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Homework 4 Solutions

1 Graphical Models [Jing; 25 pts]

1.1 Directed Graphical Models (Bayesian Networks)

1. Independence Relations

(@@ CLE|B
Yes, we have serial path where B is given.

(b) ALE
Yes, We have converging path where B is not given.

(c ALCJ|E
We have a serial path where B is not given.

(d) DLF
We have two paths from D to F, DCF which is not blocked, because C is not given for a diverging
path, and DGF, which is blocked because it is a diverging path where G and H are not given. Since
only one of the paths is blocked, not both, D and F are not independent.

(e FLH|GD
Yes, here both paths FGH (serial path) is blocked by G, and FCDG (diverging + serial) is blocked
by D.

2. The joint distribution is written as follows.
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P(A,B,C,D,E,F,G,H) =P

—~

A)P(E)P(B|A, E)P(C|B)P(F|C)P(D|C)P(G|D, F)P(H|G)

3. 3.a) Moralized graph below:

R
Research

Figure 1: Moralized Bayesian Network

3.b) First eliminate F creating a clique of size 4, then any order of variables can follow.
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3.¢) LLG,ER H
3.d)

P(H|l,¢c) =
P(H|l,c) =

P(H|l,c) =

> P(H|F,R)P(F|C,L)P(R|C)S(C = ¢)5(L =)
F,R,L,C
> P(H|F,R)Y  P(F|C,L)P(R|C)3(C = c)5(L =1)
F,R L,C

> P(H|F,R)P(F|C =¢,L =1)P(R|C =)
F,R

Reading off the conditional probability tables and computing, we get the following.

PH=T|L=T,C=1)

PH=F|L=T,C=T1)

0.9-0.6-0.9=0.486
0.9-0.4-0.7=0.252
0.1-0.6-0.6 =0.036
0.1-0.4-0.2 =0.008
Total = 0.782

Thus, P(H|IF =T,C =T)

o 4 |
sl eI [

1.2
P(x1,x2,23,24,25) =

First, compute the messages.

0.9-0.6-0.1 =0.054
0.9-0.4-0.3=0.108
0.1-0.6-0.4=0.024
0.1-0.4-0.8=0.032
Total = 0.218

=< 0.7820,218 >.

Undirected Graphical Models (Markov Networks)

Y13(x1, w3) Po3(T2, v3) V34(23, 24) Pa(4, 25)
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msa(za) = Y ¢alws,74)
0.1 1
- ;5(”’75’1) [ 1 0.1 ]

=[]

maa(ra) = Y sa(ws, 24)mas(ws)mas(za)
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mas(z3) = ;wg(u, z3)msa(Ta)
LAY
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ma1(z1) = ;wsl(xsm)mzxs(xs)ng(ws)
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Mgz (72) = 121/132(%37I2)m43($3)m13(l’3)
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Now, computing the marginals.
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1 0.81 0.409
P(xz1) = kmsi(z1) = 1.98 { 1.17 } - [ 0.591 ]

1 1.17 0.591
P(x2) = kmaa(z1) = To8 [ 0.81 } = [ 0.409 ]

P(xg) = km13($3 m23( €3 m43 963

='€H M i

1 0.227
1.32 1.02 0.773

P(x4) = kmsa(za)maa(za)

1 1
Loa]+]1]
101
1101
_ | 0.909
~ | 0.091
2 Bootstrap [Ahmed]
2.1 Two modes, one variance
1. LetY € {0,1} indicate whether X is generated from the first or second mode. Then

Y ~ Bernoulli(1 — p)
Using the law of total variance
VIX] = EVIX|Y]] + VIE[X|Y]]
EVIXY]]=pVIX|Y =0+ (1 - p)VIX|Y = 1] = poi + (1 - p)oj = 0
VIEIX|Y)) = VImY + p2(1 = V)] = Vipz + (1 — p2)Y] = 0+ (1 — p2)*p(1 = p)
Then

V[X] VE:LX] 02 +p(1 N fl)(,ul - ,UQ)Q

2. Coding Question

3. See figure 2
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Figure 2: Variance estimate vs n for p = 0.05
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Figure 3: Variance estimate vs n for p = 0.5

4. We see that for small n, the median is severely below the true variance. For large n, however, the
median matches the true variance pretty well. The behavior for small n can be explained by the fact
that there is a substantial probability of having all points in the bootstrap resamples (or even in the
original sample) from the high probability mode (u = 1). Which results in underestimation of the
variance due to ignoring the other mode.

5. See figure 3. We see that the bootstrap matches the true variance (on median) even for small n. This is
because both modes have equal probabilities which means our resamples are likely to contain points
from both modes and hence better represent the actual distribution.

3 Bootstrap Cross-validation

Bootstrap resamples contain repeated points (one third on average) doing CV on these resamples
mean that the test partition can contain points that are repeated in the training partition. This results
in underestimating the generalization error especially for classifiers that are prone to overfitting (such
as 1-NN).
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