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A B S T R A C T

Metaheuristic algorithms have become one of the preferred approaches for solving optimization problems.
Finding the best metaheuristic for a given problem is often difficult due to the large number of available
approaches and possible algorithmic designs. Moreover, high-performing metaheuristics often combine general-
purpose and problem-specific algorithmic components. We propose here an approach for automatically
designing metaheuristics using a flexible framework of algorithmic components, from which algorithms are
instantiated and evaluated by an automatic configuration method. The rules for composing algorithmic
components are defined implicitly by the properties of each algorithmic component, in contrast to previous
proposals, which require a handwritten algorithmic template or grammar. As a result, extending our framework
with additional components, even problem-specific or user-defined ones, automatically updates the design
space. Furthermore, since the generated algorithms are made up of components, they can be easily interpreted.
We provide an implementation of our proposal and demonstrate its benefits by outperforming previous research
in three distinct problems from completely different families: a facility layout problem, a vehicle routing

problem and a clustering problem.
1. Introduction

Stochastic local search algorithms, and specially metaheuristics, are
one of the most successful methods for solving optimization prob-
lems. Their distinct performance, specially when short computing times
are required in practical applications, makes them considerably pop-
ular (Gendreau & Potvin, 2019; Hoos & Stützle, 2005). The design
of metaheuristics is mostly guided by human expertise, intuition and
a great deal of trial-and-error, where the same problem-independent
algorithmic components are recombined in various ways together with
other problem-specific components. To avoid this human-intensive iter-
ative design process that often fails to fully explore the space of possible
metaheuristic designs, there is an increasing interest in automatically
designing metaheuristics from a library of algorithmic components
given training instances of a problem.

There are two main approaches to make this process more auto-
matic. One approach is hyper-heuristics (Ross, 2005) that select or
generate low-level heuristics within a given algorithmic template. Al-
though hyper-heuristics are useful for selecting or generating problem-
specific heuristics at a few critical points of a given metaheuris-
tic (Burke et al., 2013), their application for designing complete meta-
heuristics has been limited. One common characteristic of hyper-
heuristic approaches is the tight coupling between the algorithmic
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framework that defines the design space and the optimizer that searches
this design space. As a result of this tight coupling, hyper-heuristics are
often problem-specific.

A second approach formulates the automatic design of metaheuris-
tics as an automatic algorithm configuration (AAC) problem, also
known as parameter tuning or hyperparameter optimization in machine
learning. In such an approach, the design space is described as a
meta-algorithm with a large number of numerical, categorical and
conditional parameters, which must be set to instantiate a specific
metaheuristic. This meta-algorithm is developed independently of the
optimizer that searches the design space, which is often an off-the-shelf
AAC method, such as irace (López-Ibáñez et al., 2016), based on
F-race (Birattari et al., 2002). Examples of this approach are SATen-
stein KhudaBukhsh et al. (2009, 2016), AutoMOACO (López-Ibáñez &
Stützle, 2012), AutoMOEA (Bezerra et al., 2016) and PSO-X (Camacho-
Villalón et al., 2021). These examples were able to produce novel
algorithms, outperforming human-designed state-of-the-art ones. These
successes have inspired significant changes in popular metaheuristic
frameworks such as ParadisEO (Cahon et al., 2004) and jMetal (Durillo
& Nebro, 2011). These frameworks were proposed to facilitate the man-
ual (i.e., non-automatic) design of metaheuristics, but they have been
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377-2217/© 2024 The Author(s). Published by Elsevier B.V. This is an open access a

https://doi.org/10.1016/j.ejor.2024.06.001
Received 23 February 2024; Accepted 2 June 2024
rticle under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

https://www.elsevier.com/locate/eor
https://www.elsevier.com/locate/eor
mailto:raul.martin@urjc.es
mailto:manuel.lopez-ibanez@manchester.ac.uk
mailto:stuetzle@ulb.ac.be
mailto:josemanuel.colmenar@urjc.es
https://doi.org/10.1016/j.ejor.2024.06.001
https://doi.org/10.1016/j.ejor.2024.06.001
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ejor.2024.06.001&domain=pdf
http://creativecommons.org/licenses/by/4.0/


European Journal of Operational Research 318 (2024) 740–751R. Martín-Santamaría et al.

2
g
d
c
o
t
2
h
2

t
a
a
p
i
a
t
e

e
e
t
t
p
e

a

p
g
t
s
c
s
t
a
a
t
n

recently extended with meta-algorithm templates whose components
are exposed as parameters, thus enabling automatic design via AAC
methods (Dréo et al., 2021; Nebro et al., 2019).

Stützle and López-Ibáñez (2019) categorize these approaches for
the automated design of metaheuristics as top-down, because their
design space is defined as a high-level algorithmic template with a
large number of parameters. Top-down approaches impose a rather
inflexible algorithmic structure that is difficult to extend with new
components and to other problems. In contrast, bottom-up approaches
define algorithmic components and rules for combining them, often
in the form of a grammar. Many hyper-heuristics follow a bottom-
up approach and rely on different algorithms for building heuristics:
grammatical evolution (Burke et al., 2012), genetic algorithms (Hassan
& Pillay, 2017, 2018, 2019), and genetic programming (Iturra et al.,
2021; Silva-Muñoz et al., 2023), to name a few of them. Reinforcement
learning has been recently applied in the automatic design of algo-
rithms following the bottom-up approach (Meng & Qu, 2021; Yi et al.,
022). AAC methods can also optimize a parameter space defined by a
rammar (Mascia et al., 2013). If this grammar defines a metaheuristic
esign space that combines problem-independent and problem-specific
omponents, the result is a flexible approach for the automatic design
f metaheuristics (Mascia et al., 2014). A recent demonstration of
his bottom-up approach is the Emili framework (Pagnozzi & Stützle,
019), which has been used to generate new state-of-the-art meta-
euristics for a number of different problems (Alfaro-Fernández et al.,
020; Pagnozzi & Stützle, 2021).

Despite the obvious benefits of the bottom-up approach versus the
op-down one in terms of flexibility, the design of the grammar requires

careful consideration to make sure that all algorithmic components
vailable are enumerated at the appropriate places, together with their
arameters, relationships and possible constraints. This is a process that
s both tedious and error-prone. Furthermore, its extension with new
lgorithmic components requires manually modifying the grammar
o insert the new components in the relevant places, which is also
rror-prone.

