‘o over%?m DT petalRes  Omiplex hopotheses

Prive 10 pay

- //me o infnite éum%es& ace..

~ #w Summation/ 7h‘f€d/‘ztﬁb77 ?Mu ﬁ.ﬁa taciable

I caleulate .




Naximum —a_ pesteriert  (MAP).

__*_*Mlema_pMde‘zbﬂ _bused m Yhe mest L&bab/e /24177%@&?_,
hypp = agux Peheld) ,  Plxld) 2= Px] Fuap)

Pxld) = P(x) )= 7% Dhwp=thge

Pmm\ﬁes
J _Finding haup 75 slen uch easier Hhan Buyesiun predetan.
/m Ly (wmmmfbﬂ//hfwm/)

W_M_mfﬁﬁ@

_— VAP predictin B s acumite

;;LL’;’;L____ but- # e as dada Ncreases
Wg»%;ﬁp % st be Mtracrable

happp = _lrgmex Pehled
= argnex PCh> Pd/h)
= argmax Pay TT Py < ron-linear gt

cun ke /@4 4 Lnearive.

hnp = g gmx_u@ﬂ_ﬁ@i@;Zf?ﬂf@(z\/_b7




Maxomum L oke [heod .

simplfy . MAP by assuming //0/7%777 P

P =Ph> V7,7

huap = 0971 PCh) //(d//;)

Constant-

]7/14/ = dmma« P[d/h)//hMAP a/z]ma« P(/’/d)

Pldlh) = 0°=0

Pld] h) = 025l 0052& -

PUlhd = |* = | hi=he  Pixlhd=]

Properties .

- e IS often eusior¥7o d than /2/144:9

[,/’I,ODD b = CUZI/”&W Y log Pldxlh).

— ML _predictim 3 _jess accutate than Bayesian er MAP

bt all convege asdafa yhaeuses

= <’usr€j>ﬁ2§/e % mﬁh‘/}m




mNa,/\Ue Bfl{/gs Jzsze/ - /ML Parameter- Learning

P(HlC"Msﬂ // L \\ P(R|Class)

—y

D/]: lf[a$>

"rae " the "feature " Vurtobles are pot actually.

condytinally mdeverdert — gisen o 'cluss” @m&b/es

- ka& SW/K/ML/ well even  hen e comditiaal

h def)mc/e/zce assumpiin._ 3 Jer te

_, ; | Examp/e _red/geen wmpers
— wapper BT each candy B selected  pobablsheally

n/eaendmg o e Halour

SO B
N/ = i - h/‘\ﬂl;r.hn,l IE:: /’Anml\-—— /)
D(F=dherg) <0 P red | P- lery)=

Uy mn:w N m/zd}pg ¢ cheries, / //MesF N=c¢ +[
cherries . T reo( 9c aree/z

ime. Ty red , 4o gren.




