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Abstract. As the demand for environmentally sustainable computing
grows, understanding the energy consumption of AI systems has become
increasingly important. This paper explores how hysteretic phenomena
and implementation choices affect the energy consumption of evolution-
ary algorithms (EAs). Specifically, we consider the case of running EAs
in batch and show how back-to-back executions can put a significant
strain on the underlying processing device, resulting in increased energy
consumption. An experimental analysis indicates that the introduction
of short pauses can alleviate this problem and reduce consumption by
up to 9% in the considered benchmark. We also conduct a comparative
analysis between two twin implementations of the same EA library in
Java and C++, revealing that the latter scales better in terms of en-
ergy efficiency and running time, thus underpinning the importance of
implementation decisions and best practices when aiming to optimize an
algorithm’s energy consumption.

Keywords: Evolutionary Algorithms, Energy Consumption, Green AI,
Sustainable Computing

1 Introduction

Sustainability denotes the capacity to maintain a trend or process over an ex-
tended period of time. It is a concept that is frequently brought up in connection
with human activities, the impact they have on the environment, and the toll
they exert on resource availability. These factors obviously jeopardize the regular
operation of such activities and even introduce existential risks in our society as
a whole. Optimizing processes with sustainability in mind is obviously desirable
and is a goal to which artificial intelligence (AI) methods can and should con-
tribute (e.g., [3,14,19,22]). However, it is also important to realize that applying
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these methods and even conducting research on them is in itself a human activity
that can be monitored and critically analyzed following the very same sustain-
ability principles as any other industrial, technological, or social process. In fact,
AI methods have been identified to have a significant carbon footprint [4,12].
Most notably, the energy consumption of AI systems has skyrocketed in recent
years (since 2021, the energy consumption of these techniques has experienced a
300,000-fold rise, so they may be responsible for up to 5-9% of the world’s elec-
tricity demand and up to 2% of all CO2 emissions [10]). Therefore, prioritizing
energetically efficient computational platforms and algorithms is crucial.

The importance of energy efficiency is becoming an increasingly recognized
factor by the community when developing AI techniques, although for the most
part the focus remains on maximizing performance rather than energy efficiency.
Although these are not completely opposed goals, the latter and most generally
the different trade-offs attainable between both objectives are often overlooked.
In particular, in connection with such trade-offs, the notions of red AI and green
AI have been coined [18]. The former refers to AI research that seeks to push the
state of the art through massive computational power, and particularly applies
to scenarios in which the computational effort scales at a substantially faster
pace than the gains obtained in the results [9]. Needless to say, this kind of
research can still be valuable in the long run if the benefits of the results are
socially desirable even if the short-term computational cost is disparate. Still,
there is a trend to have it superseded by green AI research, that results in novel
results without increasing computational cost or even reducing it. This involves
a methodological shift in how research is conducted, or at the very least the
adoption of a new set of best practices.

Although there have been a number of initiatives in this direction within the
broad field of AI, in most cases such proposals come from the machine learn-
ing community (e.g., [9,20]), partially because of the specificities of algorithms
in that area. The situation is different in the area of evolutionary computing,
where, despite some foundational research [1,5,6] (mainly focused on algorith-
mic components and parameterization), there is still much unexplored territory.
For example, factors involving specific implementation choices or experimental
practices are largely unexplored and require deeper analysis due to the influence
they can have on the final energy consumption of the algorithm. In this sense,
following some preliminary investigation [2], we turn our attention here to prac-
tical issues arising when executing EAs in batches (a common practice in order
to obtain large enough datasets of results to be deemed statistically significant)
and to what impact some programming and test configuration choices can have
on the energy consumption of these techniques.

2 Materials and Methods

As mentioned above, we will focus on energy issues when running batches of
EA experiments. The general context of our experimentation is described in the
following (Sect. 2.1). Subsequently, we will describe the particular EA library



Evaluating Energy Consumption in Evolutionary Algorithms 3

considered in the experimental part and some implementation factors that may
impact the energy profile of the algorithms (Sect. 2.2). Finally, we will detail the
experimental setup considered (Sect.2.3).

2.1 Computational Context

Assume a given optimization problem —-defined by an objective function f–
that we wish to tackle with evolutionary algorithms (EAs). To this end, and
given the stochastic nature of EAs, standard practice dictates that this EA will
have to be run multiple times, whether it is for scholarly reasons (i.e., to gather
a large sample of results which can sustain statistical significance when assessing
the performance of the algorithm or its parameterization) or for pure applied
purposes (e.g., to obtain solutions of higher quality via multiple independent
runs). Each of these collections of replicated runs is termed a batch. In this
scenario, each run of the EA will not just have an associated energy cost, but
it will also impact the system state in various ways, both logically (e.g., the
cache memory, register values, or the state of memory paging among other fac-
tors will be different at the start of each run) and physically (e.g., thermal and
electromagnetic changes in computer components due to their –possibly compu-
tationally intensive– operation). These changes can and are likely to influence
system performance at later times. Consider, for instance, the CPU tempera-
ture: rising temperatures may trigger thermal throttling to prevent overheating
[13,21], which could, in turn, slow down processing. In addition, slight changes
in the electrical properties of the CPU components can take place [11,23] or
increased energy consumption can occur due to factors such as fan operation
[24].

