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Answer the questions in the spaces provided. If you write solutions on the back of the
pages, indicate this on the front of the pages so we know to look there, but please try
to avoid this if possible. You may use the backs of pages for scratch work. This exam has 4
questions, for a total of 100 points.

Question 1: Classification Options (23 points)
Emily has the following binary classification dataset:

Pluses denote positive training examples (y = 1) and circles denote negative training examples
(y = −1). There is also a test example labeled xtest. Emily is trying different classifiers on this
data.

(a) (4 points) Emily first tries k-Nearest Neighbors with k = 3 and the Euclidean norm as
the distance metric. She then makes a prediction on the point xtest = (−1, 1). What
prediction will the model make on xtest, and why?
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(b) (3 points) Next, Emily tries logistic regression, using the given features and a bias term.
In the copy of the figure below, draw a decision boundary that Emily is likely to learn
if she uses logistic regression. Explain your reasoning. (You don’t need to compute the
exact parameters.)

This content is protected and may not be shared, uploaded, or distributed. Page 2 of 12



(c) (6 points) Next, Emily tries adding more features. She defines the following feature func-
tion:

ϕ(x) =


1
x1
x2
x21


In the copy of the figure below, draw a decision boundary that Emily is likely to learn
if she runs logistic regression using this feature function. Explain your reasoning. (You
don’t need to compute the exact parameters.)
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(d) (10 points) Finally, Emily decides to try Naive Bayes on this dataset (copied below).

She isn’t sure how to run Naive Bayes with real-valued features,1 so she decides to discretize
her inputs by first applying the following feature function:

ϕ(x) =

(
I[x1 > 0]
I[x2 > 0]

)
.

Recall that I[expr] takes in a boolean expression and returns 1 if it is true, and 0 if it
is False. After applying this feature function, Emily runs Naive Bayes on the dataset
with Laplace Smoothing λ = 1. For the test point xtest = (−1, 1), compute the model’s
probability that xtest has the label y = 1. Show your work.

1Actually it is possible to use Naive Bayes with real-valued features, but that is beyond the scope of this question.
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Question 2: Analyzing hinge loss (28 points)
In class, we briefly discussed hinge loss, which is the loss function employed by support vector
machines (SVMs). In this problem, we will dive deeper into hinge loss.

For a binary classification dataset {(x(1), y(1)), . . . , (x(n), y(n))}, the SVM loss is defined as:

L(w) =
1

n

(
n∑

i=1

[1− y(i)w⊤x(i)]+

)
+ λ∥w∥22

where each x(i) is a vector ∈ Rd representing an input, y(i) is either +1 or −1, w ∈ Rd is the
weight vector, and [z]+ denotes the “positive part” of a number z, defined as:

[z]+ =

{
z if z > 0

0 if z ≤ 0

(a) (3 points) L(w) depends on the quantity y(i)w⊤x(i). What is the name for this quantity?
Is it better for it to be large or small? Explain your reasoning.

(b) (10 points) Compute the gradient of this loss function, ∇wL(w). Do not worry about
what happens at the non-differentiable part of the “positive part” function. (Hint: The
indicator function I[expr] may be useful in your answer)
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(More space for Problem 2b)

(c) (4 points) Write the gradient descent update rule to update w, using a learning rate η.

This content is protected and may not be shared, uploaded, or distributed. Page 6 of 12



(d) (5 points) Suppose you keep making λ larger and larger. What will happen to the Eu-
clidean norm of the optimal value of w (that is, ∥w∥) as you do this? Explain your
reasoning.

(e) Recall from Homework 1 that we studied what happens to logistic regression when you have
a linearly separable dataset. Let’s do some similar analysis for support vector machines.
Suppose you have a weight vector w such that w⊤x(i) = 0.5 whenever y(i) = 1 and
w⊤x(i) = −0.5 whenever y(i) = −1. Let’s also set λ = 0.

i. (3 points) What is the loss L(w) of the weight vector above? Explain your reasoning.
(Hint: Your answer will be independent of n, the number of training examples)

ii. (3 points) Suppose we multiply w by 10. What will be the new value of L(w)? Explain
your reasoning.
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Question 3: Classifying Cats (21 points)
James likes big cats. He has a collection of color images, each of which has been accurately
labeled as being a leopard, jaguar, cheetah, or lion. He wishes to design a four-way classifier
that can classify new images as one of these four species. Your task is to assist James in creating
a 4-way classifier for this dataset.

