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ABSTRACT

We present MAHF, a Rust framework for the modular construc-
tion and subsequent evaluation of evolutionary algorithms, but
also any other metaheuristic framework, including non-popula-
tion-based and constructive approaches. We achieve high modu-
larity and flexibility by splitting algorithms into components with
a uniform interface and allowing communication through a shared
blackboard. Nevertheless, MAHF is aimed at being easy to use and
adapt to the specific purposes of different practitioners. To this
end, this paper focuses on providing a general description of the
design of MAHF before illustrating its application with a variety
of different use cases, ranging from simple extension of the set
of implemented components and the subsequent construction of
algorithms not present within the framework to hybridization ap-
proaches, which are often difficult to realize in specialized software
frameworks. By providing these comprehensive examples, we aim
to encourage others to utilize MAHF for their needs, evaluate its
effectiveness, and improve upon its application.

CCS CONCEPTS

- Software and its engineering — Object oriented frameworks;
+ Computing methodologies — Genetic algorithms; Generative
and developmental approaches.
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1 INTRODUCTION

There is an excessive number of metaheuristic implementations
available, ranging from “disposable” implementations for specific
metaheuristics to generic frameworks, which try to prevent some
of this “insanity” [35]. Many of these frameworks rely on compo-
nent-based designs but ultimately offer only a limited amount of
customization. This is not unsurprising, as evolutionary computa-
tion and metaheuristics in general cover a spectrum difficult to
accommodate inside a single framework. It is therefore not a ques-
tion of if specialization appears in a framework, but where.

Many frameworks additionally tend to focus only on the most
established metaheuristics, putting so-called “novel” metaheuris-
tics, highly relying on natural and social metaphors, aside for the
wrong reasons. While the flaws found in the scientific methodol-
ogy of those novel metaheuristics are often seen as a just cause to
ignore them as a whole, the reasoning is only superficial. Indeed,
there has been a growing movement in calling out novel meta-
heuristics that are simply specializations of established ones [4, 5,
37], and we believe with good reason. What remains an open ques-
tion is if these novel metaheuristics and operators might still prove
useful in some circumstances, even if they are specializations. The
comparisons done by the authors of some of those metaheuristics,
which claim to answer this question, are unfortunately highly bi-
ased, and the foundation of a fair and rigorous evaluation is neces-
sarily the implementation in a framework that allows for such.

This paper introduces MAHF!, a software framework written
in Rust that aims to alleviate some of the aforementioned issues.
One central goal of MAHF is to enable easy construction and ex-
perimental analysis of metaheuristics by breaking them down into
their fundamental components. The framework thus makes it pos-
sible to design any metaheuristics, which means first-class support
for single-solution- and population-based, local-search, perturba-
tion, generative, and hybrid metaheuristics, by providing an ex-
tensive set of modular components and heuristic templates. These
components also include such “novel” ones, merging them with
their more generalized versions where appropriate. MAHF can be
used for any type of experiment, including performance bench-
marking studies, and possesses the ideal properties for (genera-
tive) hyper-heuristics and automated algorithm design. While it is
primarily evolved as a tool for research, application to real-world
problems is possible through extension. The framework is still in
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its initial development phase and maintained only by a small team,
but this paper will demonstrate that the approach and concepts
used in MAHF are highly promising. For this purpose, four case
studies are presented in Section 4, after introducing and motivating
the framework’s most important design principles in Section 3 and
giving a short outlook into other frameworks in Section 2. Finally,
Section 5 presents future development work and a conclusion to
the paper.

2 RELATED WORK

There are numerous generic frameworks with extensive function-
alities available, each filling a slightly different niche. As evolution-
ary computation has grown and evolved over the years, different
frameworks have necessarily put more attention on certain aspects
than on others. ParadisEO [3, 15, 27] and HeuristicLab [45, 46] are
some of the mature options available, with the former focusing on
amodular design and a wide range of operators, and the latter pro-
viding experimental analysis and algorithm prototyping through
a modern GUIL ECJ [28, 39], DEAP [11, 17] and jMetal [16, 31, 32]
have similarly seen substantial progress over the years. Some more
recent frameworks include Cllib [35], IOHexperimenter [10, 12,
47], SPOT [1], and JGEA [29]. In general, frameworks are avail-
able for a multitude of programming languages, the most popu-
lar being Java and C++. More comprehensive discussions of other
frameworks can also be found in [15, 29, 36].

