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EPFL

Profs. Nicolas Flammarion and Martin Jaggi
Machine Learning — CS-433 - IC
18.01.2024 from 15h15 to 18h15 in STCC

Duration : 180 minutes

Student One

SCIPER: 111111

Do not turn the page before the start of the exam. This ‘document is double-sided, has 20
pages, the last ones are possibly blank. Do not unstaple.

e This is a closed book exam. No electronic devices of any kind.

e Place on your desk: your student ID, writing utensils, one double-sided A4 page cheat sheet if you
have one; place all other personal items below your desk.

e You each have a different exam.

e This exam has many questions. We do not expect you to solve all of them even for the best grade

e Only answers in this booklet count. No extra loose answer sheets. You can use the last two pages
as scrap paper.

e For the multiple choice questions, we give :

+2 points if your answer is correct,
0 points for incorrect or no answer

e For the true/false questions, we give :
+1.5 points if your answer is correct,
0 points for incorrect or no answer

e Use a black or dark blue ballpen and clearly erase with correction fluid if necessary.

e If a question turns out to be wrong or ambiguous, we may decide to nullify it.

Respectez les consignes suivantes | Observe this guidelines | Beachten Sie bitte die unten stehenden Richtlinien

choisir une réponse | select an answer | ne PAS choisir une réponse | NOT select an answer Corriger une réponse | Correct an answer
Antwort auswahlen NICHT Antwort auswahlen Antwort korrigieren

X ¥V & [] [ ]

ce qu'il ne faut PAS faire | what should NOT be done | was man NICHT tun sollte
7/ 77
00004

For your examination, preferably print documents compiled from auto-
multiple-choice.
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First part: multiple choice questions

For each question, mark the box corresponding to the correct answer. Each question has exactly one
correct answer.

Linear regression / Loss functions

Figure 1 below shows the three different datasets (A, B, C) and the same linear model used to predict each
of these datasets.
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Figure 1: 3 Datasets (A, B, C), and a linear model represented by the dashed line (from R* to R!)

Question 1  Choose the correct ordering with respect to MSE (Mean Squared Error) loss

[ ] MSEg > MSE,4 > MSE¢
[ ] MSEg > MSE¢ > MSE 4
D At least two of the MSE losses are equal.
[ ] MSE4 > MSE¢ > MSEjp
[ ] MSE¢ > MSEp > MSE 4
[ ] MSE4 > MSEp > MSE¢
[ ] MSE¢ > MSE, > MSEp

Question 2 Choose the correct ordering with respect to MAE (Mean Absolute Error) loss

[ ] MAE, > MAE¢ > MAEg
[ ] MAEg > MAE- > MAE,
[ ] MAE, > MAE; > MAE¢
[ ] MAEc > MAE, > MAEg
[ ] MAEp > MAE4 > MAE¢
|:| At least two of the MAE losses are equal.
[ ] MAE: > MAEp > MAE,

For your examination, preferably print documents compiled from auto-
multiple-choice.
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Log-likelihood

Question 3  Let us assume that our data is generated by the model y,, = x;Lr Wirue + €n, Where &,, follows

a random distribution such that p(y,|Xn, Wirue) = %be’%‘y"”‘;w"““, and b is a fixed parameter. We would

like to maximize log-likelihood to find a good estimate of wy,uo. Which of the following formulations is NOT
equivalent to MLE?

[ ] argmin,, Zi:;l [Yn — x,) W]

[ argmin,, 32,0, flyn — x[w]
D argmax,, Hﬁle D(Yn|Xn, W)
[] argmin,, log(p(y|x,w))

Optimization
Question 4  We are using Gradient Descent to find the 1-dimensional global minimum w* by optimizing
the loss function £(w) at iteration t. £(w) is strictly convex, so it has a unique minimum. If w* > w*, what

is true about the gradient of the loss function, V£ (w?!), and the next iteration of the parameter w!*1?
[[] vL£(w) > 0 and wi™! < w!
[]ve

[]ve
[]ve

) >0 and wit! > wt

(w")
(w') < 0 and W' < wt
(w')
(w?) < 0 and W't > w!