Broadly speaking, we can refer to these effects as hysteretic phenomena [8],
since the state and behavior of the system (the computational environment in
this case) depend on its history, in the sense that the system does not immedi-
ately return to its initial state after completing an algorithm run. Subsequent
runs of the EA may thus have a different energy cost and can contribute to fur-
ther straining of the state of the system. To investigate this issue, we are going to
analyze the behavior of the system when performing experiments in batches that
incorporate rest periods of length ρ between runs, looking for any changes within
the energy profile of the algorithms. The rationale for this strategy is to alleviate
the pressure put on the computing components and allow them to return to a
more energy-efficient state before performing the next EA experiment.

2.2 Implementation Factors

As anticipated in Sect. 1, implementation choices can have an impact on the be-
havior of the algorithm in any single run. Such choices can appear at many levels,
ranging from the programming language used to the particular data structures
or the low-level procedures used in different parts of the algorithm. Focusing
on the choice of programming language, this is certainly an issue that has been
recognized by the community; see, e.g., [16,17]. Most studies have focused on the
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Fig. 1: UML diagram showing the relationship (usage, aggregation, inheritance)
among the higher-level classes in the EA library considered. A myriad of other
classes derive from these core classes in order to implement specific operators.

impact that this choice has on execution speed. However, we are more interested
in the implications for energy consumption. To this end, a fair comparison re-
quires that, at least in principle, the implementations considered are as similar as
possible in logical terms and that any differences are due to issues deeply rooted
in the underlying programming language (e.g., primitive data types, dynamic
memory management, or concurrency model, just to cite some examples) and
thus their influence cannot be dissociated from the latter, and are not due to
higher-level implementation decisions.

In line with the principles mentioned, we have considered a flexible and ex-
pandable EA library, initially implemented in Java3, and which we have inte-
3 Available in our GitHub repository https://github.com/Bio4Res/ea.

https://github.com/Bio4Res/ea
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grally ported to C++4, adhering to the very same design and structure as the
original library. Fig. 1 provides a depiction of this structure and the relation-
ship among classes in the library. These classes implement useful design patterns
(such as Strategy, Factory, and Prototype [7]), which enable the creation at run-
time of the EA algorithm’s specific operations and parameters from a JSON
configuration file.

For its translation to C++ (using a modern version based on the C++20
standard) and to ensure a fair comparison, special attention has been paid to
replicate exactly the original Java library design, including class hierarchy and
design patterns. Only two mandatory changes were implemented during the code
translation:

– Given C++’s lack of a garbage collector, smart pointers (std::unique_ptr
and std::shared_ptr) have been employed for automatic heap memory
management, deliberately avoiding any use of memory allocators.

– In the Java library, each gene in the genotype is modeled as a generic ref-
erence to an Object which, in practice and for a specific EA, allows for
completely flexible genotype content. In the C++ version, we have opted
(temporarily) to model a gene as a safe union type (std::variant) be-
tween int or double values, which is sufficient to model a large number of
cases. This decision takes into account that accessing values stored within
a std::variant incurs runtime overhead, which is also present in its Java
counterpart when recasting the specific gene value from Object.

Regarding external dependencies, both Java and C++ implementations make
use of a library for JSON management5, which has no impact during the problem
execution. Similarly, for factory methods in C++, another library is used for
converting strings to enumerations, a task that is done at compile time, thus not
affecting performance.

2.3 Experimental Setup

To perform the experiments, we have considered three multidimensional nu-
merical optimization functions, namely ackley, rastrigin and rosenbrock; see Ta-
ble 1. Each of these functions has been tested with different dimensions d ∈
{10, 20, 50, 100}. In all cases, we have considered a standard generational eli-
tist EA (popsize = 100, binary tournament selection, BLX-α recombination,
Gaussian mutation) for maxevals = 107 function evaluations per run6. We have
performed batches of n = 30 runs of this algorithm on each combination of ob-
jective function, dimensionality, and programming language, leaving some rest ρ
between runs. More precisely, we have considered ρ ∈ {0, 10, 100} (in seconds).
4 Available in https://github.com/Bio4Res/ea-cpp
5 json-simple (https://cliftonlabs.github.io/json-simple/) in the case of Java, and

nlohmann.json (https://github.com/nlohmann/json) in the case of C++.
6 The implementation of the objective functions and the configuration files used in

the experimentation are available in https://github.com/Bio4Res/ea-test-energy

https://github.com/Bio4Res/ea-cpp
https://cliftonlabs.github.io/json-simple/
https://github.com/nlohmann/json
https://github.com/Bio4Res/ea-test-energy
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Table 1: Functions considered in the experimentation.
function mathematical formulation

ackley f(x) = −a · exp
(
−b

√
1
d

∑d
i=1 x

2
i

)
− exp

(
1
d

∑d
i=1 cos(cxi)

