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In this study, we attempt to reformulate the problem of robotic map building from the viewpoint of dimen-
sionality reduction, and propose a novel framework named Localization-Free Mapping by Dimensionality Reduction
(LFMDR). In this framework, map building is interpreted as a problem of reconstructing a 2-D coordinates of
objects so that they maximally preserve the local proximity of them in the space of robot’s observation history. We
apply this framework to two map building problems — (1) visibility-only mapping and (2) bearing-only mapping,
and demonstrate that a variety of dimensionality reduction techniques can be used to obtain maps in both cases.
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