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P(Ass gets me there on time|...) = 0.04

P(Aqy gets me there on time|...) = 0.70
P(A15 gets me there on time|...) = 0.95
P(Ay440 gets me there on time|...) = 0.9999
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DECISION THEORY
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Decision Theory Utility Theory Probability Theory
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maximum expected utility (MEU)
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DECISION THEORETIC AGENT (DT-AGENT)

function DT-AGENT( percept) returns an action
persistent: belief_state, probabilistic beliefs about the current state of the world
action, the agent’s action

update belzef_state based on action and percept
calculate outcome probabilities for actions,

given action descriptions and current belief_state
select action with highest expected utility

given probabilities of outcomes and utility information
return action

S o bbb Lo glacdla slalaia) <L o glsel L O pasaad 400 Jale 550 edla
probabilities possibilities
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(0B S caalasl 5 (San el s F’/)l'lo) Sample Space
LaaeT s 3 So Q Sadil alas gy | (S slada A gas (sddadn
((R7L-RS O ENRT SRR WY ).‘)L'm) W E Atomic Event Possible World Sample Point
.. - - - . v Laial Jao Jlaial slas
4 gl cgladi , 4 JLaial Gt + 45 gas gLk &, d
Fme e : Fme - (Q7 P) Probability Model Probability Space
an assignment P(w) for every w € () s.t.
< Play<1
Y P(w) =
. PHl=fM2l=Pd)=Pd]=P0=80 =1
- . RV WY KK
€ pa (sLad 3 slae same ) 5o A = | =9
Event Event

Prepared by Kazim Fouladi | Spring 2017 | 3 Edition

.. P(dieroll <4)=P(1)+ P(2)+P3)=1/6+1/64+1/6=1/2

J—



Y g0 gD

$Sulal (sl yuiio
RANDOM VARIABLES

(PR N Jl._\:.‘atu) Random Variable

Ya.: Odd(1)=true.

Jlaial a9

Laols Jlaiad Ay s ol So X | Sulad jaate
D d Lo = - o - >4 Probability Distribution

P(X ::Ci) = Z{w‘:_\'(

):{,}P(w)

w

.. P(Odd=true)=P(1)+ P3)+P(5)=1/6+1/6+1/6=1/2
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Given Boolean random variables A and B:
event a = set of sample points where A(w)=1true
event —a = set of sample points where A(w)= false
event a /\ b = points where A(w)=1rue and B(w)=true

s shmn 38 o518 L

o108 Glaie Juo = dpad (gabals (g0 (sla i (5]
e.g., A=true, B= false, or a N\ —b.
Lasiwa true < Sl slaslu g, Juad =51
e.g., (aVbh)=(-aNnb)V(aAN=b)V(aND)
= PlaVvb)=P(—aANb)+ Pla N\ —b)+ PlaADb)
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Boolean Random Variable Propositional Random Variable

e.g., Cavity (do | have a cavity?)
C'avity = true is a proposition, also written cavity

(finite) sALiie R WITEIS u.édl.sa:\ in:\.o
(infinite) ‘_;M-‘:“L‘ Discrete Random Variable

e.g., Weather is one of (sunny, rain, cloudy, snow)
Weather =rain is a proposition
._\.s.ﬁZan (bA;” ;.’.JLO)‘):\LQSAJJ‘L!JJJBLA ._\:sLa :\);idl:%o

(bounded) ,layl,s Wi gy Suluald yadis
(unbounded) O'Jsu-} Continuous Random Variable

e.g., I'emp=21.0; also allow, e.g., T'emp < 22.0,
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PRIOR PROBABILITY
Unconditional Probability Prior Probability

e.g., P(Cavity=true) = 0.1 and P(Weather = sunny) = 0.72
el (paa ) aald 5 el 4 Gty 55l HBLSe 138 5 Gty Jladal
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JOINT PROBABILITY DISTRIBUTION
S e e e dulad e 4 (S slacludl (g4 (gl | Jlaial Suolis Jlaial a3
P(Weather) = (0.72,0.1,0.08,0.1) (normalized, i.e., sums to 1) _Frobability Distribution
slaaiie ()T 590 o2 Sadl alas g, oo Jlaial ¢ Soliad st 4o gane SO (5l plgs Jlaial as g
LS o paddie )y cSulad Joint Probability Distribution

P(Weather, Cavity) = a 4 X 2 matrix of values:

Weather = ‘S'u:n:n;z/ rain cloudy snow
0.144 0.02 0.016 0.02
0.576 0.08 0.064 0.08

C‘I(l (’If-!/ = f‘]'”()
Cavity = false

9 9 031 Gy (5 a1 95 Ay 93 <SS A 3l g g0 Al S8 0y 90 i y3 A @u

) G gad B ) e gana calas gy a0
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PROBABILITY FOR CONTINUOUS VARIABLES

