
R
a
t
io

n
a
l

d
e
c
is

io
n
s

C
h
a
p
t
e
r

1
6

C
h
a
p
te

r
1
6

1

O
u
tlin

e

♦
R
ational

preferences

♦
U

tilities

♦
M

oney

♦
M

ultiattribute
utilities

♦
D

ecision
netw

orks

♦
V
alue

of
inform

ation

C
h
a
p
te

r
1
6

2

P
r
e
fe

r
e
n
c
e
s

A
n

agent
chooses

am
ong

prizes
(A

,
B

,
etc.)

and
lotteries,

i.e.,
situations

w
ith

uncertain
prizes

L
ottery

L
=

[p,A
;

(1
−

p),B
]

L

p

1
−

p

AB

N
otation:

A
�

B
A

preferred
to

B
A

∼
B

indiff
erence

b
etw

een
A

and
B

A
�∼

B
B

not
preferred

to
A

C
h
a
p
te

r
1
6

3

R
a
tio

n
a
l
p
r
e
fe

r
e
n
c
e
s

Idea:
preferences

of
a

rational
agent

m
ust

ob
ey

constraints.
R
ational

preferences
⇒

b
ehavior

describable
as

m
axim

ization
of

exp
ected

utility

C
onstraints:

O
rderability

(A
�

B
)
∨

(B
�

A
)
∨

(A
∼

B
)

T
ransitivity

(A
�

B
)
∧

(B
�

C
)
⇒

(A
�

C
)

C
ontinuity

A
�

B
�

C
⇒

∃
p

[p,A
;

1
−

p,C
]
∼

B
S
ubstitutability

A
∼

B
⇒

[p,A
;

1
−

p,C
]
∼

[p,B
;1

−
p,C

]
M

onotonicity

A
�

B
⇒

(p
≥

q
⇔

[p,A
;

1
−

p,B
]
�∼

[q,A
;

1
−

q,B
])

C
h
a
p
te

r
1
6

4

R
a
tio

n
a
l
p
r
e
fe

r
e
n
c
e
s

c
o
n
td

.

V
iolating

the
constraints

leads
to

self-evident
irrationality

F
or

exam
ple:

an
agent

w
ith

intransitive
preferences

can
b
e

induced
to

give
aw

ay
all

its
m

oney

If
B

�
C

,
then

an
agent

w
ho

has
C

w
ould

pay
(say)

1
cent

to
get

B

If
A

�
B

,
then

an
agent

w
ho

has
B

w
ould

pay
(say)

1
cent

to
get

A

If
C

�
A

,
then

an
agent

w
ho

has
A

w
ould

pay
(say)

1
cent

to
get

C

A

B
C

1c
1c

1c

C
h
a
p
te

r
1
6

5

M
a
x
im

iz
in

g
e
x
p
e
c
te

d
u
tility

T
h
e
o
r
e
m

(R
am

sey,
1931;

von
N

eum
ann

and
M

orgenstern,
1944):

G
iven

preferences
satisfying

the
constraints

there
exists

a
real-valued

function
U

such
that

U
(A

)
≥

U
(B

)
⇔

A
�∼

B
U

([p
1 ,S

1 ;
...

;
p

n ,S
n ])

=
Σ

i
p

i U
(S

i )

M
E
U

principle:
C
hoose

the
action

that
m

axim
izes

exp
ected

utility

N
ote:

an
agent

can
b
e

entirely
rational

(consistent
w

ith
M

E
U

)
w

ithout
ever

representing
or

m
anipulating

utilities
and

probabilities

E
.g.,

a
lookup

table
for

p
erfect

tictactoe

C
h
a
p
te

r
1
6

6



U
tilitie

s

U
tilities

m
ap

states
to

real
num

b
ers.

W
hich

num
b
ers?

S
tandard

approach
to

assessm
ent

of
hum

an
utilities:

com
pare

a
given

state
A

to
a

standard
lottery

L
p

that
has

“b
est

p
ossible

prize”
u
>

w
ith

probability
p

“w
orst

p
ossible

catastrophe”
u
⊥

w
ith

probability
(1

−
p)

adjust
lottery

probability
p

until
A

∼
L

p

L

0.999999

0.000001

co
n

tin
u

e as b
efo

re

in
stan

t d
eath

p
ay $30

~

C
h
a
p
te

r
1
6

7

U
tility

s
c
a
le

s

N
orm

alized
utilities:

u
>

=
1.0,

u
⊥

=
0.0

M
icrom

orts:
one-m

illionth
chance

of
death

useful
for

R
ussian

roulette,
paying

to
reduce

product
risks,

etc.

Q
A

LY
s:

quality-adjusted
life

years
useful

for
m

edical
decisions

involving
substantial

risk

N
ote:

b
ehavior

is
in

v
a
r
ia

n
t

w
.r.t.

