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ABSTRACT

We describe a new representation for learning concepts that differs from the traditional decision tree and
rule induction algorithms.

Our algorithm PROLEARN learns one or more prototype per class and follows instance based classification
with them. Prototype here differs from psychological term in that we can have more than one prototype per
concept and also differs from other instance based algorithms since the prototype is a “ficticious ideal
example”. We show that PROLEARN is as good as the traditional machine learning algorithms but much
move stable than them in an environment that has noise or changing training set, what we call ’stability’.
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