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ABSTRACT

The talk will be atutorial survey, concentrating on the
main principlesand categories of unsupervised neural learn-
ing in the problem of data mining for signals, images, and
data. In neural computation, there are two classical cate-
goriesfor unsupervised learning methods and models: first,
extensionsof Principal Component Analysisand Factor Anal-
ysis, and second, learning vector coding or clustering meth-
ods that are based on competitive learning. The talk con-
centrates on two of these extensions: for the first category,
the novel technique of Independent Component Analysis,
and for the second category, the Kohonen Self-Organizing
Map. The more recent trend in unsupervised learning is to
consider this problemin the framework of probabilistic gen-
erativemodels. If it ispossibleto build and estimate amodel
that explains the data in terms of some latent variables, key
insights may be obtained into the true nature and structure
of the data. This approach is also briefly reviewed. After a
brief introduction to the underlying theoretical foundations
of these ideas, unsupervised neural learning will be illus-
trated by several applications in data mining ranging from
document and pictorial databasesto blind signal separation.
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1. INTRODUCTION

Progress in computer and information sciences was for a
long timerestricted by the state-of-the-art of computer hard-
ware and data networks. In recent years a hew situation
has been encountered: the worldwide proliferation of pow-
erful computing services has caused an uncontrolled flood

of information in the Internet and other media. It therefore
becomes increasingly important to develop fundamentally
new information processing principles for making relevant
knowledge accessible to the user and to present it in acom-
prehensibleform. Thismeans, for example, completely new
explorative data analysis and data mining methods, com-
bined with advanced graphics facilities.

Along with the explosive increase in available digital
data, the computing power of modern hardware has been
dramatically increased as well. With the increasing com-
puting power, it has become possible to digitally process
and classify huge masses of natural data, such as statisti-
cal information, images, speech, text, as well as other kinds
of signals and measurements coming from very different
sources. Such tasks occur in industry, remote sensing, me-
dicine, finance, and natural sciences, to mention only afew
mainfields. For financial, medical, administrative, and other
databases, one needsefficient toolsfor visualization, predic-
tion, clustering, and profiling. In industrial problems, it is
essentia to build empirical data based models of complex
systems in order to be able to predict, monitor, diagnose
faults, and control the systems.

One of the central tools in data mining is unsupervised
learning. This means a completely data driven approachin
which the pertinent structure, in the form of patterns, clus-
ters, or models, is automatically found from the data using
advanced statistical and computational techniques. Some
insight into the unsupervised learning problem can be in-
ferred from cognitive science. It is obviousthat many effec-
tive computing principles that we do not yet know in detail
existinthebiological brain. For example, many hierarchical
computing structures of the brain have still remained amys-
tery. On the other hand, the mathematical operations and
expressions that we use for the description of known neu-
ral operations can be computed digitally with much higher
accuracy and stability than what is possible by the analog
computing principles of the biological networks. Therefore,
trying to combine the best of these two worlds is a strong
motivation, emerging in the research field of neural compu-
tation. This can be seen as being situated at the intersection



of machine learning, computation, and advanced statistics.

The Section 2 of this paper reviews the three main ap-
proaches to unsupervised machine learning in neural net-
works. Then, Section 3illustrates these approachesby some
well-known concrete mathematical models. Section 4 men-
tions some applications that will be covered in detail in the
talk.

This paper is based on the more extensive review (Oja,
2001).

2. WHAT ISUNSUPERVISED LEARNING

Unsupervised learning is a deep concept that can be ap-
proached from very different perspectives, from psychol-
ogy and cognitive science to engineering. It is often called
"learning without a teacher”. This implies that a learning
human, animal, or artificial system observes its surround-
ings and, based on these observations, adapts its behav-
ior without being told how to associate given observations
to given desired responses (supervised learning) or without
even given any hints about the goodness of a given response
(reinforcement learning). Usually, the result of unsuper-
vised learning is a new explanation or representation of the
observation data, which will then lead to improved future
responses or decisions (Hinton and Sejnowski, 1999). This
is precisely the problem in data mining, too.

In machine learning and artificial intelligence, such a
representation is a set of concepts and rules between these
concepts, which give asymbolic explanationfor thedata. In
advanced statistics, the representation may beaclustering of
the data, a discrete map, or a continuous lower-dimensional
manifoldin the vector space of observations, which explains
their structure and may reveal their underlying causes.