In contrast to this tedious and error-prone manual update, Swan
t al. (2022) argue that automatic design frameworks should be ‘‘truly
xtensible algorithm templates that support reuse without modifica-
ion’’, which is closely related to the Liskov substitution principle (Mar-
in, 1996a), also known as design by contract, and the open-closed
rinciple (Martin, 1996b), which states that components should be
xtendable rather than modifiable.

We propose here an automatic design framework that follows the
bove principles. In particular, the requirements implement the design

by contract that allows substitution of components without modifica-
tion. In addition, our framework implements the open-closed principle
by discouraging modification of algorithmic components. Not allowing
users to modify existing framework components may give the impres-
sion that the framework is not flexible, which may seem as a downside.
On the contrary, instead of modifying existing components, which may
break their requirements, we encourage users to split algorithmic com-
ponents into as many independent components as possible with clear
requirements, which allows the user to easily extend and override each
component’s behavior, while matching the same set of requirements.

The proposed automatic design framework follows a bottom-up ap-
roach that differs from previous works in two key ideas. First, al-
orithmic components are annotated with their requirements, such
hat any component can be swapped with any other component that
atisfies the same requirements. For example, all constructive methods
an be used in place of each other. Although the idea of annotating
ource code to allow the automatic discovery of parameters to be
uned is not new (Hoos, 2012), previous proposals require an explicit
lgorithmic template or grammar that defines the relationships between
lgorithmic components. Our second key contribution is that extending
he framework does not require the modification of existing compo-
741

ents, nor of an explicit grammar or algorithmic template. Instead, the
requirements associated to the algorithmic components give rise to an
implicit grammar that is automatically updated when new algorithmic
components are added.

With the help of this framework, we propose in this work a method-
ology that automates the design of metaheuristic algorithms from a
given set of algorithmic components. To this aim, we provide a classi-
fication of components that includes all algorithmic elements and their
relationships. We also describe a labeling nomenclature that allows
the automatic discovery and analysis of components and automatic
grammar generation. Besides, we propose a new strategy for automat-
ically transforming the grammar to a parameter space that is searched
by an AAC method, using an intermediate language that allows any
framework user to easily interpret and analyze the results. The AAC
method is treated as a black-box component, with the ability of being
swapped by any other AAC method if so desired by the user.

In summary, our work addresses the following challenges:

• Our proposed approach does not require a fixed algorithmic
template or an explicit grammar that must be manually updated
when extending the library of algorithmic components.

• Despite the above, the algorithmic framework is fully extensible
by the user because an implicit grammar is automatically built
from the relationships defined between components.

• The definition of the relationships between components in our
approach only requires annotation of new algorithmic compo-
nents added to the framework and does not require modification
of existing components, following the open-closed principle advo-
cated by Swan et al. (2022). Moreover, the proposed intermediate
language allows researchers to easily interpret the generated
designs.

To the best of our knowledge, our proposal is the first and only
framework for automatic design of metaheuristics with the above fea-
tures. We also explain how these ideas can be implemented using
different programming languages by future or existing frameworks like
ParadisEO (Cahon et al., 2004), and jMetal (Durillo & Nebro, 2011).

In addition to the above methodological contributions to automatic
metaheuristic design, we demonstrate our approach by producing state-
of-the-art metaheuristics for three different combinatorial optimization
problems, without providing existing knowledge in the form of initial
algorithm designs. Moreover, we provide all information needed to re-
implement the automatically-generated algorithms as well as the source
code of our own implementation.

The rest of the paper is organized as follows. First, we present the
full methodology in Section 2. Afterward, in Section 3, the target prob-
lems are defined, and a summary of the state of the art of each problem
is presented. Next, we detail the experimentation methodology in Sec-
tion 4, and compare the performance of the automatically generated
algorithms using the proposed methodology against the state-of-the-art
metaheuristic. Finally, the conclusions and future line of research are
presented in Section 5.

2. A new methodology for automatic design of metaheuristics

In this section, the proposed methodology is introduced. As seen in
Fig. 1, the methodology consists of two main phases: (1) component
discovery and automatic grammar generation, and (2) design by opti-
mization. Next, we describe the details of both phases of the proposed
methodology in a general way.

2.1. Component discovery and grammar processing

The first phase of the methodology is implemented by three differ-
ent steps: the scanner, which scans the annotated source code of all
components, including user-provided code, and detects all available
algorithmic components; the recursive grammar walker ; and the param-
eter space transformer, as seen on the left side of Fig. 1. These steps
are implemented as independent software modules, each one having a
single responsibility. Before detailing their behavior, some definitions

are introduced in the next subsection.
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Fig. 1. Complete picture of the proposed automated metaheuristic design framework.
2.1.1. Components and relationships
We define algorithmic component as any procedure, method or pa-

rameter used or required by any heuristic or metaheuristic method.
This definition could be more general, but it is sufficient for our
purposes. Algorithmic components may be composed of other sim-
pler algorithmic components. Examples of algorithmic components are
constructive methods, stopping conditions, neighborhoods and local
search methods. All heuristic and metaheuristic methods are considered
as algorithmic components themselves, as they can be used by other
metaheuristics.

We define parameter domain as the set of valid values that a given
parameter can take. Optionally, any component may define metadata
properties. For example, a numeric parameter may define the minimum
and maximum values it can take.

Components can have two types of relationships: they can depend
on each other, or they can provide or implement a given functionality.
From this point on, we will call them requires and is a relation-
ships, respectively. Any algorithmic component can requires any
other component type. This dependency will be automatically resolved
to any available component that fulfills the required functionality. As
an example, if a component called SimpleAlgorithm requires a com-
ponent of type Constructive in order to work, this dependency can be
satisfied by any component that is a Constructive method, or in other
words, any component that matches the same specification defined by
the Constructive component by means of inheritance, composition or
any other available mechanism of the programming language used.
Note that while relationships between components can be as complex
as necessary, there need to be simple components that do not depend
on any other components; otherwise, no functional algorithm could be
constructed.

We have already implemented a set of algorithmic components in
a publicly available framework1 in order to prove our methodology.
Users can also provide components that fulfill some requirement of the
components already provided by the framework, thus extending the
framework.

