
CSE 446/546 Autumn 2025 Final Exam

December 8, 2025

Name

UW NetID (not the numbers)

Please wait to open the exam until you are instructed to begin, and please take out your Husky
Card and have it accessible when you turn in your exam.

Instructions: This exam consists of a set of short questions (True/False, multiple choice, short
answer).

• NOTE: For multiple choice questions, clearly indicate your answer by filling in the letter(s)
associated with your choice. Bubble in your answers. Do not write your answer to the side.
Example:

Not selected answer:
a

Selected answer:
a

• Multiple choice questions marked with One Answer should only be marked with one answer.

All other multiple choice questions are Select All That Apply , in which case any number of

answers may be selected (including none, one, or more).

• For Select All That Apply questions, you will receive proportional credit for each option

based on whether you get each “option” correct/incorrect. For example, if the question is
worth 1 point and there are 4 options, you will receive 0.25 points for each option that matches
the solution.

• For each short answer question, please write your answer in the provided space.

• If you need to change an answer or run out of space, please very clearly indicate what your
final answer is and what you would like graded. Responses where we cannot determine the
selected option will be marked as incorrect.

• Please write your NetID at the top of every page.

• Please remain in your seats for the last 5 minutes of the exam. If you complete the exam
before the last 5 minutes, you may turn in your exam to a TA.
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1. One Answer 1 point

In k-means clustering, we optimize the training objective through alternating minimization.
Specifically, we repeatedly alternate between these two steps: first, assign all datapoints in
the set to the nearest “centroid”, and then second, update that centroid to be the arithmetic
mean of the points assigned to it. What will happen if we update the centroid to be the
coordinate-wise median of all points assigned to it instead of the mean?

a This new clustering algorithm can now draw nonlinear decision boundaries to separate
clusters.

b This new clustering algorithm will be less sensitive to outliers in the dataset.

c This new clustering algorithm will produce centroids that are always equivalent to
some datapoint in the dataset.

d There will be no functional change to the clustering algorithm, i.e., it will return the
same clusters as k-means given the same initialization.

2. 1 point

You are performing PCA on an experimentally collected dataset x1, x2, . . . , xn with each xi ∈ Rd

to understand its structure. You plot the # of principal components on the x-axis and the %
cumulative explained variance on the y-axis. You also know from domain knowledge that there
is a low-dimensional subspace of dimension p that the data generally lies on, but not strictly.
Sketch out the shape that you expect the plot to take.

3. 2 points Answer the following questions about underfitting and overfitting.

a. List one way to detect overfitting and one way to detect underfitting in an ML model.

Overfitting:
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Underfitting:

b. Describe one way to fix overfitting and one way to fix underfitting.

Overfitting:

Underfitting:

4. Select All That Apply 1 point

Consider the kernelized k-NN algorithm using the RBF kernel

K(x, x′) = exp
(︁
− γ∥x− x′∥22

)︁
,

where γ > 0. When predicting the label or value for a new point xnew, the similarityK(xnew, xi)
determines how much each training point xi influences the prediction. Suppose there are n
training points x1, x2, . . . , xn and that the data is not normalized/standardized. Which of
these statements are true?

a If we choose to scale some features (i.e., dimensions of x), the absolute
value of the similarities K(xnew, xi) will change, but the relative ranking of
K(xnew, x1),K(xnew, x2), . . . ,K(xnew, xn) will not.

b If one feature represents “Annual Income” (range 20k-200k) and another represents
”Age” (range 0-100), the “Annual Income” feature will likely have a disproportion-
ately large effect on the similarity K, because of its larger range.

c If γ∥xnew − xi∥22 is large (i.e., highly positive), then the training point xi has little
influence on the prediction for xnew.

d A larger value of γ will make only closer training points influence the prediction,
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producing more local behavior, whereas a smaller value of γ spreads influence across
more points, resulting in smoother predictions.

5. 1 point

What is one benefit of using Leave-One-Out Cross-Validation over K-Fold Cross-Validation?
What about vice versa?

6. Select All That Apply 1 point

Consider the standard data matrix X ∈ Rn×d, where the i-th row is an input data point
xT
i ∈ Rd. Further assume that the data is centered such that

∑︁n
i=1 xi = XT1n = 0. Given the

singular value decomposition of the centered data matrix

X = U S V T ,

which of the following statements are correct?

a The columns of V are the eigenvectors of the covariance matrix

C =
1

n
X⊤X.

b The singular values in S are equal to the square roots of the eigenvalues of the
covariance matrix C (up to scaling by n).

c Assume we want to perform PCA to reduce the data to k dimensions (k < d).
Then the top k right singular vectors (columns of V ) are the principal directions in
the feature space; projecting each data point xi ∈ Rd onto these vectors yields the
standard k-dimensional PCA representation.

d Multiplying X by U gives the principal component projections.

