
Exam Pattern Recognition
Date: Monday, January 31, 2011

Time: 14.00-17.00

General Remarks

1. Hand in your answers to part A (statistical pattern recognition) and
part B (geometrical pattern recognition) on separate sheets of paper.

2. Put your name and student number on every sheet.

3. It is not allowed to consult books, notes, telephone, etc., or someone
else’s answers. You are allowed to use a calculator.

4. Always show how you arrived at the result of your calculations. Always
explain your answer, used symbols, etc.; be precise.

5. Answers may be given in Dutch or in English.

Part A: Statistical Pattern Recognition

Question 1 Short Questions (8 points)

(a) In Support Vector Machines, what is a support vector?

(b) When using a gradient descent algorithm to train a neural network,
why do we usually get a different solution when we choose different
initial values for the weights?
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(c) Give two parameters used in training neural networks that influence
the complexity of the model. For both parameters indicate whether
lower or higher values lead to more complex models. Give a short
explanation.

(d) In a letter recognition task, we train a model on a training set that
contains approximately the same number of examples for each letter.
Would there be a problem with a generative classifier (such as linear
discriminant analysis) when the model is applied in practice (e.g. to
digitize printed novels)? Explain.

Question 2 Logistic Regression (12 points)

In a study of commuting, for 21 persons their travel time to work by car and
by public transport is determined. Also, each person in the study is asked
whether he or she actually travels to work by car or public transport. Using
these data, we estimate the model

p(ti = 1 | xi) =
exp(w0 + w1xi)

1 + exp(w0 + w1xi)
,

where ti = 1 means that person i travels to work by car, ti = 0 that person
i travels by public transport, and xi = (travel time by public transport −
travel time by car) for person i (in minutes).
This produces the following maximum likelihood estimates

w0 = −0.24 w1 = 0.053

(a) We note that w1 has a positive sign. Is this surprising? Explain.

(b) We also note that w0 has a negative sign. Give a simple interpretation
of this finding.

(c) According to this model, what is the probability that someone travels
to work by car, if public transport takes 30 minutes longer?

(d) Use the fitted model to give a simple classification rule for new cases.
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Question 3 Discriminant Analysis (15 Points)

We are given the following training data:

x1 x2 t
2 8 1

10 6 1
6 4 1

14 10 2
6 12 2

10 8 2

Here t is the output variable (the class or group label) and x1 and x2 are
the input variables. Assume that x = [x1 x2]

t follows a bivariate normal
distribution in each group, and that the two groups have the same covariance
matrix.

(a) Estimate the group mean vectors µ1 and µ2, and the group prior prob-
abilities p(t = 1) and p(t = 2).

(b) Estimate the common group covariance matrix Σ.

(c) Compute the linear discriminant functions a1(x) and a2(x) based on
the estimates obtained under (a) and (b).

(d) On the basis of the observed data, is the use of linear (as opposed to
quadratic) discriminant analysis justified?

Question 4 Estimation (15 points)

In a binary classification problem we want to estimate the probability of
class 1; this probability is denoted by π. We have a sample of N obser-
vations of the class label, but unfortunately cases of class 0 are sometimes
incorrectly recorded as being from class 1. This probability is denoted by e.
Cases with true class 1 are always recorded correctly.
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To summarize the notation:

π = the unknown true probability of class 1

e = the known probability of error if the true class is 0

Xi =

{
1 if we observe class 1 for the ith case
0 if we observe class 0 for the ith case

(a) Express p(Xi = 1) as a function of π and e.

Let n =
∑N

i=1 Xi denote the number of observed cases of class 1 in the
sample. To determine the maximum likelihood estimator of π, we maximized
the likelihood function

p(n) = p(X = 1)n(1 − p(X = 1))N−n,

with respect to π (filling in the correct answer to (a) for p(X = 1) of course).
This resulted in the following maximum likelihood estimator for π:

πML =
n − N · e
N − N · e

e 6= 1.

(b) Prove that πML is an unbiased estimator for π, that is, E[πML] = π.
Give a clear justification for each step in your proof.

(c) Give an alternative argument (i.e. other than maximizing the likelihood
function) that leads to the same estimator as πML.

Part B: Geometrical Pattern Recognition

1. (General) 10 points

(a) What is the formulation for an approximate optimization problem
between two patterns A and B?

(b) What is a similarity transformation in the plane? How many
degrees of freedom does it have?

2. (Exact point sets) 10 points

Give an algorithm for exact, 1-1, point set matching under rigid motion.
What is the time complexity?
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3. (Weighted point sets) 15 points

Explain what the Earth Mover’s Distance is and how it works. Is it for
partial or complete, and 1-1 or n-m matching?

4. (Curve matching) 15 points

(a) Explain what the Hausdorff distance is.

(b) Give an algorithm to compute the Hausdorff distance between two
sets of line segments.

Formulas

Estimated linear discriminant function:

ak(x) = x̄t
k Σ̂−1

pooledx − 1
2
x̄t

k Σ̂−1
pooledx̄k + ln

Nk

N
,

with

Σ̂pooled =
K∑

k=1

(Nk/N)Σ̂k
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