20W-COMSCIM146 midterm

UTSAV MUNENDRA

TOTAL POINTS

72 /80

QUESTION 1
true/fasle 18 pts

1110/2
v - 2 pts InCorrect
- 0 pts Correct

1.222/2
v - 0 pts Correct

- 2 pts Incorrect

1.330/2
- 0 pts Correct

v - 2 pts Incorrect

1442/2
v - 0 pts Correct

- 0 pts Incorrect but all are given points

155272
v - 0 pts Correct

- 2 pts Incorrect

1.662/2
v - 0 pts Correct

- 2 pts Incorrect

177 2/2
v - 0 pts Correct

- 2 pts Incorrect

1.882/2
v - 0 pts Correct

- 2 pts Incorrect

1992/2

v - 0 pts Correct

- 2 pts Incorrect

QUESTION 2
multiple choice 238 pts

2110 4/4
v - 0 pts Correct
-1 pts (a) is not selected
-1 pts (c) is not selected
-1 pts (d) is not selected
(b)

-1 pts (b) is selected
2213/4
- 0 pts Correct
v -1pts a is selected
-1 pts b is NOT selected
-1 pts c is selected

-1 pts d is selected

23123/4
- 0 pts Correct
v -1 pts a) is not selected
-1 pts b) is not selected
-1pts ¢) is selected

-1 pts d is not selected

2413 4/4
v - 0 pts Correct
-1 pts a) is true
-1 pts b) is true
-1 pts c is false

-1pts dis true

2514 4/4
v - 0 pts Correct



-1 pts a) is false
-1pts bis true
-1pts cis false
-1pts d is true

26154/4
v - 0 pts Correct
-1 pts a is not selected
-1 pts b is not selected
-1 pts c is selected

-1 pts d is selected

2716 4/4
v - 0 pts Correct
-1pts ais true
-1 pts b is false
-1pts cis false
-1 pts d is false

QUESTION 3
decision tree 13 pts

31a2/2
v - 0 pts Correct
- 0.5 pts correct expression. should use the
provided identities for final answer.
- 2 pts wrong
- 1 pts partially correct

32bs/5
v - 0 pts Correct
- 2 pts incorrect H(YIX1=1)
- 2 pts incorrect H(YIX1=0)
- 1 pts correct (form of) H(YI1X1=0), H(YIX1=1), wrong
(form of) H(YIX1)

- 1 pts wrong/missing IG(information gain)

33C5/5
v - 0 pts Correct
- 1 pts missing IG
- 2 pts wrong H[yIx2=0]
- 2 pts wrong H[yIx2=1]

- 1 pts correct H[ylx2=1], correct H[ylx2=0], wrong
Hlylx2]
- 1 pts wrong form of H[ylIx]

3.4d1/1
v - 0 pts Correct

-1 pts wrong

QUESTION 4
MLE s pts

41a3/3
v - 0 pts Correct
- 2 pts Click here to replace this description.
- 1 pts Click here to replace this description.

- 3 pts Click here to replace this description.

42b3/3
v - 0 pts Correct
- 1 pts Click here to replace this description.
- 2 pts Click here to replace this description.

- 3 pts Click here to replace this description.

43C2/2
v - 0 pts Correct
- 1 pts Click here to replace this description.

- 2 pts Click here to replace this description.

QUESTION 5
logistic regression 12 pts

51a2/2
v - 0 pts Correct
- 2 pts The answer is not correct.
- 1 pts Your expression is correct, but your result of

C is not correct.

52b5/5
v - 0 pts Correct

- 5 pts Wrong answer

53C2/2



v - 0 pts Correct

- 2 pts wrong answer

-1 pts Your answer is partially correct (you know the
answer should be the sum of the answer you get for
(b))

- 0.5 pts C varies for different n, so you cannot get
N log C or C*N

54d1/3
- 0 pts Correct
- 3 pts Wrong answer
v - 2 pts You did not show the equivalence.
- 1 pts Your result of I(theta) is not correct.

