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Abstract: An M PTOC strategy is presented, which guarantees each cluster has an output unit at least during
learning The concept of attractive force” in mechanics is adopted to describe the relation betw een a unit and its
correponding data, w hich equal to their Euclid distance Based onM PTOC 9littingmerging competitive learning
the distribution of data around theirw inning unit is estimatea indirectly through computing the unit attractive forces

A nd the unit glitting directions are assigned through method of fuzzy entropy in high dmension pace Then the
unit is lit and learned along these directions To avoid over-segmentation of input dataset, the resultsof litting-
learning are merged with the help of their means and variances Experiments in 2D gace validate the proposed
algorithm.
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