B e Ol JIaBe S5 5 ek B S o e Jlaial o5 58 g sLa i 5

P(X = x) = U[18,26](T) = 26518 s el <, s

0.125

HHHHHHHHHEHHHHHHHAY

18 26
e V OT 1SS &€ el (density) Jlaa) I8 als S Plasl o

o
<

(_sl:\M
P(X =20.5) = 0.125
Dl el @slie /819 0

lim P(20.5 < X < 20.5 + dv) / dz = 0.125
dr—0
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(GAUSSIAN DENSITY

P(z) = ggmpe 12

P(z)
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CONDITIONAL PROBABILITY
Gb s Jlaisl Oy Jladiag
Conditional Probability Posterior Probability
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e.g., P(cavity|toothache) = 0.8

(@313 g0 (30 A4S Sl (5 O (s4ad toothace Sl ba 8 L Jladal Jas 4

«ls agay CaVItY Luila 80% o7 wals toothace Kiy asisl 4
bt sl s sl ules

P(Cavity|Toothache) = 2-element vector of 2-element vectors

tasols @osee (ol so cadbsadisuly aa cavily e cplay Sian S
P(cavity|toothache, cavity) = 1
‘d.:i‘.du.dGjL:iJ:ﬁJ.o‘JSJItuJALLU*AJJH)uQ(@u‘Ua‘AJlASﬁGJJL‘)S..G

s 3080 ddnad ol Lol

Moo S (5 5ksola )l s oe @59 Ol 5o adl b gy 5ol el (Sae ¢ i salis
P(cavity|toothache,49ersWin) = P(cavity|toothache) = 0.8
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CONDITIONAL PROBABILITY
PlaNb) . s gousld
P(a|b) = NZ0R if P{b)=£0 et Tl
m el Sl gsudse s s goucld
P(a Ab) = P(a|b)P(b) = P(bla)P(a) Product Rule
ol 535 S se D88 IS ) (pesee (s
P(Weather, Cavity) = P(Weather|Cavity)P(Cavity)
(View as a 4 x 2 set of equations, not matrix mult.)
tod souell a0 e SOKGL ATl (gl jualdy (sousls
PlX1y e pn) = P(X1, 000 Knt) PLX X vy Kt Chain Rule
= P(Xl RN X,,;_)) P(.Xufl|Xl: Ve XN*Z) P()(H|Xl, ----- anl)
= I P oy B
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toothache

=1 toothache

cavity | .108 | .

catch| —catch| catch| — catch

.072| .008

=1 cavity | .016

144 | .576
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INFERENCE BY ENUMERATION
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S oS be s

toothache

=1 toothache

catch| —catch

cavity | .108 | .012

catch

.072

=1 catch

.008

=1 cavity | .016 | .064

P(¢) = X

o
WiWFE=Q

144

576

P(w)

P(toothache) = 0.108 + 0.012 + 0.016 + 0.064 = 0.2
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INFERENCE BY ENUMERATION

(0 51Y)JGs

S oS be s

toothache

=1 toothache

catch| —catch| catch

P(cavityVtoothache)
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=1 cavity | .016

=1 catch

P(¢) = DyuisP(w)

:J.:\:\SbA%‘JCA-AH‘CA.LuJJLG-:ITJJ¢4S&S3A3|6LAJ‘J.J~JJJLA3A|K¢AJ|}§JA(5|J_:

= (0.1084-0.012+40.0724-0.0084-0.016+0.064 = 0.28
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INFERENCE BY ENUMERATION

Ll o bip s

toothache =1 toothache

catch| 1 catch| catch| — catch

cavity | .108| .012 .072| .008
1 cavity ||.016 | .064 144 | .576

i€ dlae 33 1y s sladleial asil g5

P(—cavity N toothache)
P(toothache)

B 0.016 + 0.064 ik
~ 0.108 +0.012+0.016 + 0.064

P(—cavity|toothache) =
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S oS be s

toothache =1 toothache

catch| —catch| catch| — catch

cavity |/.108/|[.012 072 | .008
—1cavity |1.016]|1.064 144 | .576

sl aasa (O s5kedle 3 el S Gl sieds Wl 5o SuS £ sAe
P(Cuavity|toothache) = a P(Cavity, toothache)
= « [P(Cavity, toothache, catch) + P(Cavity, toothache, —catch))
= a[(0.108,0.016) + (0.012, 0.064)]
= «(0.12,0.08) = (0.6, 0.4)

FaiS dalane Gl g 5a80e (590 2 1 205 (0 508 SO
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INFERENCE BY ENUMERATION