3 THE MAHF FRAMEWORK

MAHEF [44] is a framework for the modular construction and ex-
perimental analysis of metaheuristics written in the Rust program-
ming language?. Rust is well-known in fields associated with low-
level computing for its compile-time guarantees of memory- and
thread safety, which renders a garbage collector present in most
other high-level languages unnecessary, and enables catching nu-
merous errors related to concurrency at compile-time. This allows
Rust code to reach comparable speed to C and C++ while avoiding
the memory hazards often associated with manual memory man-
agement. Rust is much lesser known in the community of evolu-
tionary computation and is still very much a newcomer in scien-
tific computing in general, but its community is growing steadily
and will continue to do so in the foreseeable future. Also, while a
research-oriented project like MAHF might not benefit from fea-
tures such as memory safety as much as production or safety-re-
lated code, we argue that these still improve development and code
quality. Especially bugs involving parallelism are well-known to
be notoriously hard to track down, which makes Rust’s concept of
“fearless concurrency” 3 a welcomed addition to the tool belt.

The framework strongly relies on the concept of unified meta-
heuristics [e.g. 8,9, 43] and as such adopts a component-based per-
spective, wrapping any functionality inside generic components.
To our present knowledge, MAHF is the only framework written
in Rust that offers such an extensive implementation of compo-
nents, flexibility in the design of metaheuristics, and powerful tools
for their evaluation. As it is frequently stated as an advantage for

Zhttps://www.rust-lang.org
3https://doc.rust-lang.org/book/ch16-00-concurrency.html
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frameworks written in C(++), we believe that low runtimes of meta-
heuristics play a non-negligible role in the execution of experi-
ments involving such. Especially earlier design phases are usually
performed on benchmark problems where the objective function
does not dominate runtime, leaving many opportunities for effi-
cient metaheuristic implementations.

MAHEF is open-source under the GPL-3.0 license? and can be
found on GitHub®. It is additionally planned to publish MAHF on
the crates.io crate registry, the official registry for Rust packages,
in the short term.

This section is intended as a short introduction to the most rele-
vant concepts and design principles of MAHF, leaving detailed de-
scriptions of its architecture and modules to the technical report
in [44]. An overview of its basic structure is given in Figure 1.

3.1 Problems

Optimization problems in MAHF are split into two traits®: Prob-
lem and Evaluator. The Problenm trait specifies the fundamental
properties of an optimization problem, starting with the solution
encoding, nature of the objective (single- vs. multiobjective), and
its name. Problem types can implement and define additional traits
based on Problem, allowing access to (any) problem-specific in-
formation, for example, the problem having a vector-based solu-
tion encoding or the bounds of the search space for continuous
problems. This means that components that rely on such informa-
tion can be reused even across problem classes, provided the in-
formation can be represented in the same way. Consequently, it is
only necessary to differentiate between single- and multi-objective
problems where needed, which mostly boils down to components
requiring the definition of a total order on the objective type. The
Evaluator trait exposes means of evaluating solutions, or rather
Individuals (basic unit of a solution and an optional objective
value), possibly in a batched and parallelized manner.
MAHF currently comes with three problem types built-in:

o The widely recognized continuous optimization benchmark
functions adopted from [21] and the “Virtual Library of Sim-
ulation Experiments”7,

¢ bindings to the COCO benchmark suite [19], and

e a selection of TSPLIB instances®.

