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Reinforcement Learning Based LVQ Clustering Approach
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Abstract
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A reinforcement clustering framework which constitutes Bernoulli stochastic neural units is proposed in

this paper. Reinforcement learning mechanism is introduced to LVQ clustering problems. Related algorithm LVQ-R

is developed and its property is analyzed in detail. The authors conclude that reinforcement learning can be also intro-

duced to other on-line competitive clustering methods. Experiments show that LVQ-R has better performance than o-

riginal LVQ approach.
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