+
ve

linear
transform

ation

U
′(x

)
=

k
1 U

(x
)
+

k
2

w
here

k
1
>

0

W
ith

determ
inistic

prizes
only

(no
lottery

choices),
only

ordinal
utility

can
b
e

determ
ined,

i.e.,
total

order
on

prizes

C
h
a
p
te

r
1
6

8

M
o
n
e
y

M
oney

does
n
o
t

b
ehave

as
a

utility
function

G
iven

a
lottery

L
w

ith
exp

ected
m

onetary
value

E
M

V
(L

),
usually

U
(L

)
<

U
(E

M
V

(L
)),

i.e.,
p
eople

are
risk-averse

U
tility

curve:
for

w
hat

probability
p

am
I
indiff

erent
b
etw

een
a

prize
x

and
a

lottery
[p,$M

;
(1

−
p),$0]

for
large

M
?

T
ypical

em
pirical

data,
extrap

olated
w

ith
risk-prone

b
ehavior:

+U

+$

−150,000
800,000

o

o
o

o
o

o
o

o
o

o
o

o
o

o

o

C
h
a
p
te

r
1
6

9

S
tu

d
e
n
t

g
r
o
u
p

u
tility

F
or

each
x
,
adjust

p
until

half
the

class
votes

for
lottery

(M
=

10,000)

p

$x
0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

0
500

3000
4000

5000
6000

7000
8000

9000
10000

1000
2000

C
h
a
p
te

r
1
6

1
0

D
e
c
is

io
n

n
e
tw

o
r
k
s

A
dd

action
nodes

and
utility

nodes
to

b
elief

netw
orks

to
enable

rational
decision

m
aking

U

A
irport S

ite

D
eaths

N
oise

C
ost

Litigation

C
onstruction

A
ir T

raffic

A
lgorithm

:
F
or

each
value

of
action

node
com

pute
exp

ected
value

of
utility

node
given

action,
evidence

R
eturn

M
E
U

action

C
h
a
p
te

r
1
6

1
1

M
u
ltia

ttr
ib

u
te

u
tility

H
ow

can
w
e

handle
utility

functions
of

m
any

variables
X

1
...X

n ?
E
.g.,

w
hat

is
U

(D
ea

th
s,N

oise,C
ost)?

H
ow

can
com

plex
utility

functions
b
e

assessed
from

preference
b
ehaviour?

Idea
1:

identify
conditions

under
w

hich
decisions

can
b
e

m
ade

w
ithout

com
-

plete
identifi

cation
of

U
(x

1 ,...,x
n )

Idea
2:

identify
various

typ
es

of
in

d
e
p
e
n
d
e
n
c
e

in
preferences

and
derive

consequent
canonical

form
s

for
U

(x
1 ,...,x

n )

C
h
a
p
te

r
1
6

1
2



S
tr

ic
t

d
o
m

in
a
n
c
e

T
ypically

defi
ne

attributes
such

that
U

is
m

onotonic
in

each

S
trict

dom
inance:

choice
B

strictly
dom

inates
choice

A
iff

∀
i

X
i (B

)
≥

X
i (A

)
(and

hence
U

(B
)
≥

U
(A

))

1
X

  

2
X

  

A

B
C

D

1
X

  

2
X

  

A

B

C

T
his region

dom
inates 

A

D
eterm

in
istic attrib

u
tes

U
n

certain
 attrib

u
tes

S
trict

dom
inance

seldom
holds

in
practice

C
h
a
p
te

r
1
6

1
3

S
to

c
h
a
s
tic

d
o
m

in
a
n
c
e

0

0.2

0.4

0.6

0.8 1

1.2

-6
-5.5

-5
-4.5

-4
-3.5

-3
-2.5

-2

Probability

N
egative cost

S1S2

0

0.2

0.4

0.6

0.8 1

-6
-5.5

-5
-4.5

-4
-3.5

-3
-2.5

-2

Probability

N
egative cost

S1S2

D
istribution

p
1

stochastically
dom

inates
distribution

p
2

iff
∀

t
∫

t−
∞

p
1 (x

)d
x
≤

∫

t−
∞

p
2 (t)d

t

If
U

is
m

onotonic
in

x
,
then

A
1

w
ith

outcom
e

distribution
p

1

stochastically
dom

inates
A

2
w

ith
outcom

e
distribution

p
2 :

∫

∞−
∞

p
1 (x

)U
(x

)d
x
≥

∫

∞−
∞

p
2 (x

)U
(x

)d
x

M
ultiattribute

case:
stochastic

dom
inance

on
all

attributes
⇒

optim
al

C
h
a
p
te

r
1
6

1
4

S
to

c
h
a
s
tic

d
o
m

in
a
n
c
e

c
o
n
td

.

