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57 M (Independence)

B 25 437 1 (Conditional independence)
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BRANHER: P(Y=x) = X, P(A=x, J=y)
BEHNERE DA P(XI D =P D /P(D
W P EVE R AR P(Qle, .., e) =
azhl,”,hmP(Q, e, .., e .., h)
mxE o (B2 12 2—MERLRET, E5 P -
Z A 1

msfe RN P P(Y) = P(X)Y) = P p
mfE %H@%ﬁ(ﬁn}”/ﬁ Q?X1,..,><(n) Z)H, P((>\(:||X>)(1,(_>_,<)Xi_1)

B UL H-EREE: POX]Y) = P(YIX)P(X) | P(Y)




WEZ A5 (Probabilistic Models)
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= FEANBENLAR B A AL it
= MATHIBC G RER AT FE A PAASFE T 5 14 43 AT 1Y) e A
—MREEA: Ve,y: P(z,y) = P(x)P(y)

Va,y : P(zly) = P(x)
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» Fmpirical joint distributions: at best “ITflT”
S CRERTEAR/Nm] DL 28 )

= JRATR] RIHX A28 G by B A A A+ A FE R -

{Weather, Traffic, Cavity, Toothache}?
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mANASE X Y & Bugs i
Vx,y  P(x,y) = P(x)P(y)
WX BT 4 A BTZCIAME WA 1 261 4 AR 2 T

mLE AT Px,y) = P(x|y)Ply) 3ATATLLZRA 5 —FTE

Vx,y P(x|y) = P(x) or Vx,yPly|x)=Ply)

w24 AT Roll, 11 Roll,
BP(Roll,=5, Roll,=5) = P(Roll;=5)P(Roll,=5) = 1/6 x1/6 = 1/36
BP(Roll,=5 | Roll;=5) = P(Roll,=5)



T W P
hot sun 0.4
hot rain 0.1
cold sun 0.2
cold rain 0.3

P(W)

UL, 5

P1XS b

T W P
hot sun 0.3
hot rain | 0.2
cold sun 0.3
cold rain | 0.2

sun

0.6

rain
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» TTEHHY (HE3IRY) IR 2IEEDEY (why?)
" KA RRTAREMNERIGREATIEX A =AYER MR
1.

» X RIHSTTF Y BEEZ XIY|Z
=1=IYET

Va,y,z : P(x,y|lz) = P(z|z)P(y|z)

i, SHINS

Va,y,z 1 P(alzy) = P(a]2)
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w7 FE
BG (R E) 7E {(1,1),...,(3,3)}
WC, (D7 xy RO BIR BN PR 2 iy R
BWT) :  {Zlred,F¥orange, Hiyellow,%4tgreen}
m B A T PR A
B L5 B (Prior distribution) W4 R 17 & : P(G)
=5 824 uniform) 73 A
B /£8P 7 (Sensor model): P(C,, | G) (kg1 3
GIFI R ES)
m g P(C, , =yellow | G=(1,1))=0.1




N

Wy RIE T HE R

élT"U”J 'JC“ yellow INf, 14 R W] GEAEDR?
4

Normalize
11 = yellow

= yellow |
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lglgl%%i " 1+#3 E—J—AL/
B4 EH| C , =vyellow, C,, = green , KWARTEWE?
mia) ik, P(G | C 4 = yellow, C; , = green) SR 4 2
REATIRRLE T P(C,, | G) BN T DUt

mP(G | C1’1=y, C3,1 g)
=a P(Cy 1=, C3,1=8| G) P(G)
= P(C3,1=g | C, =Y, G) P(C1,1=y | G) P(G)
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| 3 =] > AS, Ay — 1k
U_IKT ~J 1+ﬂ+- By
BT P(C; =8 | € 4=y, G)?

B EH R I & AEALE 1,1 MR e 15 50 2 {E
3,1 NEEEHIR?

LA

B (U T 20 g 2R )

BYAEIR N B G, EALE 3,1MBIE R M OF
I’ (conditionally independent ) T 1E4A7 B 1,1 B,

.P(C3,1=g | C1,1=y; G) = P(C3,1=g | G)




A =i = R 57

L) C, , = yellow, C; , = green J&, W R KA B AEH?
B PG| C,, =vellow, Cy, = green) ?