Fig. 2 shows an example of algorithmic components that could
be used to solve the classical Traveling Salesman Problem. The yel-
low background boxes represent the general-purpose and problem in-
dependent components provided by our framework, while the blue
background ones are custom components developed by a hypothetical

1 https://github.com/mork-optimization/mork
742
user: a custom algorithm, Memetic, using a memetic metaheuristic (Neri
et al., 2011); a constructive method, RouteShuffle, that shuffles the or-
der in which the destinations are visited; a candidate list manager, TSP-
CandList, for the GRASP constructive procedure (Feo & Resende, 1989);
a swap neighborhood, SwapNeigh, that changes the order in which two
destinations are visited, and a Tabu improvement strategy (Glover &
Laguna, 1997), TSPTabu. The requires and is a relationships are
denoted with black diamond and white triangle symbols, respectively.

2.1.2. Code analysis and grammar generation
In our proposed methodology, the requires and is a relation-

ships are discovered by scanning the source code. We rely on both
the class hierarchy provided by object-oriented programming languages
and source code annotations to describe requirements, domains and
other metadata. The details of our implementation in Java are given in
Appendix B, where we also provide instructions on how to implement
our proposal in other programming languages. The Scanner module
shown in Fig. 1 finds all available algorithmic components, including
those provided by the framework and those implemented by the user.
Then, each component and their relationships are analyzed, and a
graph similar to Fig. 2 is generated.

As there is no distinction between components provided by our
framework and those provided by the user, the user is free to extend any
part of the existing component hierarchy or even create a new one. The
only component that must always be used or inherited is the Algorithm
component. See Figure A.10 in Appendix A for a summary of all the
components currently available in our framework.

Examining the relationships, the Scanner phase generates an im-
plicit grammar as follows: requires relationships produce rules that
expand to a sequence of one or more symbols without choices, whereas
is a relationships produce rules that expand to one or more choices
of single symbols.

Grammar 1 shows an example. The first grammar rule is the list of
available algorithms in the current context, represented by the starting
symbol Algorithm, with each found algorithm as a derivation. The third
rule in the example specifies that the algorithm Simple has a depen-
dency on both a Constructive and an Improver component, such as the
Memetic component defined by the user, as seen in the next grammar
rule. Components are not just labels but also encapsulate behavior, thus
an expansion Algorithm→MultiStart→Simple has a different behavior
than Algorithm→Simple. 𝐶𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑣𝑒 can be subsequently replaced
with any component that matches its specification: for example, a

https://github.com/mork-optimization/mork
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Fig. 2. Example of automatically discovered components and the hierarchy they form. Diamond arrows mean that the component at the side of the diamond is composed by or
depends on the component at the other side (requires relationship), while the white triangle represents that a given component implements or is of the type pointed by the
triangle (is a relationship). Parameters of each component are omitted for brevity.
s

⟨Algorithm⟩ ∶∶= ⟨Simple⟩ ∣ ⟨MultiStart⟩ ∣ ⟨Memetic⟩
⟨MultiStart⟩ ∶∶= ⟨Algorithm⟩

⟨Simple⟩ ∶∶= ⟨Constructive⟩ ⟨Improver⟩
⟨Memetic⟩ ∶∶= ⟨Constructive⟩ ⟨Improver⟩

⟨Constructive⟩ ∶∶= ⟨GRASP⟩ ∣ RouteShuffle

Grammar 1: Excerpt of grammar generated from the component
relationships seen in Fig. 2.

random shuffle (RouteShuffle) of the instance data, or a GRASP
with its corresponding candidate list implementation (GRASP).

Recursivity is implicitly allowed in our proposal, and occurs in cases
when an algorithmic component has a depency on a component type
which it can fulfill itself. Fig. 2, and specifically, the second rule of
Grammar 1, shows that the MultiStart component requires an Algorithm
component. This is due to the fact that the MultiStart algorithm ex-
ecutes multiple times any component of type Algorithm. Therefore, it
is possible that the chosen component is a MultiStart component with
a different configuration. While recursive behavior can be explicitly
disabled for any component, as will be detailed in Section 2.3, a global
recursion limit is always enforced in order to prevent infinite loops,
and its value can be customized by the user. Therefore, derivations are
applied until all chosen components have their dependencies satisfied,
or the current path in the derivation tree reaches the recursion limit
and it must be discarded.

Once all components have been analyzed, and the implicit grammar
is generated, the next step consists in building the derivation tree.
This task is performed by the Recursive Grammar Walker (Fig. 1). The
derivation tree defines the space of valid algorithmic component com-
binations that will be explored during the design by optimization phase
(phase 2 in Fig. 1). Fig. 3 shows two algorithms that could be generated
from the example presented in Fig. 2. In the first one, Fig. 3(a), the
MultiStart algorithm provided by the framework has been chosen, using
the Simple component as its internal algorithm. The Simple algorithm
consists in sequentially building a solution using a constructive method,
using an improvement method over the generated solution afterward.
Components that represent simple algorithmic parameters (component
743

2

parameters), like the size of the tabu list and the number of iterations,
are represented as green empty boxes. In Fig. 3(b), a more complex
example is built with the user-defined Memetic algorithm. This example
also shows that the framework-provided and user-defined components
are intermingled, without any differentiation, which is one of the novel
contributions of our approach. If a given component combination does
not generate a valid proposal because a component has a dependency
that cannot be satisfied, or the maximum depth is reached for a given
component combination, the affected branches of the derivation tree
are pruned.

Lastly, the derivation tree is translated into a space of categorical,
numerical and conditional parameters (Parameter Space Transformer
in Fig. 1). The generated parameter space can be optimized by an
off-the-shelf AAC method, such as irace.2

2.2. Parameter space and algorithmic component types

Modern AAC methods are able to handle parameter spaces that con-
tain categorical and numerical parameters, in addition to conditional
parameters that are only enabled when other parameters take particular
values. We take advantage of this ability to define a number of type
annotations that users may apply to algorithmic components. Note that
each annotation allows the user to provide specific metadata used when
generating the parameter space, such as the minimum and maximum
values of a number parameter. In particular, we define six types of
annotations, which will map components to the following parameter
types:

• Component parameter represents any algorithmic component type
required as a dependency. By default, any component that matches
the given type could be used. For example, a parameter of
type Improver, could be filled either by any LocalSearch com-
ponent, or any custom Improver implemented by the user. An
algorithmic component may optionally provide metadata to ex-
plicitly declare which components are allowed, or block some

2 The Parameter Space Transformer could generate output in a format
uitable for other AAC methods or optimizers, such as Optuna (Akiba et al.,
019), SMAC (Hutter et al., 2011) or ParamILS (Hutter et al., 2009).



