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ABSTRACT

This paper studies the impact of modern programming languages in the design of meta-
heuristic algorithms. Well-known metaheuristics have been proposed and studied over the last
decades, including population-based and evolutionary algorithms like Genetic and Memetic Algo-
rithms, trajectory-based Simulated Annealing, Tabu Search, Variable Neighborhood Search, among
others. Despite efforts from the community in proposing generic metaheuristic frameworks in low-
level languages like C/C++, the growth of developers in higher-level programming languages —
such as Julia and Python — demands existing efficient C/C++ tools to be adapted for the languages,
so that new users can also benefit from them. This work proposes a Julia version of the Opt-
Frame, a C/C++ combinatorial optimization framework for metaheuristics, comparing performance
with other higher-level languages, like Python, considering well-known challenging combinatorial
optimization problems. Results indicate that Julia is able to provide similar C/C++ performance,
outpacing Python, while being easier to code and explore newer efficient metaheuristic techniques.
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1. Introduction

Metaheuristics are fundamental techniques for dealing with challenging optimization prob-
lems, as general heuristic frameworks that allow searching for a global optimum while escaping
lower quality local optima [Glover and Laguna, 2019]. Although such heuristic techniques do not
guarantee optimality, they are usually able to provide lower runtimes than exact algorithms for
several problems in industry, like networks, logistics, transportation, biomedical engineering, and
scheduling [Gendreau and Potvin, 2019]. The design of efficient metaheuristics is still a challenge,
due to emerging trends and novelties in the field like hybrid metaheuristics [Talbi, 2013], and also
considering the technical challenges of efficient computational implementations in lower-level pro-
gramming languages [Talbi, 2009].

In this sense, several authors have proposed computational frameworks for the design of
metaheuristics, focusing on trajectory or population-based metaheuristics, single or multi-objective
problems, or even integration with reinforcement learning strategies [Silva et al., 2019]. Although
several frameworks exist for popular languages in optimization community, like C++', Julia? and
Python?, few frameworks target multiple languages simultaneously, thus limiting the ability to adapt
projects to specific language dependencies.

Coelho et al. [2010] introduced OptFrame, a multi-language and white-box object-oriented
framework, initially implemented in C++ and then extended to Java* and also Python’, designed to
facilitate the development of efficient heuristic algorithms for combinatorial optimization problems.
Over the following decade, this framework evolved significantly, as demonstrated by Coelho et al.
[2020] in their 10-year anniversary study.

Building upon this established multi-language foundation of OptFrame, this work aims to
extend these benefits to the growing community of developers working in higher-level programming
languages, by exploring an efficient C++ dynamic library built on OptFrame that can be reused to
other languages. By implementing an OptFrame package in Julia, a high-level and just-in-time
compiled language, we seek to address the growing demand for efficient metaheuristic tools in
modern programming environments while maintaining performance comparable to C++. We also
perform computational experiments with the existing C++ and Python versions of OptFrame for
two challenging optimization problems, which have not been done before in the literature, to the
best of our knowledge.

This paper is organized in six sections. In Section 2, we review relevant metaheuris-
tic frameworks across different programming languages, with particular attention to their design
choices, capabilities, and performance characteristics. Section 3 discusses the challenges of effi-
ciently managing memory in different platforms and programming languages, specially focusing
on memory interactions of C++ and other languages. In Section 4, we provide some experiments,
detailing the proposed algorithms and the classic optimization problems considered. Finally, Sec-
tion 5 concludes the work and gives some future perspectives for improvements.

2. Brief Metaheuristic Frameworks Review

In this section, we review relevant metaheuristic frameworks across different program-
ming languages, with particular attention to their design choices, capabilities, and performance
characteristics. Several frameworks have emerged to address the challenge of implementing effi-
cient metaheuristics while reducing development effort.

"https://isocpp.org

Zhttps://julialang.org/
3https://www.python.org
“https://sourceforge.net/projects/joptframe
Shttps://pypi.org/project/optframe
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[Ramirez et al., 2023] conducted a comprehensive evaluation of metaheuristic frame-
works, finding that specialized tools better capture recent trends in optimization while mature multi-
purpose frameworks provide more general utilities. Their analysis revealed that performance differ-
ences become more pronounced under demanding computational scenarios.