Logistic Regression
Question 5  Which of the following statements is true about the logistic regression model?
D Logistic regression gives a max-margin classifier
D By minimizing negative log-likelihood, we can obtain a closed-form solution for logistic regression
[ ] Inlogistic regression, we calculate the weights @ = (X" X)X Ty, and then fit responses as y = o(X60)

D If we run Gradient Descent to solve a logistic regression task on linearly separable data, the weights

will not converge

For your examination, preferably print documents compiled from auto-
multiple-choice.
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k-NN
Question 6  Recall the bound on the 1-NN generalization error for (X,Y) ~ D over X xY = [0,1]¢x {0, 1}:

Esunain [L (fSuna)] < 2L(f4) + deVdAN~ 71,

where fs,,,,, is the 1-NN classifier with the train dataset Serain, fo(X) = 1,(x)> 1 is the Bayes optimal
classifier and n(x) =P (Y = 1| X = z) is a ¢-Lipschitz function.

Now, assume that the same setting is verified but X is now distributed over [0,1] N L where L is a p-
dimensional plane inside R? with p < d. How does the number of samples N need to scale in terms of p or

d to guarantee that the worst-case error does not exceed a fixed € with 1-NN classifier?

[INxp
[ Noxd
[] N 2w
DNO(Zd

K-means clustering

Question 7 Consider K-means with a modification to the loss seen in class such that each data point

Xy, is now weighted according to function w with weight w(x,) > 0. The optimization problem becomes:

N K
mln L(z, p) Z Xn)zznkHXn = mell3

s.t. Hy € RD7 Znk € {Oa l}a Zznk =1,
k=1

where z,, = [anazn% . "7ZnK]T7Z = [Zl,ZQ; . 'azN]Tauf = [/1'17/427 s 7I’I‘K]T

Following the same strategy as for K-means, the new iterative updates become

D= { ) g 5l = B
O e { | b el - B
g { = i b, B

For your examination, preferably print documents compiled from auto-
multiple-choice.
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GMM & K-means

Question 8

Four simulated datasets are illustrated in Figure 2. As you can see, we have 3 distinct clusters in each
dataset. We are interested in applying either K-means clustering or a Gaussian mixture model (GMM) for
recovering the correct clustering (meaning that the clustering algorithm correctly assigns each data point to
its true underlying cluster). Assuming sufficient initializations, which of the following statements is correct?

|:| Only GMM can perfectly cluster Dataset B.
D Only GMM can perfectly cluster Dataset D.
|:| K-means cannot perfectly cluster any of the datasets due to the presence of non-spherical clusters.
|:| Only GMM can perfectly cluster Dataset C.
D Only GMM can perfectly cluster Dataset A.

Dataset A Dataset B

Dataset C Dataset D

Figure 2: 4 simulated datasets. The center of each cluster is marked with a +.

For your examination, preferably print documents compiled from auto-
multiple-choice.
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Neural Networks & Deep Learning

Question 9 Consider an alternative attention mechanism where the attention weights p; ; forming P

and the outputs Z are given by:

ReLU(q;k])
pL"] = Tin T
121 ReLU(qik; )
Z =PV

Here all vectors are row vectors like in the transformer lecture. Ignore cases where the denominator for p; ; is

zero (assume that never happens). Which of the following statements best captures the difference compared

E
to standard attention with P = softmax(%)?

|:| The alternative mechanism has a different big-O computational complexity

D The alternative mechanism does not compute proper, i.e. based on a valid probability distribution,

weighted averages of the value tokens
|:| The alternative mechanism has P that is invariant to a rescaling Q'+ aQ for constant a € Ry
D The alternative mechanism is non-linear unlike standard attention

D The alternative mechanism explicitly accounts for the order of the inputs and therefore shouldn’t

require positional embeddings unlike standard attention

D None of the other statements are correct

Matrix Factorization

Question 10 Given matrix A € R¥™? with eigenvectors (1,2,1)7 and (1,1,0) T, both with eigenvalue 4,
and trace(A) = 2. What is the determinant of A?