European Journal of Operational Research 318 (2024) 740–751R. Martín-Santamaría et al.
Fig. 3. Examples of automatically generated algorithms. Each component and parameter is represented as a box, which may recursively contain components. Components available
in the framework are yellow; blue components are the ones provided by the user, and component parameters (for example, numerical parameters) are green. Note that the
component parameters are terminals and can never contain other components themselves. (For interpretation of the references to color in this figure legend, the reader is referred
to the web version of this article.)
A

specific components, reducing the number of possibilities avail-
able by default. For example, users may desire to exclude cer-
tain framework-provided components inside a user-implemented
component.

• Context parameter represents any parameter type whose value is
either fixed or calculated at runtime by a user-provided function.
Examples can be the algorithm name, or the type of objective
function, which is either maximize or minimize.

• Integer and Real parameters represent an integer value or a real
value, respectively, and allow the user to define the range of valid
values.

• Categorical and Ordinal parameters represent a choice from a
predefined set of values. An example of a categorical parame-
ter could be choosing either enabling or disabling a component
feature using a boolean value. Ordinals may be used in place of
categorical parameters when there is an implied order between
the parameter possible values.

When using irace as the AAC method, the Parameter Space Trans-
former tool maintains the type of categorical, ordinal, integer and
real parameters, as those types are directly supported by irace.
Component parameters are translated as categorical parameters. Condi-
tional parameters control which parameters are active according to the
choices made for parameters that appear earlier in the derivation tree.
Finally, context parameters are not translated to the parameter space
at all. Instead, their value is automatically set by the Algorithm Builder
(see Fig. 1) when generating an algorithm.

2.3. Automatic design by optimization

The next step employs optimization, in particular an AAC method,
to search the generated parameter space for good metaheuristic de-
signs. Each potential configuration of parameter values represents a
candidate metaheuristic that can be instantiated from the framework.
The quality of a configuration is evaluated by running the generated
metaheuristic on a number of (training) problem instances and scoring
the result. In this section, we explain the optimization loop in part (2)
of Fig. 1 that implements this search, which is formed by four distinct
components.

Automatic Configurator is the AAC method that optimizes the pa-
rameter space. It generates candidate parameter configurations
744

that the Algorithm Builder translates into metaheuristic designs.
It also selects problem instances and random seeds to eval-
uate those configurations by means of the Executor. Finally,
it receives a score value for each evaluation from the Results
Analyzer. Using these score values, it generates new candidate
configurations to evaluate, until it runs out of the provided
evaluation budget.

lgorithm Builder translates each parameter configuration received
from the AAC method to an executable algorithm in two steps.
First, the parameter configuration received from the AAC method
is translated to an intermediate language that describes the cor-
responding algorithm. An example of a configuration generated
by irace and its translation to the intermediate language are
given in Listings 1 and 2, respectively.

Listing 1: Example parameter configuration generated by
irace to execute the algorithm presented in Fig. 3(a).
--Algorithm=MultiStart --Algorithm_MultiStart.

↪ algorithm=Simple --Algorithm_MultiStart
↪ .iterations=10 --Algorithm_MultiStart.
↪ algorithm_Simple.constructive=
↪ RouteShuffle --Algorithm_MultiStart.
↪ algorithm_Simple.improver=TSPTabu --
↪ Algorithm_MultiStart.algorithm_Simple.
↪ improver_TSPTabu.tabuListSize=250

Listing 2: Intermediate language representation of the
algorithm presented in Fig. 3(a)
MultiStart{
iterations=10,
algorithm=Simple{
constructive=RouteShuffle{},
improver=TSPTabu{
tabuListSize=250

}
}

}

Then, the algorithm description is parsed to build an executable
version of the requested algorithm. The separation in two steps
decouples the parameter description, which is specific to the
AAC method, from the intermediate language parser that builds
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executable algorithms, which may be used by any AAC method
or even invoked manually by the user. In our implementation,
building an algorithm requires no compilation and, thus, its
overhead is negligible compared to running the algorithm. For
a complete technical description of this step, see Appendix B.

Executor launches the executable algorithm generated by the algo-
rithm builder using the chosen instance, in a reproducible en-
vironment. Two implementations are provided. The first one
executes built algorithms sequentially, while the second one can
parallelize a limited set of the runs. All built algorithms have a
user-defined maximum runtime, after which their execution is
terminated if they did not finish earlier.

Results analyzer collects metrics during the algorithm execution,
i.e., the objective value of the best-so-far solution within a single
run together with the runtime when it was found.

Typically, AAC methods expect a single number representing the
performance of the given parameter configuration on the given prob-
lem instance. Examples of performance metrics are the best objective
function value found up to a given termination criterion, or the runtime
required to reach some decision or solution quality target. Another pos-
sible metric is the Area Under the Curve (AUC) of the decreasing step
function defined by pairs (computation time, objective value) generated
by the algorithm when it finds an improved best-so-far solution within a
single run. Lower values of the AUC metric indicate faster convergence,
that is, better anytime behavior. More details about using this approach
for the automated configuration of anytime algorithms can be found
in López-Ibáñez and Stützle (2014).

The AAC method is given a computational budget defined by the
user, typically measured in total number of algorithm runs or a maxi-
mum running time for the whole process. Once the budget is exhausted,
the system returns the best algorithm designs found, along with a report
summarizing the findings.

3. Target problems

We tested the proposed methodology for the automated design of
metaheuristics on three optimization problems from different problem
families. In this section, each problem is introduced along with a
summary of its state of the art.

3.1. Space-free multi-row facility layout problem

The Space-Free Multi-Row Facility Layout Problem (SF-MRFLP)
belongs to the family of Facility Layout Problems. This family en-
compasses optimization problems devoted to placing facilities using
a given layout as the main constraint, trying to optimize magnitudes
that are usually related to handling material among different facilities
or operation costs (Anjos & Vieira, 2017). Examples are circular or
loop layouts, row based layouts and open-field layouts. The SF-MRFLP
generalizes the Corridor Allocation Problem (Amaral, 2012), in which
only two rows may be used.

