
ECE 510: Deep Learning Theory and Practice Spring 2019

Homework 4
Due: Wednesday, May 22, 2019, 12:00 noon PT

Student Name: Instructor Name: Ted Willke

(10 Points Total)

Problem 1 (Concepts) - 2 points

Consider a target function f(x) = sin(πx). The input space is X = [−1,+1]. The input probability dis-
tribution is uniform on X. Assume that the training set D has only two datapoints (N = 2) (selected
independently), and that the learning algorithm selects the hypothesis that minimizes the in-sample mean
squared error.

For each of the following learning models, find (analytically or numerically) (i) the best hypothesis that
approximates f in the mean-squared error sense (assume that f is known for this part), (ii) the expected
value (with respect to D) of the hypothesis that the learning algorithm produces, and (iii) the expected out-
of-sample error and its bias term (the square of the bias) and var term. Show your complete analysis
and/or code for all steps to receive credit.

(a) The learning model consists of all hypotheses of the form h(x) = ax+ b (if you need to deal with the
infinitesimal-probability case of two identical data points, choose the hypothesis tangential to f).

(b) The learning model consists of all hypotheses of the form h(x) = ax. We have not previously discussed
this case.

(c) The learning model consists of all hypotheses of the form h(x) = b.

Problem 2 (Concepts) - 1 point

Based on the figure below (discussed during Lecture 11), answer the following questions:

(a) E
[
Eout(g

−
m∗)
]

is initially decreasing. How can this be, if E [Eout(g
−
m)] is increasing in K for each m?

(b) We see that E [Eout(gm∗)] is initially decreasing, and then it starts to increase. What are the possible
reasons for this?

(c) When K = 1, E
[
Eout(g

−
m∗)
]
≤ E [Eout(gm∗)]. How can this be, if the learning curves for both models

are decreasing?
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Problem 3 (Concepts) - 1 point

You have a dataset with 100 data points. You have 100 models each with VC-dimension 10. You set aside
25 points for validation. You select the model which produced minimum validation error of 0.25. Give a
bound on the out-of-sample error for this selected function.

Suppose you instead trained each model on all the data and selected the function with minimum in-sample
error. The resulting in-sample error is 0.15. Give a bound on the out-of-sample error in this case.

You may use the fact that dvc(H) = O(max(dvc,K) log2(max(dvc,K)), where there are K hypothesis sets
with finite VC dimension dvc and H is the union of these models. You may also use the growth function
relation mH(N) ≤ Ndvc +1. You need not calculate the error; rather, set up the calculation with the correct
expression and numbers plugged into it.

Problem 4 (Concepts) - 2 points

When using a validation set for model selection, all models were learned on the same Dtrain of size N −K,
and validated on the same Dval of size K. We have the VC-bound:

Eout(g
−
m∗) ≤ Eval(g

−
m∗) +O

(√
lnM

2K

)
Suppose that instead, you had no control over the validation process. So M learners, each with their own
models present you with the results of their validation process of different validation sets. Here is what you
know about each learner:

Each learner m reports to you the size of their validation set Km, and the validation error Eval(m). The
learners may have used different datasets, except that they faithfully learned on a training set and validated
on a held out validation set which was only used for validation purposes.

As the model selector, you have to decide which learner to go with.
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(a) Should you select the learner with minimum validation error? If yes, why? If no, why not? [Hint:
Think VC-bound]

(b) If all models are validated on the same validation set, why would it be okay to select the learner with
the lowest validation error?

(c) After selecting learner m∗ (say), show that

P [Eout(m
∗) > Eval(m

∗) + ε] ≤Me−2ε2k(ε),

where k(ε) = − 1

2ε2
ln

(
1

M

∑M
m=1 e

−2ε2Km

)
is an ”average” validation set size.

(d) Show that with probability at least 1− δ, Eout ≤ Eval + ε∗, for any ε∗ which satisfies ε∗ ≥

√
ln (M/δ)

2k(e∗)
.

(e) Show that minmKm ≤ k(ε) ≤ 1

M

∑M
m=1Km. Is this bound better or worse than the bound when all

models use the same validation set size (equal to the average validation set size
1

M

∑M
m=1Km)?

Problem 5 (Practice) - 4 points

In this problem, you will explore the design of convolutional neural networks and the use of cross validation
for model selection using PyTorch. First, you will complete the design of a pioneering 5-layer network known
as LeNet-5. Then, you will code your own cross validation routine and verify that it works. Finally, you will
use it to select the best number of activation maps for the CNN.

Questions 5(a) through 5(c) are posed in notebook ’tutorial6-convnets.ipynb’ on the course website. Please
feel free to answer all questions in the notebook using a combination of code output and markdown.

*** IMPORTANT: No hard copies accepted. Submit typed or written answers in PDF format
for the theoretical portion. Submit answers to the programming questions in PDF format,
along with plots. You may choose to markdown your Jupyter Notebook output. In addition,
you must upload your source code files. Please limit the number of files that you upload and
keep file size under 25 MB.***