[ ] det(A) = —16

[ ] det(4) =128

[] det(A) =16

|:| The determinant of a matrix cannot be determined, since the dimension of A is unknown.
[ ] det(A) = —128

[ ] det(A) = —96

Bias-Variance Decomposition

Question 11 Consider data consisting of input-output pairs (z,y) coming from an unknown distribu-
tion D, where the input = € X follows an unknown distribution D, and the output y € R is generated as
y = f(x)+eg(x). The functions f, g : X — R are unknown, and the random error term € ~ D, is independent
of the input and has mean 0 and variance o2. Given a training set S sampled from D, let hg : R? — R be
the predictor learned by our ML algorithm. Let L(hg) = E.p. {(f(xo) +eg(xg) — hs(xo))ﬂ be the error
at some fixed point xyp. Which of the following answers gives the correct expression for the expected error

Es~p[L(hs)] = Es~p,e~D. {(f(fo) +eg(wo) — hs(xo))z} ?
[] 02g(20)? + Es~p|(f(20) — hs(z0))?];
[ ] 02g9(z0)? + 29(x0)0 Esplf (w0) — hs(@0)] + Espl(f(z0) — hs(0))?];
[ ] 0%+ (f(20) — Es~plhs(20)])? + Es~pl(hs(z0) — Esrmplhs (20)])%);
[ ] None of the above expressions equals Egp[L(hs)].

For your examination, preferably print documents compiled from auto-
multiple-choice.
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Transformers
Question 12  Considering a sequence of n tokens, the computational complexity of the masked attention

mechanism in BERT language models is: (select the smallest correct complexity)

® For your examination, preferably print documents compiled from auto-
multiple-choice.
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Second part: true/false questions

For each question, mark the box (without erasing) TRUE if the statement is always true and the box

FALSE if it is not always true (i.e., it is sometimes false).

Question 13 (Linear regression) For linear regression with no regularization, scaling the features
(e.g. as in data normalization) does not change the model’s performance, assuming that we can efficiently
compute the optimum model in both cases, i.e. numerical stability/efficiency of finding the optimum model

is not a concern.

[ ] TRUE [ ] FALSE

Question 14  (Linear regression) For linear regression with a bias and no regularization, centering the
features (as in data normalization) does not change the model’s performance, assuming that we can effi-
ciently compute the optimum model in both cases, i.e. numerical stability /efficiency of finding the optimum

model is not a concern.

[ ] TRUE [ ] FALSE

Question 15 (Feature expansion) Unnecessary polynomial expansion of input features can lead to un-
derfitting.

[ ] TRUE [ ] FALSE

Question 16 (Ridge regression) Ridge regression can help mitigate the impact of ill-conditioned data
matrices during training, but it does not make the solution sparse. It consists of minimizing the following
loss function: ZnNzl(yn —x,w)2 + \|wl3

[ ] TRUE [ ] FALSE

Question 17 (Gradient Descent). When training a Deep Neural Network, it is better to use classical
gradient descent rather than stochastic gradient descent with mini-batches to optimize the parameters of

the network.

[ ] TRUE [ ] FALSE

Question 18  (Optimization) The Mean Absolute Error (MAE) loss function is more robust to outliers
in the training dataset than the Mean Squared Error (MSE) loss function.

[ ] TRUE [ ] FALSE

Question 19  (Logistic regression) One step of SGD for Logistic Regression will result in a change to the
parameters only if the current example is incorrectly classified.

[ ] TRUE [ ] FALSE

For your examination, preferably print documents compiled from auto-
multiple-choice.
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Question 20 (Classification) There are many classification problems that are not linearly separable.

Tricks like kernel methods or adding a regularizer allow us to still separate the classes with a linear classifier.

[ ] TRUE [ ] FALSE

Question 21 (Kernels) The kernel trick allows computing inner products in infinite-dimensional feature

spaces for specific choices of the kernel function.

[ ] TRUE [ ] FALSE

Question 22  (Support vectors) Let D be a d-dimensional linearly separable binary classification dataset.
Recall that Hard-SVM finds the maximum-margin hyperplane that is equidistant to two hyperplanes that
form the boundaries of the margin. Let S be the number of data points on these two hyperplanes obtained
with the Hard-SVM classifier on D. Then, it is always true that S € [2,2d).

