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Optimization with Constraint Learning framework

Problem formulation1

Data recollection & preparation2

ML-embedded optimization4

Validation & model refinement5

ML model selection & training3



Problem formulation

max
𝑥

𝑓 𝑥, 𝑦 = 𝔼𝜁𝑡 𝑥𝑡
𝑇 𝑦𝑡(𝜁𝑡)

𝑠. 𝑡. 𝑥𝑡 ∈ 𝑋
𝑦𝑡 = ℎ 𝑥𝑡; 𝜃𝑡, 𝜁𝑡
𝑦𝑡 ≤ 𝐶

𝑥𝑡 → Ticket prices for day period 𝑡

𝑦𝑡 → Predicted passenger demand

𝜁𝑡 → Competitor prices

𝜃𝑡 → Contextual features

𝐶 → Train capacity

ℎ ⋅ → Predictive model for the demand

max
𝑥

𝑓 𝑥, 𝑦 = 𝔼𝜁𝑡 𝑥𝑡
𝑇 𝑦𝑡(𝜁𝑡)

𝑠. 𝑡. 𝑥𝑡 ∈ 𝑋
𝑦𝑡 = ℎ 𝑥𝑡; 𝜃𝑡, 𝜁𝑡
𝑦𝑡 ≤ 𝐶

max
𝑥

𝑓 𝑥, 𝑦 = 𝔼𝜁𝑡 𝑥𝑡
𝑇 𝑦𝑡(𝜁𝑡)

𝑠. 𝑡. 𝑥𝑡 ∈ 𝑋
𝑦𝑡 = ℎ 𝑥𝑡; 𝜃𝑡, 𝜁𝑡
𝑦𝑡 ≤ 𝐶

max
𝑥

𝑓 𝑥, 𝑦 = 𝔼𝜁𝑡 𝑥𝑡
𝑇 𝑦𝑡(𝜁𝑡)

𝑠. 𝑡. 𝑥𝑡 ∈ 𝑋
𝑦𝑡 = ℎ 𝑥𝑡; 𝜃𝑡, 𝜁𝑡
𝑦𝑡 ≤ 𝐶

max
𝑥

𝑓 𝑥, 𝑦 = 𝔼𝜁𝑡 𝑥𝑡
𝑇 𝑦𝑡(𝜁𝑡)

𝑠. 𝑡. 𝑥𝑡 ∈ 𝑋
𝑦𝑡 = ℎ 𝑥𝑡; 𝜃𝑡, 𝜁𝑡
𝑦𝑡 ≤ 𝐶

max
𝑥

𝑓 𝑥, 𝑦 = 𝔼𝜁𝑡 𝑥𝑡
𝑇 𝑦𝑡(𝜁𝑡)

𝑠. 𝑡. 𝑥𝑡 ∈ 𝑋
𝑦𝑡 = ℎ 𝑥𝑡; 𝜃𝑡, 𝜁𝑡
𝑦𝑡 ≤ 𝐶

max
𝑥

𝑓 𝑥, 𝑦 = 𝔼𝜁𝑡 𝑥𝑡
𝑇 𝑦𝑡(𝜁𝑡)

𝑠. 𝑡. 𝑥𝑡 ∈ 𝑋
𝑦𝑡 = ℎ 𝑥𝑡; 𝜃𝑡, 𝜁𝑡
𝑦𝑡 ≤ 𝐶



Data-driven optimization model

max
𝑥

𝑓 𝑥, 𝑦 = 𝑥𝑇 𝑦

𝑠. 𝑡. 𝑥 ∈ 𝑋
𝑦 = ℎ 𝑥; 𝜃𝑡, ෡𝜁𝑡
𝑦 ≤ 𝐶



Research Questions

Which machine learning model is the most suitable for learning 
demand and embedding it into the optimization problem?RQ1

What is the computational impact of embedding each 
machine learning model into the optimization problem?RQ2

Does the proposed approach lead to higher revenue?RQ3
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Data-driven optimization model

max
𝑥

𝑓 𝑥, 𝑦 = 𝑥𝑇 𝑦

𝑠. 𝑡. 𝑥 ∈ 𝑋
𝑦 = ℎ 𝑥; 𝜃𝑡, ෡𝜁𝑡
𝑦 ≤ 𝐶



Observed market prices Estimated demand
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Case study: 
RENFE pricing



Madrid – Barcelona
High-speed corridor







ML models

Random Forests (RF)

Gradient Boosting Decision Trees (GBDT)
+ +

Feedforward Neural Network (FFNN)

Decision Tree (DT)



ML models



ML models



Optimizer results



Validation results
2025-03-12 (low-season weekday)

Baseline demand: 5,059 passengers



Validation results
2025-03-22 (low-season weekend)

Baseline demand: 2,336 passengers



Validation results
2025-08-13 (high-season weekday)

Baseline demand: 8,130 passengers



Validation results
2025-08-23 (high-season weekend)

Baseline demand: 6,979 passengers



Conclusions



Conclusions

The proposed framework is computationally 
feasible and can be effectively trained using 

simulation-based data augmentation.

Revenue improvements of typically 10–15% 
are achieved across all scenarios, reaching 

up to 23% in the most favorable cases.

The methodology explicitly incorporates 
competition into the pricing optimization 

process.



Future work

Model competitors' strategic reactions to price 
changes, allowing competitor prices to adapt 
dynamically within the optimization process.

Extend the proposed framework to other revenue 
management and pricing applications beyond the 

railway domain.
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Supplementary material
For the curious minds 



https://github.com/JoseAngelMartinB/robin

https://github.com/JoseAngelMartinB/robin


What’s next?

Extend the proposed framework by explicitly modeling
competitors’ reactions to RENFE’s pricing decisions, enabling
the optimization of prices in a dynamic competitive environment.
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