3.2 State

MAHF adopts a notion of metaheuristic state, collecting all run-
time information that may arise in the global State. The State
acts as a shared variable storage (blackboard), which supports in-
serting, reading, writing, and removing custom state structs (or
simply custom state). Components can communicate through this
storage, enabling complex interactions. It is realized as a set of
types, allowing for a degree of guarantees at compile-time. For ex-
ample, encapsulation is possible by restricting the type visibility
of a custom state, as components trying to access a type that is not
visible to them leads to a compile-time error. Conversely, compo-
nents can provide an interface to their mutable variables through
“https://opensource.org/license/gpl-3-0/

Shttps://github.com/mahf-opt/mahf

®Similar to interfaces, see https://doc.rust-lang.org/book/ch10-02-traits.html.

https://www.sfu.ca/~ssurjano/optimization.html
8http://comopt.ifi.uni-heidelberg.de/software/TSPLIB95/
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Figure 1: High-level overview of the MAHF framework: Components can be combined to metaheuristic Configurations, and commu-
nicate through the shared State. Conditions act as specialized components. Many structs are parametrized by the problem type P.

public types. Some state shared by almost all metaheuristics, so-
called common state, is already implemented. This for example in-
cludes the number of Iterations and Evaluations performed,
the BestIndividual yet found, and the current approximation of
the ParetoFront for single- and multi-objective problems, respec-
tively, or a seeded random number generator Random. The concept
of a population of individuals is generalized to Populations, al-
lowing components to freely push and pop populations on and off
a stack. Classical evolutionary operators are then represented as
operations on the so-called population stack:

e Initialization: Push a newly generated population.

o Selection: Select a subset from the population on top of the
stack and push it.

o Generation: Modify only the top population.

o Replacement: Merge the two top-most populations.

This approach was observed to be flexible enough to allow for
the realization of many different operations. The topic is taken up
again in Section 4.2.

3.3 Components and Conditions

Components are the heart of MAHF. Component-based design in
itself is certainly not new, and frameworks like ParadisEO [15]
and jMetal [32] commonly wrap their operator implementations
within reusable interfaces. These operators usually include the clas-
sic evolutionary operators like selection, replacement, mutation,
etc., and common functionality like termination criteria and eval-
uation of solutions. The main loop is then capsuled behind some
generic optimizer interface and written specifically for some algo-
rithm, taking its features and potential peculiarities into account.
MAHEF takes this concept of components to its logical end: encap-
sulating any functionality that may arise in the context of meta-
heuristics into components, which naturally includes the afore-
mentioned (evolutionary) operators, any metaheuristic-specific op-
erator, logging during the execution, calculation of metrics, and
even control flow itself.
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This is made possible by utilizing the flexibility of the interface
offered by State, as components can freely write to and read from
the blackboard. A component in MAHF implements the Component
trait and must define its execute method, which performs some
operations on the State, optionally using information offered by
the Problem it is parametrized by. Optional setup can be done us-
ing the initialize method, and initial requirements regarding
the State (i.e. presence of a certain custom state maintained by
other components) can be issued in require. Components assume
the State to have certain properties, some of which necessarily
need to be checked at runtime, e.g. a mutation component needs
at least one population on the stack to mutate. MAHF does not pre-
vent stringing together components at compile-time that assume
contradicting conditions or invalidate those of later ones, which
is an inevitable byproduct of having such a generic interface. As
such, if these conditions do not hold, execution is aborted with an
error message detailing the violation, as this indicates an invalid
metaheuristic definition.

An excellent tool for stating such conditions is the Design by
contract approach, using preconditions, postconditions, and invari-
ants. MAHF uses the contracts® crate to add checks to compo-
nents with idiomatic syntax. The following snippet defines an in-
variant, precondition (requires), and postcondition (ensures) to rea-
son about the population stack for a component performing a re-
placement strategy for single-solution-based metaheuristics.

!

¥

—
—

fn execute(& , problem: &P, state: &mut State<P>) {

“https://docs.rs/contracts/latest/contracts/


https://docs.rs/contracts/latest/contracts/

Another important issue for the design of components is spe-
cialization vs. generality. The components in MAHF should be im-
plemented as specialized as necessary, and as general as possible,
which means that they should expose as much information as is
sensible through the State, allowing for other components with
additive functionality rather than reimplementations of existing
components with new functionality. An example of this is param-
eter control: there is no need for an additional component with
adaptive mutation strength if the existing component performing
the mutation exposes its mutation strength in the first place, pos-
sibly enabling adaptation by other components.

