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Optimal transport is widely used in machine learning for learning distributions, enforcing distributional
constraints [2], and modeling risk aversion [1]. In one dimension, transport costs can be computed in closed
form by sorting values, enabling efficient differentiation and making them practical components of learning
pipelines [3, 4]. These costs are usually approximated via sampling. We study such parameterized functions
defined by transport costs and show that, as the sample size grows, the graphs of their subdifferentials converge,
guaranteeing that standard subgradient methods consistently approach population-level critical points. We
illustrate our results through several settings, including risk-averse optimization, fairness and sliced Wasserstein
costs where projections are sampled.
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