2.1. C++ Frameworks

ParadiSEOQ, an influential C++ framework with a 22-year history [Dreo et al., 2021], em-
ploys four main design patterns (Functors, Strategy, Generic Type, and Factory) organized into four
core modules. It distinguishes itself by combining modularity, performance, and automation, sig-
nificantly outperforming Python implementations in benchmarks. The framework supports SMP
and MPI, enabling linear scalability across multiple cores, making it valuable for both research and
professional applications.

On Python, DEAP is one of the most famous optimization frameworks, focusing on evo-
lutionary computation metaheuristics [Fortin et al., 2012]. On Julia, we could not find general
metaheuristic frameworks, at the time of the writing, which was an incentive to create one, based
on OptFrame.

OptFrame, introduced by Coelho et al. [2010], is a white-box multi-language framework
designed to facilitate efficient heuristic algorithms for combinatorial optimization problems. Its ar-
chitecture minimizes the gap between theoretical concepts and implementation through clear con-
ceptual modeling. The framework’s evolution was documented by Coelho et al. [2020], showing
how modern C++ features like coroutines and closures improved flexibility while reducing compu-
tational overhead from 405%-1714% to just 8%-34% compared to baseline implementations. An
important feature of OptFrame is its ability to deal with both trajectory metaheuristics, like Simu-
lated Annealing [Kirkpatrick et al., 1983], Iterated Local Search (ILS) [Lourenco et al., 2003], Tabu
Search [Glover, 1997], Variable Neighborhood Search (VNS) [Mladenovi¢ and Hansen, 1997],
among others, and also population-based metaheuristics like Genetic Algorithms (GA)[Holland,
1984], Memetic Algorithms (MA)[Moscato and Cotta, 2003] and, more recently, Biased Genetic
Random Key Genetic Algorithms (BRKGA) [Resende and Ribeiro, 2016a]. It also supports single
and multiobjective optimization problems, through Pareto optimization [Lust and Teghem, 2010].

2.2. Concepts and Components on OptFrame

OptFrame allows the generation of metaheuristics (or even hybrid metaheuristics) as a
composition of Components, and we briefly explore some basic ones. The XSolution concept rep-
resents a solution space, which is entirely defined by some data structure passed by the user. For
example, considering the classic Traveling Salesman Problem, where one tries to find a route that
minimizes the traveling distances among cities, on C/C++ an array of integers can define such per-
mutation as a valid XSolution. On the other hand, the XEvaluation concept represents the objective
space, typically some number that gives a value to a solution (at least for single-objective problems),
and that can be programmed on C/C++ using core numeric types like int or double.

One can also supply components like Constructive methods for some general XProblem,
as a function of type Constructive : X Problem — X Solution. An evaluation function is able to
map solutions to other objective space elements, by defining the function evaluate : X Solution —
X Evaluation. At the core of the framework is the concept of neighborhood structures, which are
composed of move operations (or a space of moves called X M ove), where each move is capable
of generating new solutions through some user-defined method apply : (X Move, X Solution) —
X Solution. The neighborhood structures of type N.S are able to randomly generate moves ac-
cording to some given solution, by defining the function randomM ove : X Solution — X Move.
The neighborhoods of type N.SSeq are able to generate iterators that generate all possible moves
for a given input solution. Finally, each move m has a cost m for a given solution s, defined as
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m(s) = evaluate(apply(m, s)) — evaluate(s). By using move components, neighborhood struc-
tures, evaluators and constructive methods, one can automatically use dozens of popular metaheuris-
tics already implemented in OptFrame. Some other components in OptFrame are metaheuristic-
specific, like mutation and crossover operators for GA and MA, greedy-randomized constructors
for GRASP [Resende and Ribeiro, 2016b], and many others not covered in this brief review of
OptFrame.

2.3. Other High-Level Language Frameworks

In the Julia ecosystem, de Dios and Mezura-Montes [2022] introduced Metaheuristics.jl,
providing a uniform API for optimization algorithms with both single and multi-objective capabil-
ities. This package uniquely supports equality and inequality constraints alongside multi-objective
problem solving, addressing a notable gap in the Julia ecosystem.