[ ] TRUE [ ] FALSE

Question 23  (Duality) Let G(w,a) : W x A — R be linearin both a and w, where A and W are convex

and compact domains. Then, the following holds:

max min G(w, @) = min maxG(w, )
acA wew weW acA

[ ] TRUE [ ] FALSE

Question 24  (EM Algorithm) The Expectation-Maximization (EM) algorithm is guaranteed to converge
to the global maximum likelihood solution for fitting GMMs.

[ ] TRUE [ ] FALSE

Question 25 (GMM) The probability of the latent assignment z, of the data point x,, being the k-th
component of a GMM with K components is given by:

Pl = K|X = 2) = mic- N@al e, Z)

[ ] TRUE [ ] FALSE

Question 26 (CNN receptive field) Average pooling with a 2 x 2 window and stride 2 increases the size
of the receptive field compared to the receptive field of the current layer.

[ ] TRUE [ ] FALSE

Question 27  (Transformer) The computational complexity of a forward pass through a standard, single-
headed, encoder-only transformer of depth L, embedding dimension D, sequence length S and using a batch
size of N is: O(NLSD?)

[ ] TRUE [ ] FALSE

For your examination, preferably print documents compiled from auto-
multiple-choice.
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Question 28 (Adversarial Training) Adversarial training typically results in a decreased (standard)

accuracy on a test set drawn from the same distribution as the training and validation sets.

[ ] TRUE [ ] FALSE

Question 29  (Text Representation Learning) FastText is a supervised learning algorithm to learn sentence
representation. Given a sentence s, = (w1, ws, ..., Wy, ), its bag-of-words representation x,, € RVl in the
vocabulary V', and the classification label y,, € {£1}. The training objective is:

{}nvi,%[,(W,Z) = Z fynWZ xy,)

Sn 1S a sentence

This training objective is convex w.r.t. the joint parameters W and Z if the function f is linear,

[ ] TRUE [ ] FALSE

Question 30  (Generalization) When the loss function £ € [a, b] is bounded, Hoeffding’s Inequality allows
us to bound the difference between the true error Lp(fs,.,,.) and the training error Lg, . (fs.....), which

leads to

PStrain |LD (fstrain) - LStrain (fStrain) | >

(b—a)?1In(2/4)
2|Strain| ] S 5

[ ] TRUE [ ] FALSE

Question 31 (Model Selection) Suppose we want to optimize the hyperparameter A over the values
A1,..., Ak and suppose the loss function £ € [a,b] is bounded. Let \; be the hyperparameter value leading
to the predictor f; with the smallest training error and let Az be the hyperparameter value leading to the

predictor fi« with the smallest true error Lp(fg+). Then, using Hoeffding’s Inequality, we get

PSurawn | LD (f3) 2 Lo(fir) + 2\/(b —ao) ln(QK/é)] <.

2 | Strain|

[ ] TRUE [ ] FALSE

Question 32
(Self-supervised learning) When GPT models are trained on next token prediction with teacher-forcing,
during training, each predicted token is added to the input sequence and fed back as input to the model in

an autoregressive manner.

[ ] TRUE [ ] FALSE

For your examination, preferably print documents compiled from auto-
multiple-choice.
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Third part, open questions

Answer in the space provided! Your answer must be justified with all steps. Leave the check-boxes empty,
they are used for the grading.

1 Neural networks

Question 33: (3 points.) Let’s denote the input to the network as x € RY, network parameters as W €
R™ 4 and v € R™, and let’s define some additional variables 4, 3 € R™. Consider a two-layer network
f(x) = v $(Wx) where ¢(z;) = (z; — 7i)/B; which can be seen as using batch normalization with
fixed batch statistics ; and ; instead of a standard activation function. Assume that we are using
the squared loss £(x,y) = (f(x) — y)?. Answer the following questions with a proper derivation or a

counter-example:
(a) Is the network f an affine (i.e., linear with a bias term) function of the input x?

(b) Is the loss £ convex with respect to parameter W?

(c¢) Let’s define ~y as the vector whose every coordinate equals the average of the pre-activation values
L5, wlx. Does this change the answer to question (a)? Does this change the answer to question
(b)?

[l Rl

For your examination, preferably print documents compiled from auto-
multiple-choice.
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Question 34: (2 points.) The GeLU activation function (popular for transformer architectures) is usually

implemented as ¢(z) = zo(cz) where z € R, ¢ ~ 1.702, and o(z) = H%
(a) Write down the derivative %(ZZ) and simplify the resulting expression.