)
+ a+ exp(1)

a = 20, b = 0.2, c = 2π

rastrigin f(x) = a · d+
∑d

i=1

(
x2
i − 10 cos(2πxi)

)
a = 10

rosenbrock f(x) =
∑d−1

i=1

[
b(xi+1 − x2

i )
2 + (a− xi)

2
]

a = 100

There is sufficient resting time between batches to allow each of them to start
from fresh CPU state.

The experiments are carried out on a desktop computer endowed with an
Intel Core i7-9700F processor with 16 GB RAM, NDIVIA GeForce GTX 1050
Ti, and Seagate ST1000DM010 2EP102 (SATA III, 6 Gb/s) hard disk, running
Windows 10 Pro (22H2), and using Java 20.0.1, while EA’s C++ version was
compiled using Microsoft Visual C++ 2022, and optimized for performance.
Energy measurements are made using the Intel® Power Gadget tool. In order
to identify the actual contribution of running each algorithm, we determine the
basal consumption of the system (measured when the computer is run with
no EA or any other user application running) and subtract it from the actual
measurements when running the EA, so as to obtain the excess consumption
due to the algorithm run.

3 Results

Tables 2-3 show an overview of the results obtained for each implementation
and for each parameter in terms of the energy consumed per run7. It is clear
from the inspection of these results that there is a trend of reduced energy
consumption per run as the resting time is increased. This reduction ranges
from 1.2% to 4.9% for ρ = 10s and from 4.7% to 8.9% for ρ = 100s. A more
precise analysis indicates that all pairwise differences (that is, between the results
for a given implementation, objective function, and dimensionality, for different
resting times) are always significant at α = 0.01 according to a Wilcoxon test.
The introduction of these short resting times seems to be effective in bringing
the system back to a more energy-efficient state. This is well illustrated in Fig.
2, where a comparison of the CPU temperature measured online during the first
and last run of each batch is shown for the 100-dimensional ackley function (the
results are analogous for the remaining functions) for different rest times between
runs. The CPU clearly overheats when runs are executed consecutively, with no
pauses in between. This effect decreases as the value of ρ increases, eventually
7 All experimental data is available in our OSF repository https://osf.io/xd54u/

https://osf.io/xd54u/
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Table 2: Processor energy consumption (J) per run (rests excluded) as a function
of the rest time between runs for different functions and dimensionality in the
Java implementation. The mean and standard error or the mean are shown in
each case.

d = 10 d = 20

rest (s) rastrigin ackley rosenbrock rastrigin ackley rosenbrock

0 224.2 ± 1.1 224.5 ± 1.0 223.6 ± 1.2 377.9 ± 2.1 384.9 ± 13.3 341.4 ± 1.6
10 212.5 ± 0.6 215.1 ± 0.6 213.8 ± 0.6 367.1 ± 1.5 352.2 ± 0.8 329.7 ± 0.9
100 205.1 ± 0.5 206.6 ± 0.5 204.9 ± 0.4 349.8 ± 1.1 337.6 ± 0.5 317.3 ± 1.1

d = 50 d = 100

rest (s) rastrigin ackley rosenbrock rastrigin ackley rosenbrock

0 788.0 ± 2.6 768.3 ± 2.9 697.6 ± 3.0 1481.7 ± 4.6 1457.8 ± 4.4 1295.9 ± 4.3
10 774.5 ± 1.8 759.3 ± 2.1 681.1 ± 1.9 1463.0 ± 3.6 1439.6 ± 3.0 1280.6 ± 4.4
100 740.4 ± 1.3 729.2 ± 1.7 656.3 ± 1.8 1418.0 ± 3.6 1397.8 ± 3.2 1223.6 ± 2.1

Table 3: Processor energy consumption (J) per run (rests excluded) as a function
of the rest time between runs for different functions and dimensionality in the
C++ implementation. The mean and standard error or the mean are shown in
each case.

