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Decision-making with uncertainty is hard
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We want to guarantee constraint satisfaction
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Robust vs Distributionally Robust Optimization

Robust optimization Distributionally Robust Optimization
(RO) (DRO)
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Can we get the best of both worlds?



Probabilistic guarantees
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Machine Learning Clustering
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Mean Robust Optimization (MRO)
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Mean Robust Optimization Problem

uncertainty set
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Solving the MRO problem

Dualize constraint g(u, x) < 0, Yu € U(K, ¢€)
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It can be very expensive when K is large (e.g., K = N)



MRO bridges between RO and DRO
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[KENSA19] D Kuhn, P M Esfahani, V A Nguyen, and S Shafieezadeh-Abadeh, “Wasserstein Distributionally Robust
Optimization: Theory and Applications in Machine Learning
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Satisfying the probabilistic guarantees

probability of
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Quite conservative bounds... can we do better? »



Bounding the conservatism Worst-case values
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When ¢ is affine in u (L = 0), clustering makes

no difference to the optimal value or optimal solution
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Capital budgeting example
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Capital budgeting results
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B (probability of constraint violation)



Mean Robust Optimization

n Number of m
* Bridge between RO and DRO Clusters
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 Multiple orders of magnitude speedups
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