The SF-MRFLP consists of placing a predefined number of facilities
𝑛 in a layout formed by two or more rows, taking into account that
no free space is allowed between adjacent facilities. Each facility 𝑖 has
a particular length 𝑙𝑖 and a list of weights 𝑤𝑖𝑗 specifying the material
flow to other facilities 𝑗. The position of each facility 𝑖 in its assigned
row determines its loading point 𝑥𝑖, which is situated at the center of
the facility. The loading point is calculated as the sum of the lengths of
all facilities placed in the same row before itself, plus half its length. If
the facility 𝑖 is the first in the row, the loading point is simply 𝑥𝑖 =

𝑙𝑖
2 .

The goal is to minimize the material handling cost, which is calculated
as the sum of the horizontal distances, assuming the distances between
rows and the height of the facilities are negligible, between the loading
745
points of each facility pair, multiplied by their respective material flow,
given by:

min
𝑛−1
∑

𝑖=1

𝑛
∑

𝑗=𝑖+1
𝑤𝑖𝑗 |𝑥𝑖 − 𝑥𝑗 | (1)

As indicated by the problem name, facilities in the same row cannot
have free space between them. Moreover, there are two additional
restrictions: all rows must be aligned on the left-hand side, and no
overlapping between facilities is allowed.

To the best of our knowledge, the state-of-the-art metaheuristic
is a variable neighborhood search (VNS) described by Herrán et al.
(2021). Its constructive phase is a GRASP using two different strate-
gies for picking elements from the candidate list, RandomGreedy and
GreedyRandom. During the improvement step of the VNS algorithm,
three different neighborhoods are used: removing and adding a fa-
cility from one position to another, swapping two facilities, and an
extended neighborhood formed by both. Furthermore, the proposed
neighborhoods can be explored using three different strategies: first
improvement, best improvement and hybrid (pick best move in a
smaller section of the neighborhood).

3.2. Balanced minimum sum-of-squares clustering problem

The second problem used to validate the proposal is the Bal-
anced Minimum Sum-of-squares Clustering (BMSSC) problem (Xavier
& Xavier, 2011). The BMSSC problem is devoted to assigning a given
number 𝑛 of elements (points) located in a 𝑑-dimensional space into a
given number 𝑘 of sets (clusters) of equal size. If the number of points
𝑛 is not divisible by 𝑘, there will be 𝑛 mod 𝑘 clusters of size ⌈𝑛∕𝑘⌉ and
𝑘− (𝑛 mod 𝑘) clusters of size ⌊𝑛∕𝑘⌋. The objective function is given by:

min
𝑘
∑

𝑖=1

𝑛
∑

𝑗=1
‖𝑝𝑗 − 𝑐𝑖‖

2 ⋅ 𝑎𝑖𝑗 (2)

which minimizes the sum-of-squares distance of an assignment of points
𝑃 = {𝑝1, 𝑝2,… , 𝑝𝑛}, to the 𝑘 clusters, taking into account the distance
of each point 𝑝𝑗 to the centroid 𝑐𝑖 of the cluster it is assigned to. The
centroid 𝑐𝑖 is the point with the minimum Euclidean distance to all
points assigned to the same cluster 𝑖; and 𝑎𝑖𝑗 is a binary variable that
takes the value of 1 if point 𝑗 is assigned to cluster 𝑖 and 0 otherwise.

The state-of-the-art metaheuristic is by Martín-Santamaría et al.
(2022), where the authors propose combining a GRASP approach with
the Strategic Oscillation method (Glover & Hao, 2011). Two neigh-
borhoods are proposed: the first one swaps elements between clusters,
which maintains solution feasibility; while the second one removes an
element from its currently assigned cluster and reassigns it to a different
one, which is likely to break the equal-size constraint. The authors
propose using the first neighborhood during the local search phase of
the GRASP metaheuristic and using the second one during the strategic
oscillation step, while relaxing the cluster size constraint. Afterward,
the solutions may need to be repaired, which is achieved by using the
same neighborhood to reassign elements from overloaded clusters to
undersized clusters.

3.3. Vehicle routing problem with occasional drivers

The third and final problem belongs to the family of the Vehicle
Routing Problems (VRP). The main objective of the VRP is to create
delivery routes, in order to fully satisfy consumer demand, while min-
imizing operating costs. The Vehicle Routing Problem with Occasional
Drivers (VRPOD), firstly introduced in Archetti et al. (2016), is a
variant of the VRP that considers the possibility of having occasional
drivers (ODs) to attend some customers, therefore reducing the length
and number of routes, and the associated operating costs. An OD is not
a professional driver, but a customer that goes to a physical shop loca-
tion, and agrees to deliver a package from an online order for a small
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compensation if the package destination is in route to their destination.
The objective function takes into account both the cost of the vehicle
fleet and the sum of compensations to the occasional drivers. Different
compensation schemes may be used to pay the drivers, see Archetti
et al. (2016) for the full problem formulation.

The current state-of-the-art metaheuristic for the VRPOD is by
Martín-Santamaría et al. (2021), which improves the results obtained
by Archetti et al. (2016). The authors propose using a cooperative
parallel Iterative Local Search, named 𝐼𝐿𝑆𝑀 , using five different
neighborhoods for the local search step. Three are commonly used in
VRP problems, specifically move one package from one route to another
one in any position, swapping two deliveries, and reversing a route
fragment, also known as 2-Opt. Moreover, two specific neighborhoods
for the VRPOD related to the usage of ODs are used: assigning a delivery
to an OD, and therefore removing it from its associated route, or
the reverse operation, removing an OD and assigning its delivery to
any route in any position. For the perturbation step, three different
methods are presented: removing a random route, using a probability
distribution which depends on the total cost of the route; randomly
deassigning a percentage of all deliveries to be later repaired; and
randomly applying movements from any neighborhood.

4. Experimental analysis

The state-of-the-art metaheuristics for the three problems consid-
ered were originally implemented in different programming languages,
evaluated on different hardware and use different parallelization strate-
gies. To enable a fair comparison, special care must be employed, so
performance differences cannot be attributed to a mismatch between
either hardware or software. The experimentation is divided in two
distinct phases. First, the automatic design by optimization, detailed
in Section 2, is used to generate elite algorithm designs. Then, the
performance of the automatically generated algorithms is compared
against the already published state-of-the-art algorithms, which were
designed manually using an incremental iterative methodology.