d = 10 d = 20

rest (s) rastrigin ackley rosenbrock rastrigin ackley rosenbrock

0 303.3 ± 1.7 309.7 ± 1.6 350.6 ± 1.9 470.4 ± 3.6 438.4 ± 1.9 464.6 ± 2.0
10 293.2 ± 1.3 295.2 ± 0.9 334.4 ± 0.9 453.2 ± 1.2 422.8 ± 0.9 448.1 ± 1.2
100 281.2 ± 1.1 282.8 ± 0.8 318.9 ± 0.4 430.1 ± 0.5 402.3 ± 0.6 425.1 ± 0.4

d = 50 d = 100

rest (s) rastrigin ackley rosenbrock rastrigin ackley rosenbrock

0 781.0 ± 2.4 767.7 ± 2.5 759.8 ± 2.2 1379.9 ± 3.5 1363.0 ± 3.8 1337.3 ± 4.2
10 765.8 ± 1.6 749.4 ± 1.7 742.8 ± 1.4 1364.4 ± 2.7 1344.1 ± 2.8 1318.2 ± 2.5
100 743.7 ± 9.6 719.4 ± 0.7 712.8 ± 0.8 1312.6 ± 0.7 1293.9 ± 1.2 1272.0 ± 2.0

becoming negligible for longer rest periods. This has a direct impact on the
algorithm’s energy consumption, as demonstrated in Tables 2-3. In fact, notice
that, in general, the standard error of the mean tends to decrease for larger values
of ρ, signaling the greater homogeneity of energy consumption during runs. This
can also be observed more clearly in Fig. 3, where the average power per run is
depicted for each run in a batch. Despite some individual variability, there is a
noticeable trend of increasing power for smaller values of ρ, and a fairly constant
behavior of the largest value of ρ.

Turning now our attention to the influence of the programming language
used in the implementation, Fig. 5 provides a direct comparison between the
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Fig. 2: Comparison of the CPU temperature during the first and last run of each
batch on the ackley function (d = 100) for different values of the rest ρ. The
light line shows the online measurements and the dark line is a moving average
(w=3s).
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tation. The results are analogous for the remaining functions
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Fig. 4: (a) Density plot of the mean energy differential (namely the difference
between the mean energy consumptions) between implementations in Java and
C++ for any given function, dimensionality and rest time. Negative values corre-
spond to lower energy consumption by the Java implementation, and conversely
for positive values. (b) Idem for the time differential.

results attained in each of the aforementioned cases. It is interesting to note
that the C++ implementation has a comparatively worse energy behavior for
lower dimensionality d, but the gap closes as d increases, to the point where
C++ becomes superior to Java in some cases. This is a relevant phenomenon
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Fig. 5: Distribution (factored per function, dimensionality and programming lan-
guage) of energy consumption in each run of the EA as a function of the rest
time. All differences between Java and C++ are significant at α = 0.01 except
for the ackley function (d = 50, ρ = 0).

which we attribute to the internal functioning of the Java virtual machine and
the increasing strain to which larger genotypes subject memory, resulting in
a more intensive use of the garbage collector. This is also consistent with the
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data shown in Fig. 4b, where it can be seen that there is a modal advantage of
Java (resulting from its faster performance on lower dimensionality), but C++
can reach a difference twice as long due to its better speed for d = 100. This
also correlates with the energy differential shown in Fig. 4a, showing that while
on most occasions (for the benchmark considered) Java has a smaller energy
footprint, C++ surpasses Java precisely in the largest dimension.

4 Conclusions

The use of AI methods poses challenges from an environmental perspective.
For this reason, any AI method, including evolutionary computing, should be
utilized following criteria of sustainability and accountability. This work has
focused precisely on some practical issues about the implementation and uti-
lization of energy assessments and how they can impact energy consumption.
We have shown that hysteresis can be relevant when executing EAs in low-end
computing devices such as portable gadgets or desktop computers. We have
demonstrated that simple strategies, such as introducing small pauses between
runs (a strategy that hardly causes any practical inconvenience to practition-
ers), can produce meaningful energy savings, which accumulate over time and
should not be overlooked. Further savings can also be achieved through care-
ful algorithmic choices and optimized programming practices. Our experiments
with two twin implementations of the same EA library in both Java and C++
have shown that the latter seems to scale better, both in terms of running time
and energy requirements. Needless to say, confirming these results on a larger
benchmark and in even higher-dimensional functions is of the foremost interest
in the future. It is also particularly interesting to study the influence that the
build setup has. Specifically, for the C++ version, we aim to observe to which
extent the use of different compilers (e.g., g++ and clang++) and compilation
flags may significantly affect energy consumption, much in line with related re-
search in the literature on the impact of JavaScript runtime environments [15].
Obviously, the compiler availability and the hardware specifications of different
computational platforms (laptop, desktop computer, low-end gadgets, etc.) are
factors that may have a relevant influence. Studying these factors and establish-
ing some solid methodological guidelines is one of our ultimate goals. Other lines
of work include dynamic adjustment for rest times between runs by monitoring
the system state.
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