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Abstract—Green artificial intelligence represents a new
paradigm closely aligned with the green transition in the econ-
omy. The main aim is to minimize the computational processes’
carbon footprint while indirectly reducing these methods’ time
complexity. This study explores approaches to reducing the
complexity of evolutionary algorithms, mainly when deployed on
resource-constrained hardware. Green evolution strategies are
introduced and evaluated against compact differential evolution
using the IEEE CEC’14 (Congress on Evolutionary Computation
2014) benchmark suite in this context. The results indicate a
substantial reduction in solution quality; however, this trade-off
is offset by a significant decrease in time complexity (up to 25 %
less time complexity). These findings highlight the potential of
green evolutionary algorithms and motivate further research.
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I. INTRODUCTION

Modern Artificial Intelligence (AI) tools are making massive
progress in several application areas, such as object recogni-
tion [1], the discovery of new drugs [2], self-driving cars [3],
robotics [4], and so on. However, this revolution also comes
at a price. Beyond the financial investments in hardware and
software development, the price is also expressed in the carbon
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footprint, which is the main consequence of using electricity
for running these algorithms [5], [6].

In general, Evolutionary Algorithms (EAs) are a universal
tool for solving almost all classes of optimization problems,
but they usually demand huge hardware requirements in terms
of time and space. These requirements are challenging to
fulfill on platforms with limited hardware that have become
widespread nowadays, especially with the development of
micro-computers (e.g., Raspberry Pi, Arduino) and Evolution-
ary Robotics (ER) [7].

To overcome the problems with running EAs on limited
hardware, the so-called Compact Evolutionary Algorithms
(cEAs) have emerged that change the static population of
individuals with a statistical description in the form of a prob-
ability density vector. The probability density vector evolves
simultaneously with the maturing of the evolutionary search
process, and serves for the dynamic generation of individuals
entering into the operation of crossover and mutation, similar
to individuals from the static population. Typically, the normal
probability distribution is used in this cEA, for example, by
Mininno et al. [8], who replaced the real population within
compact Differential Evolution (cDE), or by Mininno et al. [9],
who replaced the same within a compact Genetic Algorithm
(cGA). However, Tighzert et al. [10] also tested uniform
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probability distributions within their Uniform cDE (UcDE) and
Uniform cGA (UcGA), and showed that using this probability
distribution can even improve the results obtained by Normal
distribution.

This paper brings the following two significant contribu-
tions/ innovations: (1) bridging the way between a straightfor-
ward, modest evolutionary algorithm designed with a green
component on the one hand and (2) tailoring this newly
developed EA to run also on limited hardware devices on
the other hand. Along with this motivation, our goal is not
to design a new EA that could overtake the state-of-the-art
algorithms dominating different competitions, but to propose
an efficient version of EA that can achieve good enough
results, spend less energy, as well as run efficiently on limited
hardware devices, to support its use widely also on application
areas such as, Smart Agriculture [11]. Smart Agriculture is
a specific area, since the landscape, weather conditions, and
locations of farms often represent a constraint or bottleneck
of having a direct internet connection to the cloud [12], and,
thus, making the knowledge discovery on the device a must.
The abbreviations used in the paper are illustrated in Table I.

TABLE L
ABBREVIATIONS IN THE PAPER.

Meaning Abbreviation
Artificial Intelligence Al
Compact Evolutionary Algorithms cEA
Compact Differential Evolution cDE
Compact Genetic Algorithms cGA
Congress on Evolutionary Computation CEC
Evolutionary Algorithms EA
Evolutionary Robotics ER
Evolution Strategy ES
Uniform cDE UcDE
Uniform cGA UcGA

II. BACKGROUND INFORMATION

This section overviews the information needed to under-
stand the subject that follows. In line with this, a short
overview of the compact Evolutionary Algorithms (cEAs) is
made. The section finishes with a discussion of the Evolution
Strategies (ESs), on which the proposed solution is founded.

