Basic Probability
T@or all random variables X,Y and Z and distributions over them,

P(Y|X)P(Z|X)P(X)

5Y 2) = P(X|Y, Z)

Ly miates  pe YLZIX.



uestion 20 points
Question #1

Indicate whether the following statement is true and briefly justify your answer.

(i) (2 points) If we add more training data, the number of support vectors
will always increase.

(ii) (2 points) For a given training set, support vectors are invariant to the
kernel choice.

(iii) (2 points) There is a distribution over five variables that can be represented
by any five node Bayesian network topology.

Xes pton e varinbles  are 7 @W‘V@M‘

(iv) (2 points) The largest factor created by the variable elimination algorithm

€
is no bigger than the largest :n;t’u]i}l\fazcltcg) : F(A——) P(If’,d')f(c‘/d') P( P’A’) = &pu, 1”7}”

No. ors have Fub
\b Vqﬂ/m);&s muolv

3 pB.Eb) - Z PIPLBLE PLCIA) pirig) 5 43, c,l))

(2 points) The variable elimination algorlthm can require time exponential /b
in the size of the Bayesian network.

huf 3 vw”"‘
wbles are | o0
s, dfor examps, wrken atl “é’fiiw)ﬂ”“” *

connaetod -

(vi) (2 points) Observing an additional node (i.e. making the node an evidence
node) in a Bayesian network can only increase the number of variable pairs
which are conditionally independent.

A B
14 ALB , hut ANE |
/)
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Question #3 20 points

Assume there are two types of conditions: (S)inus congestion and (F)lu. Sinus
congestion is caused by (A)llergy or the flu.

There are three observed symptoms for these conditions: (H)eadache, (R)unny
nose, and fe(V)er. Runny nose and headaches are directly caused by sinus con-
gestion (only), while fever comes from having the flu (only). For example,
allergies only cause runny noses indirectly. Assume each variable is binary
(i.e. true/false).

00@000
GOGOQ

(a) (5 points) Consider the four Bayesian networks shown. Indicate which one
models the domain (as described above) best.

Best network : i /@/ iii / iv

(b) (5 points) Assume we wanted to remove the Sinus congestion (S) node. Us-
ing the least number of edges, draw a Bayesian network over the remaining
variables which can encode the original model’s marginal distribution over
the remaining variables.

A F
bk
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The following samples were drawn from the correct Bayesian network using
prior sampling:

Sample # | A S R H F \'
1 true true true false false false
true true false true true false
true false false false false false
true false false true true false
true true false true false false

Ul W N

(c) (2 points) Give the sample estimate of P(F = true) or state why it cannot
be computed.

2

i

S

(d) (2 points) Give the sample estimate of P(F = true|H = true) or state why
it cannot be computed.

Z

e

3

(e) (2 points) Give the sample estimate of P(F = true|V = true) or state why
it cannot be computed.

/\/ofloecomf/‘? ho \/= Thae I3 O)7§e'71/6>€/~

T

(f) (4 points) For rejection s.ampling in general (not necessarily on these sam-
ples), which query will require more samples to compute a certain degree of
accuracy, P(F|H) or P(F|H, A)? Briefly justify.

PRIHA) & reels morve jam/k,@g be coyg
sampes thet have (H, 4) cannet be
mire  commen  Ehan Hose gk have (H).
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Question #3 20 points

Assume there are two types of conditions: (S)inus congestion and (F)lu. Sinus
congestion is caused by (A)llergy or the flu.

There are three observed symptoms for these conditions: (H)eadache, (R)unny
nose, and fe(V)er. Runny nose and headaches are directly caused by sinus con-
gestion (only), while fever comes from having the flu (only). For example,
allergies only cause runny noses indirectly. Assume each variable is binary
(i.e. true/false).

7§ Ed T g

(a) (5 points) Consider the four Bayesian networks shown. Indicate which one
models the domain (as described above) best.

