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Pareto front

Introduction

• In multi-objective optimization, the goal is to find all Pareto-optimal solutions: the 

Pareto front. 

The green front (Pareto front) 

is better than the blue one
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Can find all the Pareto-optimal solutions 

without restarting the search. 
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Cons: 

• Need at least one search restart per 

Pareto-optimal solution.

• Can re-explore parts of the search 

tree already visited.

Both objectives are maximized
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the paper. 𝑜1
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Experiments
CP solver: Choco 5.0.0. Search strategy: dom/wdeg.

Two “toy” problems from 2 to 5 objectives. Timeout 1.5h. 

• Knapsack: 2 – 5 objectives. 110 instances.

• N-Queens: 2 – 5 objectives. 160 instances.

Two “real-world” problems from 2 to 3 objectives. Timeout 3h.

• Resource-constrained project scheduling problem (RCPSP): 2 objectives. 70 instances.

• Satellite image mosaic selection problem (SIMS)1: 2 and 3 objectives. 48 instances.

12Experimental results

1M. Combarro Simón, P. Talbot, G. Danoy, J. Musial, M. Alswaitti, and P. Bouvry: ‘Constraint Model for the Satellite Image Mosaic Selection Problem’. CP 2023



Experiments
Performance indicators:

• Time, when the Pareto front was found for almost all instances.

• Otherwise, we measure convergence and diversity:

• Hypervolume (HV).

• Inverted generational distance with modified distance (IGD+).

13Experimental results



Knapsack – time

Experimental results

Each curve is sorted independently from best 

relative time to worst.

Lower curves are better.

• PAUGMECON best for 2 and 3 objectives. 

Better than the adapted algorithms!

• MOBAB-CP best for 4 and 5.

Intuition:

Number of restarts may increase with the 

number of objectives.
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RCPSP

Experimental results

Instances with 2 objectives.

HV: Higher curves are better.

IGD+: Lower curves are better.

• PAUGMECON best for all metrics! Solved more 

instances 22 / 70.

• Faster than SAUGMECON.

• MOBAB-CP worst for IGD+. Could not complete 

any instance.
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RCPSP intuition

Experimental results

• MOBAB-CP. Solutions close in the search 

tree may not dominate solutions in the 

current front.

• Finds many solutions that do not 

improve the current front.

• The other algorithms find better-quality 

solutions.

16
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Summary of experiments

Experimental results

Evaluation considering HV, IGD+ and time

Problem Best algorithm Worst algorithm

MUKP 2,3 PAUGMECON MOBAB-CP (2 obj); SAUGMECON (3 obj)

MUKP 4,5 MOBAB-CP SAUGMECON

N-Queens MOBAB-CP SAUGMECON

RCPSP PAUGMECON SAUGMECON (HV); MOBAB-CP (IGD+)

SIMS PAUGMECON MOBAB-CP (HV); SAUGMECON (IGD+)

Take away: PAUGMECON is a robust choice for bi- and tri-objective problems. It is the only 

algorithm that was never the worst. It is the best in bi-objective and tri-objective settings, except 

for N-Queens, where MOBAB-CP was the best. 
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Conclusion & perspectives

Conclusion & Perspectives 

Conclusion

• We have proposed a new multi-objective algorithm in CP: PAUGMECON, which combines 

SAUGMECON with the Pareto global constraint to reduce redundant search. It was the best 

overall algorithm for bi-objective and tri-objective problems.

Perspectives

• New exact CP algorithms – Combine ideas from and ILP with CP-specific mechanisms, in 

particular the Pareto global constraint. Empirical results suggest that this combination is 

promising.

• PAUGMECON – Improve it for more than 3 objectives. Study implementation in ILP solvers.
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Additional improvements:

3. Reduce Pareto constraint overhead by using just the necessary 

subset of the solutions. 𝐴 = 𝑎, 𝑏, 𝑐, 𝑑  → 𝐴′ = {𝑏, 𝑐}.

4. Derive an upper bound for objective 𝑝 (main objective).

𝜖′ solved before than 𝜖.

5. Reuse of information from previous solutions considering the 

Pareto constraint.

𝐴 = 𝑏, 𝑐, 𝑑 , solve 𝜖′ returns 𝑎 and 𝑎 𝑜3 < 𝑏 𝑜3 , 𝑐 𝑜3

𝑏 and 𝑐 are associated with 𝜖′.

𝝐 will return either 𝒃 or 𝒄, can be skipped.
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