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Goal: Make sense of Wasserstein distances in high Approach: Project the measures onto a low-dimensional Results: Geodesic metric equivalent to the Wasserstein github.com/francoispierrepaty/
dimension by designing a robust variant of the Wasserstein. subspace and consider the maximum over all subspaces. distance. Efficient algorithms and use case on text data. SubspaceRobustWasserstein
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I. Wasserstein Distance in I1. Projection and Subspace II1. The SRW Geometry IV. Computing SRW V. Experiments
High Dimension Robust Wasserstein Distances . — SRW is Robust to Noise ]
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- Corresponding "min-max" problem: : , _
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What is really computed is the Wasserstein distance ey dim(E)=k presence of noise (d=30) for t = 0 to max_iter do Application in NLP

between the empirical measures on the samplesW( i, D) . . 7T < OT((x,a), (y,b), cost = d,) bp
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