
Decision-Focused Learning
(and how to do it quickly)



Part 1: Decision-Focused Learning
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1: Wahdany, Dariush, Carlo Schmitt, and Jochen L. Cremer. "More than accuracy: end-to-end wind power forecasting that optimises the energy system.“
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1: Wahdany, Dariush, Carlo Schmitt, and Jochen L. Cremer. "More than accuracy: end-to-end wind power forecasting that optimises the energy system.“
2: Killian, Jackson A., et al. "Learning to prescribe interventions for tuberculosis patients using digital adherence data.“
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1: Wahdany, Dariush, Carlo Schmitt, and Jochen L. Cremer. "More than accuracy: end-to-end wind power forecasting that optimises the energy system.“
2: Killian, Jackson A., et al. "Learning to prescribe interventions for tuberculosis patients using digital adherence data.“
3: Chai, Zhi, et al. "Port selection for fluid antenna systems."
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Why does traditional machine learning
not optimize decision quality?





Why does decision-focused learning
lead to better decision quality?
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What are the challenges of decision-focused 
learning?



Dataset Model Predictions Decision-making Decisions

Loss
Backpropagation

Decision-focused learning



1) Computationally expensive

2) Partial derivatives are 0

For example:



How are these challenges typically addressed?
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Mandi, J., Kotary, J., Berden, S., Mulamba, M., Bucarey, V., Guns, T., Fioretto, F.
Decision-Focused Learning: Foundations, State of the Art, Benchmark and Future Opportunities.
In: Journal of Artificial Intelligence Research (JAIR)
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Product 1 (x₁) Product 2 (x₂) Availability

Profit 3 4 /

Labor (hours/unit) 2 1 8

Material (kg/unit) 1 2 8

Question: how much product 1 (x1) and product 2 (x2) should we produce?
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Zero-valued partial derivatives
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Our solution: a surrogate loss



LAVA loss

Advantages:
• Differentiable
• Convex
• Does not require access to true c
• Efficient to evaluate (solver-free)

Disadvantage:
• Must compute adjacent vertices
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Conclusion

Applications:
• Healthcare
• Telecommunication
• Energy
• ...

Open challenges:
• Scalability on other problems than linear programs
• Parameters in the constraints
• Benchmarks
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