The performance trade-offs between high-level languages and C++ implementations were
analyzed by Gmys et al. [2020], who found that Julia was approximately 2.5x slower than C/OpenMP
in sequential tests but required 57% fewer lines of code. For parallel implementations with 64
threads, this gap widened to 6.5x, highlighting Julia’s immature multi-threading support. Despite
these limitations, Julia’s productivity advantages remain significant for prototyping and sequential
execution.

3. Challenges of Efficient Memory Management: Julia and Python

In this section, we briefly discuss how memory is managed in high-level languages and
how it affects the creation of efficient metaheuristics in these languages. This review also provides
context for our Julia implementation of OptFrame by highlighting Julia’s unique position in the
programming language spectrum.

3.1. Julia Language

As documented in Eschle et al. [2023], Julia performs remarkably well compared to C++,
with performance ratios ranging from 0.73 to 1.67, while Python ranges from 1.12 to 107. In a real-
world analysis using particle physics data, Julia outperformed C++ by 11% and was approximately
1000 times faster than pure Python. JuMP, described by Dunning et al. [2017], allows users to
express optimization problems in a high-level, algebraic syntax while achieving performance com-
petitive with commercial systems. Unlike other modeling languages that use operator overloading,
JuMP leverages Julia’s macro system to translate expressions directly into efficient data structures,
avoiding computational overhead typical of high-level languages.

3.2. Cross Platform Memory Management

Managing memory in a cross-platform environment comes with its difficulties, which may
be aggravated by languages that choose different strategies of managing memory.

OptFrame is written in C/C++, which handles memory by letting the user allocate and
free memory to fit the program’s needs in the Resource Acquisition Is Initialization (RAII) id-
iom [W3Computing, 2023]. The language gives low-performance impact tools to the user, such as
smart pointers and mutexes, allowing the user to build extremely fast programs at the cost of some
development overhead time.

On the other hand, higher-level languages often employ the Garbage Collection strategy
to free the user of the burden of manually managing memory. In this system, the program keeps
a table of used memory, and whenever a memory range is no longer reachable, it is automatically
freed. This strategy implies a heavier performance impact, since the algorithms run evaluate which
memory ranges are accessible have non-negligible cost.

Bad memory management can lead to dangling references, where a pointer’s content is
dropped before the lifetime of the pointer itself, leading to undefined behavior, since you can not
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know what the pointer is holding. This issue demand a great deal of caution, especially in devel-
oping software that spans platforms with different memory management strategies [W3Computing,
2023].

3.3. Challenges of Garbage Collection

The OptFrame C++ interface does not have a garbage collector, so it works by sharing
smart pointers® bidirectionally between the languages that represent objects or callback functions.
In those callbacks, for instance, one may create an object representing a neighborhood move oper-
ator, which may be freed from memory — be it collected by garbage collection, or optimized away
by the compiler, or being dropped by going out of scope — while the pointer to that object may
not have the same fate. A pointer to that object will contain a dangling reference, which will cause
undefined behavior whenever we try to access it at a later point in time.

To prevent that from happening, an object must be kept alive in memory for an arbitrary
amount of time, which may pose a challenge in garbage collected languages, since this objective is
not usual and may lead to a highly feared problem in programming: memory leaks.

A memory leak is what happens whenever there is an unreachable object in memory,
which is the purpose of garbage algorithms [Cohen, 1981]. It keeps track of which objects are still
reachable by the language interpreter and disposes of the ones that are not. What is not taken in
consideration in this context is that other entities, such as other programs, may try to access that
memory, and thus that job falls into the user who is keeping that interface alive, who should know
when to free that memory.

The challenges of cross-language memory management become critical when dealing
with cyclic references across FFIs. Yamazaki et al. [2023] demonstrate that conventional garbage
collectors fails to reclaim cyclic garbage spanning language boundaries. Their “Refgraph GC”
algorithm coordinates collection between languages while modifying only one runtime, which in-
formed our OptFrame-Julia implementation approach. We implemented a reference tracking system
that maintains a compressed graph of shared objects, allowing Julia’s collector to properly iden-
tify when OptFrame objects can be safely reclaimed without creating dangling references between
C++’s RAIl-based management and Julia’s garbage-collected environment.