While in theory components can express any behaviour, the
well-established categories of metaheuristic components are still
provided by MAHF in the form of specific modules, including com-
ponents associated with selection, mutation, recombination, ini-
tialization, or replacement (cf. Figure 1). One special feature of
MAHEF is that control flow is also represented as components:

e Block: executes a group of components sequentially.

e Loop: executes a component (usually a Block) while a cer-
tain condition is true.

e Branch: executes either the “if” or “else” component depend-
ing on a condition.

e Scope: executes the component in a capsuled State, allow-
ing shadowing of custom state for this duration while still
enabling communication with the outer State. Usually used
to nest metaheuristics transparently.

Conditions are represented through the Condition trait and are
equivalent to components with the sole difference lying in their
execution evaluating to a boolean value. They can be combined
using the usual boolean operators.

3.4 Configurations

The previous section has introduced components and the concept
of grouping them inside other components. This can be used to con-
struct any metaheuristic algorithm or metaheuristic framework.
Such a grouping of components is called a metaheuristic configu-
ration, and the Configuration struct provides useful abstractions
for dealing with them. Applying a Configuration to a problem is
as simple as calling its optimize method with the problem as ar-
gument. The method returns the State after execution, enabling
inspection of any custom state, including the final population, or
the BestIndividual. It is also possible to pre-initialize the State
before execution, e.g. to set the random number seed or customize
what state should be logged at runtime. Because an object-oriented
approach to specifying control flow is not very intuitive, Configu-
ration also exposes a simple and idiomatic way to construct meta-
heuristics through Rust’s builder pattern!®: control flow methods
suchasdo_,while_,if_, or if_else_ can be used to define specifi-
cations very close to pseudo-code. Shortcuts to often-used compo-
nents are available as well, e.g. the evaluate and update_best_-
individual methods instead of manually specifying the compo-
nents with the respective functionality. Section 4 shows many ex-
amples of this and, specifically, Section 4.1 contrasts a metaheuris-
tic template in pseudo-code and MAHF’s builder syntax.

105ee https://doc.rust-lang.org/1.0.0/style/ownership/builders.html for more informa-
tion on the builder pattern.
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MAHF currently defines templates for 12 metaheuristics using
its many components, which include popular algorithms like the
Genetic Algorithm (GA), Particle Swarm Optimization (PSO), or
Ant Colony Optimization (ACO) [13, 14] along with lesser known,
supposed “novel” metaheuristics like Invasive Weed Optimization
(IWO) [30] and baseline heuristics like random searches. They al-
low customization of certain operators similar to other frameworks
(e.g. a custom mutation operator) and are meant to provide a start-
ing point for more specialized configurations.

4 CASE STUDIES

This section demonstrates the usefulness and flexibility of the con-
cepts implemented in MAHF, which were introduced in earlier sec-
tions, through four case studies, which cover a broad spectrum
of common metaheuristic applications present in research and in-
dustry. These include implementing new metaheuristics inside the
framework, hybridizing existing ones, adding new or modifying ex-
isting operators and metrics, and comparing and evaluating them.
For this purpose, most sections are accompanied by examples of
the specific metaheuristic configurations.

4.1 Implementing Simulated Annealing

Simulated Annealing (SA) [25] is a well-studied single-solution-
based metaheuristic capable of escaping from local optima [18, 34].
To add a new metaheuristic to MAHF, the first step lies in identify-
ing the components that are metaheuristic-specific and those that
can be reused from others, i.e. are already available. Of course, the
entirety of components appearing in SA is already implemented
in MAHF, so in reality we would be done here. For the sake of the
example, assume that this is not the case, but metaheuristics like a
GA are present, and so are their components.