7. One Answer 1 point

Imagine that you standardize the features in your dataset using the mean and variance
computed over the entire dataset before you split the dataset into training, validation, and test
splits. You then proceed to train on the training set and do hyperparameter tuning on the
validation set before evaluating the model’s performance on the test data.
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Which outcome would you expect?

a The test accuracy will be an unbiased estimate of the model’s true generalization
performance because standardization affects all samples equally.

b The test accuracy will be an overestimate of the model’s true generalization perfor-
mance because information from the test set leaked during preprocessing.

c The test accuracy will be lower than the model’s true generalization performance
because using the statistics of the entire dataset for standardization compromises
accuracy.

8. 2 points

Answer the following questions about K-nearest neighbor classification models. Assume there
are n data points in the training set, which are each in Rd, and that the training and test data
are independently and identically distributed.

a. What is the time complexity for classifying a new data point xnew ∈ Rd using a naive
brute-force implementation? Assume that it takes O(n log n) time to sort n numbers and
pick out the top k. Give your answer in terms of n and d, ignoring terms in k.

O( )

b. Select All That Apply

Which of the following is true?

a For any fixed dimensionality d, as the number of training points n grows to
infinity the test error of a K-nearest-neighbor model will be at most twice of the
Bayes error.

b Normalizing features is important for k-Nearest Neighbors, because otherwise
features with larger ranges will tend to have more influence.

c k-Nearest Neighbors is parametric because k is a parameter.

d Smaller k tends to lead to underfitting.

9. Select All That Apply 1 point

Which of the following are true about autoencoders?

a An autoencoder is trained without labeled data.

b Autoencoders are primarily used for regression tasks.

c The input dimension of the encoder and the output dimension of the decoder must
be the same.

d The primary objective is to learn a compressed representation of the input data.
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10. One Answer 1 point

You have a dataset of 10,000 labeled examples and want to (1) tune hyperparameters and
(2) obtain an approximately unbiased estimate of the generalization performance of your final
model. Which of the following strategies is most appropriate?

a Randomly split the data into 80% training and 20% test. Use only the 80% training
set in a 5-fold cross-validation loop to choose hyperparameters, then retrain the model
with the chosen hyperparameters on the full 80% training set and evaluate it once on
the 20% test set.

b Perform 10-fold cross-validation on the full dataset. Choose the hyperparameters
that minimize the average cross-validation error, and then report this same average
cross-validation error as the final test performance of the model.

c Randomly split the data into 60% training, 20% validation, and 20% test. Use both
the validation set and the test set to try different hyperparameters and pick the one
that gives the lowest average error across these two sets.

d Randomly split the data into 70% training and 30% validation. Use the validation set
to tune hyperparameters and report the final validation error as the test performance.

11. One Answer 1 point

You are clustering a dataset in Rd using either k-means or a Gaussian Mixture Model (GMM)
with K components and parameters learned by EM. Which of the following statements about
the relationship between k-means and GMMs is most accurate?

a k-means can be viewed as a special case of a GMM with K Gaussian components
that are all spherical with equal variance, equal mixing weights, and where we take
the limit as the variance σ2 → 0 and use hard cluster assignments instead of soft
responsibilities.

b A GMM with K components is exactly equivalent to k-means with K clusters for any
choice of covariance matrices; they optimize the same objective and always produce
identical cluster assignments.

c k-means is more general than GMMs, because k-means can learn arbitrary cluster
shapes while GMMs are restricted to Gaussian clusters.

d A GMM with diagonal covariance matrices is equivalent to running k-means inde-
pendently on each feature dimension and then combining the 1D clusterings.

12. In this question, let us study the curse of dimensionality. Imagine that we discretize the feature
space by dividing each dimension into 10 equally sized bins.

a. 1 point

Calculate the total number of grid cells (hypercubes) created in a:

A. 1D line (d = 1):
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B. 2D plane (d = 2):

C. 3D cube (d = 3):

b. 1 point

Suppose you have a fixed dataset of N = 500 points. Using your answer to part a, explain
why the data becomes “sparse” as the dimension increases.

c. 1 point

How does Principal Component Analysis (PCA) help mitigate the curse of dimensionality?

