Subspace Detours: Building Transport Plans that are Optimal on Subspace Projections
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Goal: Alleviate OT curse of dimensionality Approach: Define OT plans and Results: Characterized all solutions. Gave two particular \”:',',:':,'2 oy
using plans and maps between lower- maps that take a “detour” by a instances, MI and MK. Closed forms for Gaussians. Applications: ENSAE =z . :E Google Al
dimensional projections of distributions. lower-dimensional subspace. color transfer, domain adaptation, and semantic mediation (NLP). 2 e paris \\\~:§ *e®

1. Optimal Transport 3. Subspace Transport 4. Optimal transport for Gaussians 6. Applications: Leveraging lower-dimensional
transport maps
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Link between maps and plans: Domain Adaptation with Gaussian Mixture Models
Monge-Independent Plans
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