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Optimization with Constraint Learning framework
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Problem formulation m e

m)?x f(x, y) — IE(t [xg" V, ((t)] x, - Ticket prices for day period t

v — Predicted passenger demand

S.T. Xt € X h(-) - Predictive model for the demand
Ve = h(xt; 0, ;) 6, — Contextual features
<
ye=C (., — Competitor prices

(. —Train capacity




Data-driven o ptl mization model m i o

max  f(x,y) = [x" y]

s.t. x€eX
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Research Questions

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

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

Does the proposed approach lead to higher revenue?
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Data-driven o ptl mization model m i o

max  f(x,y) = [x"y]

s.t. x€eX




Observed market prices
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Case study:
RENFE pricing
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Day of the week 5 (Saturday) - Average passengers vs max train capacity by departure time
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ML models

Model Train R? Validation R?2 MAE RMSE

DT 0.9277 0.8290 42.9760 81.9547
RF 0.9730 0.9045 34.2935 61.2293
GBDT 0.9692 0.9197 36.1179 56.1579
FENN 0.8735 0.8607 44.7893 73.9567

Note: MAE and RMSE are computed on the validation set.




ML models

GBM: Empirical CDF of True vs Predicted Values
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Optimizer results

Model & Day Status Obj. Gap (%) Time (s) Vars. Constr. Mem. (GB)
2025-03-12 Opt. 267175.05 0.02 0.82 488,566 732,920 0.96

5 2025-03-22 Opt. 93003.60 0.00 0.42 308,009 462,059 0.84
2025-08-13 Opt. 479938.97 0.57 0.73 488,566 732,920 1.07

2025-08-23 Opt. 400544.10 0.89 0.43 308,009 462,059 0.90

2025-03-12 Opt. 302158.49 0.01 0.93 488,566 732,920 1.03

DT 10 2025-03-22 Opt. 122511.95 0.00 0.46 308,009 462,059 0.83
2025-08-13 Opt. 524490.02 0.01 0.78 488,566 732,920 1.07

2025-08-23 Opt. 442312.46 0.00 0.41 308,009 462,059 0.90

2025-03-12 Opt. 362776.19 0.01 1.69 488,566 732,920 1.04

20 2025-03-22 Opt. 162302.23 0.01 0.61 308,009 462,059 0.84
2025-08-13 Opt. 660247.50 0.85 1.05 488,566 732,920 1.11

2025-08-23 Opt. 493565.69 0.03 0.45 308,009 462,059 0.89

2025-03-12  Opt. 252213.58 1.00 42.95 16,861,208 25,290,848 23.12

5 2025-03-22 Opt. 92558.93 0.25 22.47 10,629,892 15,944,231 18.11
2025-08-13 Opt. 477290.41 0.57 34.14 16,861,208 25,290,848 25.04

2025-08-23 Opt. 397081.84 0.17 19.35 10,629,892 15,944,231 17.38

2025-03-12 Opt. 289525.03 0.97 646.75 16,861,208 25,290,848 23.27

RF 10 2025-03-22 Opt. 110602.04 0.70 45.00 10,629,892 15,944,231 17.58
2025-08-13 Opt. 505693.87 0.88 81.40 16,861,208 25,290,848 24.84

2025-08-23 Opt. 425437.67 1.00 20.71 10,629,892 15,944,231 17.31

2025-03-12 TL 322517.55 7.55 10802.54 16,861,208 25,290,848 24.16

20 2025-03-22 Opt. 134394.42 0.94 654.44 10,629,892 15,944,231 16.82
2025-08-13  Opt. 584483.18 1.00  1269.59 16,861,208 25,290,848 24.95

2025-08-23 Opt. 472085.45 0.77 32.88 10,629,892 15,944,231 17.01

2025-03-12 Opt. 270813.05 0.00 10.06 3,073,950 4,608,650 4.38

5 2025-03-22 Opt. 90158.97 0.00 4.74 1,937,925 2,905,454 7.91
2025-08-13 Opt. 476778.30 0.10 11.46 3,073,950 4,608,650 6.23

