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Examples sheet 2

1. One-dimensional Kohonen network. Construct a one-dimensional
Kohonen network that learns the properties of a distribution P (ξ) of two-
dimensional input patterns ξ. The distribution is uniform inside an equilat-
eral triangle with unit sidelength, and zero outside. To generate the input
data set, draw 1000 points uniformly distributed within this triangle. Use
100 output neurons in a one-dimensional Kohonen network.

The learning algorithm consists of two phases. In the ordering phase use a
time-dependent width σt of the neighbourhood function, as well as a time-
dependent learning rate ηt:

σt = σ0 exp(−
t

τ
) and ηt = η0 exp(−

t

τ
) . (1)

Take σ0 = 100, η0 = 0.1, and τ = 200. Number of steps in the ordering phase:
Torder = 103. During the convergence phase, the width and the learning rate
are kept constant. Use σconv = 0.9 and ηconv = 0.01. The total number of
steps in the convergence phase is Tconv = 5 · 104.

a. Run the learning algorithm and plot the input-space positions of the
weight vectors obtained after the ordering phase. In a second panel plot the
weight-vector positions after the convergence phase. In both cases also draw
equilateral triangle. What are the differences in weight-vector positions be-
tween the ordering and convergence phase? Discuss. (1p)

b. Repeat task a but with σ0 = 5. Plot the weights obtained after the
ordering and convergence phase. Compare to the results obtained in task a.
Discuss. (1p)

2. Classification using Kohonen’s algorithm. Use a two-dimensional
Kohonen network with 20× 20 output units to recognise wine classes in the
data set wine.data.txt on the course home page. The data set is adapted
from one of the classification problems on the UCI Machine Learning Repos-
itory [1], see explanation.txt. In the data set, the first column is a classi-
fication and should be ignored during learning. For each remaining column
in the data set, normalise the data to zero mean and unit variance.

First, perform unsupervised learning using Kohonen’s algorithm (ordering
and convergence phase). Second, feed in an input pattern. Determine the
winning neuron, and color its position in the output array by a color repre-
senting the class of the input pattern (first column in data file). There are
three classes. Use the colors red, green, and blue. Repeat the second step
for all input patterns. Discuss your findings.

Suggested parameter values: σ0 = 30, η0 = 0.1, Torder = 103, σconv = 0.9,
ηconv = 0.01, Tconv = 2 · 104, τ = 300. (1p)
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3. A hybrid learning algorithm. The data set task3.txt contains 2000
two-dimensional input patterns x = (x1, x2)

T. Columns 2 and 3 of the data
file contain the components of the input patterns, column one the correspond-
ing classifications. Your task is to classify this data set using a combination
of unsupervised and supervised learning.

The unsupervised part of the algorithm uses k radial basis functions: in each
iteration randomly choose one of the input patterns, x, and compute the
outputs gj(x):

gj(x) =
exp

[

−‖x−wj‖
2/2

]

∑

i
exp[−‖x−wi‖2/2]

, for j = 1, . . . , k . (2)

Here ‖ · · · ‖ denotes the Euclidean distance. Determine the winning neuron
for the pattern x by finding the neuron j0 such that gj0(x) ≥ gj(x). Update
the weight vector wj0 using the learning rule δwj0 = η(x−wj0), and δwj = 0
for j 6= j0. Use η = 0.02, and initialise all weights to random numbers uni-
formly distributed between −1 and 1. Perform 105 iterations.

The supervised part uses a simple perceptron, with one output unit. Its in-
puts are the outputs gj(x) that you obtain from unsupervised learning. The
target output for each pattern is given in the first column of the data set
you downloaded. Using gradient descent to train the perceptron to recognise
the classes in the data set. Use a tanh(βb)-activation function with β = 1/2.
Randomly divide the data set in a training set (70% of the data points) and a
validation set (the remaining 30% of the points). Parameter values: learning
rate η = 0.1, 3000 iterations. Initialise weights and thresholds to random
numbers uniformly distributed between −1 and 1.

a. Set the number of radial basis functions to k = 5. Run the above al-
gorithm 20 times. From the 20 runs, choose the one with the smallest final
classification error for the validation set. Numerically determine the corre-
sponding decision boundary in input space: find the line where the output of
the network equals zero. Plot the decision boundary together with the input
data. Also plot the weight-vector positions wj of the radial basis functions
obtained after the unsupervised learning. Discuss your results. (1p)

b. Repeat task a using k = 20 radial basis functions. Perform 20 runs.
Choose the one with the smallest final classification error for the validation
set. Determine the decision boundary in input space and plot the decision
boundary together with the input data. Also plot the weight-vector positions
wj of the radial basis functions obtained after the unsupervised learningg.
Compare to the results found in task a. Discuss your results. (1p)

c. How does the performance of the network depend on the number of radial
basis functions? Test the performance of the network for k = 1, 2, . . . , 20
radial basis functions. For each k, perform the algorithm 20 times and plot
the average final classification error for the validation set as a function of k.
Discuss your results. (1p)

[1] The UCI Machine Learning Repository, University of California, Irvine,
USA, https://archive.ics.uci.edu/ml
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