
B
a
y
e
s
ia

n
n
e
t
w

o
r
k
s

C
h
a
p
t
e
r

1
4
.1

–
3

C
h
a
p
te

r
1
4
.1

–
3

1

O
u
tlin

e

♦
S
yntax

♦
S
em

antics

♦
P
aram

eterized
distributions

C
h
a
p
te

r
1
4
.1

–
3

2

B
a
y
e
sia

n
n
e
tw

o
rk

s

A
sim

ple,
graphical

notation
for

conditional
indep

endence
assertions

and
hence

for
com

pact
sp

ecifi
cation

of
full

joint
distributions

S
yntax:

a
set

of
nodes,

one
p
er

variable
a

directed,
acyclic

graph
(link

≈
“directly

infl
uences”)

a
conditional

distribution
for

each
node

given
its

parents:
P

(X
i |P

a
ren

ts(X
i ))

In
the

sim
plest

case,
conditional

distribution
represented

as
a

conditional
probability

table
(C

P
T

)
giving

the
distribution

over
X

i
for

each
com

bination
of

parent
values

C
h
a
p
te

r
1
4
.1

–
3

3

E
x
a
m

p
le

T
op

ology
of

netw
ork

encodes
conditional

indep
endence

assertions:

W
eather

C
avity

T
oothache

C
atch

W
ea

th
er

is
indep

endent
of

the
other

variables

T
ooth

a
ch

e
and

C
a
tch

are
conditionally

indep
endent

given
C

a
v
ityC

h
a
p
te

r
1
4
.1

–
3

4

E
x
a
m

p
le

I’m
at

w
ork,

neighb
or

John
calls

to
say

m
y

alarm
is

ringing,
but

neighb
or

M
ary

doesn’t
call.

S
om

etim
es

it’s
set

off
by

m
inor

earthquakes.
Is

there
a

burglar?

V
ariables:

B
u
rg

la
r,

E
a
rth

qu
a
k
e,

A
la

rm
,
J
oh

n
C

a
lls,

M
a
ry

C
a
lls

N
etw

ork
top

ology
refl

ects
“causal”

know
ledge:

–
A

burglar
can

set
the

alarm
off

–
A

n
earthquake

can
set

the
alarm

off
–

T
he

alarm
can

cause
M

ary
to

call
–

T
he

alarm
can

cause
John

to
call

C
h
a
p
te

r
1
4
.1

–
3

5

E
x
a
m

p
le

c
o
n
td

.

.001

P
(B

)

.002

P
(E

)

A
larm

E
arthquake

M
aryC

alls
JohnC

alls

B
urglary

BTTFF

ETFTF

.95

.29
.001

.94

P
(A

|B
,E

)

ATF
.90
.05

P
(J|A

)
ATF

.70
.01

P
(M

|A
)

C
h
a
p
te

r
1
4
.1

–
3

6



C
o
m

p
a
c
tn

e
ss

A
C
P
T

for
B

oolean
X

i w
ith

k
B

oolean
parents

has
B

E

J

A

M

2
k

row
s

for
the

com
binations

of
parent

values

E
ach

row
requires

one
num

b
er

p
for

X
i =

tru
e

(the
num

b
er

for
X

i =
f
a
lse

is
just

1−
p)

If
each

variable
has

no
m

ore
than

k
parents,

the
com

plete
netw

ork
requires

O
(n

·2
k)

num
b
ers

I.e.,
grow

s
linearly

w
ith

n
,
vs.

O
(2

n)
for

the
full

joint
distribution

F
or

burglary
net,

1
+

1
+

4
+

2
+

2
=

10
num

b
ers

(vs.
2

5−
1

=
31)C

h
a
p
te

r
1
4
.1

–
3

7

G
lo

b
a
l
se

m
a
n
tic

s

G
lobal

sem
antics

defi
nes

the
full

joint
distribution

B
E

J

A

M

as
the

product
of

the
local

conditional
distributions:

P
(x

1 ,...,x
n )

=
Π

ni
=

1 P
(x

i |pa
ren

ts(X
i ))

e.g.,
P

(j∧
m

∧
a∧

¬
b∧

¬
e)

=

C
h
a
p
te

r
1
4
.1

–
3

8

G
lo

b
a
l
se

m
a
n
tic

s

“G
lobal”

sem
antics

defi
nes

the
full

joint
distribution

B
E

J

A

M

as
the

product
of

the
local

conditional
distributions:

P
(x

1 ,...,x
n )

=
Π

ni
=

1 P
(x

i |pa
ren

ts(X
i ))

e.g.,
P

(j∧
m

∧
a∧

¬
b∧

¬
e)

=
P

(j|a
)P

(m
|a

)P
(a|¬

b,¬
e)P

(¬
b)P

(¬
e)

=
0.9×

0.7×
0.001×

0.999×
0.998

≈
0.00063

C
h
a
p
te

r
1
4
.1

–
3

9

L
o
c
a
l
se

m
a
n
tic

s

L
ocal

sem
antics:

each
node

is
conditionally

indep
endent

of
its

nondescendants
given

its
parents

. . .