S 90 s
Query Variable

aa L jeT k¥ 23
Evidence Variable
Hidden Variable

sl gA o Y sane . ails L yuate sdan X auiS )5 58
prosl s © Y (i s slasuitie 10 1) s p155 058

H=X-Y-E s oo Ol slaite

ZQ‘)J.AAC):JJJ

P s e alasl Lty slanitie (555 5S¢ sene bl s latl o sl a3 (olip sans

P(Y|E

—e)=aoP(Y,E=e) =a2},P(Y,E=¢, H=h)
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INFERENCE BY ENUMERATION
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INDEPENDENCE
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S1has g Sl aiion J8we B g A Sulad jite 5o

P(A|B)=P(A) or P(B|A)=P(B) or P(A,B)=P(A)P(B)

Cavity
Toothache Catch

Weather

P (T oothache, Catch, Cavity, Weather)
= P(Toothache, Catch, Cavity)P(Weather)

32 entries reduced to 12; for n independent biased coins, 2" — n

o JMERl 5 g¢de ) suldisl 90 yS wals da (yus
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CONDITIONAL INDEPENDENCE

P(Toothache, Cavity, Catch) has 2° — 1 = 7 independent entries

bl aals (cavity) (Sossaa S slas S
Lol (S 0 b wal aals (Toothace) s yuslas Hlas ol & xS (cateh) 58 o o abis 4l Jlasal

(1) P(catchl|toothache, cavity) = P(catch|cavity)
raal aals (cavity) (Sassaa S slan Sl 5135 Wl (raa
(2) P(catchltoothache, —cavity) = P(catch|-cavity)

C'atch is conditionally independent of T'oothache given Cavity:
P(Catch|Toothache, Cavity) = P(Catch|Cavity)

St e S (o 40) I b S0 ke S 3 ke Sy b i J 3l
HUF|EPRUA PN

| P(Toothache|Catch, Cavity) = P(Toothache
P(Toothache, Catch|Cavity) = P(Toothache

Cavity)
Cavity)P(Cuatch|Cavity)
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CONDITIONAL INDEPENDENCE

Hslosaady seael3 Sl sulitul b JolS o155 a5 53 (i 5
P(Toothache, Catch, Cavity)
= P(Toothache|Catch, Cavity)P(Catch, Cavity)
= P(Toothache|Catch, Cavity)P(Catch|Cavity)P(Cavity)
= P(Toothache|Cavity)P(Catch|Cavity)P(Cavity)

l.e., 2 + 2 + 1 =5 independent numbers (equations 1 and 2 remove 2)
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BAYES’ RULE
Product rule P(a A b) = P(a|b)P(b) = P(bla)P(a)
P(bla)P(a)

= Bayes' rule P(alb) = I gousls
‘ P (b ) Bayes' Rule
oSS p s LY
PX|Y)P(Y)

P(Y|X) = — aP(X|Y)P(Y)

P(X)
e Jlaial 555 5 rasdnd Jlaial Gt (515 wade
P(E f fect|Cause) P(Cause)
P(Effect)
tadl 350098 5 5 cudiie solan M S1:glie sl
P(slm)P(m) 0.8 x0.0001 _

P(m|s) = P(s) - 0.1

P(Cause|Ef fect) =

0.0008
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P(Cavity|toothache A catch)
= «a P(toothache A catch|Cavity)P(Cavity)
= a P(toothache|Cavity)P(catch|Cavity)P(Cavity)

sl Sas Jao 5 el JBs oyl

P(Cause, Ef fecti, ..., Ef fect,) = P(Cause)ll;P(Ef fect;|Cause)
oubw jus Jao
Naive Bayes Model
=looc

;_u.u“subé L&)MJ‘JAJMJJ(?JYGL&)M‘JLAJSJ‘J’J
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WumPUS WORLD
1,4 2,4 3,4 4,4
1,3 2,3 3,3 4,3
1,2 22 32 42
B
OK
1,1 2,1 3,1 4,1
B
OK OK

% =true iff [i, j] contains a pit

B,; =true iff [i, j] is breezy
Include only B, 1, B9, B> in the probability model
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WuMPUS WORLD (R PY S T
P;; =true iff [7, j] contains a pit
,ZB 2,2 3,2 42
B;; =true iff [i, j] is breezy ox
Include only 5, 1, 31 5. By in the probability model R
OK OK
The full joint distribution is P(P; 1, ..., P4, By 1, B12,Ba1)
Apply product rule: P(By 1, Bio, Bo1| Pia,...,Piy)P(Prq,..., Pig)
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(Do it this way to get P(E f fect|Cause).)
=3~ First term: 1 if pits are adjacent to breezes, 0 otherwise

[[=3~ Second term: pits are placed randomly, probability 0.2 per square:
LR g 5 Bisi=Il