4.1. Experimental methodology

The proposed automatic-design framework is implemented in Java.
The original implementations of the state-of-the-art metaheuristics for
the VRPOD and BMSSC are also implemented in Java. The original
implementations of state-of-the-art algorithm for SF-MRFLP was in
C++. Java algorithms were executed using Java 21. The Java Virtual
Machine (JVM) heap size was limited to 24 GB. In the case of C++, GCC
11.4 was used to compile the sources, enabling optimizations (-O3).

All experiments were executed in the same virtual machine, running
on a host using an AMD EPYC 7643 CPU running at 2.3 GHz. The
automatic design process used 32 CPUs to run multiple algorithm
designs on different instances in parallel, but each of those runs is
limited to a single CPU core. The state-of-the-art algorithms for the
VRPOD and the SF-MRFLP use parallelization strategies in their original
proposal, using multiple CPUs to speed up execution. To ensure a fair
comparison against single threaded proposals, the CPU usage of all
algorithms was limited to a single CPU core.

All problem instances used in this paper are taken from the works
that proposed the current state-of-the-art algorithms. There is a total
of 420 instances for the VRPOD, 25 for the BMSSC, and 356 for the
SF-MRFLP.

Similarly, all algorithmic components designed in the state-of-the-
art problems are included as user-defined components in the frame-
work.

4.1.1. Automated metaheuristic design
The first step of the experimentation is using the automatic design
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by optimization procedure to generate elite algorithms.
We have chosen irace (López-Ibáñez et al., 2016) as the AAC
method that searches for good metaheuristic designs because it is
open source, well documented, matches all our requirements, and it is
widely used for automatic configuration and design (De Souza & Ritt,
2018; Pagnozzi & Stützle, 2019; Rasku et al., 2019). The computational
budget given to irace scales with the number of parameters. Specif-
ically, the budget is 500 evaluations per parameter to optimize, with a
minimum of 10 000, where each evaluation corresponds to running once
a candidate algorithm design on one problem instance. In the case of
SF-MRFLP, the design space has a total of 38 parameters, so irace will
execute a maximum of 19 000 evaluations. In the case of the BMSSC and
the VRPOD, the number of parameters is 114 and 54, which correspond
to 57 000 and 27 000 evaluations, respectively.

We use the AUC (defined above) as the metric minimized by irace
when comparing configurations, i.e., potential algorithm designs. When
computing the AUC, we discard the area outside the interval [10, 60] in
seconds. Any algorithm configuration that does not report an objective
function value before the first 10 s is considered invalid and removed.
All other settings of irace are set to their default values. Moreover,
in order to highlight the ability of the automatic design methodology
to identify good algorithm designs without prior knowledge, we do
not provide any initial configuration to irace in terms of good algo-
rithm designs or default parameter values. Therefore, each execution of
irace starts from algorithm designs and parameter values randomly
sampled from the algorithm design space.

In order to avoid possible overfitting issues during the automatic
metaheuristic design phase, a representative set of instances is se-
lected for each optimization problem, using the methodology proposed
in Martín-Santamaría et al. (2023). The size of this training set for the
SF-MRFLP, the BMSSC and the VRPOD is 54, 11, and 63, respectively.
In the case of the SF-MRFLP and the VRPOD, these numbers correspond
with 15% of the size of the instance set, while for the BMSSC, we have
used almost 50% due to the reduced size of the original set.

4.1.2. Comparison with the state-of-the-art designs
Once an algorithmic design has been generated for each prob-

lem, using the proposed automated design methodology, we com-
pare their performance against the state-of-the-art methods. As men-
tioned above, the automatically-generated algorithms are implemented
in Java, hence, we can compare them directly with the original state-
of-the-art implementations for the VRPOD and BMSSC, which were
also implemented in Java. In the case of the SF-MRFLP, to compare
with the original state-of-the-art implementation in C++, we rewrite
the automatically-generated algorithm also in C++ and compile both
algorithms with the same compiler and libraries to perform a fair
comparison.

For each problem, the automatically generated algorithm
(𝐴𝑢𝑡𝑜Problem) and the state-of-the-art one (SOTAProblem) will be executed
using all the available instances, repeating the experiment 30 times,
changing the random seed in each repetition. A hard limit is imposed
on the maximum execution time of each (𝑎𝑙𝑔𝑜𝑟𝑖𝑡ℎ𝑚, 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒, 𝑟𝑒𝑝𝑒𝑡𝑖𝑡𝑖𝑜𝑛)
triplet, using twice the value of the execution time reported in the
literature. Instances used while tuning the approaches are removed
from this testing set. Full results for the full set of instances are available
in Appendix C.

The results for each problem will be summarized in tables using
four metrics: number of executions that reach the best-known value
of an instance (#Times reaches bkv, where bkv means best-known
value); number of instances for which the algorithm obtains the best-
known value at least once (#Instances finds bkv); percentage gap
between the best value found in all repetitions for a given instance
and the best-known value, averaged over all instances (%Gap Min);
and lastly, averaged percentage gap of all executions to the best known
value (%Gap Avg). Moreover, for each problem, we will generate plots
describing the performance profile of both algorithms, following the

methodology proposed in López-Ibáñez and Stützle (2014), where the
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Table 1
Links to both artifacts archived in Zenodo and source code available publicly in GitHub
repositories.

Problem Source code Archived artifacts DOI

SF-MRFLP rmartinsanta/ac-SFMRFLP 10.5281/zenodo.7774832
BMSSC rmartinsanta/ac-BMSSC 10.5281/zenodo.7774637
VRPOD rmartinsanta/ac-VRPOD 10.5281/zenodo.7774830

Listing 3: Intermediate language representation of the best algo-
rithm found for the SF-MRFLP problem (𝐴𝑢𝑡𝑜SF-MRFLP). For a detailed
description of each algorithm component, see Appendix A.1.

IteratedGreedy{
constructive=CAPGRASPConstructive{
type="greedyB1",
alpha=0.13

},
improver=CAPFirstHybridIncLS{
neighborhood=ExtendedNeighborhood{}

},
destructionReconstruction=CAPShake{
type="Insert",
mode="6"

},
maxIterations=18236,
stopIfNotImprovedIn=786175

}

evolution of the average objective function gap to the best known value
(o.f. gap) is plotted along the execution time considering all studied
instances.