Best network : i @ iii / iv

(b) (5 points) Assume we wanted to remove the Sinus congestion (S) node. Us-
ing the least number of edges, draw a Bayesian network over the remaining
variables which can encode the original model’s marginal distribution over
the remaining variables.

s (5
O
B
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Question #5 20 points

The next parts involve computing various quan- °
tities in the network below. These questions are

designed so that they can be answered with min-

imum computation. If you find yourself doing co- e e
pious amount of computation for each part, step

back and consider whether there is a simpler way

to deduce the answer. e

[B [ A [PBA]JC [ A JPCA] D | B [PDB) ]
[ A [ P(A) |[ true | true 0.5 true | true 0.4 true | true 0.9
true 0.1 false | true 0.5 false | true 0.6 false | true 0.1

false | 0.9 true | false 0.8 true | false 0.7 true | false 0.2
false | false 0.2 false | false 0.3 false | false 0.8

(a) (2 points) P(A=true, B=false, C=true, D=false)
~ pla=the)npCr W»&H\ _tne) AP CC=the] gathe) A P (D=l B
N o\,)( O(S‘XO\lLﬁ o ¥

(b) (2 points) P(A=true, B=true)

-z pa=tre ) p ( p=trve] A=tre) 1P CC | A=the )% pCpl B=m/
ch

= pla=tne) =p(B=trd p)x 2 p Cc | A=tnh2 pbl 11/
<

-

(¢) (2 points) P(B true) 0 0 —
- |l’X '5 \ ’
?(ﬁ\—*tM):AY}?(A/B:TM}; O\()(’O.S + @‘7)(0(}: O‘QS‘-};O/I?L
> 0,4 /7

(d) (2 points) P(A=true|B=true)

AT, B=tie) - 005

/(§=true =7
,(;e()pizmjif,i?ﬁufm;m?( 4 =tnie) p(ol A=tre) pCClA=tie) P(p =t ¥)
7 A= 8 <

= pIA =)« 2 y(c(,(}vfm) fé’ P(B | f=tie)- Pcp,ﬂw] B)
(f) (2 points) P(D=true|A=true,C=true) = -—/‘/‘\/ -

. 055
P(D = true, A = true, C = true) = 0y} Ko 5T = o3
=sum_{B} P(A =true, B, C =true, D =true =
= 0.022 : P (D= folse » A=True) m

l;w*trwz}f T

P(D =false, A = true, C = true) '

page 10of 11 # oS

= sum_{B} P(A = true, B, C = true, D = false) ) P\_\_E

=0.018

| -

Another faster apbroach to golving () will be:

P(D = false |A = true, C = true) = 0.022/(0.022+0.018)

[w

D is independent from C given A; therefore,
IP(D | A, C) = P(D|A). As a reaults, the Answer to (f)

is the same as the one to (e).
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P(D = true, A = true, C = true) 
= sum_{B} P(A = true, B, C = true, D = true)
= 0.022

jacquelinelee
Text Box
P(D = false, A = true, C = true) 
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= 0.018

jacquelinelee
Text Box
P(D = false |A = true, C = true) = 0.022/(0.022+0.018)
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Another faster approach to solving (f) will be:
D is independent from C given A; therefore, 
P(D | A, C) = P(D|A). As a reaults, the Answer to (f) is the same as the one to (e).


Consider computing the following distributions in the above network using
various methods:

(i) P(A|B=true,C=true,D=true)
(ii) P(C|D=true)
(iii) P(D|A=true)

(iv) P(D)

(g) (2 points) Which query is least expensive using inference by enumeration?
Briefly justify.

(1) only perds 50 e hugh

(h) (2 points) Which query is most improved by using likelihood weighting
instead of rejection sampling (in terms of number of samples required)?
Briefly justify.

© becawe TE vephes SqM/»@es fo mutch

)
é}%g@/\ vd Vi )7(,(’, 5.
eutlun(e

(i) (2 points) When computing P(D) with variable elimination, what factor(s)
is/are eliminated by first eliminating variable A from the active list?

D () pLBLA) pLclA)

(j) (2 points) When computing P(D) with variable elimination, show the new
factor (in tabular form) that is created by first eliminating variable A from
the active list.

