CSE 446/546 Winter 2026 Midterm Exam

Feburary 9, 2026

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).

e For multiple choice questions, fill in the circle(s) to indicate your answers. Do not write your
answer to the side. Example:

e Multiple choice questions marked with 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).

e For |Select All That Apply ‘ questions, we will give partial credit.

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

e If you need to change an answer or run out of space, clearly indicate what you would like
graded as your final answer. If we cannot determine your final answer, we cannot give credit.

e If you complete the exam before the last 5 minutes, you may turn in your exam to course
staff. Otherwise, please remain in your seats for the last 5 minutes of the exam.

e If you need to use the restroom, please first leave your exam with an instructor at the front
of the room. You can then collect and resume your exam when you return.



This image is included only to cover the back of this page. It has no relation to the exam.
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NEr

Recall that ||z|2 = VT2 is a norm over R™. Use the properties of norms from Homework 2
to answer the following questions.
Hint: a function g is a norm (over R™) if it satisfies all of the following:

i. g(x) >0 for all x € R™ with equality if and only if =0

it. glaz) =

alg(x) for alla € R and x € R"
iii. gz +y) < g(x)+g(y) for all z,y € R™

(a) Is f(z) = ||z||3 a norm? Explain why or why not.

(b) Is g(z) = ||Az||2 a norm for any A € R™"*"? Explain why or why not.

2. ‘ 1 points ‘ ‘ Select All That Apply‘

Let Xi,...,X, be ii.d. samples from a continuous distribution with density p(x
6 is an unknown parameter. Define the likelihood function £(8) = ], p(X; |
log-likelihood function log () = Y"1 log p(X; | 6).

6), where
)

|
0) and the

Which statements about maximum likelihood estimation (MLE) are true?
@ Any 0 that maximizes ¢(6) also maximizes log ¢(6).
@ The value of the maximized ¢(0) is equivalent to the value of the maximized log ¢(6).
@ Orrp is always unbiased given any sample size n.

@ For a Bernoulli model X; ~ Bernoulli(p) (X; is 1 with probability p and 0 with
probablhty 1-— p), the MLE is ﬁMLE = % Z?:l Xz

If the log-likelihood function is concave, then any € that satisfies Vg log £(0) = 0 is
guaranteed to be a global minimum.
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3
Let Xq,..., X, beii.d. samples from an Exponential distribution with unknown rate A > 0:
p(z | N)=Xxe ™ x>0
(a) Write out the data log-likelihood.

(b) Derive the maximum likelihood estimate AVLE

1. [T

You are modeling sensor readings using a linear model: Y = Xw + €. Your engineering team is
considering the following noise models:

e Model A: ¢ ~ N(0,0?)
e Model B: e ~ Laplace(0, b)
In lecture, we showed that MLE under Model A amounts to solving the optimization problem:
W= argngn Y — Xwl3.
In section, we showed that MLE under Model B amounts to solving the optimization problem:

W =argmin||Y — Xwl.
w

o

A sensor occasionally fails and reports extreme measurements. Which estimator is more
robust to such outlier measurements?
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5 [T

True or False: In linear regression, one of the reasons to add regularization is to ensure the loss
function is convex. Explain your answer in one or two sentences.

6. ‘ 1 points ‘ ‘ One Answer

In linear regression, increasing the number of features will:

@ Always increase training error.

@ Always decrease training error.

@ Never increase training error.

@ Never decrease training error.

@ None of the above.
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" [Fpone

Consider a linear regression problem with an intercept term. You are given the following small
dataset with labels y and data matrix X:

NN OO
— o= =
= o O

(note that the data matrix includes a prepended column of ones).

o~

a) Compute the least-squares solution w = E where b is the intercept and m is the slope.
m

(b) Compute training mean squared error (MSE) over the training labels y and predicted
labels § = X@.

(c¢) Explain why the training MSE is not zero. (Hint: Look at how a few specific rows in X
map to y).
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s [Toone

You are given a dataset D = {(z;,y;)}"; where 2; € R. You decide to model this data using
the function:
f(2:) = wo + wy sin(x;) + wer? + wze™

(a) Is this a linear regression model? Briefly explain why or why not in 1-2 sentences.

(b) Let the matrix H and weight vector w be such that the model can be written in the ma-
trix form § = Hw. Explicitly write out the contents of the i-th row of H and the vector w.
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9. ‘ 1 points ‘ ‘ Select All That Apply

You are given a dataset of input-output pairs (z1,y1),..., (Zn,yn) where each z;,y; € R.
You wish to model the relationship between x and y using Linear Regression (Ordinary Least
Squares). You are allowed to transform the inputs x using any fixed basis function

h(z) = [hl(:c),...,hk(ac)]T € R

before learning the weights. Which of the following regression models can be learned using the
standard closed-form solution w = (X7 X)~! X7y, where X is defined as

h(z1) "
X = c ]RnXk,
h(xn)—r

for some choice of h?

