
Machine Learning for Evolutionary Computation - the Vehicle
Routing Problems Competition

Weiyao Meng
School of Computer Science
University of Nottingham

Nottingham, UK
Weiyao.Meng2@nottingham.ac.uk

Rong Qu
School of Computer Science
University of Nottingham

Nottingham, UK
Rong.Qu@nottingham.ac.uk

Nelishia Pillay
Department of Computer Science

University of Pretoria
Pretoria, South Africa

Nelishia.Pillay@up.ac.za

ABSTRACT
The Competition of Machine Learning for Evolutionary Computa-
tion for Solving Vehicle Routing Problems (ML4VRP) seeks to bring
together machine learning and evolutionary computation communi-
ties to propose innovative techniques for vehicle routing problems
(VRPs), aiming to advance machine learning-assisted evolutionary
computation that works well across different instances of the VRPs.
This paper overviews the key information of the competition.
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1 INTRODUCTION
The Competition of Machine Learning for Evolutionary Compu-
tation for Solving the Vehicle Routing Problems (ML4VRP) 1 aims
to serve as a vehicle to bring together the latest developments of
machine learning-assisted evolutionary computation for VRPs. Re-
sults of current relevant research contain a lot of rich knowledge
in evolutionary computation which is, however, often discarded
or not further investigated. These include different features of the
problem/solutions to inform or drive the evolution/optimisation,
different settings/operators/heuristics in effective evolutionary al-
gorithms, and observations/evaluations of the search/fitness space.

1https://sites.google.com/view/ml4vrp
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These can all be retained and processed as data, serving as an ex-
cellent new problem domain for the machine learning community
to enhance evolutionary computation [4].

VRP variants of different difficulties provide an ideal testbed
to enable a performance comparison of machine learning-assisted
computational optimisation. Fostering, reusing, and interpreting the
rich knowledge from ML4VRP presents a challenge for researchers
across disciplines, however, is highly rewarding to further advance
human-designed evolutionary computation.

The previous ML4VRP competition at GECCO’23 focused on
VRP with capacity and time window constraints (i.e., CVRPTW).
Participants must develop machine learning techniques which can
design and enhance evolutionary computational algorithms ormeta-
heuristics for solving CVRPTW. Submissions featured a range of
innovative techniques, such as Graph Neural Networks (GNNs) [9],
Graph Q-learning [10], and deep reinforcement learning. These
approaches were applied to various aspects of the optimisation pro-
cess, including parameter tuning, solution initialisation, offspring
quality prediction, and operator selection.

Following the success of the previous competition, we are launch-
ing the competition at the GECCO’24, proposing two tracks in VRP,
i.e., CVRP and CVRPTW. Participants are required to submit de-
scriptions of the developed algorithms and the solutions for the
provided CVRP/CVRPTW instances. The submissions will be eval-
uated on randomly selected instances (from the provided instances)
using an evaluator available in the GitHub repository2 dedicated
to this competition. The most widely adapted evaluation function,
i.e. to minimise the number of vehicles and total travel distance, is
used to determine the best machine learning-assisted evolutionary
algorithms for solving VRPs. The algorithms which produced the
best average solution quality will receive the highest score.

2 PROBLEM INSTANCES AND FORMATS
2.1 The CVRP Track
The classical instances of Uchoa et al. (2017) [7] is one of the most
widely studied CVRP benchmark datasets. This dataset covers differ-
ent instance features, e.g., depot positioning, customer positioning,
demand distribution, allowing a comprehensive evaluation of algo-
rithm performance.

The problem instances provided in the competition are the Uchoa
et al. (2017) instances with customers ranging from 100 to 400,
covering different instance types.

2https://github.com/ML4VRP/ML4VRP2024
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2.2 The CVRPTW Track
Solomon [6] and Hombeger-Gehring [3] instances are extensively
utilised in the VRPTW literature. These datasets encompass six
types of instances (C1, C2, R1, R2, RC1, and RC2), varying in cus-
tomer locations, vehicle capacity, and time window constraints.