(b) What is the value of %f) when z = —oo and z — oo? Show intermediate calculations of the

limits.

(c¢) Discuss the relationship between the derivatives of GeLU and ReLU. For which inputs z they are

similar and for which z they differ?

L[l

For your examination, preferably print documents compiled from auto-
multiple-choice.



N N BEEEN +1/13/48+

2 GMDMs with weights

We consider a modification of the Gaussian Mixture Model seen in class where each data point x,, € R?
is now weighted according to function w with weight w(x,) > 0. As in the lectures we use Expectation-

Maximization and are interested in deriving the updates to optimize this new objective.

N K
mgxﬁ(@) = Z w(xn)logz:mC N (x| o, Zk)
n=1 k=1
Where 0= (M1, TR gy ey ey 215 e ey DK ),
K
Zﬂ'k =1,m >0, and
k=1

A1) = (2m) 2 den(2) 2 exp (= ) x )

We have derived the E-step for you, serving as a lower bound to £(8). Below, you will find the maximization

problem of the M-step, which you must solve to obtain the new parameter updates.

N K
o+ — arglenax Z w(Xy,) Z q,(frz [log mg+ log N (% |2y, Xk)]
k=1

n=1

T ON (x|, 2
S m DN (el 20)

Where q,(:g = For simplicity you can assume that d = 1 (in that case ¥ = o2).

Question 35: (1 point.) Derive ,ugﬂ).

L[

For your examination, preferably print documents compiled from auto-
multiple-choice.
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Question 36: (I point.) Derive 2,(:“).

‘ Vi
Question 37: (I point.) Derive Wl(ctﬂ)

® For your examination, preferably print documents compiled from auto-
multiple-choice.
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Question 38: (I point.) If w was an integer function (i.e. w(x,) € Nsg), can the weighted objective be
solved using only a routine for solving the unweighted objective and a data preprocessing method?

Justify your answer.

L[

For your examination, preferably print documents compiled from auto- ®
multiple-choice.
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3 Diffusion Models

You are given the Markov chain associated with a diffusion model {Xg, X1,..., X7} with X ~ pdata and
Pdata € P(RY) the distribution of the data. The forward transition, which is the conditional distribution
such that X;,1 ~ p(-|X;), is chosen to be Gaussian with density p(z41|z¢) = N(2411; 0z, (1 — a?)ly) and
a > 0.

Question 39: (I point.) Given this choice of the forward transition, what is the distribution of X7 when

T — oco? (answer only, no derivation is required)

L[

To create a generative model, we want to sample from the backward process using ancestral sampling and
approximating the backward transition with-a Taylor expansion such that p(xi|ziy1) =~ N (z4; (2 — @)z 1 +
(1—a*)Viogp(zis1), (1 —a®)la).

Question 40: (I point.) Explain in words why the approximate backward transition in the given form still

cannot be computed exactly.

[ [ s

® For your examination, preferably print documents compiled from auto-
multiple-choice.
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We approximate the score Vlogp(z:) using a Neural network sg(z;) with parameters § and solving the

following regression problem:
1
0* = argémn iEX‘ [||Vlogp(Xt) — se(Xt)HQ} (L)

Question 41: (3 points.) Show how the denoising score matching loss in the above equation (L) can be

rewritten in a tractable form that only requires the conditional density p(X;|Xo):

[l ][ s

For your examination, preferably print documents compiled from auto-
multiple-choice.
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Given our Gaussian choice for the forward transition, we know that the density at each time step ¢ conditioned
on the initial point is also Gaussian p(x¢|zo) = N (24; alxg, (1—a?!)ly) and therefore X; = ! Xo++/1 — 2§,
with & ~ N(0, 1y).

Question 42: (I point.) Explain why the score matching loss can be interpreted as learning to predict the

t
added noise from the noised data, remember that V log p(z:|zo) = —%.
[ [ ]
® For your examination, preferably print documents compiled from auto-

multiple-choice.
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For your examination, preferably print documents compiled from auto-
multiple-choice.




N BN B BE +1/20/41+

For your examination, preferably print documents compiled from auto-
multiple-choice.