@ Y = wo + w1 + w2x2 + U}3(E3

@ Yy = wp + w1e* 4+ wq log(x)
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Recall the ridge regression estimator @Wriqge = (XTX 4+ M) ' X Ty, where X € R"* is the
data matrix with n data points, each consisting of d features. Assume X ' X has eigenvalues
1> o > - 2> g > 0.

(a) ‘ Select All That Apply ‘ Which of the following are True in the setting above?

@ (X T X) is guaranteed to be invertible.
() (xTx) =0
@ When A > 0, X "X 4 ], is guaranteed to be invertible.

(d) When A >0, XX + Ay = 0

(b) What are the eigenvalues of the regularized matrix X ' X + \4?
@ A fori=1,...,d

@ i+ Afori=1,....d
@ M +1fori=1,....d

(@) pi/rfori=1,....d

You are fitting a linear model with many similar (correlated and similar magnitude) features
and relatively few samples. Hyperparameters are chosen via cross-validation. You train both
ridge and lasso regression with a large regularization parameter .

(a) How will ridge and lasso distribute weight across these features differently?

(b) Which solution wyigge Or Wr,asso is more stable (i.e. lower variance)? In other words, if
we were to sample a fresh dataset of the same size, which solution would change less?
Explain.
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12. ‘ 1 points ‘ ‘ Select All That Apply

Consider the ridge regression problem. Let X € R™*? be the data matrix and y € R™ be the
label vector. The ridge objective is

min | Xw — y|[5 + Aw|3,
weRY

where A > 0 is the regularization parameter.
Which of the following statements are true?

@ The objective is convex when A > 0.

@ The objective is convex when A\ = 0.

@ The solution is unique when A > 0 and d > n.

@ The solution is unique when A > 0 and n > d.

@ The solution is more likely to be sparse when A > 0.

13. You are modeling delivery time in minutes for an online grocery service using squared

loss. Features include distance, time of day, driver experience, and number of items. You
observe the following behavior as model complexity increases:

e Training error decreases monotonically.
e Test error decreases at first, then increases.

e Even the best-performing model has high test error in regions with heavy traffic.

(a) Explain why the model has high test error in regions with heavy traffic (third bullet), even
with a highly flexible model and an extremely large dataset. Your answer should reference
the conditional distribution of Y given X.

(b) Suppose you could collect infinite training data, but must keep the same feature set. Which
components of the prediction error would go to zero, and which would remain non-zero?
Explain using the bias—variance decomposition.
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You're building a regression model for data generated by
y:f(x)+€a f(I):Zl‘, 5NN(071)

Consider the point x = 1, so that f(1) = 2. After training the model four times on four different

datasets with the same data generation process, you obtain the fitted predictors fl, fg, f3, and
f4. Atz = 1, fl(l) = 2, fg(l) = 22, f3(1) = 24, and f4(1) =2.2.

We want to understand the bias-variance trade-off of this model. Using the decomposition of
expected test mean squared error (MSE), estimate the following model properties:

(a) Bias?

(b) Variance

(¢) Irreducible error
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You're overseeing a machine learning project to classify rare heart murmurs from stethoscope
recordings, and there are two different models to examine. Model A is trained on a few
manually selected features, including heart rate and volume. Meanwhile, Model B is trained
on a large feature set extracted from the raw audio.

(a) Which of the models would you expect to have higher bias? What about higher variance?
Irreducible error? For each source of error, circle the correct option and give a brief
justification.

Higher Bias: Model A Model B Neither

Higher Variance: Model A Model B Neither

Higher Irreducible Error: Model A Model B Neither
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(b) For the model with higher bias, what are some strategies that could decrease bias? For
the model with higher variance, what strategies would decrease variance?

To Decrease Bias:

To Decrease Variance:
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You are training a model to predict whether a user will click an ad. Each data point corresponds

to a single ad impression, and each user appears in many impressions. You have n = 1,000,000
total impressions but only 50,000 distinct users.

Your goal is to generalize to new users that do not appear in the training data.

(a) Explain why randomly splitting individual impressions into train/validation/test sets can
lead to overly optimistic performance.

(b) Design a correct evaluation procedure. Your answer should specify: (i) how to split the

data, (ii) how to perform cross-validation for hyperparameter tuning, and (iii) how to
obtain the final test performance.

Page 14



You've just joined a biotech startup that’s building machine learning models to predict disease
risk based on genomic data. On your first day, you're given two datasets. Dataset A contains
3.5 million anonymized patient records with hundreds of features each, collected over 10 years.
Dataset B contains 500 samples from a rare disease study.

