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AIMS OF MACHINE 
LEARNING TEACHING

Programming computers to learn from data



STANDARD COURSE 
FORMAT

5 ECTS credit points

12 lectures (2h / week)

Pen-and-paper exercise sessions (2h / week)

term project: solve a machine learning problem by 
programming



ALTERNATIVE COURSE 
FORMAT

5 ECTS credit points

12 lectures (2h / week)

Pen-and-paper exercise sessions (2h / week)

term project: solve a machine learning problem by using a 
ready-made software package



THIS TALK

Term project with BernoulliMix software package

Experiences on our course: Machine learning: 
Advanced probabilistic methods, spring 2008 
(part of the Macadamia master’s program)



INITIAL IDEA

Frees the student from the burden of just getting the 
programs to work

No auxiliary routines (input/output etc.) needed

Guided execution



WHY MIXTURE MODELS?

Material learned in the beginning phases of the 
course

Possible to finish the term project within the same 
semester

Simplest of the more complex models (very simple 
Bayesian network with a latent variable)

Relevance to clustering problems



WHY 0-1 DATA?

Finite mixture model of multivariate Bernoulli 
distributions

Personal research interest

Shared interest in machine learning and data mining 
communities

Simplicity and power combined



THE MODEL

Finite mixture model of multivariate Bernoulli 
distributions

Data

Mixture coefficients

Parameters of the component distributions

Learning mixture models – courseware for finite mixture models of multivariate Bernoulli distributions

2. BernoulliMix package

The BernoulliMix program package started out as bits
and pieces of an implementation while working on
earlier research contributions (Hollmén et al., 2003;
Tikka et al., 2007). Recently, additional programs
were implemented and the whole converged to a pack-
age with documentation and most importantly, exam-
ples and exercises for the machine learning courses in
mind. According to (Brooks, 1995), the full working
software system with documentation may take as much
as ten times the effort of the simple straightforward im-
plementation of the core functionality. In the current
effort, we have experienced the same, if not greater
overhead on top of the simple implementation effort.

Important aspects in the design of BernoulliMix
courseware package has been the compatibility with
a wide variety of different computing platforms, cor-
rectness and efficiency aspects, which is especially im-
portant for large-scale data mining applications, but
maybe most importantly, the simplicity of use for the
students. Simplicity is also supported by the choice
of focusing on a rather narrow subset of material on
a typical machine learning course, namely the finite
mixture models. Therefore, each of the typical tasks
in a machine learning setting has been implemented as
a separate program, each accessible as a command line
program executed in the Linux command shell. These
tasks include the initialization of the parameters (Sec-
tion 2.1), likelihood calculation with given data (Sec-
tion 2.2), learning from data (Section 2.3), sampling
from the mixture model (Section 2.4) and clustering
data with the mixture model (Section 2.5).

The mixture model used in the BernoulliMix package
is a finite mixture model of multivariate Bernoulli dis-
tributions (Wolfe, 1970), solely concentrating on mod-
eling of 0-1 (zero-one) data. The likelihood of the ob-
served data is readily calculated with

P (x) =
J∑

j=1

πj P (x | θj) =
J∑

j=1

πj

d∏

i=1

θxi

ji (1 − θji)
1−xi ,

where the data vector is x = (x1, . . . , xd), the data
is binary xi ∈ {0, 1} and the mixture model is pa-
rameterized by the mixing coefficients πj , j = 1, . . . , J
and the parameters for the component distributions
θj = (θj1, θj2, . . . , θjd), θij ∈ [0, 1]

2.1. Initialization of the mixture model

The parameters of the model are initialized by sam-
pling from the uniform distribution of desired range.
The mixing coefficients are initialized to be equal. The
model is written to a file or standard output. An ex-

ample command is

./bmix_init --clusters 2 --data-dim 3 \
--model tiny.model

which initializes a model with 2 component distribu-
tions for modeling 3-dimensional 0-1 data and writes
the model to a file.