The problem instances in the competition are taken from the
Solomon [6] dataset of 100 customers, and the Homberger and
Gehring [3] dataset of 200 customers and 400 customers. The pro-
vided instances are randomly chosen from these three sized prob-
lems, covering different instance types.

2.3 Instance and Solution Formats
In this competition, we follow the convention used by the recent
DIMACS VRP challenge3 for instance and solution formats. CVRP
instances are given in TSPLIB95 format [5], while CVRPTW in-
stances follow the widely accepted standard format for this variant.
Solutions for both tracks should adhere to the CVRPLIB format.

3 SOLUTION EVALUATION
Several studies on VRPs use the hierarchical objective function,
prioritising the minimisation of the number of vehicles (routes)
followed by total travel distance [1]. Some search algorithms in
the literature adopt the weighted sum objective function [2]. This
competition considers the dual objectives of minimising the number
of vehicles (NV) and minimising the total travel distance (TD), as
shown in Equation (1), where c is set to 1000 empirically [8].

𝑐 × 𝑁𝑉 +𝑇𝐷 (1)

The competition’s solution evaluator, implemented in Python,
offers user-friendly access via the command line interface. It begins
by assessing solution feasibility. If feasible, it computes and display
the objective function value, the number of routes and total travel
distance. If the solution is infeasible, the evaluator returns a failure.
Full details can be seen in the competition’s GitHub repository.

4 PARTICIPATION
Participation is open to individuals or teams. Participants should
submit the following before 13 June 2024, and include team name,
algorithm details, team leader, and primary affiliation:

• A short description of 1) the machine learning (e.g. super-
vised or unsupervised learning, reinforcement learning, deep
learning, etc.) which designs, assists and enhances evolu-
tionary algorithms; 2) the resulting algorithms (e.g. meta-
heuristics, evolutionary algorithms, etc.) supported by the
machine learning for solving the CVRP/CVRPTW. No source
code for the algorithm is required for this competition.

• The solutions in the specified format and the corresponding
VRP instances, to be verified by the solution evaluator.

Participants may submit a two-page abstract by 8 April 2024,
to be included in the GECCO Companion Proceedings if accepted.
Participants are also invited to submit a full paper to a special
issue on ML4VRP in a journal. Details will be made available on the
competition website once the dates are finalised. We also encourage
participants to attend GECCO’24.

3http://dimacs.rutgers.edu/programs/challenge/vrp/

5 SCORING SCHEME
The competition will evaluate the submitted solutions for a subset
of the provided VRP instances, which will remain unknown to the
participants until the results are released. To determine the winner
and assess the performance of the competing machine learning-
assisted algorithms, we will adopt a scoring scheme used in some
of the competitions, which is based on Formula 1.

Formula 1 adopted a scoring scheme before 2010, where the top
eight drivers in each race earned points: 10, 8, 6, 5, 4, 3, 2, and 1. The
driver accumulating the most points across all races was declared
the winner. This is adapted for this competition as follows.

Assume that there are𝑚 instances and 𝑛 competing algorithms.
For each instance, an ordinal value 𝑥 is given representing the rank
of the algorithm compared to the others (1 ≤ 𝑥 ≤ 𝑛). The top eight
ranking algorithms per instance will receive points: 10, 8, 6, 5, 4, 3,
2 and 1 (like Formula 1), while the rest receive no points for that
instance. The points will be added across the𝑚 instances for each
algorithm. The winner will be the algorithm with the highest total
points. Therefore, if there are, for example, five instances in the
evaluation, the maximum possible score is 50 points.

To break the ties when multiple algorithms obtain the same ob-
jective function value (rounded to 3 decimal places) on a given
instance, the points awarded to the corresponding ranking posi-
tions are added together and then evenly distributed among them.
This ensures the total number of points awarded for each instance
remains the same, ensuring fairness in tie situations.

The winner of each track is the algorithm with the most points
for that specific track. In the case of a tie in points, the algorithm
with more wins is ranked first. If still tied, the winner goes to the
algorithm which is ranked the most second places, and so on.
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