The pseudo-code of SA is given in Algorithm 1. Initialization
methods in MAHF accept an arbitrary population size, covering
the initalization of the initial solution on line 1. Evaluating
individuals (line 2,7) and tracking the best individual yet found
(line 2,8) is similarly built in using the evaluate and update_-
best_individual methods (or their respective components). Also,
iterations are automatically kept track of by the loop (line 3,14) and
common termination criteria are assumed to be present from other
algorithms. Neighborhood (line 5) and constraint (line 6) compo-
nents are shared by many metaheuristics and can be chosen de-
pending on the problem type. They similarly work for any popula-
tion size. For continuous problems, this could be a mutation using
normal-distributed values and clamping to the search space bound-
aries. The functionality unique to SA appears therefore to be its
probabilistic candidate solution acceptance (line 9 to 12) and the
cooling schedule (line 13), both related to the concept of tempera-
ture. A termination criterion related to temperature could also be
imagined (e.g. terminate when the temperature T < €).

As the temperature seems to be shared by at least two com-
ponents, it should be represented as a public custom state (e.g. a
Temperature struct wrapping a float value). Initializing this state
in the solution acceptance component seems to be a natural fit,
so it could be used with a (low) static temperature value by it-
self without a cooling schedule. The current (S) and candidate so-
lution (S’) can be represented as two populations on the stack,


https://doc.rust-lang.org/1.0.0/style/ownership/builders.html

using the usual concepts of selection and replacement. Selection
for SA means copying S to a new population, which is equivalent
to selecting all solutions from the population (selection: :All),
and pushing it on the stack. Replacement is done through the pre-
viously identified candidate solution acceptance component (e.g.
called ExponentialAnnealingAcceptance), which either discards
the top population (S”) or the one below (S) depending on their ob-
jective values and the Temperature. For the population stack logic,
it could define a state contract similar to one listed in Section 3.3.
The cooling schedule might either read the number of Iterations
(k) from the State and calculate the new Temperature value (e.g.
using Ty -a¥)or adapt it solely based on the old value. With this, all
functionality of SA is covered, and we can define its configuration
in MAHF (cf. Listing 1).

Algorithm 1: Simulated Annealing

Input: Objective f with domain A, initial temperature Ty

1 S « initialization();
2 Evaluate S; ipest < S
3 k « 0;
4 while termination criterion not met do
S’ « neighbor(S);
Constrain S’ to A;
Evaluate S’;
Update the best individual ijeg;
if £(S’) < f(S) then

| S8

5
6
7
8
9

10

else

L S « S’ with probability exp((f(S) — £(S))/Tx);

Ti.41 < cooling_schedule(k);

k—k+1;

Output: Best individual ipegt

11
12

13

14

Configuration: :builder()
.do_(initialization)
.evaluate()
.update_best_individual()
.while_(!termination, |builder| {
builder
.do_(selection::All::new())
.do_(neighbor)
.do_(constraints)
.evaluate()
.update_best_individual()
.do_(ExponentialAnnealingAcceptance: :new(t_0))
.do_(cooling_schedule)
»
.buildQ);

Listing 1: The SA in Algorithm 1 as Configuration: the ini-
tialization, termination, neighbor, constraints, and cool-
ing_schedule components are left unspecified.
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4.2 Hybridizing Particle Swarm Optimization

The high degree of component reusability made it easy to imple-
ment SA in the previous section. While the component-based de-
sign certainly showed its strength in implementing a new meta-
heuristic, hybridizing metaheuristics is another well-supported use
case. This is where the high level of generality of components can
be exploited in its entirety, almost seamlessly combining compo-
nents that are by their definition usually not used together.

Particle Swarm Optimization (PSO) [24, 38] is one of the most
widely recognized population-based metaheuristics introduced in
recent decades, and has been hybridized with a wealth of different
metaheuristics [see 40, 41]. This section means to illustrate how
MAHF’s component design generalizes well beyond the common
applications of metaheuristic frameworks through implementing
three PSO hybrids from the literature, namely PSO with GA, Dif-
ferential Evolution (DE), and SA, respectively.

PSO is split into the following components, with the Parti-
cleSwarm custom state holding PSO-specific information. The po-
sition of particles is represented as a population of individuals.

e ParticleSwarm::initializer: initializes velocity o, per-
sonal best pbest for each particle and the global best gbest.

e ParticleSwarmGeneration: performs the classical velocity
and position update.

e ParticleSwarm: :updater: updates pbest and gbest.

