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P(x1,x2,...xn,c) = P(c) P(x1|c) P(x2|c) ... P(xn|c) / \

P(x1,x2,...xn,c) = P(c) P(x1|c) P(x2|c) P(x3|x1,x2,c)P(x4,c)
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P (Campfire=True | Storm=True, BusTourGroup=True ) = ?
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P(cause|symptom)=? .
P(symptom|cause)="? . i
max P(class|data)  sauasas

class
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Speech recognition, Stock market, Text Classification,
Computer troubleshooting, medical diagnostic systems,

real-time weapons scheduling, Intel processor fault

diagnosis (Intel). generator monitoring expert system
(General Electric) troubleshooting (Microsoft)
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P(Campfire, Storm, BusGroupTour, Lightning, Thunder, ForestFire)? J
P(Storm)P(BusTourGroup)P(Campfire|Storm,BusTourGroup)
P(Lightning|Storm)P(Thunder|Lightning)
P(ForestFire|Lightning,Storm,Campfire).
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P(Campfire=true|Storm=true,BusTourGroup=true) = 0.4
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Print Spooling

Correct Driver

lb
L 2 4

Application Data

Driver Configurat GDI Output OK

Driver File Status

CablefPort Hard

Local Printer Ga LOCAL Transpor

Local Paper Sup

Local Printer OK

Local Printer On
Printer Location Printer Cutput
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How likely are elderly rich
people to buy DallasNews?

P( paper = DallasNews |
Age>60, Income > 60Kk)

Newspaper

Preference
\oting
Patter
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A:p(A)=0.1 p(~A)=0.9
B:p(B) =04 p(~B)=0.6

The initialized Probability of C:

p(C) =p(CAB) + p(C~AB) + p(CA~B) + p(C~A~B)

=p(C | AB) * p(AB) + p(C | ~AB) * p(~AB) +p(C | A~B) * p(A~B) + p(C |
~A~B) * p(~A~B)

=p(C | AB) * p(A) * p(B) + p(C | ~AB) * p(~A) * p(B) +
p(C! | A~B) * p(A) * p(~B) +p(C | ~A~BS * p(~AS p(~B) =-.414

P ol ‘sn){w‘d‘)‘—‘ ol S B g 5SS s sl Ciole R o 19



CPD:
A B|c=0c=1
00 |05 05
/ 010505
10|06 04
@ 11 |0802

A:p(A)=01 p(~-A)=0.9
B:p(B) =04 p(~B)=0.6
C: p(c)=0.518
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p(B|C)=(p(C|B)>*pB))/pC)=((p(C]|AB)*p(A) +p(C|~AB)*p(~A))*
0(B) )/ p(C) =( (0.8 *0.1+0.5* 0.9) * 0.4) / 0.518=0.409

P(A[C)=(p(C|A)*p(A))/p(C)=((p(C|AB)*p(B)+p(C|A-B)*p(~B))*
D(A) )/ p(C)=((0.8 * 0.4+ 0.6 * 0.6) * 0.1) / 0.518=0.131
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Structure Observability Method

Known Full Maximum Likelihood Estimation
Known Partial EM (or gradient ascent)

Unknown Full Search through model space
Unknown Partial EM + search through model space
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EM for Estimating k Means

EM Algorithm: Pick random initial h = <uq,
> >, then iterate

e E step: Calculate the expected value E[;:_,-f]
of each hidden variable Zj; assuming the
current hypothesis h = <uy, u-> holds.

o M step: Calculate a new maximuim
likelihood hypothesis ' = <u;", u'=,
assuming the value taken on by each
hidden variable z; is its expected value
E[EU-] calculated above. Replace

A= <py, up> by h' = <uy’, up'>.
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E Step For kK Means
E[z;] = px=x;lu=w) /
Eﬂ=lE D(,I:XI-LH:LLIH]
p(;"::x,fl!f'L:Hj} — EHP{_]-HZGE](X; - !'-I-Jf}z}

Derived via PDF for Gaussians and
Bayes rule
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