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Abstract Progressive Optimal Transport for Coupling and Transport Solvers Experiments
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- Two algorithms: the ProgOT OT/Monge map estimator, valid
out of sample, and a heuristic designed to help schedule ¢ .
throughout iterations, adaptively through a small Conclusion
| | . optimisation.
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typically with larger inner regularization constants. o end for o end for
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) faster/cheaper compute in early stages. 13: return: ((1 — tx)Boc0 + trer ).
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