In addition, we assess the statistical significance of the observed
differences between the state-of-the-art method and the automatically
generated algorithms by means of Bayesian statistical analysis (Calvo
et al., 2019). In this methodology, the algorithms under comparison
are ranked per instance according to a given metric, and the expected
probability of each algorithm winning (i.e., returning a better objective
value than the other in a single run) is computed. Since the final
experiment comparing the automatically generated algorithms and the
state-of-the-art ones is repeated 30 times, we compare the results of
both algorithms for each instance using the %Gap Avg. value. The un-
certainty around the winning probability is given by credible intervals,
which are the Bayesian equivalent of confidence intervals. A credible
interval estimates the range of the true winning probability with a
particular probability.

In the next subsections, we summarize the results obtained for
each problem, including descriptions of the generated algorithms. Raw
results, solution data and, in general, all artifacts generated during the
experimentation, are archived in Zenodo. The complete source code of
both the state-of-the-art metaheuristic and the automatically designed
metaheuristics is available on GitHub. Table 1 provides links to all this
material.

4.2. Results for the SF-MRFLP

The automatic design process took approximately 52 h and gener-
ated a design based on the Iterated Greedy metaheuristic, as seen in
Listing 3, where the algorithm is represented using the intermediate
language described in previous sections. An interesting feature of the
proposal is the presence of a shake component instead of the traditional
destruction-reconstruction component. In the state-of-the-art paper, a
parallel Variable Neighborhood Search method was designed with a
cooperative scheme.

Table 2 compares the best algorithm found for this problem by
the automated design process (𝐴𝑢𝑡𝑜SF-MRFLP) with the state-of-the-art
algorithm (SOTA ). We can observe that SOTA obtains
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SF-MRFLP SF-MRFLP h
Table 2
Comparison between the automatically generated algorithm and the state-of-the-art
method for the SF-MRFLP.

𝐴𝑢𝑡𝑜SF-MRFLP SOTASF-MRFLP

#Times reaches bkv 3049 (33.65%) 2623 (28.95%)
#Instances finds bkv 239 (79.14%) 261 (86.42%)
%Gap Min 0.0039 0.0030
%Gap Avg 0.0570 0.0966

Listing 4: Intermediate language representation of the best algorithm
found for the BMSSC problem (𝐴𝑢𝑡𝑜BMSSC). For a detailed description
of each algorithm component, see Appendix A.2.

VNS{
shake=StrategicOscillation{
increment=0.75

},
maxK=2,
improver=FirstImpLS{
neighborhood=BMSSCSwapMove{}

},
constructive=GreedyRandomGRASPConstructive{
alpha=0.68,
candidateListManager=BMSSCListManager{}

}
}

the best known value in 28.95% of runs, while 𝐴𝑢𝑡𝑜SF-MRFLP obtains
33.65%. However, the 𝐴𝑢𝑡𝑜SF-MRFLP algorithm reaches the best-known
value for 239 out of a total of 302 instances in the testing set, while the
state-of-the-art algorithm reaches it for 261 instances. This difference in
results can be explained by the fact that the SOTASF-MRFLP is less stable,
and only reaches the bkv once or a few times over the 30 repetitions.The
gaps show that on average, the 𝐴𝑢𝑡𝑜SF-MRFLP obtains better results, while
being slightly behind to the original proposal if taking into account the
minimum value found over the 30 repetitions.

The results of the Bayesian statistical analysis are shown in Fig. 4,
where the dot represents the probability of winning estimated by the
Bayesian approach previously described. We can observe in the plot
that 𝐴𝑢𝑡𝑜SF-MRFLP has a higher probability of winning than the state-of-
he-art algorithm. Since the intervals do not overlap, the superiority
f the 𝐴𝑢𝑡𝑜SF-MRFLP is statistically significant. Finally, in Fig. 5, we
an observe the anytime behavior of both algorithms. In very short
omputing times, the state-of-the-art algorithm may have a slight ad-
antage, but if the execution time is greater than ten seconds, the
utomatically generated design obtains better results on average. The
act that the 𝐴𝑢𝑡𝑜SF-MRFLP proposal is worse in short computing times
an be explained because, during the tuning phase, the interval used
o calculate the algorithm performance ignores precisely the results
btained during the first 10 seconds.

.3. Results for the BMSSC

After 50 h, the automatic design procedure generated an algorithm
ased on the VNS metaheuristic, described in Listing 4. Notably, the
lgorithm combines VNS with a strategic oscillation method to increase
he maximum allowed cluster sizes, increasing the limit a maximum of
wo times. The state-of-the-art paper proposed a GRASP algorithm also
ith strategic oscillation.

Table 3 compares the best automatically generated algorithm found
or this problem (𝐴𝑢𝑡𝑜BMSSC), and the state-of-the-art algorithm
SOTABMSSC). We observe that 𝐴𝑢𝑡𝑜BMSSC reaches the best-known value
ore often and in more instances than the state-of-the-art algorithm.
oreover, 𝐴𝑢𝑡𝑜BMSSC also obtains lower minimum and average gaps.

The Bayesian statistical analysis (Fig. 6) estimates that 𝐴𝑢𝑡𝑜BMSSC

as greater winning probability. The credible intervals are wider than

https://github.com/rmartinsanta/ac-SFMRFLP
https://doi.org/10.5281/zenodo.7774832
https://github.com/rmartinsanta/ac-BMSSC
https://doi.org/10.5281/zenodo.7774637
https://github.com/rmartinsanta/ac-VRPOD
https://doi.org/10.5281/zenodo.7774830
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Fig. 4. Expected winning probability for both the SF-MRFLP state-of-the-art metaheuristic and the best automatically generated algorithm found.
Fig. 5. Performance profile of both the state-of-the-art metaheuristic and the best automatically generated algorithm, for the SF-MRFLP. The 𝑥-axis represents the elapsed execution
ime, in seconds, while the 𝑦-axis represents how far away from the best value is the algorithm at any given point in time, using a logarithmic scale.
Table 3
Comparison between the automatically generated algorithm and the state-of-the-art
metaheuristic for the BMSSC.

