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Selecting Instances by Typicality in Memory-Based Reasoning
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In the basic framework of Memory-Based Reasoning (MBR), a large amount of storage is
required and the cost of searching similar instances is high since all the training instances are
saved in the storage. To overcome these limitations, instance selection is an active research
topic in MBR. In this paper, we propose methods to select instances by using the typicality
of instances. Giving a priority to instances who have low or middle typicality, the number of
stored instances could be decreased without degrading the accuracies in some cases.
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