13. One Answer 1 point

Which of the following statements correctly distinguishes random forests from gradient-
boosted trees?

a Random forests can be trained in parallel because each tree is independent, whereas
gradient-boosted trees must be trained sequentially because each new tree attempts
to correct the errors of the previous ones.

b Random forests utilize “stumps” (trees with only one split) to prevent overfitting,
while gradient boosted trees require deep, fully grown trees to capture complex pat-
terns.

c Random forests use all available features at every split to ensure the strongest pre-
dictors are used, whereas gradient boosting adds randomness by randomly ignoring
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some strong predictors when constructing splits.

d Random forests focus on reducing bias by increasing the depth of trees, while gradient
boosted trees focus on reducing variance by aggregating across multiple trees.

14. Select All That Apply 1 point

Select all statements that are true about the bootstrap.

a Bootstrapping is usually used to estimate the sampling distribution and standard
error of a statistic, especially when a closed-form solution is not available.

b In bootstrapping, each resampled dataset is sampled without replacement, so each
observation appears at most once (unless there were duplicates in the underlying
sample data).

c Bootstrapping assumes that the empirical distribution of the sample data is a good
approximation of the true, unknown population distribution.

d Bootstrapping is also used when constructing random forests. Specifically, each tree
in the random forests is trained on a different bootstrapped sample of the training
data.

15. 2 points

You are training a neural network and get the following plot after plotting your training and
validation loss.

(a) Give two possible reasons for this training behavior, and give a brief explanation for each
reason.
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(b) Suppose you were using sigmoid activations in your original network. Propose an alterna-
tive activation function you could use, and explain why it might be preferable over sigmoid
in this situation.

16.
Suppose a professor at UW is developing a model to predict whether or not an undergraduate
CSE student will attend graduate school (y ∈ {0, 1}), based on a variety of input features x.
They would like to formulate this as a Maximum Likelihood Estimation problem and train a
logistic regression model accordingly.

(a) 1 point

What is Pθ(y|x), i.e., the form of the conditional probability distribution used to model
the binary labels as a function of the model weights θ?

(b) 1 point

Given a set of independent and identically distributed training data {(x1, y1), . . . , (xn, yn)},
what is the likelihood function?
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(c) 1 point

Given the likelihood function, how do we get the trained weights θ̂?

17. Consider a binary logistic regression model that predicts Y = 1 whenever P(Y = 1|X) ≥ P(Y =
0|X). Each data point x ∈ R2 has two dimensions, x1 and x2, that are mapped to features

using ϕ(x) =

⎡⎣x2
1

x2
2

1

⎤⎦.
The model parameters are weights w1, w2 and a bias term b.

(a) 1 point

Write the equation for the decision boundary.

(b) 1 point

If w1 = w2 > 0 and b < 0, what is the geometric shape of the resulting decision boundary?

18. 1 point

Is this claim True or False? Briefly explain your answer.

“wj = 0 means that feature j has no predictive power for the true label y”
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19. Consider a simple neural network for binary classification with one hidden layer. For an input
x ∈ R, let the hidden layer be a = ReLU(w1x) and the output layer be ŷ = σ(w2a), where
w1, w2 ∈ R are the weights and σ(·) is the sigmoid activation function. Assume we use the
cross-entropy loss function L(y, ŷ) = −y log(ŷ) − (1 − y) log(1 − ŷ), where y ∈ {0, 1} and the
log is the natural log.

Recall that ReLU(x) = max(0, x).

(a) 1 point

Show that the loss function is not convex. Hint: Fix a single training point (x, y) to be
(1, 1) and give examples of (w1, w2) assignments where the convexity property does not
hold.

(b) 1 point

ReLU is non-differentiable at x = 0. What method can we use to optimize non-
differentiable, non-convex loss functions?

20. 1 point

Recall that the trace of a matrix is the sum of its eigenvalues. Consider matrix A. Let USV ⊤

Page 12



ID: Page 13

be the SVD decomposition of A such that

S =

⎡⎣3 0 0
0 2 0
0 0 2

⎤⎦ .

Suppose L is the best rank-2 approximation of A. What is the trace of L⊤L?