PSO with GA. GA-PSO [23] tries to leverage the advantages of
both PSO and GA by applying them to the worse and better half
of the population, respectively. The GA applied to the better half
uses an arithmetic crossover and Gaussian mutation. PSO’s update
of pbest and gbest are done on the whole population. While Kao
and Zahara [23] technically define a custom termination criterion
based on the standard deviation of the best N/4 + 1 individuals, it
is omitted here as it is not connected specifically to hybridization.
Listing 2 shows the configuration using MAHF’s builder syntax.
The hybrid behaviour is translated into components for splitting
the population into two by their objective values, pushing both
on the stack (SplitFittest), swapping the two top-most popula-
tions (SwapPopulations), and merging the two top-most popula-
tions back into one (Merge). These operations on the population
stack are visualized in Figure 2a, denoting the worse half as

and the better as Pf]/z
selection-replacement-cycle of the GA temporarily pushes a popu-

lation itself, staying oblivious to the presence of other populations.

w
Py
of a population Py of size N. Note how the

PSO with DE. DEPSO [20] is based on the idea of utilizing both
the differential information generated by DE and the memory ca-
pabilities of PSO. The population update of DE is probabilistically
replaced with the particle update of PSO, keeping the better indi-
vidual at each index, respectively. As Figure 2b shows, PSO oper-
ates on a copy of the population to enable the replacement on a
per-individual basis. Execution of either DE or PSO is decided by
chance, strongly biasing the result towards DE (cf. Listing 3). To
be precise, DEPSO is rather an integration of PSO into DE than
the other way around, as the DE update is performed significantly
more often.
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Figure 2: Layout of the population stack for (a) GA-PSO [23],

(b) DEPSO [20], and (c) PSO-SA [22] during an iteration: only the

population on top of the stack (green) is modified by generation components like mutation and recombination. The start and end populations
in a loop are marked in orange. Arrows symbolize the populations affected by an operation. Note that PSO-SA (c) may perform multiple

inner SA loops depending on if a better solution was found.

PSO with SA. PSO-SA [22] aims to improve the social behaviour of
PSO by updating gbest through a nested SA if no improvement was
found in the current cycle. The inner SA is run until no improve-
ment is made, and the current solution S is assigned as new gbest.
To realize this functionality, a condition to check if gbest has im-
proved since the last iteration is needed (GlobalBestImproved),
along with means to insert gbest into a new population on the
stack (GlobalBestToPopulation), and update it using an exist-
ing single solution (SingleToGlobalBest). The condition needs
to access the objective value of gbest from the last iteration, which
can be implemented through a private custom state, which is up-
dated after reading the old value. The inner SA loop is realized
through the pre-defined sa template (cf. Listing 4), which inter-
nally uses the very components designed in Section 4.1. As cooling
and constraint checking is done in both the outer PSO and inner
SA loop, the components are defined beforehand, and inserted at
the respective locations. The implementation of SA as a selection-
replacement-cycle is illustrated in Figure 2c.

4.3 Implementing PSO operator variants

Hybridizing metaheuristics through the incorporation of operators
from other metaheuristics is often a promising approach to im-
prove performance, but adapting the metaheuristic through new
variants of its components is even more common. MAHF makes
the addition of new components very easy from the start, and it
becomes even easier if functionality from other components can
be reused. This section will showcase how PSO might be enhanced
by controlling one of its primary parameters: the inertia weight
w used to scale the old velocity in its update formula. Three tech-
niques found in the literature will be shortly introduced and the
possible implementation in MAHF will be discussed. For this exam-
ple, it will be assumed that the ParticleSwarmGeneration compo-
nent exposes w as public custom state, i.e. a InertiaWeight wrap-
per around a float value. This enables additive components rather
than a reimplementation with additional features (see Section 3.3).
The component also implicitly implements a static inertia weight
and accepts custom (initial) values as argument to its constructor.
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Configuration: :builder()
.do_(RandomSpread: :new_init( 30))
.evaluate()
.update_best_individual()
.do_(ParticleSwarm::initializer( 1.))
.while_(LessThanN: :<Iterations>: :new( 500), |builder| {
builder
.do_(SplitFittest::new())
.do_(ArithmeticCrossover: :new_both( 1.))
.do_(GaussianMutation: :new( 0.2, 0.1))
.do_(SwapPopulations: :new())
.do_(ParticleSwarmGeneration: :new(
0.8, 1.7,
1.7, 1.0,
D)
.do_(replacement: :Merge: :new())
.do_(constraints: :Saturation: :new())
.evaluate()
.update_best_individual()
.do_(ParticleSwarm: :updater())
»
.build()