S pi) plpl B) plcla) = pa=tm] Pl f=tre)-pCig~tr)
&V/& 4 V —rp(/O:a‘afSU F(B/&;/v.ﬁge//)(cwjﬁ[u/

J} (&
TUT | 0.52¢
TR |1 013288
FLT o [¢4
17
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MDP: Walk or Jump?
Consider an MDP with states 4, 3, 2, 1, 0, where 4 is the starting state. In
states k > 1, you can walk (W) and T'(k, W,k —1) = 1. In states k > 2, you can
also jump (J) and T'(k, J,k —2) = T'(k, J, k) = 1/2. State 0 is a terminal state.
The reward R(s,a,s’) = (s — s')? for all (s,a,s’). Use a discount of y = 1/2.
Compute V * (2)
VK (o] © g
v*u):mux%l+YV<@ﬁ
= |
L
VEO) ek §1+rHD, En AR T S
%
mk b, BV e 2 4% v¥) = 1E2)
&
" F"?vi(}):z Vi

¥
Compute Q x (4, W) ~ 5

A\ 230M
YRR £ (A2

B P R A

O\*(AF}W) SRR LRSS

txd v¥(3)

Now consider the same MDP, but with infinite states 4, 3, 2, 1, 0, -1,
.. and no terminal states. Like before, T'(k,J,k —2) = T'(k,J,k) =1/2
and T(k,W,k —1) = 1. R(s,a,s') = (s — s')2. Compute V *(2).

by, symty s VLS consitent -, ehe mplres
\/*b) = max ¢ | +YV¥(\)) = (4+rV¥(0))T-ZLyV*(>)}
= max L+ rvke), 2t LEPE

= 2+ v V)



NAME: SID+#: Login: Sec: 9

6. (10 points.) MDPs and Reinforcement Learning

Consider an autonomous robot which can either move FAST or SLOW in any time step. Moving FAST generally
gives a reward of +2, while moving SLOW gives a reward of only +1. However, the robot must also take into
account its internal temperature, which can be either HOT or OK. Driving SLOW tends to lower the temperature,
while driving FAST tends to raise it. If the robot is HOT, there is a danger if it overheating, at which point it
must stop, cool down, and make repairs. The MDP transitions and rewards are specified as follows:

[ s a s [ T(s,a,8) | R(s,a,s) |
OK SLOW OK 1.0 +1
OK FAST OK 0.5 +2
OK FAST HOT 0.5 +2
HOT SLOW OK 1.0 +1
HOT FAST HOT 0.5 +2
HOT FAST OK 0.5 -10

Note that while repairs are costly, the robot is Ok afterwards (the last row in the table).
(1) (5 pts): Run two rounds of value iteration in the table below, using a discount of 0.8. You may skip the

greyed-out square. R (}{q < //‘f Y l//\ (,(’} ]
Vf—H (s) /i mcf)(fss, T(S/‘MI)[ s [ V| Vi [ V2 ]
OK 0 Z %‘ 2

HOT 0

\

(1) (5 pts): Run Q-learning with a discount of 0.8 and a learning rate of 0.5, using the transition samples
below. Do not copy over g-values which have not changed in a given step.

Assume the agent experiences the samples:

OK, FAST, HOT, reward 42, calculate Q, & (5:0) < CQ (}' q) i 05 (

HOT, FAST OK, reward -10, calculate Q3
OK, SLOW, OK, reward +1, calculate Q3

RIS, €15')
0,8 Zn’ax&(s{a’/-

& (5:4) ]

s a || Qo | Q1 I Q2 | Q3 |
OK sLow || 0 o\ 7
OK FAST || O [\ O

HOT SLOW 0

HOT FAST 0 ~$L' é

End of Fxam



6 Perceptron (8 points)

The following table shows a data set and the number of times each point is misclassified
during a run of the perceptron algorithm, starting with zero weights. What is the equation
of the separating line found by the algorithm, as a function of zi, z2, and z37 Assume that
the learning rate is 1 and the initial weights are all zero.

Ty | T2 | x3 y | times misclassified

2| 3| 1]|+1 12

21 4] 0] +1 0

3] 1 1| -1 3

1 1 0] -1 6

1t 21 1] -1 11

my 54’”/‘/&5 -
™
- LA X;
w= " & Y

- ((2) Al (h2 ) (%) =) (130, 1)+ 6D (Ll 1o+
\\)X(—\)f(ll\/ 1) @ -2, (-2)

So the eg,m abron UZ#’\» s@/mm/ﬂg e (3

¥ X2 =% - F=o
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4 Machine Learning — Continuous Features (20 points)

In all the parts of this problem we will be dealing with one-dimensional data, that is, a set
of points (z*) with only one feature (called simply z). The points are in two classes given
by the value of y*. We will show you the points on the z axis, labeled by their class values;
we also give you a table of values.