WEATHERZE H P(C,, | G) R Fi N Bayes’ rule:
.P(G | C1,1=y; C3,1=g)
= a P(G) P(Cl =Y G 1=g| G)

=@ P(6) PIC =y | G) PG img | oy, 6) | PRI g 1 €y (SR ATASE
= & P(G) P(C, =y | G) P(C; =g | G) (M) , BAEGE
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AR AT M 5 ZESTE N ( Chain Rule)

mEEEN

P(Xy, X5,eeey X)) = Hi P(x: | Xy)eee) Xiq)
W 5] L) 0 i

P(Rain, Traffic, Umbrella) = P(Rain) P(Traffic | Rain) P(Umbrella |
Rain, Traffic)

LRI G VA E L A R

P(Rain, Traffic, Umbrella) = P(Rain) P(Traffic | Rain) P(Umbrella |
Rain)

m U 2% ) BOEAR Y 35 BRI S A ST AR



D3 Y 2% (Bayes Nets)




» HEFS) EBREMERDR ((FAMSRERE)
HI[A)RR:
= Unless there are only a few variables, the joint is WAY too big to
represent explicitly

* Hard to learn (estimate) anything empirically about more than a few
variables at a time (sample complexity)

= DUMERMY%E: a technique for describing complex joint
distributions (models) using simple, local distributions @@ 09
(conditional probabilities) e
= More properly called #fZEE|fFEEY
= We describe how variables locally interact
= Local interactions chain together to give global, indirect interactions

= For about 10 min, we’ll be vague about how these interactions are
specified
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B HIE, B E

BN A AP ER LT

B MR AT,

BCPT: MR Ak
FEAER T H— A E LA,
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=" To see what probability a BN gives to a full assignment, multiply all
the relevant conditionals together:

T™
P(z1,22,...zn) = || P(z;lparents(X;))

=1
Toothache @

P(+-cavity, +catch, -toothache)

= Example:
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T
P(z1,z0,...20) = || Pz parents(X;))
i=1

n
O ;@;ﬁ;i}ﬂ\u . P($15$.‘2~,~ .o -93"-"1) — H P(xt‘xl s 33?1—1)
=1

s R1G SN MTFE: Plridry,. . zio1) = P(aglparents(X;))

> 58 Plzx1,x20,...2n) = H P(x;|parents(X;))
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P(R)

+I

1/4

3/4

P(T|R)

+r

3/4

1/4

1/2

1/2

\\/

z551): Traffic




P(B)

+b

0.001

0.999

Burglary

PUIA)

+a

0.9

+a

0.1

0.05

0.95

F5: L mereis

J

A M | P(M|A)
+a | +m 0.7
+a | -m 0.3
-a [ +m 0.01
-a | -m 0.99

E P(E)
+e | 0.002 ]
-e | 0.998 |
B| E | A | PA|BE)
+b | +e | +a 0.95
+b | +e | -a 0.05
+b | -e | +a 0.94
+b | -e | -a 0.06
-b | +e | +a 0.29
b | +e | -a 0.71
-b | -e | +a 0.001
-b | -e | -a 0.999




2540 i T R 2%

P(E)
P(B) true false
true | false 0.:062—-0.998
0.001 | 0.999
B | B | PRIBE) | s iR S AR CPT
true | false | [ H HHZS A4
A%‘\ﬁ:ﬁ.
true | true | 0.95 | 0.05 SN
true | false [ 0.94 | 0.06 Q@E%E‘ﬂﬁiﬁﬁd\
false | true | 0.29 | 0.71 dlr'"'dk
false | false | 0.001 | 0.999
AR EPMEECN d
A P(|A) KT RE
true false A P(M[A) ZFN1
true false
true 0.9 0.1
true 0.7 0.3
d—1 d;
false 0.05 0.95 false | 0.01 0.99 ( ) l
l
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P(R)

+r

1/4

3/4

P(T|R)

+r

+t

3/4

1/4

+t

1/2

1/2

\N\/

ZMA: Traffic

P(T,R)
+r +t 3/16
+r -t 1/16
-r +t 6/16
-r -t 6/16
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z5151): Reverse Traffic

%9&/ \)’i ' %EZ':‘?

0

P(T)
+t 9/16
-t | 7/16 P(T,R)
P(R|T) +r +t 3/16

+r -t 1/16
+t +r 1/3 /

-r +t 6/16
-r 2/3 /
-r -t 6/16
-t +r 1/7
-r 6/7




A BRI £ (Causality)?

W R G A R
BV, AN SR B AR JE B AN S R B A |

WBNs A ESLhr_FRIAF R KR
WA A PR Z A7 AE T — Ak (JUH AR — B B RIIEN T)
w5 R Sk ORI S R 1R A2 A7 14 (correlation), 1 AN A2 AR o0 &
W3k SE PR R R AT A7
ECE Ly AR ANE SN P Y S
WIGHNE M EIERIE (YahD) [ ST
B PX | Xy,...,.X.1) = P(X; | Parents(Xj))
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