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Fast Estimation of Euclidean Distance based on Positive Semi-Definiteness
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Under the development of ubiquitous sensing and its associated technologies, data sets consisting of high dimen-
sional and massive instances have become available in various practical fields. Efficient evaluation of the similarity
measures such as Euclidean distance among the instances is one of the most important tasks for the instance queries
and clustering. Under this circumstance, we proposed a fast approach to estimate the similarity measures among
massive instances from their small portion by using a mathematical constraint called “positive semi-definiteness.”
However, this approach can not be directly applied to the problem to estimate Euclidean distance which is not
positive semi-definite. The objective of this study is to investigate some approaches to transform the Euclidean
distance to a positive semi-definite similarity measure and to apply the above estimation method. The performance
of each transformation has been characterized through the evaluations based on artificial data sets.
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