. . .
U

1

X

U
m

Y
n

Z
nj

Y
1

Z
1j

T
heorem

:
L
ocal

sem
antics

⇔
global

sem
antics

C
h
a
p
te

r
1
4
.1

–
3

1
0

M
a
rk

o
v

b
la

n
k
e
t

E
ach

node
is

conditionally
indep

endent
of

all
others

given
its

M
arkov

blanket:
parents

+
children

+
children’s

parents

. . .

. . .
U

1

X

U
m

Y
n

Z
nj

Y
1

Z
1j

C
h
a
p
te

r
1
4
.1

–
3

1
1

C
o
n
stru

c
tin

g
B

a
y
e
sia

n
n
e
tw

o
rk

s

N
eed

a
m

ethod
such

that
a

series
of

locally
testable

assertions
of

conditional
indep

endence
guarantees

the
required

global
sem

antics

1.
C
hoose

an
ordering

of
variables

X
1 ,...,X

n

2.
F
or

i
=

1
to

n
add

X
i
to

the
netw

ork
select

parents
from

X
1 ,...,X

i−
1

such
that

P
(X

i |P
a
ren

ts(X
i ))

=
P

(X
i |X

1 ,
...,

X
i−

1 )

T
his

choice
of

parents
guarantees

the
global

sem
antics:

P
(X

1 ,...,X
n )

=
Π

ni
=

1 P
(X

i |X
1 ,

...,
X

i−
1 )

(chain
rule)

=
Π

ni
=

1 P
(X

i |P
a
ren

ts(X
i ))

(by
construction)

C
h
a
p
te

r
1
4
.1

–
3

1
2



E
x
a
m

p
le

S
upp

ose
w
e

choose
the

ordering
M

,
J

,
A

,
B

,
E

M
aryC

alls

JohnC
alls

P
(J|M

)
=

P
(J

)?

C
h
a
p
te

r
1
4
.1

–
3

1
3

E
x
a
m

p
le

S
upp

ose
w
e

choose
the

ordering
M

,
J

,
A

,
B

,
E

M
aryC

alls

A
larm

JohnC
alls

P
(J|M

)
=

P
(J

)?
N

o
P

(A|J
,M

)
=

P
(A|J

)?
P

(A|J
,M

)
=

P
(A

)?

C
h
a
p
te

r
1
4
.1

–
3

1
4

E
x
a
m

p
le

S
upp

ose
w
e

choose
the

ordering
M

,
J

,
A

,
B

,
E

M
aryC

alls

A
larm

B
urglary

JohnC
alls

P
(J|M

)
=

P
(J

)?
N

o
P

(A|J
,M

)
=

P
(A|J

)?
P

(A|J
,M

)
=

P
(A

)?
N

o
P

(B
|A

,J
,M

)
=

P
(B

|A
)?

P
(B

|A
,J

,M
)

=
P

(B
)?

C
h
a
p
te

r
1
4
.1

–
3

1
5

E
x
a
m

p
le

S
upp

ose
w
e

choose
the

ordering
M

,
J

,
A

,
B

,
E

M
aryC

alls

A
larm

B
urglary

E
arthquake

JohnC
alls

P
(J|M

)
=

P
(J

)?
N

o
P

(A|J
,M

)
=

P
(A|J

)?
P

(A|J
,M

)
=

P
(A

)?
N

o
P

(B
|A

,J
,M

)
=

P
(B

|A
)?

Y
es

P
(B

|A
,J

,M
)

=
P

(B
)?

N
o

P
(E

|B
,A

,J
,M

)
=

P
(E

|A
)?

P
(E

|B
,A

,J
,M

)
=

P
(E

|A
,B

)?

C
h
a
p
te

r
1
4
.1

–
3

1
6

E
x
a
m

p
le

S
upp

ose
w
e

choose
the

ordering
M

,
J

,
A

,
B

,
E

M
aryC

alls

A
larm

B
urglary

E
arthquake

JohnC
alls

P
(J|M

)
=

P
(J

)?
N

o
P

(A|J
,M

)
=

P
(A|J

)?
P

(A|J
,M

)
=

P
(A

)?
N

o
P

(B
|A

,J
,M

)
=

P
(B

|A
)?