A. Compact Evolutionary Algorithms

The main feature of the cEAs is changing the real population
of individuals with sampling them dynamically from the prob-
ability distributions determined by the probability vector (more
precisely, the matrix of the dimension 2 x D) PV = [u;, o}]
fori =1,...,D , where u; denotes the mean, o; the Standard
Deviation and D the number of vectors’ elements. Typically,
two of the more used probability distributions are used, as
follows:

« a Normal distribution N (p, o),

o a Uniform distribution U(a, b).

The Normal distribution is defined with the following proba-
bility density function:

L exp_%(x;“) . (D

The Uniform distribution is
density function, as follows:

determined by the probability

for a < x <b,

1
plz) = {b_“’ 2

0, otherwise,

where a determines the lower and b the upper bound of the
numerical interval, from which values can be sampled. In
terms of mean p and variance o2, the probability density is
expressed as:

3)

1
p(x): m, forU\/ggx_MSJ\/g,
0, otherwise,

where Eq. (3) describes the continuous uniform distribution.
As can be seen from the equation, the feasible value x can be
sampled from the following interval:

p—oV3<z<pu+ovV3. ()]

The probability vector PV is initialized at the beginning
of the algorithm with assigning means such as ;(*) = 0 and
Standard Deviation ¢(® = )\, where )\ is a large number
(e.g. A = 10). In each generation, the trial individual is
generated based on the PV® that competes with the current
best solution best for survival in the next generation. As
a result, the winner vector win and loser vector lose are
declared, and the best vector best is updated accordingly.

The update rule for each element of the vector PV® s
defined regarding the following equations:

& _ 0 L (w0

and

2 2 2 2 1 2 2
() = (o ) () g () )
where parameter Np designates the number of virtual indi-
viduals in a population.
However, if the uniform probability distribution is selected,
the lower and upper bounds of the uniformly distributed
element ¢ are calculated as follows:

aEt-‘rl) _ ul(t) — V3o,
B = 0 4 /B0,

Interestingly, the trial vector x is obtained in cDE using the
’DE/rand/1/bin’ mutation strategy, defined as:

)

yW = x4+ P —x(), ®)

where vectors x;, x, and x, are random vectors generated
from the probability distribution determined by the parameter
PD, and the parameter F is a scale factor (usually F' = 0.5),
such as:

if PD = Normal,
otherwise.

() _(t)
t {N(:u’l T4 (9)

Yi = u(agt)’ bgt)
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The mutation strategy is applied according to the parameter
CR (typically CR = 0.9), as follows:

LD {ygt), if rand(0,1) < CR,

¢ )
’ xg ) otherwise,

(10)

fori=1,...,D.

B. Evolution strategies

Evolution Strategies (ES) were invented in the early 1960s
at the Technical University of Berlin by Rechenberg [13] and
Schwefel [14]. They operate on real-valued representations of
individuals, and, thus, are devoted commonly for numerical
optimization. The ESs are distinguished as excellent algo-
rithms for global optimization because they are not sensitive to
falling into a local optima. On the other hand, their specialty
allows the self-adaptation of the mutation parameters.

In ESs, the representation of an individual consists of
two parts: (1) problem variables and (2) control parameters
which are put together with the problem variables into a
representation of individuals representing a solution to the
problem of interest. The control parameters are not always
presented depending on the ES variant. The solution, in full
form, is described as follows:

<x17'"axnao—lv"'aan;alv"'7ak>a (11)
where  (z1,...,xz,) denotes the problem variables,
(01,...,0n,) the step sizes of uncorrelated mutation, and
(a1, ...,y ) are the rotation angles of correlation mutation.

Thus, parameter n designates a dimension of the problem,
and k = W is the number of rotation angles in the
so-called correlation matrix. Due to calculation complexity,
the rotation angles and corresponding implementation of the
correlation mutation are avoided in this study.

