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3. [2 points] Which of the two cases above would you expect to work better in the classi-
fication task? Why?

4. [3 points] Draw a data point which will not change the decision boundary learned for
very large values of C. Justify your answer.

5. [3 points] Draw a data point which will significantly change the decision boundary
learned for very large values of C. Justify your answer.
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Figure 2: Draw your solutions for Problem 2 here.
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4 Bias-Variance Decomposition (12 pts) . o
Mo ddd| € olf Al
1. (6 pts) Suppose you have regression data generated by a polynomial of degree 3. Characterize !

the bias-variance of the estimates of the following models on the data with respect to the true C
model by circling the appropriate entry.

Bias Variance

; (7 Linear regression low/high’  low /high
SR Polynomial regression with degree 3 | low/high low/high
Polynomial regression with degree 10 | low/high low /high"

2. Let Y = f(X) + ¢, where ¢ has mean zero and variance o2. In k-nearest neighbor (kNN)
regression, the prediction of Y at point zg is given by the average of the values ¥ at the k
neighbors closest to xg.

(a) (2 pts) Denote the f-nearest neighbor to xo by z(y and its corresponding ¥ value by
Y- Write the prediction f(:ru) of the kNN regression for x in terms of y),1 < ¢ < k.

A

7‘. ¢ - L- -;':_' i' i -
/N. - Ky ) % .- ké| A
g = |
(b) (2 pts) What is the behavior of the bias as k increases? < )ll . J_.--in'\-_; L

(¢) (2 pts) What is the behavior of the variance as k increases?



~ 5 Support Vector Machine (12 pts)

Consider a supervised learning problem in which the training examples are points in 2-dimensional
space. The positive examples are (1,1) and (—1,—1). The negative examples are (1, 1) and
(_11 1)

1. (1 pts) Are the positive examples linearly separable from the negative examples in the original
space?

o

2. (4 pts) Consider the feature transformation ¢(x) = [1, 21,22, T122], where z; and z2 are,
respectively, the first and second coordinates of a generic example x. The prediction function
is y(z) = wT * ¢(x) in this feature space. Give the coefficients,_w. of a maximum-margin
decision surface separating the positive examples from the negative examples. (You should
be able to do this by inspection, without any significant computation.)

o

WD = Lo, J

3. (3 pts) Add one training example to the graph so the total five examples can no longer be
linearly separated in the feature space ¢(x) defined in problem 5.2.

) 4
P AV Pl W



6 Generative vs. Discriminative Classifier (20 pts)

Consider the binary classification problem where class label Y € {0,1} and each training example
X has 2 binary attributes X1, X5 € {0,1}.

In this problem, we will always assume X; and X, are conditional independent given Y, that
the class priors are P(Y = 0) = P(Y = 1) = 0.5, and that the conditional probabilities are as
follows:

P(X1Y) | X1=0 X;=1 P(Xa]7) | Xa=0 Xz=1
Y =0 0.7 0.3 Y =0 0.9 a1
Y=1 0.2 0.8 Y=1 05 05

The expected error rate is the probability that a classifier provides an incorrect prediction for an
observation: if YV is the true label, let ¥ (X, X3) be the predicted class label, then the expected
error rate is

1 1
Pp (Y . ?(Xl,xg)) - ¥ (Xl,xz*y g ?(Xl,Xg)) .
X1=0X2=0

Note that we use the subscript D to emphasize that the probabilities are computed under the true
distribution of the data.
*You don’t need to show all the derivation for your answers in this problem.

1. (4 pts) Write down the naive Bayes prediction for all the 4 possible configurations of X, Xo.
The following table would help you to complete this problem.

X1 | Xo| P(X1,X2,Y =0) | P(X1,X5,Y=1) | Y(X1,X5)
0 [0 10.7-0,9:0.X]|02-¢0¢ -0 O

0 [ 1 |p 77010 ] 0,208 0%

1 [0]03.05%0. &« 95 ‘o |

1 1 o i x0. 5 § i |

2. (4 pts) Compute the expected error rate of this naive Bayes classifier which predicts ¥ given
both of the attributes {Xj, Xo}. Assume that the classifier is learned with infinite training
data.



(a) By regularizing wy [3 pts] Trcceease %
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(c) By mgulaﬁzing wp [3 pts] S0
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2. If we change the form of I%gula:rization to L1-norm (absolute value) and regularize w,
and wy only (but not wg), we get the following penalized log-likelihood
n
AL Zlog P(yilxi, wo, wr, we) — C(|wi| + |wzl).
e =~ i=1
Consider again the problem in Figure 1 and the same linear logistic regression model
P(y = 1|&, W) = g(wo + w121 + was).
(a) [3 pts] As we increase the regularization parameter C' which of the following
scenarios do you expect to observe? (Choose only one) Briefly explain your choice:
() First w; will become 0, then ws.
) First wy will become 0, then w;.
(') w; and w, will become zero simultaneously.
() None of the weights will become exactly zero, only smaller as C' increases.
.'I) (PAE C Ot = [eios i \ LA L Y Jv : Ve
y P ] | {J ote A ? f
B ~ = ) Y )
25 e
—_— .
— . ll - AW



NS (b) [3 pts] For very large C, with the same L1-norm regularization for w; and w; as
above, which value(s) do you expect wy to take? Explain briefly. (Note that the
number of points from each class is the same.) (You can give a range of values
for wy if you deem necessary).

~ (c) [3 pts] Assume that we obtain more data points from the ‘+’ class that corre-
N sponds to y=1 so that the class labels become unbalanced. Again for very large
C, with the same L1-norm regularization for w; and w, as above, which value(s)
do you expect wy to take? Explain briefly. (You can give a range of values for wy

if you deem necessary).
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