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1 Introduction

In this research, we use supervised machine learning to enhance a metaheuristic algorithm
designed for solving the Capacitated Vehicle Routing Problem (CVRP). The CVRP, a combi-
natorial optimization problem, involves determining the min-cost routes from a depot node for
a fleet of capacitated vehicles to fulfill the demands of various customer nodes [1]. Traditionally,
the algorithms solving this problem start from a new solution each time, even when dealing
with similar problem types. However, utilizing historical data could offer valuable insights
for achieving more efficient and effective solutions [2]. Moreover, the integration of machine
learning (ML) holds the potential for real-time problem learning, guiding the algorithm toward
more efficient problem-solving [3]. Therefore, the objectives of this research is to establish an
effective learning process combined with a robust optimization algorithm for solving problems
with increased efficiency.

2 Related research

The Capacitated Vehicle Routing Problem (CVRP) is defined as an undirected graph with a
specific number of nodes. The main objective is to explore permutation sequences of nodes,
identifying the most cost-effective routes for each vehicle. These routes collectively aim to
minimize the total cost while considering vehicle capacity constraints and meeting all customer
requirements [1]. In this context, the weight of each edge denotes the Euclidean distances
between the corresponding pair of nodes. Generally, the problem’s complexity, in terms of the
number of variables and computational time, escalates with the increasing number of edges in
the graph. The CVRP has numerous applications in logistics and supply chain distribution [4].
On the other hand, machine learning (ML) is designed to utilize historical data for handling new
problem [5]. Then, by integrating optimization algorithms with ML, the algorithm can extract
knowledge from previous experiences, effectively guiding towards optimal solutions [3]. The
integration of machine learning (ML) and optimization algorithms can be classified into three
strategies, as outlined by [2]: (1) end-to-end learning, (2) learning based on problem properties,
and (3) learning repeated decisions. In the end-to-end learning approach, ML serves as the
optimization algorithm to solve the optimization problem. Then, in the learning based on
problem properties, ML can also be employed to generate offline guidance for the optimization
algorithm. Lastly, the strategy of learning repeated decisions involves constructing an in-loop
ML-assisted optimization algorithm. This method enables the algorithm to learn from its own
decisions, adapting its behavior for improved performance.



3

Proposed method

In this research, we use the MNS-TS algorithm from [3] as a benchmark of our proposed
algorithm. From [6] and [7], we know that larger capacity utilization for every route is a
sign that we may achieve a better quality solution. Then, in this research, we hypothesize
that we may use that conclusion to manage the population of solution. To do that, we try
to develop guidance based on the capacity utilization of every member of a population of
solutions. We apply the guidance to improve the proposed metaheuristic algorithm from [7].
The computational experiment is conduted by solving randomly-sampled instances from [8].
The preliminary results show that the proposed guidance is able to improve the benchmark
algorithm and a proposed metaheuristic algorithm from [7].
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FIG. 1: Preliminary Computational Results

References

1]

N. Labadie, C. Prins, and C. Prodhon. Metaheuristics for vehicle routing problems. John
Wiley € Sons., 2016.

Y. Bengio, A. Lodi, and A. Prouvost . Machine learning for combinatorial optimization: a
methodological tour d’horizon. EJOR, 290(2):405-421, 2021.

F. Lucas, R. Billot, M. Sevaux, and K. Sérensen. Reducing Space Search in Combinatorial
Optimization Using Machine Learning Tools In 14th LION 14, 2020.

B. Herdianto. Guided Clarke and Wright algorithm to solve large scale of capacitated
vehicle routing problem. In 2021 IEEE 8th ICIEA, 2021.

Stuart Russell and Peter Norvig. Artificial Intelligence: A Modern Approach (3rd Ed). New
Jersey, USA: Prentice Hall, 2010.

B. Herdianto, R. Billot, F. Lucas, and M. Sevaux. Matheuristics Algorithm Guided by
Machine Learning for Solving the Vehicle Routing Problem. In 24th ROADEF, 2023.

B. Herdianto, R. Billot, F. Lucas, and M. Sevaux. Integration of Knowledge Extraction Pro-
cesses into Metaheuristic Algorithm. In 21th EU/ME meeting x Quantum School" Emerging
optimization methods: from metaheuristics to quantum approaches’, 2023.

E Queiroga, R Sadykov, E Uchoa, T Vidal. 10,000 optimal CVRP solutions for testing
machine learning based heuristics In AAAI-22 Workshop on MLJOR, 2021.