Y
es

P
(B

|A
,J

,M
)

=
P

(B
)?

N
o

P
(E

|B
,A

,J
,M

)
=

P
(E

|A
)?

N
o

P
(E

|B
,A

,J
,M

)
=

P
(E

|A
,B

)?
Y
es

C
h
a
p
te

r
1
4
.1

–
3

1
7

E
x
a
m

p
le

c
o
n
td

.

M
aryC

alls

A
larm

B
urglary

E
arthquake

JohnC
alls

D
eciding

conditional
indep

endence
is

hard
in

noncausal
directions

(C
ausal

m
odels

and
conditional

indep
endence

seem
hardw

ired
for

hum
ans!)

A
ssessing

conditional
probabilities

is
hard

in
noncausal

directions

N
etw

ork
is

less
com

pact:
1

+
2

+
4

+
2

+
4

=
13

num
b
ers

needed

C
h
a
p
te

r
1
4
.1

–
3

1
8



E
x
a
m

p
le

:
C

a
r

d
ia

g
n
o
sis

Initial
evidence:

car
w
on’t

start
T
estable

variables
(green),

“broken,
so

fi
x

it”
variables

(orange)
H

idden
variables

(gray)
ensure

sparse
structure,

reduce
param

eters

lights

no oil
no gas

starter
broken

battery age
alternator
  broken

fanbelt
broken

battery
  dead

no charging

battery
    flat

gas gauge

fuel line
blocked

oil light

battery
 m

eter

car w
o

n
’t

    start
dipstickC

h
a
p
te

r
1
4
.1

–
3

1
9

E
x
a
m

p
le

:
C

a
r

in
su

ra
n
c
e

SocioE
con

A
ge

G
oodStudent

E
xtraC

ar
M

ileage

V
ehicleY

ear
R

iskA
version

SeniorT
rain

D
rivingSkill

M
akeM

odel

D
rivingH

ist

D
rivQ

uality
A

ntilock

A
irbag

C
arV

alue
H

om
eB

ase
A

ntiT
heft

T
heft

O
w

nD
am

age

P
ropertyC

ost
L

iabilityC
ost

M
edicalC

ost

C
ushioning

R
uggedness

A
ccident

O
therC

ost
O

w
nC

ost

C
h
a
p
te

r
1
4
.1

–
3

2
0

C
o
m

p
a
c
t

c
o
n
d
itio

n
a
l
d
istrib

u
tio

n
s

C
P
T

grow
s

exp
onentially

w
ith

num
b
er

of
parents

C
P
T

b
ecom

es
infi

nite
w

ith
continuous-valued

parent
or

child

S
olution:

canonical
distributions

that
are

defi
ned

com
pactly

D
eterm

inistic
nodes

are
the

sim
plest

case:
X

=
f
(P

a
ren

ts(X
))

for
som

e
function

f

E
.g.,

B
oolean

functions
N

orth
A

m
erica

n
⇔

C
a
n
a
d
ia

n
∨

U
S
∨

M
ex

ica
n

E
.g.,

num
erical

relationships
am

ong
continuous

variables

∂
L

ev
el

∂
t

=
infl

ow
+

precipitation
-

outfl
ow

-
evap

oration

C
h
a
p
te

r
1
4
.1

–
3

2
1

C
o
m

p
a
c
t

c
o
n
d
itio

n
a
l
d
istrib

u
tio

n
s

c
o
n
td

.

N
oisy-O

R
distributions

m
odel

m
ultiple

noninteracting
causes

1)
P
arents

U
1
...U

k
include

all
causes

(can
add

leak
node)

2)
Indep

endent
failure

probability
q
i
for

each
cause

alone

⇒
P

(X
|U

1
...U

j ,¬
U

j
+

1
...¬

U
k )

=
1−

Π
ji
=

1 q
i

C
old

F
lu

M
a
la

ria
P

(F
ev

er)
P

(¬
F

ev
er)

F
F

F
0
.0

1.0
F

F
T

0.9
0
.1

F
T

F
0.8

0
.2

F
T

T
0.98

0.02
=

0.2×
0.1

T
F

F
0.4

0
.6

T
F

T
0.94

0.06
=

0.6×
0.1

T
T

F
0.88

0.12
=

0.6×
0.2

T
T

T
0.988

0.012
=

0.6×
0.2×

0.1

N
um

b
er

of
param

eters
lin

e
a
r

in
num

b
er

of
parents

C
h
a
p
te

r
1
4
.1

–
3

2
2

H
y
b
rid

(d
isc

re
te

+
c
o
n
tin

u
o
u
s)

n
e
tw

o
rk

s

D
iscrete

(S
u
bsid

y
?

and
B

u
y
s?);

continuous
(H

a
rv

est
and

C
ost)

B
u

ys? H
arvest

S
u

b
sid

y?C
o

st

O
ption

1:
discretization—

p
ossibly

large
errors,

large
C
P
T

s
O

ption
2:

fi
nitely

param
eterized

canonical
fam

ilies

1)
C
ontinuous

variable,
discrete+

continuous
parents

(e.g.,
C

ost)
2)

D
iscrete

variable,
continuous

parents
(e.g.,

B
u
y
s?)

