y

MACHINE INTELLIGENCE
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Bayesian Learning
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© RSsumption: nhivies of intevest are qoverned
L) ?m\oa\o‘\\isﬁc. diskribuwhons

et of outcomes frem a Candow experiment

+ Ey: ex?erimev\’c : \—osxif\% a faic coin

eNents -
€, = neither headt noy +ails
C.,- H
€a= T
€ * H e T

PeEN =D

Pley) = PLey) =

?(.EQ = |

© Numerieal valke of cach oukcowme in o
tample Space



. Cowention: wppeveage lettere  (X,Y,2)

+ PCAVB)Y = probability of R aiven that B
hot  beeuveed

© For independent  tvents A G R

4 2

ANB

PCAIB) = PCAODR)
P(B)

PLAVB) = P(A) + PLB) - PCA(B)



- T probobility of octurvence of one event
6 waifecred by e occurvence of the other

o -\'ots\r\§ o toin - PLH) independent of
Previokt (oin Yots

© lalate probability of both events A and 2
W ky R '\Mleyu\o\er\i'
PLA (\B) = PCA) PCR)
M Ay B dependent
PCA O B) = PLR) PCBLA)
ecA aBd = P(R) PCAVRD
© For 3 events (dependent)
PLAOR NC) = PCA) PCBIA) PCCIANRD
" Por N events

PCAORLN... NAR) = PLR) PLALNAD...PCALN AL 0...0A)D



© Joint  probability = PLANR) = PLAD PCB)

© Moy independent it they are all
pairwise independent

PLANR) = PCA) PLRD

PCBACL) = PR PCO
plenp)y = Peed PAD

+ If K ocure, ¥hen that  Owromaticolly
meant 2 Wat not  ocCturred

© In other wovds, PCANEd =D
A &
- I8 unten of eventt it 8

* PCALRD = PLA) + PCBD =]



- RV is up if eadh RV Wag the Same
probability  diskriburion  ag othert awd o\l
are mumally independeny

. EIS ontcomes of f\(?pina o coin Cunfaic of
fair) X, Xay. ..y Xn

- independent: outcome of N £lip unotfecred
by outcome of i-/™ Lip

- idewnica) distriounion'. provolbili of heods

of +ailt does not  dhange ot
every fip

)
PCB) = 2} PCA;) PLBI A
(=

é PCAD) PCB IR

1=

n
= 5 P(A) PLBAOA)
1zl P(f\;}




N
i=|
= P(BNA,) +..-+ P(BNAL)

= PLBN (A ,VA,U... UAL)
= PCBNS)
= PLB)

. R\(S?o*hesis h
-‘\‘ro\inin& dara. D

© Terms .
- prior pro\oa\oi\\-hﬁ of hpothesis
prior probability  of iraining data D

Pos\-crinr probobility of W piven D
likelinood of D given n




* Most  proboble hypothesis h given ouserved dato
D

© Sudh hppothesis i walled  Wyo0

© Terms

- Lo specific  hwpothetis

- hypothesis space Csef of hypotheses)

© Maximise pcobobility of W given D

happ = Qrgmax P(WhID)
hWEH

= argmox PLDIW) Pl)
WeH PLD)

PCD) s o conttant independent of h

= argmax  PDIh) Plh)
hEH



© Tk everpy hypothesis 0 H i equally  proboble
o Priovi , hypp i veduced Yo hy,

Phid= Plhy) ¥ hi, hy € H

= Qrgmoy PCDIW)

"
MLt

Hypothesis  Space: pohent +, patient ~
h, hy

Outtowme Aot ° 4ot + , test -

PU,\‘) = 0.008
PCh,) = 0.992



P(+1h) = 0.8 PC+|hy)= 0.0
PC-|h) = 0.02 PC-1Wy) =0.97
PCh 1+ < PC+1h,) PCh))

PC+lnIPC) + PCHIRD PW.)

t)

0.4% x 0.008
0.92 x0.008 +0.02%Xx0-992

2.84 X0

0-0%76

= 0.20%65

"

Pl 14) = PC+1hy) PCh)
PC+lnIPC) + PCHIRD PW.)

t)

0.03 X0.49
0.9¢ x0.008 +0.02X0-992

0.02476¢ = 0-714\5
0-0%76

"

Nmap * OCHMAL PChID) = h, = not cancer



Lonjunthive Wp Space
Noise free franing dota

Taraet hip W W space
A\ qﬂ\ép ‘Q&v\a\lg) ‘m)yro \o?a\ole

I U S

Calewlote  posterior probabilthy of each poss
hﬂpo-\hes\s he H 3‘wen '\-minir\ls date D

PChID) = PLDIWD PCW)
PCD)

PChid = PChd M- Wi, hy € H
N
© Tanget towcept € H , &5 Plhy) =1

hi =\ ¥ h €H
[H]

- P(DIW) '8 either D or |
|, o= hi) ¥ d; €D

O otherwise



* VS(H,D) = ontistent hypotheses

PCD) = 25 PLDIW) PLhi)

hieH
PLD)= $7 1.1 o vgl
hevsy IHI IH|

PChID) =0 Lo h ¢ Ve

PChID) = PLCDIW) PCW)
PCD)

= 1 x |/lHl - |

——

IVEl/ M| IV

- Summa\ra

L i hg VS
PChID) = vl

0 oHherwise

Groose  huyp With max  posterior



hmap = Owgmax oChiD)
hEH
= argmax  PIDIK) P(h)
weH
Compwute hm‘, (x) where 2 ¥ new data
Poir\

Need to  compute all  PCDIWY and PCW)

