COMP4702/COMP7703 - Machine Learning

Prac 6 — Nonparametric Techniques
Aims:

* To complement lecture material in understanding theabipe of nonparametric techniques.
* To gain experience with simulating and implementing¢htechniques in software.
* To produce some assessable work for this subject.

Procedure:
Nonparametric Density Estimation

Some of the techniques discussed in lectures are veejywided. In this part of the prac we will
experiment with:

» Histograms: in Matlab as function hist(). Type “doc hist” foretappropriate entry in the
very useful Matlab help documentation.

» Kernel density estimation:also in Matlab — in the Help browser see “Statistiaslhox ->
Descriptive statistics -> Percentiles and Graphical Dy@smns -> Probability Density
Estimation”, and also “doc ksdensity”.

- Firstly we need some data. Import the fourth attriljpé&talwidth) from the Iris dataset
used in an earlier prac into a matlab variable. Vihildws assumes this data is stored in a
vector called ‘iris’.

- Q1: Read the matlab documentation for the hist functi®raduce a histogram of this data
(with the default 10 bins) — hist(iris). Experimentiwdifferent numbers of bins (e.g.
2,4,8,10,20,50,100,...), observe the result and makeysu understand what is happening.
What happens when the number of bins approaches (anthbe greater than) the number
of data points?

- Read the matlab documentation for the ksdensity fumctRroduce a kernel estimator of
the iris data:

o [f,x,h]=ksdensity(iris);
o plot(x,f)

- What is happening here is that matlab is using a Gaussiaal, with width ‘h’ parameter
chosen automatically (don’t worry too much about hoWhat is returned are the density
values (f) at 100 equally spaced points (x) in thgeaof the iris data. Also, the value of u
gives the value of the width parameter.

- Q2: Explore the effect of the width parameter in thénesstior by producing a plot to
compare (on the same axes): a number of estimators visually:

0 The default estimator (note the h value)
o0 One estimator with larger than the default width
o Two estimators with smaller than the default width.

It is often not easy to evaluate the “goodness” @émsity estimator quantitatively, since we do not
know the true distribution which produced the dafae situation is worse then for supervised
learning because we don’t even have a labelledf sketta (which in this case would be a set of data



points together with the true value of the densityaah point). One approach (as mentioned in
lectures and the book) is to measure likelihood orlidatéon set.

On the other hand, if we're just testing algorithmstive can generate our data froknawn
distribution. If we then build a density estimatomfrguch data, we can compare the estimator
with the true distribution that generated the da#acommonly used measure to compare
probability distributions is the Kullback-Leibler (Kldivergence:
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where p(x) is the true distribution and g(x) is thedel distribution (see e.g. wikipedia for more
info).

- Generate a dataset from a mixture of two Gaussians:
o X =[randn(30,1); 5+randn(30,1)];
- Build a histogram model (H1) for this data withla@s.
- Build two kernel density estimators (K1 and K2) foe data: one with the default kernel
width value and one with a width value equal td tia default value.
- Q3: Calculate the KL divergence (based on 100 equpiiced “test” points that cover the
range of the data in x), between:
o MandH1
o MandK1
o MandK2
where M is the distribution given by the mixturezo6Gaussians.
- Some hints:
o The matlab normpdf() function evaluates the dersity Gaussian at a given point.
0 The test points required are calculated via theksity function.
o Recall mixture models from the clustering lectuhe distribution M above is a
simple mixture with two components, each with @pmixing coefficient with
value 0.5.



