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Design GoalsDesign Goals

� Categories represented by distinct colors

� Clusters: Subset of points from same category

� Clusters form distinct regions

� Small number of clusters per category

� Points in cluster are sufficiently close

Points in same cluster connected
in a suitable proximity graph

Relax connectivity requirement
→ preservation of locality of clusters
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� NP-hard even for one category [Jansen & Woeginger ’93]
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