3.4. Garbage Collection Manipulation

Explicit management of garbage collection becomes essential when working with cross-
language interfaces like OptFrame. Python provides a comprehensive API through its gc mod-
ule that allows developers to disable automatic collection via gc.disable (), manually trigger
collection with gc.collect (), and access unreachable objects through gc.garbage when
debugging is enabled [Python Software Foundation, 2025]. This fine-grained control helps pre-
vent dangling references by allowing precise coordination of when objects can be safely reclaimed,
particularly important when shared pointers cross language boundaries. Julia’s garbage collection
system offers complementary capabilities through its non-moving, parallel, generational collector.
As described by [JulialLang, 2025], Julia implements a tiered allocation approach with different
strategies for objects of different sizes, and provides runtime parameters like ——gcthreads for
tuning collection behavior.

In order to properly solve the integration problem of C++ with Julia, we define a global
space of pointers named arena in Julia, such that any memory allocated by Julia is held in this
arena, until C++ requests its deletion by executing some given callback function. This is necessary
because Julia does not allow users to manually manage memory outside of the scope of its garbage
collector, to prevent errors from the user. In Python, a similar strategy can be implemented without

® Automatically managed pointers in C++ are typically std: :unique_ptr and std: : shared_ptr, introduced
on C++11 standard.
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an explicit arena. Since objects in Python are reference counted, dangling objects created in Python
can have their reference-count number manually incremented, until a callback function from C++
decrements this number and allows memory to be free’d. This system is, in principle, more efficient
than relying in an arena like in Julia, but as long as the C++ code is able to handle most of the
memory, the arena is not likely to generate a lot of burden to the system, typically not consuming
lots of objects simultaneously during the execution of a metaheuristic.

4. Experiments: Python vs C++ vs Julia

For the computational experiments, we implemented a Julia version of the OptFrame C++
project, publicly available online’. We have used the latest OptFrame v6 in C++ as the basis for
building our Julia version, and also compared to OptFrame Python v6, both released in 2025. As a
target problem for the multi-language framework, we have chosen two classic optimization problem
with well-known metaheuristic strategies in the literature: the classic Traveling Salesman Problem
(TSP) with Euclidean distances and the 0-1 Knapsack Problem (KP). We now describe the heuristic
components of the proposed test strategies.

4.1. Neighborhood Structures and Constructive Methods for the TSP and KP

We have implemented two classic neighborhood structures for the TSP: the Swap and
the 2-Opt. The Swap move consists in selecting two elements from the solution and swapping
their positions. On the other hand, the 2-Opt consists in removing two arcs from the solution and
reconnecting them, in a way that a new route is formed. For the KP, we created a bit flip move
operator that removes an item, if it belongs to the knapsack, or adds it, if it does not belong to the
knapsack. The capacity of the knapsack is always respected during the move operation, otherwise
the move is not applied. Regarding constructive methods, we created a completely randomized
initial solution generator for both problems.

4.2. Microbenchmarking for heuristic components

As the biggest differences would be in the small implementation details, we chose to use as
benchmarking tool OptFrame’s own microbenchmarking tool — Check Modules — as an important
tool for benchmarking. Inspired by [Coelho et al., 2020], the module evaluates each individual
module in OptFrame’s engine, generating individual tests based on its function in the code. This is
ideal for our test case because it makes it possible to measure time spent in the most critical parts
of code: the interaction between different execution times.

4.3. Tested Heuristic Components in Check Modules

In OptFrame’s architecture, each step in the metaheuristics algorithm is represented by
a module, such as Constructive, Evaluate, and Apply (as described in Section 2.2). In measuring
those different Modules, we can have a statistical idea of how different language implementations
behave on a micro scale, while being certain the modules are sufficiently robust, and check how
they’ll behave in different scenarios. Table 1 presents the microbenchmark results between Python,
Julia and C++, with average times for each benchmark metric and standard deviation. Since these
values are very small, we have removed outliers by calculating interquartile ranges and removing
those above and below 1.5, with a total of 1% elements removed, indicating stability in the metrics
measured. To keep an uniform testing space, we use the same dynamic library API for building our
C++ examples.