Listing 2: Configuration of the GA-PSO [23] hybrid.

Configuration: :builder()
.do_(RandomSpread: :new_init( 30))
.evaluate()
.update_best_individual()
.do_(ParticleSwarm: :initializer( 1.))
.while_(LessThanN: :<Iterations>::new( 500), |builder| {
builder
.if_else_(RandomChance: : new( 0.8),
|builder| {
builder
.do_(DEBest: :new(y))
.do_(DEMutation: :new(y, f))

.do_(DEBinomialCrossover: :new( 0.8))
}
|builder| {
builder
.do_(selection::All::new())
.do_(ParticleSwarmGeneration: :new(
0.8, 1.7,
1.7, 1.0,
)
}
)
.do_(constraints::Saturation: :new())
.evaluate()

.update_best_individual()
.do_(replacement: :KeepBetterAtIndex: :new())
.do_(ParticleSwarm: :updater())

»

.build()

Listing 3: Configuration of the DEPSO [20] hybrid.
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let constraints = constraints::Saturation::new();
let cs = GeometricCooling::new::<_, Temperature>( 0.95);
Configuration: :builder()
.do_(RandomSpread: :new_init( 30))
.evaluate()
.update_best_individual()
.do_(ParticleSwarm::initializer( 1.)
.while_(LessThanN: :<Iterations>::new( 500), |builder| {
builder
.do_(ParticleSwarmGeneration: : new(
0.8, 1.7,
1.7, 1.9,
b))
.do_(constraints.clone())
.evaluate()
.update_best_individual()
.do_(state: :ParticleSwarm: :updater())
.if_else_(!GlobalBestImproved: :new(),
|builder| {
builder
.do_(GlobalBestToPopulation: :new())
.do_(sa::sa(
sa: :Parameters {
t_0: 1.0,
generation: GaussianMutation::new(
1., 9.1,
),
cooling_schedule: cs.clone(),
constraints,

}

StepsWithoutImprovement: :new(1),
)
.do_(SingleToGlobalBest: :new())

}
|builder| builder.do_(cs.clone()),

)
.build()

Listing 4: Configuration of the PSO-SA [22] hybrid.

Random inertia weight. A random inertia weight uniformly dis-
tributed in the range [0.5, 1] is used in [26] to improve the perfor-
mance of PSO in a dynamic environment, where adaptations de-
veloped for static fitness landscapes are unsuitable. A component
performing this operation can retrieve the seeded random number
generator Random from the State and overwrite the old value of
InertiaWeight with the generated one.

Time-varying inertia weight. A time-varying inertia weight can
be used to guide the exploration capabilities of PSO. For example, a
common extension is to decrease w throughout iterations, starting
with a high degree of exploration and exploiting good regions of
the search space towards the end [41]. A linearly-varying inertia
weight can be expressed as follows [42]:

k
W = (Wmax — Wmin) - (1 - pprogress) + Wmin 0
where wmax and wpi, are initial and final values of the inertia
weight, and pprogress is the progress of the algorithm from 0 to 1,



which might, for example, be the ratio of the current iteration and
the maximum number of iterations. A component implementing
this adaptation defines wmax, Wmin as parameters, reads the cur-
rent progress from the State (e.g. the LessThanN<T> condition ex-
poses its progress using the Progress<T> custom state), and writes
the value of w using Equation (1).

