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Merge of Supervised and Unsupervised Learning

Oh Sang—Hoon

Div. of Information Communication Eng.,
Mokwon University

Abstract

In the case that we do not have enough
number of training patterns because of
limitation such as time consuming, economic
problem, and so on, we geneterate a new
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unsupervised learning methods. The proposed
method is verified through the simulation of
handwritten digits.
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