CS 188 Introduction to Artificial Inteuigence Prol)al)ihty Review 2

1 Independence

1. Here are two joint probability tables. In which are the variables independent?

A | B | P(A,B) C | D | PEC,D)
+a | +b 0.42 +c | +d 0.4
+a | -b 0.18 +c | —d 0.15
-a | +b | 028 — | +d 0.4
-a | -b 0.12 — | -d 0.05

The left table is independent, which we can see if we calculate the conditional probability tables.

2. (a) Given that A_ll B, simplify Y, P(a|B)P(Cla):
First, we utilize our independence assumption to get Y, P(a|B)P(C|a) =Y., P(a)P(C|a). Now,
we can invoke the chain rule to see ¥, P(a)P(Cl|a) =Y., P(a,C). Marginalizing / summing over
a, we are left with P(C).

(b) Given that B C|A, simplify %
We can use our independence assumption in the numerator to see that P(B|A)P(C|A) = P(B,C|A).

We can then apply the chain rule in both the numerator and denominator to get that %W =

P(A.B,C
e = P(A[B,C).

(c) Given that A_ll B|C, simplify %?)P(B)
Applying the formula for conditional probability to the numerator and then to the entire fraction
gets P(C’g@)P(B) = P(ﬁ(’lé’)c) = P(A,B|C). We can now utilize the independence assumption to

simplify to P(A|C)P(B|C).

2 Expression Manipulation

Simplify the following expressions, as much as possible:
L XX f()h(x,y) =L f(x) Lh(x,y)
Xy X y

2. ZZZf(C)f(C7b)f(C7bva) = gf(c)%f(gb)%f(cvl??a)

a b c

3. ZZZf(b)f(c)f(a,b,c)f(a,j)f(a,m) = %f(aaj)f((%m)%f(b)Zf(c)f((vaC)

a b c c

4 LLEL /(e k) f(0)f (e.kx)f(k)f(c.d;k.x)f (k,x) =L f(x) %f(k)f(kﬁ) Lf(ek)f(e.k.x) %f(cadak#@

dk cx

—_



3 Bayesian [nference

For each of the following Bayes’s Nets, identify the (conditional) independence assumptions it makes, and
then derive expressions for the specified probabilities:

The key thing to note is that conditioned on X, E is independent of the rest of the graph, and conditioned
on X», E» is independent of the rest of the graph. Thus a partial list of independence assumptions includes:

o E1 11 X]X,
o Xi LB X,
o Ei L E>|X;

o E1J_|_E2|X2

L Bl (X.E) _ PXLE) (4)P(EX)
P(X\.,E P(Xi,E1) __ P(X))P(Ei|X
P(X1|E1) = P(IE])I = le P(lX|,lE|) - ZX] PE.X])P(IEl |1)C])

2. P(X%|E))
P(X3|E1) = ¥, P(x1,X2|E1) = ¥, P(x1]|E1)P(Xax1)
3. P(Xz’E],Ez)Z
POG|E,, Ey) = PORBIE) _ PN EDPOSIE) _ _PURIG)POGIE)

P(E2|E1) Yo, POEalEr) 7 Xy, P(a|E2)P(E2|EY)



Some of the independence assumptions (of which there are many) include: X; Il X;|Z, Y; L Z|X;, Y; ILY;|X;,
and X[iLYj|Xj.

Derive P(X3|Y,Y>,Y3):
We first calculate some helper expressions:

P(Y|Z) = ¥ P(xYi|Z)
= ZP(xi|Z)P(Yi|XiaZ)

= Zp(xi|Z)P(Yi|Xi)

P(Z,Y,Y2,Y3)
P(Y17Y27Y3)

_ P(Z,Y1,11,Y3)
ZP(Z Y17Y27Y3)

P(Z) M|Z)P(Y2|Z,Y1)P(Y3|Z,Y1,Y2)
P(Z) (Y1]z)P(Ya|z,Y1)P(Y3]z,Y1,Y5)
P(Z)P(Y1|Z) (Y2|2)P(Y3|12)
P(Z) (N1|2)P(Y2|z)P(Y3]z2)

P(Z|Y,Y2,Y3) =

P(X3|Y1,Y5,Y3) = ZP(Xg,z\Yl,Yz,Y3>
= ZP (Xa]z,Y1,Y2,Y3)P(2]Y1,Y2,13)
= ZP (X3|2,Y3)P(z|Y1,Y2,Y3)

P(X3,Y3|2)

= P(z|Y},Ys,Y-
gzmxsmz) (&7, 12, 5)
X3

P(Y;3|X5,2)P(X3|z
. ZP(Y3!X3,Z)P(X3IZ)
P(Y3|X3)P(X3]z)

= PZY17Y2>Y3
Z):P (¥3]x3) P(x3]2) (@ )




4 Expectation

Let’s say we have a fair, 6-sided dice.

1. Let X; be the result of the ith dice roll. Whatis E[X]? ¥, P(X =i)i = ;(1+2+3+4+5+6) =3.5

2. What is E[X}]?

LiP(X = )P =%

3. Whatis E[X| + X2]?
By linearity of expectation, E[X; +Xz] = E[X|] + E[Xz] = 7.

4. Let K be an arbitrary random variable, and let Yx be the sum of the first K dice rolls. What is E[Y|K]?

K
E[Y|K]= Y E[X;]=3.5K
i=1
5. We play a game where we first flip a fair coin. If the coin lands heads, then we roll the dice twice
and score points equal to the sum. If the coin lands tails, then we roll three dice instead. What is our
expected score?
Let C be the result of the coin flip, and X as our expected score. We want to calculate:

1 1
E[X|=Ec[E[X|C]]=P(C=H)*E[X|C=H]+P(C=T)*E[X|C=T]= 3 * (2*3.5)4—5* (3%3.5)=8.75
(Notice that we could have also calculated: (the expected number of dice rolls) * (the expected result

per dice roll) to get the same result; this is not a coincidence, but something that is generally true, as
per Wald’s equation.)



	Independence
	Expression Manipulation
	Bayesian Inference
	Expectation