From Table 1, we can see that all language-specific components implemented for the
0-1 knapsack problem take longer in Python, and then Julia follows close to C++ performance.
Considering constructive method, which is more language-specific resource-intensive process, we
note a larger difference between the languages: Python is 22.5 times slower than C++, while Julia

"OptFrame Julia: https://github.com/fellipessanha/optframe.jl/
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Table 1: Microbenchmark results from Python, Julia and C++ for the classic 0-1 Knapsack Problem

Benchmark Python Julia C++
avg.(ms) sd. avg.(ms) sd. avg.(ms) sd.

solution clone 0.0037 0.0012 0.0004 0.0005 0.0001 0.0001
constructive 0.0235 0.0074 0.0034  0.0007 0.0010 0.0001

evaluate 0.0017 0.0007 0.0001 0.0001 0.0001 0.0001
move apply 0.0031 0.0022 0.0003  0.0005 0.0001 0.0001
move cost 0.0081 0.0025 0.0005 0.0005 0.0003 0.0005

is 3.4 times slower than C++. For the evaluation function, Julia achieves the same performance
as C++, which is remarkable. In the following section, the article digs deeper in the comparison
between Julia and C++ using established strategies of solving the Traveling Salesman Problem as
our baseline.

4.4. Parameter Tuning for Metaheuristic Optimization

We have tested two classic metaheuristics in this phase: the Simulated Annealing (SA)
and the Iterated Local Search, using Variable Neighborhood Descent as local search (ILS-VND).
Both algorithms are known to perform well on a broad range of combinatorial problems, so we test
them on the classic Traveling Salesman Problem. At this point, we only consider C++ and Julia,
since Python had much lower efficiency compared to these two languages in previous experiments.

Complex metaheuristic algorithms typically require careful parameter selection to achieve
optimal performance across different problem instances. We conducted extensive parameter tuning
experiments utilizing IRACE Version 4.2.0 [Lépez-Ibanez et al., 2016] on computing equipment
consisting of an 17-13700 processor with 32GB RAM running Ubuntu 22. The tuning process
focused on optimizing algorithm performance simultaneously across eight classical TSP instances
of varying complexity: berlin52, kroD100, 1in318 and TRP-1001.

SA parameter tuning was performed with a computational budget of 300 algorithm exe-
cutions. Table 2 presents the explored parameter space and resulting optimal configuration. The
parameters used were: Neighborhood, determining which move operators to employ (O=swap-only,
1=2-opt-only, 2=both); Alpha («), controlling the cooling rate of the temperature; IterT’, determin-
ing the number of iterations at each temperature level; and Tj, setting the temperature value (early
acceptance probabilities of worse solutions).

Table 2: Simulated Annealing parameter configurations tested using IRACE

Parameter Tested Values

Neighborhood 0 1 2 - - -
Alpha («) 0.94 0.95 0.96 0.97 0.98 0.99
IterT 500 1000 2000 3000 4000 5000
To 25000 50000 75000 100000 125000 150000

Statistical analysis of final configurations identified: Neighborhood=2 (both swap and
2-opt operators), o = 0.99, IterT = 4000, and Ty = 100000 as optimal. This setup provided a
good balance between exploration and exploitation phases of the search process. Values beyond
a = 0.99 were excluded over high computational cost and were unnecessary for effective frame-
work comparison.
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4.5. Iterated Local Search Configuration

ILS parameter tuning employed IRACE [Lépez-Ibafiez et al., 2016] with an identical
budget of 300 executions. Table 3 presents the explored parameter space and resulting optimal
configuration. The parameters used were: Neighborhood, determining the local search approach
(0O=Best Improvement with Swap, 1=Best Improvement with 2-opt, 2=VND); maxIter, control-
ling the maximum number of iterations before increasing perturbation level; and max PertLevel,
determining the maximum perturbation intensity applied to escape local optima.

Table 3: Iterated Local Search parameter configurations tested using IRACE

Parameter Tested Values

Neighborhood 0 1 2 - - - - - -
maxlter 500 1000 2000 3000 5000 10000 - - -
maxPertLevel 1 2 3 5 6 7 8 9 10

The analysis of the configuration identified: Neighborhood=2 (Best Improvement with
VND), maxIter=5000, and maxz PertLevel=2 as optimal.

