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Numerical experiments
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Oracle-based methods

Local Oracle:

Worst-case expectation: budget allocation

Primal DRO: online convex optimization

Dual DRO: primal DRO, then tangent compression

Main reduction: minimal support

Exactly one sample splits

Worst-case expectation

Dualize budget: bisection in

All loss-piece pairs

Nested golden-section

All loss-piece pairs

Nested golden-section

All loss-piece pairs
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Primal DRO: distributional best-response

Worst-case response

Decision update

Averaging

response

update

Iterates and average

Dual DRO: tangent compression

Historical atoms
Tangent compression

Approximate dual solution

Piecewise quadratic losses with Euclidean transport cost ( ).

Relative error  vs. MOSEK; missing: out of memory or 600 seconds.

16 instances: 

Limited data and changing conditions make future outcomes uncertain.
Past demand Plausible futures Inventory example

Too little stock: shortages.
Too much stock: unsold inventory.

DRO minimizes the worst expected loss over plausible distributions.

Motivation

Challenge: conic reformulations introduce many auxiliary variables.
Typical interior-point solvers scale poorly with problem size.

Problem setup

Optimal transport An OT ball of distributions
Empirical center:

Discrete

Continuous

Piecewise Structure:

Allocate the shared transport budget across samples:

Linearize loss pieces at the averaged decision:
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