For each dataset, would you recommend using a single train-val split or k-fold cross-validation
to evaluate model performance? Briefly justify your answer with two reasons per case.

(a) Dataset A:

(b) Dataset B:

18. ‘ 1 points ‘ ‘ Select All That Apply

You're given two datasets: D and Diest, where D is 100 times larger than Diest. You perform
k-fold cross-validation with D and observe that the mean cross-validation accuracy is 92%, but
the final test accuracy on Dyegt is 64%. Which of the following could be a reasonable explanation
for the discrepancy between these two accuracies?

@ The model is overfitting to the data distribution D.

@ The test set is too small.

@ There is a difference in distribution between D and Diegt.

@ Cross-validation always overestimates performance.
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19. ‘ 1 points ‘ ‘ Select All That Apply

You are training a machine learning model on a dataset of 1,000 samples and want to evaluate
its generalization performance. Consider the statements below regarding cross-validation.

Which of the following statements are TRUE?

@ Using k-fold cross-validation with a large k (e.g., k = n) reduces bias in the estimate
of test error but increases computational cost.

Cross-validation allows you to detect overfitting and select hyperparameters, but the
estimate of error is still subject to variance due to the random splitting of the data.

@ Cross-validation can be applied to any supervised learning algorithm.

@ Cross-validation error is an unbiased estimate of future test error.

20. ‘ 1 points ‘ ‘ Select All That Apply‘

Consider logistic regression for binary classification with labels y € {0,1}. The model is defined
by
1

14e 2"

Ply=1|z)=o(z"w), whereo(z)=

Which of the following statements are true?
@ The predicted probability P(y = 1| x) is always between 0 and 1.
@ Increasing = " w increases P(y = 1| x).

@ Classifying an example as y = 1 when P(y = 1 | ) > 0.5 is equivalent to checking
whether zTw > 0.

@ The predicted probability P(y =1 | z) is a linear function of x.
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Here is a list of machine learning tasks that we have learned so far:

(a) Binary Classification

(b) Multi-class classification

(¢) Regression
For each of the numbered scenarios below (1-4), select the single best machine task formulation

from the list of options (A-C). Note: Options A-C may be used once, more than once, or not
at all.

(a) A bank wants to analyze a customer’s financial history to decide whether to “Approve”
or “Reject” their loan application.

Task:

(b) An agricultural tech company wants to predict the total yield of corn (in kilograms) for a
specific farm based on rainfall and soil pH levels.

Task:

(¢) A tool takes an audio waveform of spoken speech and determines which specific word from
a dictionary was spoken.

Task:

(d) A security system analyzes a photo of a face and determines whether it matches a claimed
employee’s ID photo.

Task:

22. ‘ 1 points ‘ ‘ Select All That Apply
Which of the following statements are TRUE?

@ f(x) = |x| is convex

@ A convex function can have multiple global minima.
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23. ‘ 1 points ‘ ‘ Select All That Apply
Which of the following statements are TRUE?

In stochastic gradient descent, the stochastic gradient is an unbiased estimator of the
(empirical) full gradient.

Gradient descent always converges for any step size n > 0 as long as the function f
is differentiable.

Show that f(z) =e™* is a convex function.

Is f(z) = e~ a convex function? Explain why or why not.

Consider minimizing a differentiable function f : R — R using gradient descent. Starting
from an initial point wy, gradient descent updates are given by w41 = w; — nV f(wy), where
1 > 0 is the step size (learning rate).

(a) Under what conditions is gradient descent guaranteed to converge to a global minima?

(b) Give an example setting in which increasing the learning rate leads to gradient descent
converging in fewer iterations?

(¢) Give an example setting in which decreasing the learning rate leads to gradient descent
converging in fewer iterations?
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(a) Draw a function % such that f(z) is convex on [—20, 20].

Convex

30

20

10 A

a@r
dx?

—-10 4

—20 1

-30
—-20

T
-15 -10 -5 0 5 10 15

X

20

(b) Draw a function 2/ such that f(z) is non-convex.

dx?

Non-Convex

30

20 A

10 A

@
dx?

—10 4

—20 1

-30
—-20

-15 -10 -5 0 5 10 15

20
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In this question, we are going to compare gradient descent (GD) and stochastic gradient descent
(SGD) and look at the benefits and drawbacks of each. For each objective below, select the
best algorithm, and provide a brief explanation for your choice. Select “depends on context” if
the better choice depends on the problem and/or context.

(a)

Computational efficiency of a single update step:
GD SGD depends on context

Explanation:

Gradient accuracy (i.e. minimize deviation from the true gradient):
GD SGD depends on context

Explanation:

Ability to escape local minima:
GD SGD depends on context

Explanation:

Faster convergence (measured in time, not in number of iterations):

GD SGD depends on context

Explanation:
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