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✦ In machine learning
✦ Domain adaptation

✦ Generative modeling 
✦ Analysis of NN convergence

✦ And many other …

✦ It is always well-defined
✦ It is a proper distance on 𝒫(X)
✦ Lifts the geometry of X → 𝒫(X)
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✦ ML on graphs, fairness
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✦ Idea: hierarchical clustering

✦ Fast multipole methods, Barnes-Hut algorithm, H-matrices

K =

✦ Low-rank approx
         of « far interactions »
✦ Cheap tree traversal to 

detect « far » and 
« near » interactions

x ∈ C, y ∈ C

✦ Generally if r clusters in y far enough from all the x

K ≈ PQ⊤ 𝒪(rn)u → K̃u in


