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] Submodular functions play a key role in the area of optimisation as they allow to model many real-world optimisation
Combinatorial Optimisation problems. Submodular functions model a wide range of problems where the benefit of adding solution components
Foundations of Bio-Inspired dimipish.es with t.he addition of elements. They form an importapt class of optimization problems anf:l are exFensiver
Computing studied in the literature. Problems that may be formulated in terms of submodular functions include influence

maximization in social networks, maximum coverage, maximum cut in graphs, sensor placement problem, and sparse
regression. In recent years, the design and analysis of evolutionary algorithms for submodular optimisation problems
Renewable Energy has gained increasing attention in the evolutionary computation and artificial intelligence community.

Real-World Applications

e rotects The aim of the competition is to provide a platform for researchers working evolutionary computing methods and

OptLog Seminar Series interested in benchmarking them on a wide class of combinatorial optimization problems. The competition will
benchmark evolutionary computing techniques for submodular optimisation problems and enable performance

LA D comparison for this type of problems. It provides an idea vehicle for researchers and students to design new
Submodular Competition @ algorithms and/or benchmark their existing approaches on a wide class of combinatorial optimization problems
GECCO 2025 captured by submodular functions.

A description of the different submodular optimization problems included in this competition can be found in

= F. Neumann, A. Neumann, C. Qian, V.A. Do, J. de Nobel, D. Vermetten, S. S. Ahouei, F. Ye, H. Wang, T. Back
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School of Computer and

Mathematical Sciences (2023): Benchmarking Algorithms for Submodular Optimization Problems Using IOHProfiler. In: [CoRR

Ingkarni Wardli Building abs/2302.01464].

The University of Adelaide .

SA 5005

AUSTRALIA Technical details:

Telephone: +61 8 8313 5586 We will use IOHprofiler for the competition. The problems are integrated into IOHprofiler and you can run your
Facsimile: +61 8 8313 4366 algorithms using it for evaluation and obtaining your results.The problem implementations and training benchmarks

are available in IOHprofiler.

The submodular problem implementations can be found in this directory IOHprofiler Problem. The code in C++ can be
found on this page.

Example:

Example on how to use IOHprofiler. Links to other examples and tutorials on IOHprofiler can be found here.

Notebook Example:

Example on how to access the submodular problems using IOHexperimenter.
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2. Maximum Cut

Given an undirected weighted graph G = (V, E, w) with weights w: E — R>( on the edges, the goal
is to select a set V3 C V such that the sum of the weight of edges between V4 and Vo = V \ 14 is

maximal.

i
For a given search point € {0,1}™ where n = |V|, we have Vi(x) = {v; | z; = 1} and Va(x) =
{v; | z; =0}. Let C(x) ={e€ E|enVi(x) # D AenVa(x) # 0} be the cut of a given search point

x. The goal is to maximize
fll@) =2 wle) ERTAE
eeC(x)
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M .github
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9 containers
9 doc
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> [ StarDiscrepancy
v & Submodular
D example_submodular.ipynb
[3 CMakeLists.txt
[ README.md
[ add_new_problem.hpp

[ eafh.cpp

I0Hexperimenter | example / Competitions / Submodular / example_submodular.ipynb 1 Top
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In [ 1:

In [ 1:

In[1:

D example_submodular_instances....

Code Blame 401 lines (401 loc) - 10.5 KB Raw D & 2 ~

This problem contains all kinds of information about the way it is constructed. It also keeps track of all evaluations, which can be
seen as follows:

print(f.meta_data)
print(f.state)

Since this problem can be evaluated as a common python function, it should work directly with any optimizer. We make a basic
random search to illustrate this:

import numpy as np

class RandomSearch:
'Simple random search algorithm'
def __init__ (self, n: int, length: float = 0.0):
self.n: int = n

def __call__(self, problem: ioh.problem.IntegerSingleObjective) —> None:
'Evaluate the problem n times with a randomly generated solution'

for _ in range(self.n):
# We can use the problems meta information to see the number of variables needed
X = np.random.randint(@, 2, size=problem.meta_data.n_variables)
problem(x)

If we want to run this algorithm on our problem, we can do the following:

r = RandomSearch(10)
r(f)
print(f.state)


https://github.com/IOHprofiler/IOHexperimenter

554

fE355 3848 € 1) IOH library b if4T 5056
https://github.com/IOHprofiler/IOHexperimenter

1 TOH library

2 R R A D 1] A SE A

» Maximum Coverage |1 541 ID: 2100-2127

e Maximum Cut

) 55 (7 S2 451 TD: 2000-2004

HARE S 5038 LI

TEREA 18] i s BT 4T 10000 X fitness PEAd
TERA A sz Fis4T 10 I BUR & 4 Bl
AL R ) RS AT HEY, CPRHEES s E SR



https://github.com/IOHprofiler/IOHexperimenter
https://cs.adelaide.edu.au/~optlog/CompetitionESO2025.php

SEY6 1R

SEIAR AT R A

C HALEIESHRE RN, HTSH, B
S HUE RS

o ACARATAN B S B 2 5 R

o TEPNSEAEE L, i DLV IR (BGEARERED) T F,
P35 fitness NNEHAI 2R, DLW Z2 VAR R0 R

s WERZZ T, 185 IR

10



PR3 5 34

o PR B — B8 3, UL “FE5 R M adns, Wl
“201240001 5K =. zip”

— PR ZAE SR I H AR A SE IR 4, AE ARk AR UL
HI (5H30H) HI &K% $] wangrj@lamda. n]u edu.cn, Hp

PEbRER f 44 A s 4 SO — 20
» MEVHTE 0 EES A EIR RSB, SRR S . I RCR

- AUARAL B TE Ll PR N Bk RO SR T
R D3 A4 I 38 R AT ) SR A6 4R 75 1) B

— B, 2Pl SEIGHRE 85%, SEIRRUERHEY 15%

~XET SR, BT S A RS ) EXE 56 2 0 4
PR OF T4 1 A R e b
—EWHR A L 2 RSN R, i

Thank you!

DJ wangrj@lamda.nju.edu.cn