2025-08-23 Opt. 398474.20 0.01 3.81 1,937,925 2,905,454 6.65

2025-03-12 Opt. 297909.35 0.04 179.25 3,073,950 4,608,650 4.86

GBDT 10 2025-03-22 Opt. 101201.15 0.00 39.12 1,937,925 2,905,454 5.56
2025-08-13 Opt. 513136.64 0.08 76.33 3,073,950 4,608,650 5.99

2025-08-23 Opt. 425513.02 0.10 9.54 1,937,925 2,905,454 5.09

2025-03-12 TL 326426.72 11.48 10800.30 3,073,950 4,608,650 11.67

20 2025-03-22 Opt. 121119.72 0.00 2689.29 1,937,925 2,905,454 5.28
2025-08-13 TL 573342.31 2.01 10800.21 3,073,950 4,608,650 8.20

2025-08-23 Opt. 480014.29 0.10 24.52 1,937,925 2,905,454 4.69

2025-03-12 Opt. 289844.08 0.20 0.70 726 1,137 0.29

5 2025-03-22 Opt. 115886.36 0.72 0.35 372 589 5.83
2025-08-13 Opt. 460464.61 0.54 0.38 650 1,023 9.48

2025-08-23 Opt. 326688.39 0.82 0.20 340 541 11.70

2025-03-12 Opt. 313124.86 0.91 22.61 1,128 1,740 0.70

FFNN 10 2025-03-22 Opt. 123866.31 0.94 20.05 662 1,024 3.32
2025-08-13 Opt. 492373.69 0.96 12.68 1,044 1,614 6.05

2025-08-23 Opt. 345070.87 0.96 0.30 528 823 8.68

2025-03-12 TL 363621.74 14.97 10800.10 1,866 2,847 12.03

20 2025-03-22 TL 138209.67 10.73 10800.05 1,034 1,582 14.18
2025-08-13 TL 543750.36 4.56 10800.05 1,804 2,754 16.52

2025-08-23 Opt. 374618.76 0.96 21.11 926 1,420 7.33




Validation results

Model é New pax Orig. rev. Actual rev. Rev. diff. (%)
5 4,870 + 269 232,572 238,081 + 14,141 5,509 & 1,721 2.37
DT 10 5,396 £ 281 232,572 243,276 £ 14,943 10,704 £ 2,687 4.60
20 5,204 £ 272 232,572 254,345 &+ 15,124 21,773 £+ 2,844 9.36
5 5,364 4+ 267 232,572 238813 + 12,902 6,242 + 1,099 2.68
RF 10 5,600 £ 296 232,572 261,942 4+ 14,247 29,370 £+ 1,979 12.63
20 5,899 4 332 232,572 277,215 £+ 16,643 44,643 X 4,283 19.20
5 5,236 & 275 232,572 242,227 + 13,432 9,656 £+ 1,323 4.15
GBDT 10 5,530 + 294 232,572 254,351 + 13,913 21,779 + 1,745 9.36
20 6,135 + 309 232,572 255,936 + 13,460 23,364 + 1,281 10.05
5 5,480 + 291 232,572 247,543 + 13,245 14,971 + 1,144 6.44
FFNN 10 5,713 + 319 232,572 261,558 + 14,498 28,987 4 2,237 12.46
20 6,073 + 353 232,572 286,666 + 16,906 54,094 + 4,747 23.26

m

Baseline demand: 5,059 passengers
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Validation results

Model 6 New pax Orig. rev. Actual rev. Rev. diff. (%)
5 2,149 + 165 69,642 68,630 + 5,492 -1,012 + 698 -1.45
DT 10 2,109 + 159 69,642 70,981 + 5,640 1,339 £+ 893 1.92
20 2,118 4 158 69,642 73,635 £+ 5,808 3,993 £+ 953 5.73
5 2,278 £+ 170 69,642 70,541 + 5,580 899 4+ 678 1.29
RF 10 2,173 + 172 69,642 72,504 + 5971 2,862 &+ 1,026 4.11
20 2,604 + 172 69,642 74,137 4+ 5,713 4,495 + 869 6.45
5 2,123 4+ 163 69,642 67,981 + 5,408 -1,661 £+ 653 -2.39
GBDT 10 2,522 + 168 69,642 74,136 + 5,203 4,494 + 540 6.45
20 2,853 £ 200 69,642 75,252 £ 5,454 5,610 & 654 8.06
5 2,274 + 173 69,642 69,852 + 5,520 210 £ 677 0.30
FFNN 10 2,158 £+ 178 69,642 71,597 £+ 5,974 1,955 + 1,046 2.81
20 2,137 + 174 69,642 75,989 4 6,252 6,347 + 1,332 9.11

m

Baseline demand: 2,336 passengers
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Validation results

