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New development in hubness-aware metric learning in high dimensional data
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A theoretical and empirical investigation was carried out on the
similarity/dissimilarity measures in high-dimensional space. In particular, a special focus was
placed on analyzing the hubness phenomenon. On the basis of this analysis, we have proposed
approaches for sevearl applications.

Our major contributions are (i) the analysis of regression-based object-matching over two domains,
and the proposal of a simple yet effective method dervied from the results of the analysis; (ii)
application of our analysis for (i) to improving (single-domain) k-nearest neighbor classification;
and (iii) analysis of knowledge graph embedding methods (in particular those embed objects in
complex-valued space).
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