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Algorithm in time Õ(min(n2; nk)) exist [Funke, Hespe, Sanders, Storandt, Truschel;23]

 Conditionally optimal under 3-SUM hypothesis [Gokaj, Künnemann, Storandt, Truschel;25]

Question: Can we circumvent the conditional lower bound (and to what extent)?



Approximating Pareto Sum via Bounded Monotone (min;+)-Convolution3

Previous work on Pareto Sum

Problem stems from bicriteria-route planning.
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Corollary: We can compute a 2t- Approximation of Pareto Sum in time Õ(n + (W
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Approximation via Scaling (and reduction)

Pareto Sum: Given sets A;B ⊆ R2. Compute C such that :

∀a ∈ A∀b ∈ B∃c ∈ C : c ≤ a+ b

C ⊆ A+ B,
The elements of C are non-dominated.

t-Approximate

+

„
t
t

«

a+ b = (x; y)

x x + t

y

y + t

c̃1

c̃2

Above approach leads to a 2t-approx of Pareto Sum in time Õ(n +
`
W
t

´1:5
).

c̃1 ≤ a+ b + (t; t),
c̃2 ≤ a+ b + (t; t).
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Algorithms implemented for (min;+)-convolution

1. CDXZ-algorithm based on Õ(n1:6)-algo from [Chi, Duan, Xie, Zhang; 23]
1. Scale down arrays A and B and compute the (min;+)-convolution (many same entries).
2. Scaling back up introduces an error. Possible to correct via FFT.

Simplifications performed for Step 1. Implemented without witness reporting slightly weaker approx.

2. Convex Pruning based on ∆-near convex (min;+)-convolution [Bringmann, Cassis;23]
1. Compute convex approximations of A and B.
2. Use convex approximations to prune the search space for each C[k].

Worst-case still O(n2), practical runtime dependent on pruning amount.
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Algorithms implemented for Pareto Sum

1. Bucketsort and compare
1. Compute the sumset P + Q, by direct adressing store smallest y -coordinate at observed x-

coordinate.
2. Perform a single sweep to keep non-dominated elements.

2. Previous Pareto Sum algorithms [Funke, Hespe, Sanders, Storandt, Truschel; 23]

 Bucketsort and Compare outperformed all previous Pareto Sum algorithms for Bounded Pareto Sum.
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Full version of the paper.