- 1 pts your answers are partially correct.

QUESTION 6

6 name 1/1
v - 0 pts Correct
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CM146: Introduction to Machine Learning Winter 2020
Midterm

Feb. 10%, 2020

e Please do not open the exam unless you are instructed to do so.

This is a closed book and closed notes exam.

¢ Everything you need in order to solve the problems is supplied in the body of this
exam OR in a cheatsheet at the end of the exam.

e Mark your answers ON THE EXAM ITSELF. If you make a mess, clearly indicate
your final answer (box it).

o For true/false questions, CIRCLE True OR False and provide a brief justification for
full credit.

e Unless otherwise instructed, for multiple-choice questions, CIRCLE ALL CORRECT
CHOICES (in some cases, there may be more than one) and provide a brief justification
if the question asks for one.

o If you think something about a question is open to interpretation, feel {ree to ask the
instructor or make a note on the exam.

e If you run out of room for your answer in the space provided, please use the blank
pages at the end of the exam and indicate clearly that you've done so.

e Do NOT put answers on the back of any page of the exam.
o You may use scratch paper if needed (provided at the end of the exam).
e You have 1 hour 45 minutes.

o Besides having the correct answer, being concise and clear is. very impor-
tant. For full credit, you must show your work and explain your answers.

Good Luck!

Legibly write your name and UID in the space provided below to earn 2 points.

Name: UTSAY  MUNENDRA
UID: 805 137 236




Name and UID
True/False
Multiple choice
.Decision tree
Maximum likelihood

Logistic regression
IE_—




True/False (18 pts)
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5. (2 pts) The training error of the perceptron never increases with each iteration of the

perceptron algorithm.
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7. (2 pts) You compute z* = argmin, f(z) and find that 2% = —00. f(z) is not convex.
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8. (2 pts) A decision tree learned with MazDepth parameter set to oo always attains

zero training error.
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9. (2 pts) Stochastic Gradient Descent is faster per iteration than Batch Gradient Descent.
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Multiple choice (28 pts)
may be more than one)

CIRCLE ALL CORRECT CHOICES (in some cases, there
fitting in decision trees.

10. (4 pts) What strategy can help reduce over-
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}g. (4 pts) Which of the following are true about linear regression?
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n is aways convex
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13. (4 pts) Consider a logistic regression model to predict if a yelp review is positive or
not (y = 1 means the review is positive) based on two features: o, and Ty. 71 is the
number of times the word “great” appears and 7, is the number of times the word
“not” appears. The logistic regression model Ply=1jz;0) = (0o + b1z + Oyz9) with
0 = (0o, 61,02) = (2,1, —2). Which of the following is true ? 4 ’i'/' -

g ™ =

et

7 The decision boundary is given by the line z; — 2 +2=0 _ (;x; } 2 L5 & =0
b) Jf the word “great” appears more often (assuming everything else about the review
is the same), probability that the review is classified as positive becomes closer

to 1.

(c) If the word “not” appears more often (assuming everything else about the review
is the same), probability that the review is classified as positive becomes closer
to 1570

If the review contains neither the word “great” nor the word “not”, it will be
classified as positive.

14. (4 pts) Which of the following is true of the Perceptron Jearning algorithm 7

(a) If the algorithm does not coverge within 100 iterations, the data is not linearly
separable.

If the algorithm coverges within 100 iterations, the data is linearly separable.
=S 1f the data is linearly separable, it will coverge within 100 iterations.

If the data is linearly separable, it may not converge in 100 iterations but may
converge in 200 iterations. 5 1 :

_9Jv\n g@_,l, :‘:7 (:.@V\/\)ﬁ,j'lﬁﬂl\/\(;g’_,, . }-v]g.cvl__,_c)\yfbu%

15. The entropy of a distribution over & set of 3 items with probability mass function p is
defined as — o, p(k) log, p(k). Which of the following distributions has the lowest
entropy?z-} hgsm-{: {728 ‘fsl'fl/w« ()\j“'i-ﬁff ] -% j f?i, A

(2))(1,0,0)
((b) (0,1,0)

(&) Gid3
(d) (0.1,0.3,0.6)



-

16. (4 pts) Given the same training date consisting of N instances {(mn,yn)}ﬁ;l where
1z, € R,yn € R, we it two models: hi(z) = fo+0,2 and holz) = 90+91m+92m2. For each
model, we estimate its parameters by minimizing the residual sum of squares (RSS).