Unsupervised learning seemsto be the basic mechanism
for sensory adaptation e.g. in the visual pathway (Barlow,
1989). If we accept the hypothesis that biological learning
is based on synaptic modification, a big problem is how su-
pervised learning rules like back-propagation could be im-
plemented locally on the synaptic level. The biological sub-
strate seems to be much more compatible with the unsu-
pervised mode of learning. For more biologically oriented
neural approaches, see (Grossherg, 1988). On the engineer-
ing side, unsupervised learning is a highly powerful and
promising approach to some practical data processing prob-
lems like data mining and knowledge discovery from very
large databases, or new modes of human-computer interac-
tions in which the software adapts to the requirements and
habits of the human user by observing her behaviour.

3. EXAMPLES OF UNSUPERVISED LEARNING IN
NEURAL COMPUTATION

In neural computation, there have been two classical cate-
gories for unsupervised learning methods and models: first,
extensionsof Principal Component Analysis and Factor Anal-
ysis, and second, learning vector coding or clustering meth-
ods that are based on competitive learning (Haykin, 1999).
The more recent trend in unsupervised machine learning is
to consider this problem in the framework of probabilistic
generative models (Hinton and Sejnowski, 1999). If it is
possibleto build and estimate amodel that explains the data
in terms of some latent variables, key insights may be ob-
tained into the true nature and structure of the data. Oper-
ations like prediction and compression become easier and
rigorously justifiable.

3.1. The Salf-Organizing Map

Thegoal of unsupervised learning, finding anew compressed
representation for the observations, can be interpreted as
coding of the data. Thus learning vector coding methods
that are based on competitive learning can be highly use-
ful. A typical application is data mining or profiling from
massive databases. It is of interest to find out what kind of
typical clusters there are among the data records. In a cus-
tomer profiling application, finding the clusters from alarge
customer database means more sharply targeted marketing
with less cost. In process modelling, finding the relevant
clusters of the process state vector in real operation helpsin
diagnosis and control. A competitive learning neural net-
work gives an efficient solution to this problem. The best-
known competitive learning network is the Self-Organizing
Map (SOM) introduced by Kohonen (see Kohonen, 2001).

In vector coding, the problem is to place a fixed num-
ber of vectors, called codewords, into the input space which
is usualy a high-dimensional vector space. The input data
(observations) are given as a training set of numerical vec-
tors x(1), ...,x(T"). For example, the inputs can be gray-
scale windows from a digital image, measurements from a
machine or an industrial process, financial data describing
a company or a customer, or pieces of English text repre-
sented by word histograms. The dimension n of the data
vectorsis determined by the problem and can be very large.
In the WEBSOM system for organizing collections of text
documents (Kohonen et al, 2000), the dimensionality of the
datain thelargest applicationsis about n = 50,000 and the
size of the training sampleis about 7' = 7, 000, 000.

The goal of SOM learning is not only to find the most
representative code vectors for the input training set in the
sense of minimum distance, asis the case in the usual vec-
tor coding methods, but at the same time to form a topo-
logica mapping from the input space to the grid or lattice
of neurons. This idea originally stems from the modelling



of the topographic maps on the sensory cortical areas of the
brain. A related early work in neural modelling is (Mas-
burg, 1973).

For any data point x in the input space, one or severa
of the codewords are closest to it. Assume that w; is the
closest among all codewords:

Ix = will = min|lx — w;l|,j =1,... k @

The unit 7 having the weight vector w; is then called the
best-matching unit (BMU) for vector x. Note that for fixed
x, Eqg. (1) definestheindex i = i(x) of the BMU, and for
fixed 7, Eq. (1) defines the set of points x that are mapped
to that index and thus al belong to the same cluster. By
the above relation, the input vectors x are mapped to the
discrete set of indecesi.