S
tochastic

dom
inance

can
often

b
e

determ
ined

w
ithout

exact
distributions

using
q
u
a
lita

tiv
e

reasoning

E
.g.,

construction
cost

increases
w

ith
distance

from
city

S
1

is
closer

to
the

city
than

S
2

⇒
S

1
stochastically

dom
inates

S
2

on
cost

E
.g.,

injury
increases

w
ith

collision
sp

eed

C
an

annotate
b
elief

netw
orks

w
ith

stochastic
dom

inance
inform

ation:
X

+
−
→

Y
(X

p
ositively

infl
uences

Y
)

m
eans

that
F
or

every
value

z
of

Y
’s

other
parents

Z

∀
x

1 ,x
2

x
1
≥

x
2
⇒

P
(Y

|x
1 ,z)

stochastically
dom

inates
P

(Y
|x

2 ,z)

C
h
a
p
te

r
1
6

1
5

L
a
b
e
l
th

e
a
r
c
s

+
o
r

–

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
6

1
6

L
a
b
e
l
th

e
a
r
c
s

+
o
r

–

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
6

1
7

L
a
b
e
l
th

e
a
r
c
s

+
o
r

–

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
6

1
8



L
a
b
e
l
th

e
a
r
c
s

+
o
r

–

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
6

1
9

L
a
b
e
l
th

e
a
r
c
s

+
o
r

–

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
6

2
0

L
a
b
e
l
th

e
a
r
c
s

+
o
r

–

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
6

2
1

P
r
e
fe

r
e
n
c
e

s
tr

u
c
tu

r
e
:

D
e
te

r
m

in
is

tic

X
1

and
X

2
preferentially

indep
endent

of
X

3
iff

preference
b
etw

een
〈x

1 ,x
2 ,x

3 〉
and

〈x
′1 ,x

′2 ,x
3 〉

does
not

dep
end

on
x

3

E
.g.,

〈N
oise,C

ost,S
a
f
ety

〉:
〈20,000

suff
er,

$4.6
billion,

0.06
deaths/m

pm
〉

vs.
〈70,000

suff
er,

$4.2
billion,

0.06
deaths/m

pm
〉

T
h
e
o
r
e
m

(L
eontief,

1947):
if

every
pair

of
attributes

is
P
.I.

of
its

com
-

plem
ent,

then
every

subset
of

attributes
is

P
.I

of
its

com
plem

ent:
m

utual
P
.I..

T
h
e
o
r
e
m

(D
ebreu,

1960):
m

utual
P
.I.

⇒
∃

additive
value

function:

V
(S

)
=

Σ
i V

i (X
i (S

))

H
ence

assess
n

single-attribute
functions;

often
a

good
approxim

ation

C
h
a
p
te

r
1
6

2
2

P
r
e
fe

r
e
n
c
e

s
tr

u
c
tu

r
e
:

S
to

c
h
a
s
tic

N
eed

to
consider

preferences
over

lotteries:
X

is
utility-indep

endent
of

Y
iff

preferences
over

lotteries
in

X
do

not
dep

end
on

y

M
utual

U
.I.:

each
subset

is
U

.I
of

its
com

plem
ent

⇒
∃

m
ultiplicative

utility
function:

U
=

k
1 U

1
+

k
2 U

2
+

k
3 U

3

+
k

1 k
2 U

1 U
2
+

k
2 k

3 U
2 U

3
+

k
3 k

1 U
3 U

1

+
k

1 k
2 k

3 U
1 U

2 U
3

R
outine

procedures
and

softw
are

packages
for

generating
preference

tests
to

identify
various

canonical
fam

ilies
of

utility
functions

C
h
a
p
te

r
1
6

2
3

V
a
lu

e
o
f
in

fo
r
m

a
tio

n

Idea:
com

pute
value

of
acquiring

each
p
ossible

piece
of

evidence
C
an

b
e

done
d
ir

e
c
tly

fr
o
m

d
e
c
isio

n
n
e
tw

o
r
k

E
xam

ple:
buying

oil
drilling

rights
T

w
o

blocks
A

and
B

,
exactly

one
has

oil,
w
orth

k
P
rior

probabilities
0.5

each,
m

utually
exclusive

C
urrent

price
of

each
block

is
k
/2

“C
onsultant”

off
ers

accurate
survey

of
A

.
F
air

price?

S
olution:

com
pute

exp
ected

value
of

inform
ation

=
exp

ected
value

of
b
est

action
given

the
inform

ation
m

inus
exp

ected
value

of
b
est

action
w

ithout
inform

ation
S
urvey

m
ay

say
“oil

in
A

”
or

“no
oil

in
A

”,
p
r
o
b
.

0
.5

e
a
c
h

(given!)
=

[0.5
×

value
of

“buy
A

”
given

“oil
in

A
”

+
0.5

×
value

of
“buy

B
”

given
“no

oil
in

A
”]

–
0

=
(0.5

×
k
/2)

+
(0.5

×
k
/2)

−
0

=
k
/2

C
h
a
p
te

r
1
6

2
4



G
e
n
e
r
a
l
fo

r
m

u
la

C
urrent

evidence
E

,
current

b
est

action
α

P
ossible

action
outcom

es
S

i ,
p
otential

new
evidence

E
j

E
U

(α
|E

)
=

m
ax
a

Σ
i
U

(S
i )

P
(S

i |E
,a

)

S
upp

ose
w
e

knew
E

j
=

e
jk ,

then
w
e

w
ould

choose
α

e
jk

s.t.

E
U

(α
e
jk |E

,E
j
=

e
jk )

=
m

ax
a

Σ
i
U

(S
i )

P
(S

i |E
,a

,E
j
=

e
jk )

E
j

is
a

random
variable

w
hose

value
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