Mutation is the main variation operator in ES that can
operate on a single individual. Therefore this kind of variation
operator is appropriate for running on limited hardware, and,
consequently, complying with the demands of green AI. The
simplest mutation operator in ES is an uncorrelated mutation
with one step size, where the individual is represented as:

X =(T1,...,&n,0), (12)

where o denotes the step size that is a part of the individual’s
representation. The modification of the individual is performed
according to the following equations:

o = o exp™™NOD

13
x, =z; + 0 - N(0,1), (13)

where 7 in is a learning constant. Let us emphasize the
importance of the order in which arithmetical operations must
be performed, i.e., at first changing the Standard Deviation
o, and, after that, changing the problem variables z for i =
1,...,n. Thus, the following relation is also considered:

o <e =0 =e, (14)

where €y is a predefined constant preventing the Standard
Deviation from falling too close to zero.

An uncorrelated mutation with n step sizes is more complex,
because, on the one hand, it assigns the step size to each
problem variable, and, thus, enables searching the optimum
values of each program variable independently on the other.
In line with this, the representation of the individual is widened
as follows:

15)

X = (L1, . Ty, O1y.enyOp).

The modification of the program variables is expressed using
the following equations:

— 5 7/-N(0,1)+7-N;(0,1)
= UZ

(16)

/ - exp
x, =z; + o} - N; (0, 1),

where two learning constants have arisen: a common learning
constant 7, and a dimensional learning constant 7;. Usually,

the values of these constants are set as: 7/ o« —— and T o
1 V2n

V2v/n

In\general, there are two kinds of survivor selections that are
designated symbolically with the following notations: (u, \)
and (u + A). According to the first notation, the best pu
offspring from A\ newly generated can survive and enter into
the next generation, while, regarding the second notation, the
best 4 individuals are selected from the union of parents and
offspring. For green Al, where the single individual population
is the preferred choice, the selection scheme is denoted as
(14 N).

. The limitation in Eq. 14 is also valid for this mutation.

III. GREEN EA ALGORITHMS

The purpose of green EAs is twofold: (1) to operate effi-
ciently on regular hardware by saving electrical power, and
consequently, producing less carbon footprint, and (2) to run
the complex EAs on limited hardware. In line with this, we
concentrated on EAs capable of working with small or even
single, populations. As a result, almost two options can be
found in the existing literature, i.e., employing compact EAs
or returning to the roots of EAs and trying to see what could
be reached by using one member ESa. As proposed in the
corresponding literature, the probability distributions also have
a significant effect on the behavior of these algorithms.

Let us mention that this study treats the DE algorithms
only. Here, two DEs are proposed: eXtended compact DE
(XcDE) and green ES (gES). The former incorporates the
characteristics of already developed cDE [9] and UcDE [10]
under the same umbrella, while the latter explores features of
the ESs [15] using the mentioned uncorrelated mutations. Both
algorithms support sampling individuals from three probability
distributions: Normal, Uniform, and Cauchy. In the remainder
of the section, the Cauchy probability distribution is introduced
first. Then, the pseudo-codes of the implemented XcDE and
gES are discussed.

A. Cauchy probability distribution

The Cauchy probability distribution C(m, b) is usually used
in the EA community. The continuous distribution describes
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resonance behavior, and it is defined using the following
probability density function:

1 b

) = e T

a7

where the parameter b denotes half of the maximum, and m
is the statistical median. In the sense of y and o, the former
designates the mean instead of the median, while the latter the
Standard Deviation instead of the half of the maximum.

B. Extended compact differential evolution

Introducing the Cauchy probability distribution demands a
modification of the random vector generation according to
Eq. (10), as follows:

if PD = Normal,
if PD = Uniform,

otherwise.

(18)

In summary, the pseudo-code of the algorithm is illustrated in
Algorithm 1. As evident from Algorithm 1, it is controlled us-

Algorithm 1 Pseudo-code of the XcDE.
Require: Np - virtual population size, oy - initial stdev,
D - problem dimension, PD - probability distribution,
min_D, min_D - boundaries
Ensure: best - the best individual
1: PV = nir(ul? = 0,6 = ) for Vi € [1, D])
2: (a(o),b(0)> = INIT(aZ(-O) = max_Di,bgo) = mun_D;) for
Vi € [1,D])
3: best = GENERATE(P("))
4: while TERMINATECONDITION do
GENERATE(a®), (")),
GENERATE(PV (®),