Adaptive inertia weight. The inertia weight might also be mod-
ified depending on one or more feedback parameters. In [33], the
authors propose using the percentage of particles that improved
their pbest in an iteration as a replacement for (1 — pprogress) in
Equation (1). Realizing this as a component thus needs a way to
keep track of the pbests of the last iteration, to calculate this per-
centage. This can be implemented similarly to the GlobalBestIm-
proved condition (cf. Section 4.2), updating the custom state with
new pbests after reading the old values. Calculating and writing
the new value for w is then identically to the time-varying inertia
weight introduced previously.

4.4 Comparing diversity measures

Components in MAHF are not required to contribute to the opti-
mization process, but can also compute and track additional infor-
mation, which includes (any) measures and metrics. This section
is meant to give a short introduction to how logging of values cal-
culated at runtime is possible, through the example of population
diversity. Rather than logging whole populations and computing
measures afterwards, MAHF encourages calculating the values on
the fly and logging only relevant information. This firstly serves
to decrease the sheer amount of information that needs to be post-
processed, and secondly makes incorporation of the very same in-
formation into the search process trivial. For performing experi-
ments, MAHF provides an extensive and flexible logging system,
enabling logging of any value at possibly any time using the con-
cepts of triggers and extractors, which can be customized. Four nor-
malized measures for the diversity of the population were taken
from [6] and [7], namely dimension-wise and “true” diversity, the
distance to the average point, and the pairwise distance between
individuals. Each measure was realized as a component C, expos-
ing the diversity in the NormalizedDiversity<C> state, and log-
ging was then configured to extract these values in every itera-
tion. MAHEF stores its logs as dense tables in the CBOR format [2],
which can easily be converted into JSON or read by the implemen-
tations available for a variety of platforms. To generate Figure 3,
the cbor2!! Python library was used to read the logs, after which
pandas'? and seaborn!? were used to aggregate and plot the data.
Note that multiple runs and entire experiments are trivial to par-
allelize in MAHF. For this case study, the 50 runs performed were
executed in parallel using the rayon library!4,

5 FUTURE WORK AND CONCLUSION

MAHEF is in its early stages, and while the use cases in Section 4
have demonstrated that it possesses the flexibility and extensibil-
ity to be used for metaheuristic experiments, several points require

Uhttps://pypi.org/project/cbor2/
2https://pandas.pydata.org
Bhittps://seaborn.pydata.org
4https://docs.rs/rayon/latest/rayon/
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Figure 3: The means and 95% confidence interval of the four
diversity measures plotted against iterations. A total of 50
runs were performed on the Rastrigin benchmark function
with 30 dimensions, using GA-PSO [23] as an exemplary op-
timizer.

attention. A wide range of components and operators is already
implemented, but especially the extension with components from
state-of-the-art metaheuristics is a primary goal going forward.
This also includes multi-objective algorithms, as MAHF has the
support for both single- and multi-objective problems and compo-
nents built-in, but no specific operators and problems are available
yet. The framework is currently focused on numerical optimiza-
tion, so more options for combinatorial problems and operators
will be added. MAHF’s component-based design provides an ex-
cellent basis for hyper-heuristic approaches and the automated de-
sign of algorithms, which will be a focus of future research. While
the framework was designed with users in mind that are not pro-
ficient in Rust, it still presents an obstacle to its broader accep-
tance and usage. Similar to other frameworks, MAHF also aims
to increase interoperability by exposing some of its functionality
to Python. There are also many challenges and opportunities to im-
prove the API of MAHF further: for example, it currently requires
a moderate amount of boilerplate code to define components and
custom state, which could be alleviated by providing macros for
common use cases.

In this paper, MAHF was presented as a Rust framework for the
modular construction and experimental analysis of metaheuristics,
introducing and motivating its fundamental concepts. Its flexibility
and capabilities were demonstrated in four common use cases that
arise in applications and experiments, highlighting its first-class
support for hybrids and unusual approaches. MAHF is in active
development and will build further on its strong foundations.
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