4.1 Nearest Neighbors

|

1

|z |y
111 |0
212 11
313 1 0 1 1 0 1 1 0 1
| | | | | | | | | | | |
4|4 0 1 | | ] [ | | [ | | | |
516 11 1 2 3 4 5 § 7 8 g 10 11 12
617 |1
711010
811111
1. In the figure below, draw the output of a 1-Nearest-Neighbor classifier over the range

indicated in the figure.

Classifier
Output
1
|
0 1 1 0 1 1 0 1
o | I | I I [ ] | I I I
I I I I I I I I I I I
1 2 3 4 5 6 7 8 9 10 11 12

11



4 Machine Learning — Continuous Features (20 points)

In all the parts of this problem we will be dealing with one-dimensional data, that is, a set
of points (z') with only one feature (called simply z). The points are in two classes given
by the value of 4. We will show you the points on the z axis, labeled by their class values;
we also give you a table of values.

4.1 Nearest Neighbors

3

8

_l—l—c
[N . - Y
[y )
« Qi
m—f—

0
1

OO 3| O U x| QO DI 2] =
el Ml B | =21 IS VST R SR )

—| O] =] O = =] O

[um—y

In the figure below, draw the output of a 1-Nearest-Neighbor classifier over the range
indicated in the figure.

Classifier
Output
1
|
0 1 1 0 1 1 0 1
o I I I I I | I I I I
I I | I | I I I I I I
1 2 3 4 5 6 7 8 9 10 11 12

11



2. In the figure below, draw the output of a 5-Nearest-Neighbor classifier over the range
indicated in the figure.

Classifier

Qutput

1
0 1 1 0 1 1 0 1

0 L | I | | I I I | I I I
I | I I I I I | I I I I
1 2 3 4 5 6 7 8 9 10 11 12

12



4.2 Decision Trees

Answer this problem using the same data as in the Nearest Neighbor problem above.

1 1

0
[

0
]
f
1

| |
| [
2 3

» | o

1

| ! |
i
§

|
12

[

1
| ) |
I I

g 10 1"

Which of the following three tests would be chosen as the top node in a decision tree?

Justify your answer.

Redl] tht em’%rd
/7' =P lvj p ~(~p) jj C/"[")

z<1.5 z<5b

ﬁ/}f eotoﬁ\ S/V{.O

z <105

% aﬁ/!j/%g’

q‘pr X 2 5w 4 & 5 S
MNTCIYR LTI L Y
_1y, .

You may find this table useful. X &5 f 71}
x|y [ -/y)Mgx/y) | [ x|y [-(/9)*Ig(x/y) 2 "s 2 p T
1[2]0.50 1]8 [0.38 4(';,%7,;~zx’oy,+)fdr(1ﬂ7;f
173053 318 053 H -
2 1370.39 58 | 042 &
114050 718 |0.17
314031 119 035 20, fo3
1[5 046 219 |0.48
215|053 49 052
305044 519 |047
4150.26 719 [0.28 X £(0.5-
116043 819 [0.15
26053 110033 ER | ()] (- «007 i -91,/07,,71)
516022 310 | 0.52
117040 7110 0.36 J
217052 910 0.14
37052 =045
4]7046
517035
6]70.10
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Problem 2: Overfitting (20 points)

For each of the supervised learning methods that we have studied, indicate how the
method could overfit the training data (consider both your design choices as well as the
training) and what you can do to minimize this possibility. There may be more than one
mechanism for overfitting, make sure that you identify them all.

Part A: Nearest Neighbors (5 Points)

1. How does it overfit?

Eveva pol%* m O(MIU/EZ[ o&fms s et doc® o
komwo(mg-

2. How can you reduce overfitting?

but not too large; otherwise it

e k-4 Por ’&’Wk may cause underfitting.
Uce cross - validatr Ao chosge k.

Part B: Decision Trees (5 Points)

1. How does it overfit?

By ado{/n? how/ fests to the Free fo comof//
Classify every data popsl m #ho Fran 1y sef.

2. How can you reduce overfitting?

“;9 pm}/yﬂ/l; ﬁ’}\—? //P,(blxp?[f%j fr@@ AU{Q/ 047 Mﬁ;mlﬂw
o a vadidatma ( developmert) 2%
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but not too large; otherwise it may cause underfitting.




