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Subspace clustering

Data produced in application domains like life sciences, meteorology, engineering, telecommunication,
commerce and multimedia entertainment is rapidly growing, thus increasing the demand for data
mining techniques which help users keep track of the information hidden in the data. Many applications
ask for incoming data to be grouped according to some prede�ned criteria. Examples include customer
shopping behavior and interests in a group of products or image segmentation for object recognition.
For clustering, numerous techniques in data mining have been proposed and employed successfully in
various application domains including k-mean [18], EM [10], DBSCAN [12] and OPTICS [2].
However, clustering is di�cult in the presence of noise. Additionally, an e�ect dubbed "curse of

dimensionality"hinders cluster detection [7]. The more attributes are recorded, the higher is the num-
ber of possible attribute value combinations. This leads to more and more similar distances between
individual instances in sparsely populated high dimensional applications. Consequently, no meaningful
clusters exist in all attributes of high-dimensional domains.
This has lead to the development of subspace clustering research. The general idea is to locally

project the instances into subspaces of the attributes to rediscover locally relevant patterns as perfor-
med by CLIQUE [1], ENCLUS [9], SUBCLU [15] and CLICKS [26]. By masking irrelevant or noisy
attributes, meaningful clusters can be found. Our group studied the e�ects of subspace clustering in
various applications, like medical image processing [17, 25] molecular classi�cation [3] and hydrological
applications [23].
Recent work on subspace clustering addresses new interestingness measures for subspace clusters.

Thereby, in a statistical manner, a cluster is interesting if it is more dense than expected. One of the
open problems still remaining is that the search for interesting subspace clusters is a tremendously
complex task. It is typically not possible to evaluate all possible subspaces (i.e. the entire powerset) of
high-dimensional datasets, nor is it feasible to consider all possible attribute value divisions. To remedy
this, some heuristics have been proposed and evaluated (RIS [16] , SURFING [5], SHISM [24], Classic
[4]) but the quality of the heuristics still demands for improvement.
High-dimensional index structures have often been used to support clustering algorithms in �nding

the neighborhood of an object [6, 11]. Depending on the application specialized search algorithms
[21, 22] and techniques for dimensionality reduction [8] are helpful. For subspace clustering methods
appropriate index structures and search algorithms are still an open problem. Nature inspired search
algorithms are also an interesting approach for evaluating the di�erent kind of queries performed by
subspace clustering algorithms.

Nature inspired solutions for subspace clustering

Nature inspired algorithms have already been used to tackle the task of detecting local patterns [20].
However many open questions still remain in this �eld of research and many nature inspired approaches
may yield good solutions for this complex task.
The di�erent subspace projections form a lattice. The rate of local patterns contained in a subspace

can be interpreted as the gravity of a subspace. Thus one possibility to identify interesting subspaces
is to apply gravity based learning models [19].
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We propose to follow another nature inspired analogy which has been successfully employed for com-
putationally complex optimizations such as e�cient routing or wireless network optimization. Evolu-
tionary algorithms mimic the natural evolution of specialized species which are well-adapted to their
individual natural environments. In contrast to traditional subspace search methods, evolutionary ap-
proaches allow eventual prevalence of seemingly non-promising subspace combinations. Mutation can
prevent locally optimal solutions. Moreover, less parameters have to be determined in advance, as long
as gene diversity is ensured.
Populations evolve across several generations where individual �tness according to the respective

local environment decisively in�uences the likelihood of reproduction. Diversity of genetic possibilities
is ensured via sexual crossing and mutation of individual genes or crossing over of sequences of genes.
While evolution is not directed, competition among individuals ensures survival of the �ttest.
Taking an evolutionary perspective, subspace search is then the natural selection or �nal prevalence

of those subspaces which are the �ttest with respect to their cluster potential.
For evolutionary algorithm aiming at letting naturally evolve these subspaces best suited for cluste-

ring in high dimensional settings the following aspects have to evaluated:

• What is the population's gene pool and how is the population initialized? We propose to admit
the entire powerset as the populations gene pool, thus avoiding any bias in subspace selection.
Random initialization will be compared with a priori knowledge on attributes to create individu-
als, and with populations which are constrained to cover all attributes. Moreover, we will study
the size and dimensionality of the population.

• How is �tness determined? The �ttest subspace combinations are those with the highest potential
for containing meaningful patterns or clusters. We will thus measure the homogeneity of patterns
contained in subspace combinations [4].

• Which individuals are admitted for reproduction? Our approach is to admit the �ttest individuals.
Additionally, to ensure that the gene pool's diversity is kept up, less promising individual are
randomly crossed in.

• How can genetic information from parents passed on to children? We propose to represent genetic
information of an individual as the binary encoding of the corresponding subspace and to mimic
natural inheritance with recombination (cross-over) and mutation by using a probabilistic model.

• How can associations between genes be detected or measured? In evolving biological systems an
interesting phenomenon is discovered, genes and genetic information is associated or linked to
each other. The understanding of such a linkage leads to deeper understanding of subspaces in
our context. The term coevolution indicates the parallel development of two species in evolution
theory. This e�ect is produced by mutual interaction, which increases the �tness of both species.
Therefore an interesting question in subspace search is: How can coevolution of genes be supported
in our context?

Stable populations across several generations of subspaces indicate that the algorithm has indeed
detected those subspaces most promising for subspace cluster identi�cation.

Evaluation

We plan to evaluate our algorithm in a variety of settings, determining the in�uence of population size,
initialization, and variations in reproduction and mutation strategies. Comparison with a brute force
approach is generally not feasible, thus we will compare our evolutionary approach with well-established
subspace detection algorithms such as [24, 16]. Subspace clustering can be seen as a pre-processing
step in locally adaptive classi�cation, i.e. the automatic �ling of incoming, previously unseen, instances
according to patterns learned from historic data [4]. By including this application, we are able to
determine the classi�cation accuracy (as a percentage of classi�ed objects) of our approach as opposed
to traditional methods. To measure the quality of subspace detection, we plan to generate synthetic
data containing local patterns in subspaces and determine the improvement factor of evolutionary
algorithms [14, 13].
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