(CShH34 — Midterm

Name:

1. (VC-dimension)

a. (5pt) Give the definition of VC(H), which is the VC-dimension of hypothesis space H?
(Make sure that you also define any terms that are used as part of the definition.)

b. (7pt) Prove that for any finite hypothesis space H that VC(H) < log, |H|.

c. (8pt) Consider a domain with n binary features and binary class labels. Let Hy be the
hypothesis space that contains all decision trees over those features that have depth no
greater than d. (The depth of a decision tree is the depth of the deepest leaf node.)

What is the VC-dimension of Hy? Prove your answer.



2. (Perceptron)

a. (5pt) In class we derived the perceptron algorithm as gradient descent on the hinge loss
objective function given by
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where z; is the input feature vector for the i’th training instance and y; is the label for
the i’th instance. We also consider using an alternative loss function known as the 0/1

loss given by,
N

Tw) = 5 3 Llsgn(w - a:), )
i=1

where L(y,y') =1 if y # ¢/ and 0 otherwise.
What was the reason for using the hinge loss instead of 0/1 loss?

b. (6pt) Consider two different weight vectors w and w’ that are consistent with the training
data where w has a large margin and w’ has a very small margin. Which weight vector
will achieve a better hinge loss? Explain.

c. (9pt) Derive the gradient of the hinge loss objective V,J(w).



3. (Support Vector Machines)

a. (6pt) In class we introduced two notions of margin: the functional margin and the
geometric margin. When deriving the SVM optimization problem why did we choose to
maximize the geometric margin rather than the functional margin? Specifically, what
would go wrong if we simply tried to maximize the functional margin and how does
maximizing the geometric margin correct this problem?

b. (7pt) Consider the following constrained optimization problem for finding the maximum
margin classifier:
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Prove that this problem is equivalent to the following optimization problem solved by
SVMs. Make sure that you explain each step.

minw,b ||w||2
subject to:  y'(w-z'+b)>1, i=1,...,N

c. (7pt) Consider the objective function that the softmargin SVM tries to minimize:
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Suppose that we have a linearly separable training set. Is it true that the solution weight
vector w will achieve zero training error. If true then explain why. If false then show
a 1-d linearly separable training set where you would expect the training error will be
non-zero, explain.



. (4pt) Consider a training set whose labels were randomly corrupted. For the k-nearest
neighbor classifier, which of the following choices of k is more robust to the labeling
noise: k=1 and k=47 Explain

. (4pt) Consider a training set that has a relatively large number of completely random
features, that is, features that have no correlation with the class label. Which algorithm
would you choose for this data set k-nearest neighbor or a decision tree learner? Explain.

. (4pt) Why is it a good idea to initialize the weights of a neural network to be close to
zero?

. (4pt) Why might it be a bad idea to initialize all weights of a neural network to be zero?

. (4pt) Consider learning a predictor for whether someone has cancer or not. If the
predictor predicts cancer then the subject will be sent to a doctor, otherwise the subject
will be sent home. Write down a loss function L(g,y) that you think is appropriate for
this task. Explain.



5. (PAC Learning)

a. (10pt) In class we showed that if a consistent learning algorithm for a finite hypothesis
space H is provided with
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randomly drawn training instances, then we can state a certain guarantee. What is that
guarantee? Make sure to clearly indicate the roles of € and §.

b. (10pt) Consider the hypothesis space H of decision stumps for an input space containing
n binary features. That is, each hypothesis is a decision tree that contains exactly one
binary test. Prove that H is PAC-learnable. You may use the inequality from part a if

you would like.



