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Clustering can be seen as the search for a “good” parti-
tion of a set of n objects described either by attributes,
or by a dissimilarity matrix. Usual approaches are
based either on a geometric criterion, as in the k-means
algorithm, or on a finite mixture model whose parame-
ters are estimated using, e.g., the EM algorithm. Here,
we propose a different view of partitional clustering,
in which dissimilarities are seen as pieces of evidence
and represented as belief functions on the set of all
partitions of the dataset under study. Using a tech-
nique similar to the one used in [1] for the association
problem, we show that the most plausible partition
can be found for small n. We then propose a heuristic
algorithm that can handle large datasets.

Formalization Let O denote a set of n objects and
let R be the set of equivalence relations on O (this
set is in one-to-one correspondence with the set of
partitions). We assume the existence of a true equiva-
lence relation R0. Dissimilarities between objects are
considered as items of evidence about R0, which can
be represented by mass function mij with three focal
sets: the set Rij of equivalence relations containing
objects i and j, its complement ¬Rij , and R, and cor-
responding masses mij(Rij) = αij , mij(¬Rij) = βij

and mij(R) = 1 − αij − βij . After combining these
n(n−1)/2 mass functions by Dempster’s rule, we get a
mass functionm on R with contour function pl defined
by the following equation,

ln pl(R) = C +
∑

i<j

Rij ln 1− βij

1− αij
, (1)

where C is a constant. The most plausible partition
can thus be found exactly, for small n (until, say,
n ≤ 100) using a binary linear programming solver.

Hopfield Model To make the above approach fea-
sible for large n, we need a heuristic optimization
method. We show that a local maximum of ln pl(R)
defined by (1) can be found by a Hopfield neural net-
work model [2] with n neurons, in which each neuron

can be in one of c states, where c is the desired number
of clusters. The weight vij of the connection between
neurons i and j is the coefficient of Rij in (1). Starting
from random initial states, the state of each neuron i
is updated at asynchronous times, by finding k such
that

∑
j 6=i vijsjk is maximum, where sjk = 1 if neuron

j is in state k, and sjk = 0 otherwise. This algorithm
is shown to converge to a global network state that
corresponds to a local maximum of (1).

Results and Conclusions The above clustering al-
gorithm was applied to several datasets with different
characteristics, including: large numbers of objects
and/or clusters, non-metric dissimilarities, and com-
plex cluster shapes, showing good performances as
compared to existing algorithms. The definition of
constants αij and βij is problem-specific and is an
important step for ensuring good performances of the
method. The application of this approach to semi-
supervised clustering is currently under study.
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