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Abstract

Prototype and exemplar model in category learning
are described as a mixture model with different num-
ber of mixing distribution. For constructing a com-
putational model with high descriptive validity, we
need appropriate number of mixing element in mix-
ture model. Generally appropriate number of mixing
element is not given so that we need to estimate the
number of mixing element as a parameter. Although
DP-means is a good algorithm to achieve this pur-
pose, estimate value of membership is obtained as a
binary value. The membership parameter should be
represented as fuzzy continuous value in a cognitive
model. In this paper, we developed DP-means with
fuzzy membership parameter.
Keywords — category learning, number of cat-
egory, nonparametric Bayes, DP-means algo-

rithm, fuzzy membership
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