C
h
a
p
te

r
1
4
.1

–
3

2
3

C
o
n
tin

u
o
u
s

ch
ild

v
a
ria

b
le

s

N
eed

one
conditional

density
function

for
child

variable
given

continuous
parents,

for
each

p
ossible

assignm
ent

to
discrete

parents

M
ost

com
m

on
is

the
linear

G
aussian

m
odel,

e.g.,:

P
(C

ost
=

c|H
a
rv

est
=

h
,S

u
bsid

y
?
=

tru
e)

=
N

(a
t h

+
b
t ,σ

t )(c)

=
1

σ
t √

2π
ex

p

 −
12

 c−
(a

t h
+

b
t )

σ
t



2


M
ean

C
ost

varies
linearly

w
ith

H
a
rv

est,
variance

is
fi
xed

L
inear

variation
is

unreasonable
over

the
full

range
but

w
orks

O
K

if
the

lik
e
ly

range
of

H
a
rv

est
is

narrow

C
h
a
p
te

r
1
4
.1

–
3

2
4



C
o
n
tin

u
o
u
s

ch
ild

v
a
ria

b
le

s

0
5

10
0

5

10

0
0.05

0.1
0.15

0.2
0.25

0.3
0.35

C
ost

H
arvest

P(C
ost|H

arvest,Subsidy?=
true)

A
ll-continuous

netw
ork

w
ith

L
G

distributions
⇒

full
joint

distribution
is

a
m

ultivariate
G

aussian

D
iscrete+

continuous
L
G

netw
ork

is
a

conditional
G

aussian
netw

ork
i.e.,

a
m

ultivariate
G

aussian
over

all
continuous

variables
for

each
com

bination
of

discrete
variable

values

C
h
a
p
te

r
1
4
.1

–
3

2
5

D
isc

re
te

v
a
ria

b
le

w
/

c
o
n
tin

u
o
u
s

p
a
re

n
ts

P
robability

of
B

u
y
s?

given
C

ost
should

b
e

a
“soft”

threshold:

0

0.2

0.4

0.6

0.8 1

0
2

4
6

8
10

12

P(Buys?=false|Cost=c)

C
ost c

P
robit

distribution
uses

integral
of

G
aussian:

Φ
(x

)
=

∫x−
∞

N
(0,1)(x

)d
x

P
(B

u
y
s?

=
tru

e|
C

ost
=

c)
=

Φ
((−

c
+

µ
)/σ

)

C
h
a
p
te

r
1
4
.1

–
3

2
6

W
h
y

th
e

p
ro

b
it?

1.
It’s

sort
of

the
right

shap
e

2.
C
an

view
as

hard
threshold

w
hose

location
is

subject
to

noise

B
u

ys?

C
o

st
C

o
st

N
o

ise

C
h
a
p
te

r
1
4
.1

–
3

2
7

D
isc

re
te

v
a
ria

b
le

c
o
n
td

.

S
igm

oid
(or

logit)
distribution

also
used

in
neural

netw
orks:

P
(B

u
y
s?

=
tru

e|
C

ost
=

c)
=

1

1
+

ex
p(−

2 −
c
+

µ
σ

)

S
igm

oid
has

sim
ilar

shap
e

to
probit

but
m

uch
longer

tails:

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9 1

0
2

4
6

8
10

12

P(Buys?=false|Cost=c)

C
ost c

C
h
a
p
te

r
1
4
.1

–
3

2
8

S
u
m

m
a
ry

B
ayes

nets
provide

a
natural

representation
for

(causally
induced)

conditional
indep

endence

T
op

ology
+

C
P
T

s
=

com
pact

representation
of

joint
distribution

G
enerally

easy
for

(non)exp
erts

to
construct

C
anonical

distributions
(e.g.,

noisy-O
R
)

=
com

pact
representation

of
C
P
T

s

C
ontinuous

variables
⇒

param
eterized

distributions
(e.g.,

linear
G

aussian)

C
h
a
p
te

r
1
4
.1

–
3

2
9