Trace
(︁
L⊤L

)︁
=

21. One Answer 1 point

Consider the data matrix

X =

⎡⎢⎣x
⊤
1
...
x⊤
n

⎤⎥⎦ ∈ Rn×d,

and feature mapping ϕ : Rd → Rp. Let K ∈ Rn×n be the corresponding kernel matrix, where
Kij = ϕ(xi)

⊤ϕ(xj). For K to be invertible, which of the following must be true?

a n ≥ d

b n ≥ p

c p ≥ d

d p ≥ n

22. 1 point

Let X ∈ Rn×d, y ∈ Rn, and λ > 0. Show that the function f : Rd → R defined by

f(w) = ∥Xw − y∥22 + λ∥w∥22

is convex.
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23. 2.5 points

The following are common machine learning tasks for neural networks.

a) Standard regression

b) Multi-class classification

c) Binary classification

d) Multi-label classification (binary labels that are non-exclusive)

e) Regression of a non-negative value

For each type of output layer for a neural network, write the letter corresponding to the task
it is best used for. Assume k > 1.

1. 1-wide ReLU layer:

2. 1-wide linear layer:

3. k-wide softmax layer:

4. 1-wide sigmoid layer:

5. k-wide sigmoid layer:

24. 2 points

Consider a 2-layer neural network for regression without bias terms:

• Input dimension: 2.

• Hidden layer: 2 units with ReLU activation,

h = ReLU
(︁
Wx

)︁
, W ∈ R2×2.

• Output: scalar prediction
ŷ = v⊤h, v ∈ R2.

• Loss (for a single example): squared error

L =
1

2
(ŷ − y)2.
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For a single training example, suppose

x =

[︃
1
−1

]︃
, y = 2, W =

[︃
1 2
−1 1

]︃
, v =

[︃
1
−2

]︃
.

Assume ReLU(z) = max(0, z) is applied elementwise.

(a) Compute the hidden activations h and the prediction ŷ.

(b) Compute the loss L.

(c) Compute the gradient ∇vL.

(d) Compute the gradient ∇WL.

25. 2 points

Consider the 1D quadratic loss

f(w) =
1

2
aw2, a > 0,

and gradient descent with fixed step size η:

wt+1 = wt − η∇wf(wt), w0 ̸= 0.

(a) Derive the gradient descent update rule explicitly, and solve the recurrence to obtain a
closed-form expression for wt in terms of t, w0, a, and η.
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(b) Using your expression from part (a), give a necessary and sufficient condition on the
step size η for gradient descent to converge to the minimizer w∗ = 0 (i.e., wt → 0 as
t → ∞).

26. 2 points

For each of the following statements about regularized linear regression, circle True or False
and briefly justify your answer in one sentence.

(a) True / False: For any feature matrix X ∈ Rn×d, the solution to

min
w

∥y −Xw∥22 + λ∥w∥0

is guaranteed to be unique for all λ > 0.

(b) True / False: For an orthonormal feature matrix X (columns orthonormal), lasso
and ridge generally select exactly the same non-zero coordinates, just with different mag-
nitudes.

(c) True / False: For any feature matrix X, increasing λ in lasso regression can never
make a coefficient increase in magnitude.

(d) True / False: For any feature matrix X, increasing λ in ridge regression can never
make a coefficient increase in magnitude.
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27. 1 point [Extra credit.]

In this question, we will study the representer theorem for logistic regression, as a special case
of a representer theorem for kernelized models. It gets its name because it shows that the
solution can be directly represented as a combination of the training data.

Assume that we have training data {(x1, y1), (x2, y2), . . . , (xn, yn)}, where xi ∈ Rd and yi ∈
{−1,+1}, and are training a L2-regularized logistic regression model by optimizing the MLE
training objective

ŵ = argmin
w

1

n

n∑︂
i=1

log(1 + exp(−yiw
⊤xi)) + λ∥w∥22.

Assume that λ > 0 and that d can be larger than n. Prove that the MLE solution ŵ can
always be expressed as a linear combination of the training points x1, x2, . . . , xn.

Hint: Decompose ŵ into ŵ∥ and ŵ⊥, where the former is in the span of the training data and
the latter is in the orthogonal complement of the span.

28. 1 point [Extra credit.] Surprisingly, we can show that not only does the representer

theorem hold at convergence, but that it also holds for every gradient descent iterate (given
the right initialization).

Continuing from the previous question, now assume that we use stochastic gradient descent
(with batch size 1) to train our model, initialized with w0 = 0. Prove that every iterate
w1, w2, . . . obtained by running stochastic gradient descent can always be expressed as a linear
combination of the training points x1, x2, . . . , xn.

Hint: Consider a proof by induction. At time 0, w0 = 0 is in the span of the training data.
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END OF EXAM
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Extra page for scratch paper
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Extra page for scratch paper
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