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Abstract: This study is an attempt to clarify the problem property of metric learning based on a clustering
index with neighbor relation that simultaneously evaluates inter- and intra-clusters. Although self-adaptive
differential evolution (jDE) could find a good solution, it was difficult for other evolutionary algorithms to
find sufficient solutions. A simple fitness landscape analysis by changing a variable showed that the landscape
of this problem involves convex-concave local trends much greater than a slight global trend, which makes
the algorithms difficult to search. This paper analyzes fitness landscapes by changing all variables at a time
to clarify the reason why jDE could find the sufficient solutions. Experiments have shown that, near the best
solutions obtained by jDE, averaging sampled solutions for each distance reveals apparent trends in a convex

way, which allows jDE finding the solution.
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