Let RSSp denote the minimum value of the residual sum of squares cosb function
evaluated on the training dataset for model m (m € {1, 2}). Which of the following 18
always true 7

((a) RSS1 > RSS,
(b) RSS: = RSS2
(C) RSSl = R552

(@) RS S, can sometimes be greater and sometimes lesser than RSSs.
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Decision Tree (13 pts)
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(b) (5 pts) For this data, we are interested in computing the information gain

of a binary feature X;. In the + class, the number of instances that have

X, = 0and X1 = 1 respectively: (30,30). In the — class, these numbers are:
(0, 30). Write down conditional entropy and information gain of X3 relative to Y7
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(c) (5 pts) We are interested in computing the information gain of a binary feature
X,. In the + class, the number of instances that have Xa. = 0and X3 =1
respectively are: (40,20). In the — class, these numbers are: (20,10). Write
down conditional entropy and information gain of X, relative to Y?
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(d) (1 pts) Using information gain, which attribute will the ID3 decision tree learning
algorithm choose as the root?
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od (8 pts)
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g likelihood for this specific dataset.

(b) 3 pts) Compute the derivative of the lo
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" Alternative to logistic regression (12 pts)

Tn class, we discussed the logistic regression model for binary classification problem.
Here, we consider an alternative model. We have a training set {(:13,1,@;”)}112;l where
z, € RP¥ and yn € {0,1}. Like in logistic Tegression, We will construct a probabilistic
model for the probability that 1y, Delongs to class 0 or 1, given Tn and the model
parameters, 9, and 61 (80,601 € RP+Y). More gpecifically, we model the target Yn 85

p (yn = 0\$n;90, 91) == Oeegmw
p(yn = 1|&n; 05, 01) = P )

(a) (2 pts) Find the value of C that makes Equation 1 & valid probability distribution
for Yn-
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) Write the log likelihood of the parameters for a single instance (T Yn):
Express your answer in terms of Yn, Tn, Bo,01-
1ii random variable Y, that
1 — 8, we can-write its

(b) (5 pts
l(60)91> = 1ng(yn|mm 90) 91)'
(Hint: use the notation in class where for a Bernou

takes values 1 with probability ¢ and 0 with probability
probability mass function: p(yy) = 0¥ (1— 9)1—yn).
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(c) (2 pts) Write the log likelihood of the parameters LL(6g,61) for the full training

data.
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(d) (3 pts) Recall that in logistic regression, we model the target 1y, as :

b (U = Ofgni8) = 1 O‘(GTLE)
p (Y = 1]25;0) = ’U(HT:B) '

Here 0(2) = 170= +e—m is the sigmoid function. Show that our new model (Equation 1)
is exactly the same as the logistic regression model with 6 = 6; — 8.
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Identities

Probability density /mass functions for some distributions.

! (z—p)’
Normal : P(z;p,0?) = exp | —

2mo? 202

K
Multinomial : P(z;n) = Hﬂk’:"
=1
x is a length K vector with exactly one entry equal to 1
and all other entries equal to 0
~ A® —A
Poisson : P(z;A) = _ffgl(_,__)
x!

Matrix calculus

Here © € R*, b € R*, A € R™". A is symmetric.

VaTAx =2Az, Vb z=»>

Entropy

" The entropy H(X) of a Bernoulli random variable X ~ Bernoulli(p) for different values of
p: : |

4 11‘J(X) |
2
31092
21081
£10.73
21097
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You may use this page for scratch space.
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You may use this page for scratch space.
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