(a) (3 points) It’s best to try simple solutions first, so you tell James to try a linear model.
Consider (1) linear regression, (2) logistic regression, and (3) softmax regression. Which
one would you recommend? Why is it more suitable than the other two?

(b) (4 points) James is not satisfied with the accuracy of the model, so you suggest training
a convolutional neural network with stochastic gradient descent. The CNN uses convolu-
tional layers, ReLU, max pooling, and a fully-connected layer at the end. You advise James
to try different values of hyperparameters, such as the number of training epochs, to see
which ones lead to the best development set accuracy. Name four other hyperparameters
that James should try to tune.
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(c) Below is a plot of the training and development error (i.e., 1− accuracy) James observes
at each epoch during one training run.

i. (2 points) Which epoch’s model should James select as the best model? Explain your
reasoning.

ii. (2 points) Do you see evidence of overfitting on this plot? If so, where?

(d) (4 points) James decides to increase the resolution of his images from 100×100 to 200×200.
(There are also 3 color channels in both cases). He wants to know how this will change
the number of parameters in the first layer of the network, which is a convolutional layer.
By what factor will the number of parameters in this layer change? (e.g., will it have 10
times more parameters?) Assume everything besides the size of the input images remains
the same. You may ignore bias terms.
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(e) (4 points) James has also heard that he could use a fully-connected layer as the first layer
of his neural network, instead of a convolutional layer. He is curious about the same
question: when he increases the resolution from 100 × 100 to 200 × 200, by what factor
does the number of parameters in the first layer change? Again, assume everything besides
the size of the input images remains the same and ignore bias terms.

(f) (2 points) You look at the dataset and notice that the dataset is highly imbalanced—80%
of the images are leopards. Explain why accuracy may not be a good metric for evaluation,
and suggest an alternative evaluation metric.
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Question 4: Short Answer (28 points)
In the following questions, circle the correct answer(s).

(a) (2 points) True or False: The function f(x) = −|x| from R → R is a convex function.

(b) (2 points) True or False: Second-order optimization methods like Newton-Raphson are
computationally difficult to apply to models that have a very large number of parameters.

(c) (2 points) True or False: For logistic regression, the amount of L2 regularization λ should
be chosen to maximize accuracy on the test set.

(d) (2 points) True or False: In a multi-layer perceptron, the function f(z) = 2z is a rea-
sonable choice for an activation function.

(e) (2 points) True or False: In a Transformer, information flows between different words in
the feedforward layers.

(f) (2 points) Which of the following is not true about kernels?

A. With kernels, you can learn a classifier that is equivalent to doing normal learning
in a very high-dimensional feature space.

B. Kernels add regularization and prevent overfitting.

C. Kernels allow you to learn a non-linear function of your original features.

D. Kernels can encode the intuition that similar examples should have similar labels.

(g) (4 points) Which of the following neural network layers/components have no learnable
parameters? Circle all that apply.

A. Fully connected layer

B. ReLU activation

C. Convolutional layer

D. Max Pooling layer

E. Word vector layer

F. Dropout layer

G. Attention layer (the version used in RNN encoder-decoder models)

H. Multi-headed Attention layer

(h) You have an RNN model and use it to encode two different sentences: one with 10 words
and one with 50 words.

i. (2 points) True or False: The number of parameters is larger when encoding the
second sentence.

ii. (2 points) True or False: The number of hidden states is larger when encoding the
second sentence.

iii. (2 points) True or False: The time it takes to run the RNN is larger when encoding
the second sentence.
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(i) For each question below, circle all models that fit the description.

i. (3 points) When predicting on the test set, it is necessary to keep the training data
stored in memory.

A. Linear Regression

B. Naive Bayes

C. k-Nearest Neighbors

D. Kernel Logistic Regression

E. Multi-layer Perceptron

ii. (3 points) Training and testing can be done in time that is linear in the size of the
training dataset.

A. Linear Regression

B. Naive Bayes

C. k-Nearest Neighbors

D. Kernel Logistic Regression

E. Multi-layer Perceptron
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