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A New Memory-based Learning using Dynamic Partition
Averaging
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Abstract

The classification is that a new data is classified into one of given classes and is one of the most generally used
data mining techniques, Memory-Based Reasoning(MBR) is a reasoning method for classification problem. MBR
simply keeps many patterns which are represented by original vector form of features in memory without rules for
reasoning, and uses a distance function to classify a test pattern. If training patterns grows in MBR, as well as size
of memory great the calculation amount for reasoning much have. NGE, FPA, and RPA methods are well-known
MBR algorithms, which are proven to show satisfactory performance, but those have serious problems for memory
usage and lengthy computation.

In this paper, we propose DPA (Dynamic Partition Averaging) algorithm. it chooses partition points by calculating
GINI-Index in the entire pattern space, and partitions the entire pattern space dynamically. If classes that are included
to a partition are unique, it generates a representative pattern from partition, unless partitions relevant partitions
repeatedly by same method. The proposed method has been successfully shown to exhibit comparable performance to
k-NN with a lot less number of patterns and better result than EACH system which implements the NGE theory and
FPA, and RPA.
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Figure 1. k-NN Method
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Figure 3. Model of DPA Algorithm.
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