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Motivation Gen-DFL: End-to-End Learning Framework Theoretical Takeaways Robustness Stress Tests
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| Risk Level ; Figure 3: Portfolio regret under changing variance, dimensionality, and training size.

Problem Setup Synthetic tasks: portfolio CVaR, fractional knapsack, and structured shortest path under

nonlinear, high-variance, and high-dimensional uncertainty. Takeaway: Gen-DFL remains stable as variance, dimensionality, and data scarcity increase.

Real-data tasks: energy-cost-aware scheduling and COVID hospital-bed allocation under fore-
cast uncertainty.
Compared methods: best baseline selected from Pairwise, Listwise, NCE, MAP, SPO+, Difl-

Figure 2: Overview of the Gen-DFL pipeline for learning decision-aware conditional uncertainty:.

Takeaway: Gen-DFL models p(c|z) with a conditional generator while emphasizing samples
that matter for the downstream decision objective.

Sensitivity Analysis

We seek decisions that perform well in the worst-a% of outcomes:
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Figure 4: Training risk level « versus evaluation risk ~ Figure 5: Effect of the number of generated SAA
level in portfolio optimization. samples in portfolio CVaR optimization.

Within Gen-DFL, generate-then-optimize (GTO) replaces brittle point predictions with gen-
erated cost scenarios: learn p(c|x), then optimize decisions over samples. This helps most when

e Decision term: estimates CVaR regret with a proxy distribution ¢(c|z) when the true
p(clz) is unknown.
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Takeaway: Gen-DFL wins on most settings, with the clearest gains on nonlinear shortest-path
and portfolio tasks; the compact table also shows the few near-tie cases for transparency.