Model é New pax Orig. rev. Actual rev. Rev. diff. (%)
5 7,995 + 255 411,345 439,474 + 14,090 28,129 4+ 2,740 6.84
DT 10 8,087 + 307 411,345 461,191 + 17,170 49,846 + 5,763 12.12
20 7,650 = 323 411,345 472,288 + 20,447 60,943 £+ 9,270 14.82
5 8,097 + 257 411,345 438,380 =+ 13,643 27,035 + 2,339  6.57
RF 10 8,034 £ 298 411,345 462,634 &+ 16,990 51,289 + 5,585 12.47
20 8,109 4 328 411,345 480,449 £+ 18,729 69,104 + 7,407 16.80
5 8,098 + 247 411,345 432,694 + 12,826 21,349 + 1,713 5.19
GBDT 10 8,154 + 286 411,345 454,430 + 15,147 43,085 4 3,766 10.47
20 8,124 + 313 411,345 473,262 + 18,362 61,917 + 7,032 15.05
5 8,122 4+ 240 411,345 434,474 £+ 12,435 23,129 + 1,527 5.62
FFNN 10 8,167 + 279 411,345 453,576 + 15,418 42,231 + 4,060 10.27
20 8,173 + 303 411,345 478,925 + 18,105 67,580 + 6,736 16.43

m

Baseline demand: 8,130 passengers
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Validation results

Model 4§ New pax Orig. rev. Actual rev. Rev. diff. (%)
5 6,870 & 223 339,964 366,742 £+ 13,818 26,778 £+ 1,400 7.88
DT 10 6,831 £ 240 339,964 397,059 + 16,315 57,094 £+ 3,791 16.79
20 6,808 £ 249 339,964 446,559 £+ 17,587 106,595 £+ 5,032 31.35
5 6,954 1+ 220 339,964 366,694 + 14,151 26,729 £+ 1,885 7.86
RF 10 6,901 £ 228 339,964 390,134 + 15,386 50,170 & 2,990 14.76
20 6,822 4 243 339,964 434,069 £+ 17,113 94,105 £ 4,675 27.68
5 6,902 £ 224 339,964 365,448 + 13,412 25,484 £+ 1,121 7.50
GBDT 10 6,893 & 236 339,964 388,888 £ 14,094 48,924 £ 1,653 14.39
20 6,890 % 262 339,964 439,075 £ 17,891 99,111 £ 5,483 29.15
5 6,968 + 212 339,964 363,916 + 13,759 23,952 £+ 1,468 7.05
FFNN 10 6,976 4 226 339,964 385,810 + 13,978 45,846 &+ 1,721 13.49
20 6,897 + 244 339,964 415,186 £ 16,602 75,222 £ 4,375 22.13

m

Baseline demand: 6,979 passengers
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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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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.




Observed market prices

v B
@

|
I

N

&

Context
@ window X4
(B8 only)
Competitors
= @ — price response
ML model
®
X
= @ #competitors

Competitors’ response prices

v

|
I

Estimated demand

oo |)

o]
o]

v
=

|
I

B BB

output

Context
window X4
B2
Demand
' input ML model
output Aalad x
#services

@ ©©© OO OO ®E

i

ﬁw,f
Used as constraints for the
optimization problem

B

I
| L

T EERR IR E R R R

i

| Optimization solver )

Legend:

Incumbent operator

Competitor A % Competitor B

@ Observed price @ Candidate price @ ML-predicted price l



	Slide 1: Optimization with constraint learning for pricing services under competition
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Slide 30
	Slide 31: Optimization with constraint learning for pricing services under competition
	Slide 32
	Slide 33
	Slide 34
	Slide 35