𝐴𝑢𝑡𝑜BMSSC SOTABMSSC

#Times reaches bkv 171 (40.71%) 137 (32.62%)
#Instances finds bkv 11 (78.57%) 9 (64.29%)
%Gap Min 0.0142 0.2930
%Gap Avg 0.1281 0.4739

in the previous comparison for the SF-MRFLP, which means that the
uncertainty is more pronounced. This fact can be explained because
SOTABMSSC obtains better results than 𝐴𝑢𝑡𝑜BMSSC when certain struc-
ures are present in the instance, while the 𝐴𝑢𝑡𝑜BMSSC approach per-

forms better on average. Finally, Fig. 7 summarizes the performance
profile of both algorithms. We can observe that the automatically de-
signed approach converges much faster than the state-of-the-art meta-
heuristic, having a much better anytime behavior.

4.4. Results for the VRPOD

For the VRPOD, the automatic design procedure required only
17 h for generating a new algorithm based on the Iterated Greedy
metaheuristic. The complete algorithm description is shown in Listing
5. The state-of-the-art proposal was an Iterated Local Search with a
cooperative scheme.

Table 4 compares the automatically generated algorithm for the
VRPOD (𝐴𝑢𝑡𝑜VRPOD) and the state-of-the-art algorithm (SOTAVRPOD).
In this case, the 𝐴𝑢𝑡𝑜VRPOD reaches the best-known value 32.50% of
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the repetitions, obtaining the best value at least once for 99% of the
Listing 5: Intermediate language representation of the best algorithm
found for the VRPOD problem (𝐴𝑢𝑡𝑜VRPOD). For a detailed description
of each algorithm component, see Appendix A.3.

IteratedGreedy{
constructive=VRPODGRASPConstructive{
alpha=0.47

},
improver=VND{
improver1=BestImprovementLS{
neighborhood=RouteToODNeigh

},
improver2=BestImprovementLS{
neighborhood=ExtendedNeighborhood

}
},
destructionReconstruction=RandomMovement{
multiplier=36

},
maxIterations=771701,
stopIfNotImprovedIn=683424

}

instances. On average, 𝐴𝑢𝑡𝑜VRPOD achieves a much lower gap, that is,
better solutions, than SOTAVRPOD.

The Bayesian statistical analysis, shown in Fig. 8, estimates that
𝐴𝑢𝑡𝑜VRPOD has a significantly higher winning probability than the state-

of-the-art method, with no overlap between the credible intervals.
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Fig. 6. Expected winning probability for both the BMSSC state-of-the-art metaheuristic and the best automatically generated algorithm found.
Fig. 7. Performance profile of both the state-of-the-art metaheuristic and the best automatically generated algorithm, for the BMSSC. The 𝑥-axis represents the elapsed execution
time, in seconds, while the 𝑦-axis represents how far away from the best value is the algorithm at any given point in time, using a logarithmic scale.
Table 4
Comparison between the automatically generated algorithm and the state-of-the-art
metaheuristic for the VRPOD.

VRPOD 𝐴𝑢𝑡𝑜VRPOD SOTAVRPOD

#Times reaches bkv 3135 (29.27%) 1925 (17.97%)
#Instances finds bkv 354 (99.16%) 133 (37.25%)
%Gap Min 0.0023 1.0216
%Gap Avg 1.9638 4.3331

Therefore, 𝐴𝑢𝑡𝑜VRPOD has a statistically significantly higher chance of
finding better solutions than SOTAVRPOD. The performance profiles of
both algorithms (Fig. 9) show that, on average, they perform similarly,
but the automatically designed approach has a slightly better anytime
behavior.

5. Conclusions and future work

In this work, we have proposed a methodology to automatically
generate metaheuristics for optimization problems. Our proposal over-
comes some of the obstacles found in previous automatic design frame-
works by following the design-by-contract and open-closed principles
recently advocated in this journal (Swan et al., 2022). Our method-
ology eliminates the need for an explicit, carefully designed, meta-
algorithmic template or grammar that must be manually adjusted when
extending the framework. Instead, each algorithmic component is an-
notated with properties that define its relationship to other algorithmic
components. These properties are easily implemented via mechanisms
provided by most programming languages. As a result, extending the
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framework only requires appropriately annotating the new algorithmic
components.

We have demonstrated the practical benefit of our proposed method-
ology by automatically designing metaheuristics for three substantially
different combinatorial optimization problems, namely, a facility lay-
out problem, a vehicle routing problem and a clustering problem.
We have compared these automatic designs with previous state-of-
the-art metaheuristics for each problem, designed by human experts
based on intuition and limited experimentation. Our results show
that the automatic designs match or improve the performance of the
state-of-the-art approaches for all the proposed optimization problems.
Although the automatic design process may consume several days of
computation, the outcome is a very competitive algorithm. On the
contrary, it is more than likely that a researcher will spend weeks on
preliminary experimentation in the process of algorithm development,
testing and parameter tuning. Therefore, we believe that our proposal
would remain useful even if it required weeks of computation time.

In our experiments, the automatic design process begins without any
knowledge regarding the state-of-the-art designs, the relative perfor-
mance of algorithmic components or default values for any algorithmic
parameters. An idea worth exploring in future works may be to analyze
the effect of starting the design process from known good-performing
designs, such as those existing in the state of the art, and measure how
they affect the performance and convergence of the AAC method that
searches the design space. In addition, it could be interesting to allow
the researcher provide a hand-crafted grammar and compare the results
against the one generated by our method.

Since the process is based on component composition by means of
the automatically generated grammar, the resulting algorithms can be
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Fig. 8. Expected winning probability for both the VRPOD state-of-the-art metaheuristic and the best automatically generated algorithm found.
Fig. 9. Performance profile of both the state-of-the-art metaheuristic and the best automatically generated algorithm, for the VRPOD. The 𝑥-axis represents the elapsed execution
time, in seconds, while the 𝑦-axis represents how far away from the best value is the algorithm at any given point in time, using a logarithmic scale.
easily interpretable. For instance, different algorithm designs that are
functionally equivalent could be simplified if studied by a human. An
example is a VND executing the same local search method multiple
times, where removing the VND component and calling the local search
method once should obtain the same results. It is an open research
question to what extent such equivalencies could be detected automat-
ically and either reported to the user in order to revise the components
provided or used to automatically simplify the generated algorithm
designs, so that the automatic design process generates the simplest
configurations possible.

Another line of future work consists in extending the framework to
incorporate more advanced algorithmic components, such as compo-
nents that enable parallelization and components from mathematical
programming that enable the design of matheuristics. Towards this
goal, we make our current implementation of the framework publicly
available at https://github.com/mork-optimization.
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