By atopol ogical mapping thefollowing property is meant:
if a given point x is mapped to unit 4, then al points in
neighborhoods of x are mapped either to i itself or to one
of the units in the neighborhood of 7 in the lattice. Be-
cause no topological maps between two spaces of differ-
ent dimensions can exist in the strict mathematical sense,
atwo-dimensional neural layer can only follow locally two
dimensions of the multidimensional input space. Usually
the input space has a much higher dimension, but the data
cloud x(1), ...,x(T") used in training may be roughly con-
centrated on a lower-dimensional manifold that the map is
ableto follow at least approximately (Kohonen, 2001). The
well-known Kohonen learning rule is able to tune the map
so that weight vectors attain optimal positions. For recent
advances on the SOM, see (Oja and Kaski, 1999).

3.2. PCA,ICA, and FA

The other class of unsupervised learning methods is moti-
vated by standard statistical methods like Principal Compo-
nent Analysis (PCA) or Factor Analysis (FA), which give a
reduced subset of linear combinations of the original input
variables. A classical approacharetheon-line PCA learning
rules introduced by the author (Oja, 1982). As an example,
consider here Factor Analysis (see e.g. Harman, 1967).

In FA, agenerative latent variable model is assumed for
the observation vectors x:

x = Ay +n. 2

FA was originally devel opedin social sciences and psychol-
ogy. In these disciplines, the researchers want to find rele-
vant and meaningful factors that explain observed results.
The interpretation in the model (2) is that the elements of
y arethe unobservablefactors. The elements a;; of the un-
knownmatrix A are called factor loadings. The elements of
the unknown additiveterm n are called specific factors. The
elements of y (the factors) are uncorrelated, zero mean and

gaussian, and their variances are absorbed into the matrix A
so that we may assume

E{yy"} =1 ©)

The elements of vector n are zero mean, uncorrelated with
each other and also with thefactorsy;; denote Q = E{nn’'}.
It isadiagonal matrix. We may write the covariance matrix
of the observationsfrom (2) as

E{xxT} = C, = AAT + Q. 4

In practice, we have a good estimate of C available,
given by the sample covariance matrix. The main problem
is then to solve the matrix A of factor loadings and the di-
agonal covariance matrix Q such that they will explain the
observed covariances from (4). There is no closed-form
analytic solution for A and Q. Assuming Q is known or
can be estimated, we can solve A from AAT = C, — Q.
This solution is not unique, however: any matrix A’ = AT
where T is an orthogonal matrix (TTT = I) will also be a
solution. Then the factors will changetoy’ = T7y. For
A’ and y’, the FA model (2) holds, and the elements of
y' are still uncorrelated. The reason is that the property of
uncorrelatedness is invariant to orthogonal transformations
(rotations). Note that because the factors are uncorrelated
and gaussian, they are also independent.

In Independent Component Analysis (ICA) (seee.g Amari,
1996; Bell and Sejnowski, 1995; Cardoso, 1998; Hyvéri-
nen, Karhunen and Oja, 2001; Jutten, 1991), the same model
(2) isassumed, but now the assumption ony; ismuch stronger:
we require that they are statistically independent and non-
gaussian. Interestingly, then the ambiguity in Factor Anal-
ysis disappears and the solution, if we can find one, is (al-
most) unique.

In the simplest form of ICA, the additive noise n is not
included and the standard notation for the independent com-
ponentsor sourcesis s;; thusthe ICA model for observation
vectorsx is

X = As. ©)

It isagain assumed that both x and s are zero mean. The ob-
servationsz; are now linear combinationsor mixtures of the
sourcess;. Thematrix A iscalledin|CA themixing matrix.
Inatypical application of ICA, aset of paralle timesignals
such as speech waveforms, electromagnetic measurements
from the brain, or financia time series, are assumed to be
linear combinations of underlying independent latent vari-
ables. The variables, which are now the independent com-
ponents, are found by efficient ICA learning rules.

A recent survey on ICA is (Hyvérinen, Karhunen and
Oja, 2001) that also contains an extensive list of citationsto
the original literature.



3.3. Nonlinear Generative M odels

The concept of a generative model is very general and po-
tentialy powerful. In fact, as discussed by (Roweis and
Ghahramani, 1999), a large humber of central techniques
like FA, PCA, ICA, mixtures of Gaussians, vector quantiza-
tion, and al so dynamical models like Kalman filters or Hid-
den Markov Models, can be presented in a unified frame-
work of unsupervised learning under a single basic genera-
tive model. In the Bayesian Ying - Yang model (Xu 2000),
likewise a generic framework of unsupervised learning is
employed for the basic data models, both static and tempo-
ral.

