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IntrOdUCtiOn EXperimentS 2 RHS approaches the

theoretical hyperbolic  limit
(50%), with reductions over MST
up to 43.39% and relative
improvement over deterministic

Hyperbolic geometry is relevant to represent 1. RHS consistently outperforms vanilla HS, MST, and NJ across synthetic and

hierarchical data. We study the problem of real data sets: centered Gaussian distribution (left), mixture of 10 Gaussians

constructing hyperbolic Steiner Minimal Trees (SMTs) | centered at a regular 10-gon near the boundary (middle), and Planaria biological
in order to infer the hierarchy from a hyperbolic | dataset(right).
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Given a terminal set embedded in the Klein-Beltrami model, RHS consists of: P
- Computing the hyperbolic Delaunay triangulation of the current terminals and / o %
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