4.6. Performance Comparison

We compare the tuned versions of SA and ILS-VND, for C++ and Julia. On Table 4, we
compare a C++ version of SA with the ILS-VND. Note that we provide best and average values
found for 10 executions of each method, and we also register the average time spent and the time
to find the best solution (TTB). From this table, we observe that SA was able find better quality
solutions than ILS-VND, for the given parameters. Advanced move recalculation techniques can
also be used in OptFrame C++ for avoiding full recalculation of moves, thus highly accelerating
move-intensive methods like ILS-VND, however these would require more efforts to replicate on
Julia, so we stick to a more basic version of ILS-VND. We believe these can have influenced the
result towards SA, since in recent publications in literature the ILS has shown better results than
SA for routing problems on general. We highlight that the idea of this experiment was not to search
for the most efficient methods to solve the TSP, since this would require much efforts as a quite
classical problem, this only illustrates the capability of the framework in solving the problem with
different metaheuristics.

Table 4: Results on 10 executions C++ for algorithms SA and ILS-VND on the TSP with N cities with
timelimit of V/5 seconds

Instance SA ILS-VND
solution quality  time (secs) solution quality time (secs)
best avg. TTB avg. best avg. TTB avg.

berlin52 8095 8283.67 3.19 9.66 9083 9370 8.52 10.40
krod100 25288 263853 1.59 9.06 33943 36986.7 15.42  20.00
lin318 72960 78186.3 17.67 34.19 149942 162118 0.01  63.86
TRP-1001 30980 31479.7 5279 52.84 211227 216849 0.01 203.32

Finally, on Table 5, we present a comparison of the ILS-VND in both C++ and Julia
languages, using the developed OptFrame Julia. We have chosen ILS-VND to do this comparison
since it is a more complex method than Simulated Annealing, integrating several features of the
framework, like neighborhood structures, iterators, perturbation and a VND local search method,
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composed of two neighborhoods in a Best Improvement search strategy. Although C++ was able
to find better quality solution than Julia for the smaller two instances, Julia was able to find better
quality solution for the larger ones. This may indicate some slight differences in the implementation
of each component of C++ and Julia metaheuristics, so as differences in the used random generation
techniques, which were not standardized in both methods for this experiment. If it was standardized,
both should have presented exactly the same result, and this is a promising line of investigation for
future experiments with both C++ and Julia frameworks.

Table 5: Results for ILS-VND on C++ and Julia the TSP with NV cities with timelimit of N/5 seconds

Instance C++ Julia
solution quality time (secs) solution quality time (secs)
best avg. TTB avg. best avg. TTB avg.
berlin52 9083 9370 852 1040 10170  10987.5 0.52 0.83
krod100 33943 36986.7 1542  20.00 46727 524299 2.88 4.96
lin318 211227 216849  0.01 203.32 175247 184461 5170  63.60

TRP-1001 211227 216849  0.01 203.32 81496 88006.50 199.36 200.20

S. Conclusions

In this work, we present a Julia version of the C++ framework OptFrame, also comparing
to a Python version of OptFrame. In preliminary experiments, we used a classic Knapsack Problem
to benchmark heuristic components on Python, Julia and C++, where C++ got the best results,
followed by Julia, around 3 times slower. In a complete metaheuristic experiment on the Traveling
Salesman Problem, Julia was able to compete with C++ for the Iterated Local Search method,
indicating that, in some situations, the easy of programming of Julia can facilitate the development
of efficient metaheuristics, typically done in C++. In this sense, our results show a very promising
future for metaheuristic development in Julia, with it being able to beat even native C++ code in
the largest instances, although random number generation should be standardized between both
languages in future experiments of the kind, in order to provide a definitive comparison between
both languages, in the scope of metaheuristics. All OptFrame C++, Python and Julia optimization
packages used in this work are open-source and already published online. Programming in Julia
also has the benefit of being fairly easier, with friendlier and easier to fix errors, and demanding
less expertise in obscure language features compared to C++, that may be a promising path for
researchers and companies that are already familiar with higher-level programming languages.
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