We aready saw examples of generative models in the
case of Factor Analysis and Independent Component Anal-
ysis. Also Principal Component Analysis can be derived
from a generative model in the technique called Probabilis-
tic PCA (Tipping and Bishop, 1999). A problem with such
linear models, however, is that they cannot represent well
data that is not a linear mixture of some underlying gaus-
sian or nongaussian variables. For data clouds that have an
irregular or curved shape, these methods fail.

In the Generative Topographic Map (GTM) algorithm
(Bishop et al, 1998), the observation vectorsx are expressed
in terms of a number of latent variables, which are defined
on asimilar lattice or grid as the neuronsin the SOM. The
mapping fromthe latent variablesto the observationsis non-
linear:

x=f(y,M)+n (6)

where M is an array of parameters of the nonlinear func-
tion f, and n is additive noise. Theform of the function f is
assumed to be determined except for the unknown parame-
ters. The model (6) is the generative latent variable model
of the GTM method. It meansthat the observed datavectors
x are basically concentrated on alower dimensional nonlin-
ear manifold in the data space, except for the additive noise.
Thevectorsw; = f(y;, M) that are the images of the node
pointsy; are analogous to the weight vectors or codewords
of the SOM. If f is smooth, a topographic ordering for the
codewords is automatically guaranteed, if such an ordering
isvalid for the latent points y;. The GTM also has the ad-
vantage that it postulates a smooth manifold that naturally
interpolates between the code vectors w;. The parameters
can be learned using the EM a gorithm.

When comparing the FA model (2) and the GTM model
(6), certain similarities emerge: both have a number of la-
tent variables, given by the vector y, and additive gaussian
noise n. In FA, the mapping from y to the datax is linear,
in GTM it is nonlinear. Another clear differenceis that in
FA, the factors are gaussian, while in GTM, the prior den-
sity p(y) for the latent factors has a very special (atomic)
form.

Another possihility for thisdensity in the nonlinear case,

too, would be the gaussian density, which would then be
closetotheorigina flavor of FA. If we assumethat the prior
for y isgaussian with unit (or diagonal) covariance, making
the elements y; independent, asin eq. (3), then the model
(6) may be called nonlinear factor analysis. A further ex-
tension would be p(y) that is nongaussian but factorizable
so that the y; areindependent; then the model becomes non-
linear independent component analysis.

Recently, (Valpola, 2000) used an approximation for the
nonlinear function f(y, M) in the model, that was based
on aMultilayer Perceptron (MLP) network with one hidden
layer. It is well-known (see e.g. Haykin, 1998) that this
function can approximate uniformly any continuous func-
tions on compact input domains and it is therefore suitable
for this task. Then the model becomes

x =B¢(Ay +a)+b+n (7)

where A a are the weight matrix and offset vector of the
hidden layer, ¢ is the sigmoidal nonlinearity, typicaly a
tanh or sinh™" function, and B, b are the weight matrix
and offset vector of the linear output layer. It is understood
that ¢ is applied to its argument vector element by element.
In practice, there is a training sample x(1), ..., x(T"), and
we wish to solve from the model the corresponding source
or factor vectorsy (1), ..., y(T).

The problem now is that, contrary to the usual super-
vised |earning situations, the inputsto the ML P are not known
and therefore back-propagation type of learning rules can-
not be used for finding the unknown parameters. The idea
in (Valpola, 2000) is to use a purely Bayesian approach
called ensemblelearning. The cost functionis the Kullback
- Leibler divergence between the true posterior probability
for the parameters, given the observations, and an approx-
imation of that density. Several applications with real data
have ben shown. The model has also been extended to a
dynamical model, similar to an extended Kaman filter but
with unknown parameters, and very promising results are
obtained in case studies.

4. APPLICATIONS

The talk will be an introductory survey, concentrating on
the main principlesand categories of unsupervised learning.
In the talk, the theoretical foundations of unsupervised ma-
chine learning will be shortly reviewed and the techniques
will be illustrated by several applications in data mining:
finding relevant documents in large document collections,
content-based image retrieval, finding structure in biomed-
ical measurements, and finding hidden nonlinear factorsin
time series. For more information and references, see the
Web pages (NNRC, 2001).
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