J=11P(Bi;) = 0.2" x 0.816~"

for n pits.
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WumpPUS WORLD [ T S TR R
We know the following facts:
B
b= b1 ANb1aAbyy oK
a1 p S 2 B 2,1 B 31 71
known = —p11 A ~p12 A P2 ok | ok

1237 Query is P(P, 5

Define Unknown = P;js other than P; 3 and Known

known, b)

For inference by enumeration, we have

P (P, 3|known, b) = a2iunknownP (P13, unknown, known, b)

=5~ Grows exponentially with number of squares!
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1)____|£.4.____ln.4.____|.4_4___\

OTHER

Define Unknown = Fringe U Other
P(b| P, 5, Known, Unknown) = P(b| P, 3, Known, Fringe)
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Define Unknown = Fringe U Other oTHER i
P(b| P, 3, Known, Unknown) = P(b| P, 3, Known, Fringe) ’ i
|— \ i \Q\\ |
R NN |
4| \t:\\FRlNGE AN |
: KNOWN. N\ \‘I N :
P(P, slknown,b) =a ¥ P(P 3, unknown, known,b) L NN

= X B P[J‘Pl3

unknown

=a ¥ ¥ P
fringe other
fringe m‘h(i

fringe

fringe

fringe
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= a P(known)P(P,
= dP(P3) ¥ Pl

unknown

known, unknown)P( P, 3, known, unknown)

wn, Py 3, fringe, other)P( P, 3, known, fringe, other)

=a > Y P(blknown, P, 3, fringe)P (P, 3, known, fringe, other)
= a ¥ P(blknown, P, 3, fringe) Z P(P, 3, known, fringe, other)

other

= a ¥ P(blknown, Py 3, fringe) ¥ P(Py3)P(known)P(fringe)P(other)

other

3) ¥ P(blknown, Py 3, fringe)P(fringe) > P(other)

fringe other

blknown, P, 3, fringe) P(fringe)
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WumMPUS WORLD

lq .’3 1,5 1,3 1 5 1,3
T2 2.2 T2 2.2 1,2 2.2 T2 2.2 1,2 2.2

: ‘ : . . ; . ; .
OK OK OK OK OK
11 2,1 3,1 11 2,1 3,1 1,1 21 3,1 11 2,1 3,1 1,1 21 3,1

} . . . ’ . . .
OK OK OK OK OK OK OK OK OK OK

0.2x0.2=0.04 0.2x0.8=0.16 0.8x0.2=0.16 0.2x0.2=0.04 0.2x0.8=0.16

P(Py 3lknown,b) = o (0.2(0.04 4+ 0.16 + 0.16), 0.8(0.04 + 0.16))

(0.31,0.69)

R

P (P, s|known,b) ~ (0.86,0.14)
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QUANTIFYING
UNCERTAINTY

In which we see how an agent can tame uncertainty with degrees of belief.

13.1 ACTING UNDER UNCERTAINTY

UNCETANTY Agents may need to handle uncertainty, whether due to partial observability, nondetermin-
ism, or a combination of the two. An agent may never know for certain what state it’s in or
where it will end up after a sequence of actions.

‘We have seen problem-solving agents (Chapter 4) and logical agents (Chapters 7 and 11)
designed to handle uncertainty by keeping track of a belief state—a representation of the set
of all possible world states that it might be in—and generating a contingency plan that han-
dles every possible eventuality that its sensors may report during execution. Despite its many
virtues, however, this approach has significant drawbacks when taken literally as a recipe for
creating agent programs:

Russell

« When interpreting partial sensor information, a logical agent must consider every log-
ically possible explanation for the observations, no matter how unlikely. This leads to
impossible large and complex belief-state representations.

« A correct contingent plan that handles every eventuality can grow arbitrarily large and
must consider arbitrarily unlikely contingencies.
» Sometimes there is no plan that is guaranteed to achieve the goal—yet the agent must

Stuart Russell and Peter Norvig, act. It must have some way to compare the merits of plans that are not guaranteed.
Artificial Intelligence: A Modern Approach’ Suppose, for example, that an automated taxilautomated has the goal of delivering a pas-

.. N senger to the airport on time. The agent forms a plan, Agg. that involves leaving home 90
3rd Edition, Prentice Hall, 2010. minutes before the flight departs and driving at a reasonable speed. Even though the airport
is only about 5 miles away, a logical taxi agent will not be able to conclude with certainty
that “Plan Agg will get us to the airport in time.” Instead, it reaches the weaker conclusion
Chapter 13 “Plan Agn will get us to the airport in time, as long as the car doesn’t break down or run out

of gas, and I don’t get into an accident, and there are no accidents on the bridge, and the plane
doesn’t leave early, and no meteorite hits the car, and ... ." None of these conditions can be
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