© Suppose we have b hypotheses by, h, ond h; 0
fhe hapothesis space M

- M»posc. we Wave M'm’m& dato D
et f(h1D0) = 0.4, P(h,I0)=0.3, P(heID) =02

* hmhv > G.(‘a :V\&x( PChL lDB - P(.h||D) = 0.4



For & new instance «x, Suppose we have dthe
predichions h (), hy0) and hyln)

Most probable classification of a)
= No¥ e tame as predichion of hwap

© Mosk probable ow\'pM' label Pmduce.d fromn  aul
possible hopowueses

orgmax 57 PLylhi) PChi D)

9 hieH
Probability new
Hvpothesis of instance (x) = Probability
L hypothesis = classified by | of (sign| hi)
P(hi|D) hi as
P(+|h1)=1
i 04 & P(-|h1)=0
P(+|h2)=0
"2 03 B P(-|h2)=1
P(+|h3)=0
" 03 - P(-|h3)=1
h (X= + —> not correct

MAP

ipc—r\hp PChilD) = Ixo.4 +0x0-3%0x0.2 =0-4
h eH



Zs PL-1hy) PLWIB) = 0x04 +1x0-3 +Ix0-3 = 0-¢
W et
—ve

o.ra MQa X
v, eV

COS'\‘\lA — wmugt avplg ol possible \At\po%eses
on ngtance

Cize of His hWugye

Ay wmost &2 error of boyes  ophmal

Uses Gibos SaW\P\\’n&

1. hoose vandom W € W accoro\fnﬁ{—o PChID)
posterioy  probalbility

2. Use one hupotnesic from  the  dithribuhon
Yo predick classifiahion  pf new inttance



I @ausan

- featuvee follow ND
- onHnuous data

- cdassificalion
2. Muttinomial

- disprere counts
- Yexk Uassitier

3. binomial

- feature vectore binary
- ‘bagy of wovds' text cassifier coccars or not)

PCYIX) = 20X 1Y) PCYD
PO

PLYLXD o PLXY) PLY)

X & input feadute —an ve vecksr of n
Leatures



OCYIX) o PCX,y Kay--- 5 Xn | Y) PLY)

© Joint yro\oa\oili’r() of Xiy Xoyo-oy Xy is Aiff
o calculate

POYIR) oL PCX YD OCK, %, YD) - o POX | Xy - X, YD OCY)

- Tndividual feokures ove independent given an
oboservahen

POVIX) o PCX 1Y) PCX, 1Y) ... PLXL YYD PCY)

new

Y

argmax  PCY=u,) TEPLX; - 1¥29)
% y
Y™ =argmax P(Y = yx) H P(x°"|Y = yx)
Yk i

new
Y 2 Voap = Vg



Outlook Temp Humidity Windy Play tennis
Sunny High High Weak No
Sunny High High Strong No
Overcast Hic.;h High Weak Yes
Rainy Medium High Weak Yes
Rainy Cool Normal Weak Yes
Rainy Cool Normal Strong No
Overcast Cool Normal Strong_; Yes
Sunny Medium High Weak No
Sunny Cool Normal Weak Yes
Rainy Medium Normal Weak Yes
Sunny Medium Normal Strong_; Yes
Overcast Medium High Strong Yes
Overcast High Normal Weak Yes
Rainy Medium High Strong No

Ceecall: Same

Noaive Gowyes:

Ve > g PLV)

U wm  ID2  detision  treeg)

\rke 4

TX P Q. l\70




Plyesd= 9 Plno) = &
W4 14

PGSuanylyes) = %i; PCSunnnyino) - 3
S

P(cool I Wes) = 3 Pleool | no) =
q

Phign | ges)=2  Plhigh no) - 4
9 5

Plstrong [yes)= 3 PLstyongy(no) = 3
2 S

PCyeslofp) A 2,3 42 x2 x4 = L
3 4 a2 9 lg (g9

= 5.29 K'Dv:s

Plno| o) oL & ¢ 2§ 2 xS = 1%
$ ¢ %S s g s

- 0-0200b



VMA’P = ?[&31@!\%“ = ND

¢ 1% no rroining instonce wih  torget v; wave
atk Q.

Plaglv;)=0

+ Qoluren: add vichwa) rows

« add M Yot vowe ownd  assume o has
0 Tm‘;cfh'm\ of P n Yhose w vowe

PCQ\\ PNz N XM
n+mw

= prior  estimate fo Pla;\vp
V\' fraining eq —Fw whith vz v
h‘ath\ﬁV whwith V= \I and az 0

-~ NnO a( eLaMp\ec

Assume mp = I

+ Laplace Smoothi "8



D1 : Inspiring Address Campaigning
D2 : Aggressive Speech Campaigning gwd‘; 5[70%

D3 : Cowardly act Law & Order
D4 : Spoke coward Campaigning 0L .

¢ S
D5 : threatening speech Law & Order b(b vy “S\SEVL
D6 : Act aggression Law & Order w

Laplace cmoo-lhi‘@

D7 : Aggression threatening address  ?

Word Campm(%nin‘ﬁ Law ownd Order

Tng 5(&1\3 \
AdArese \ ‘

cessive |
Ag\;(gedr\ 2 \
CoNaV‘ol\AA ]
Act 7

Cowand l
Thveate nin& |
(S b

Plagpression| €)= (threat| ) xP(odd | ) x PLA

T2 x 1l xZ x = l :'7-7,‘“("?”Ir

¢ 1« e 2 1572



Plaspression| D« P (theeat| P=P(ockd| () < PCO

x|l = L =724l

T2 x ' x_
¢ e 2 1272

i

“ boHn Wave Soawme ?robalofh'ﬁd
rownd °M‘U dnoovse |

- elethon > elecred