2.2. Likelihood calculation

The likelihood of a data with a given mixture model
can be calculated either for the whole data or for each
data vector separately. Following the previous exam-
ple, an example command

./bmix_like --data my.data --model tiny.model

calculates the likelihood of the data in the data file
my.data with the previously initialized model.

2.3. Learning from data with EM algorithm

The learning of parameters in the framework of
maximum likelihood can be performed with the
Expectation-Maximization (EM) algorithm (Wolfe,
1970; Dempster et al., 1977). The following command
trains (or learns) a model with the EM algorithm.

./bmix_train --data my.data --model-in \
tiny.model --model trained.model \
--iterations 50

2.4. Sampling data from the mixture model

As the model is generative in nature, it is natural to
include a program to sample data from the mixture
model. The command

./bmix_sample --model trained.model \
--number-of-samples 100

samples 100 data samples from the model
trained.model with the ancestral sampling scheme
with the results printed on standard output.

2.5. Clustering data with the mixture model

Mixture model can be used in clustering by associating
a component distribution with a cluster. Clusters are
defined according to a maximum a posteriori rule. The
command

./bmix_cluster --data my.data --model \
trained.model --cluster 1

produces an output of data belonging to cluster 1.
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FIVE PROGRAMS

command-line tools (Unix/Linux), implemented in C

bmix_init: Initialize a mixture model

bmix_like: Calculate the likelihood of data

bmix_train: Train a model using the EM algorithm

bmix_sample: Sample data from a mixture model

bmix_cluster: Cluster data with the mixture model



DOCUMENTATION

Written in Texinfo format, possible to generate on-
line documentation and printed documentation

General structure of documentation:

Use of programs: command-line options

Examples of machine learning tasks

Exercises follow the examples



TASKS IN THE EXERCISE

Tasks are of varying difficulty from repeating the 
examples (simplest) to a cross-validation based 
model selection problem (most complex)

“Explain why...”, “What kind of consequences...”, 
“Compare the models and explain your findings”

Concentrate on the machine learning content!



0-1 DATA

DNA copy number amplification data in gastric 
cancer (patients n=35, genetic markers d=6)

DNA copy number amplification data of 
chromosome 17 in database of cancers (patients 
n=4400, chromosomal regions d=12)

Some artificial data sets with known structure
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RISK ASSOCIATIONS



PRACTICAL ISSUES DURING 
THE TERM PROJECT

Interoperation with other software such as Matlab

Shell script programming



WHY NOT R, WEKA?

Here: focused effort on mixture modeling

R, Weka: overhead in learning to use, not widely 
known

Interfacing these systems possible (Matlab, R)

Aiming at open source teaching material



QUESTIONNAIRE IN 
RETROSPECT

I prefer vs. I do not prefer a term project involving 
programming: 50% vs. 50%

I am confident in programming machine learning 
content in following programming languages: Matlab 
(95%), R and Python (< 25 %), others (< 10 %), C (5 %)

I am confident in compiling a C program (95 %)

Shell script programming variably known



PRELIMINARY 
THOUGHTS

Feedback on the term project both positive and 
constructive

Program code and instructions sufficiently matured

Of those returned (n=3), all the exercises were 
completed!

May 31st is the deadline, the returned term projects 
(n=40) will help in estimating the difficulty



WORK IN PROGRESS: 
IMPROVEMENTS

Support for compiling on a wide number of hosts

Addition of shell script examples

Usage improvements

Source code modifications

API reference

Encourage feedback => Get feedback



SUMMARY

Experiences on our course “Machine learning: 
Advanced Probabilistic Methods” (Hollmén, Raiko)

Term project with very little programming

BernoulliMix: an open source teaching material with 
programs, documentation, exercises

http://www.cis.hut.fi/jhollmen/BernoulliMix

http://www.cis.hut.fi/jhollmen/BernoulliMix
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