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Tree-Constrained Matching

Given a weighted bipartite graph (U,V,E) and trees Tu and Tv over
U andV, we want maximum weight matching M such that matched
vertices in [y and Tv are not comparable

Mosig et al. introduced TCM and gave a LP form
claimed was
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Unfortunagely, as we Shall see, this is not the/case
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- [Folk] If d=1, there is an exact algorithm
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Generalization to posets

To model uncertainty in hierarchical clustering, we can use posets
instead of tress

We want matched vertices to be incomparable
Give 4 rho approximation, where rho is a parameter of poset

It cannot be approximated to exp (log'-¢ rho), for any fixed £>0,
unless NP belongs to DTIME(nPellog )
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