OO00o000ooDooooooobooooooooooood
A mixture category learning model using incomplete
feedback information

o0 o
Yutaka Nishida

o000 oDoooooogooaon
Graduate School of Human Sciences, Osaka University

nishida @ bm.hus.osaka-u.ac.jp

Abstract

In a real learning situation, it is rare that we can
use complete feedback information. Therefore we
should learn categories from labeled and unlabeled
data. This problem is called semi-supervised learning.
This article presents a simple extension of a mixture
model to represent such a situation.
Keywords — category, semi-supervised learn-
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2. Prototype or Exemplar
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3. Model
3.1 learning phase
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3.2 discrimination phase
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4. Numerical Experiment
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5. Discussion
Oo0oooooobooooooooooooa
Ofdodooooooooooooooooon
gooooooooooooooooouoooo
goooooood
Oo0ooooooooooooooooboOon
Ofdodooooooooooooooooon
00000000000 00000EMOO0OAO
goooooooooooooooobooooan
O00ooooOooEMOOOOO0OOOOOOOO
Ooooooooaao

Reference

McLachlan, G. J., & Basford, K. E. (1987). Mia-
ture models: Inference and applications to cluster-
ing. New York: Mercel Dekker.

Rosseel, Y. (2002). Mixture model of categorization.
Journal of Mathematical Psychology, 46, 178-210.