5 <X7‘7Xsaxt> = .
otherwise.
6: for i=1:D do

x; + F(x, +x4), ifU0,1) <CR,

7: X; =
best;, otherwise.
8: end for
9: (win, lose) = COMPETE(x, best)
10: if f(x) = f(win) then
11: best = x
12: end if
13: for each i € [1, D] do > Update PV
14: (i oDy = Uppate PV®  according
Eqn. (5) and (6)
15: if PD = Umform then
16: al"t = 1 _ /350
17: b&H u& +/30®
18: end 1f
19: end for

20: end while

ing six parameters: virtual population size Np, initial Standard
Deviation nu, problem dimension D, probability distribution
PD, and boundary vectors min_D and max_D.

C. Green ES

Algorithm gES supports all three mentioned probability
distributions that the PD control parameter can control. The
number of generated parents (also the size of the matin pool
MP) is controlled by the parameter \. The algorithm also
needs the other parameters, like problem dimension D, and
the upper and lower bounds of the problem variables a and b.

The main modification of the original ES is needed, due
to supporting the three probability distributions. In line with
this, the functions for modifying the offspring are changed as
follows:

o®exp™ O if PD = Normal,
o) = L oW expm™€OD) | if PD = Cauchy,  (19)
o® exp™ (LD otherwise,
and
2" + oD . N(0,1), if PD = Normal,
2 = g:(t) o®.C(0,1),  if PD = Cauchy,

2P 4 o® . 1(=1,1), otherwise.
(20)
This means that in place of sampling the step sizes from the
Normal distribution, the proposed gES also enables sampling
these from Uniform and Cauchy probability distribution.
The pseudo-code of the gES is presented in Algorithm 2,

from which it can be seen that this is much simpler than the

Algorithm 2 Pseudo-code of the gES.

Require: )\ - number of survivals, n - step size, og - initial
stdev, D - problem dimension, PD - probability distribu-
tion, a, b - boundaries

Ensure: best - the best individual

it PD =Unifoymy _ 7

2 xO© = Inrr(z{” =

. best = x()
while TERMINATECONDITION do
MP® = GENERATEMP(x() a,b, PD) for Vj €
(1A
6y = FINDTHEBEST(MP)
7. if f(y®) < f(x®)) then
8:
9

= rand(a;, b;), 09) for Vi € [1,n])

oW

best = x(1) = y®
end if
end while

@

corresponding XcDE.

IV. EXPERIMENTS AND RESULTS

The objective of the user experience test was to demonstrate
that the results of the proposed gES are comparable to the
results of the XcDE in terms of the quality, and are equal
or better in terms of time complexity. In line with this, three
algorithms were compared in the preliminary study, as follows:

o UcDE,

o gES using uncorrelated mutation with one step size,

o gES+ using uncorrelated mutation with n step sizes.
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However, each of the mentioned algorithms supports sampling
individuals from three probability distributions, i.e., Normal,
Cauchy, and Uniform, that are distinguished between each
other with corresponding modifiers, i.e., -N, -C, and -U
attached to the name of the original algorithm. For instance,
the gES with Normal probability distribution is designated as
gES-N during the tests.

The parameter settings of the algorithms used during the
experimental work are illustrated in Table II, from which it

TABLE IL
PARAMETER SETTING
Algorithm | PD  Parameter Abbreviation ~ Value
* Virtual population NP 100
XcDE * Initial Standard Deviation le) 10
* Population size Np 1
* Number of step sizes n 1
* Size of mating pool A 7
gES ~ En 0.05
-C Initial Standard Deviation o) 10.0
* oo 1.0
* Population size Np 1
* Number of step sizes n D
* Size of mating pool A 7
gES+ ~ 7 0.05
-C Initial standard deviation oo 10.0
* ) 1.0

can be noted that the setting of parameter size of a mating
pool A = 7 corresponds to one of the necessary conditions for
self-adaptation in the ES requiring a not too strong selective
pressure (A\/p = 7) [15]. On the other hand, setting the
parameter initial Standard Deviation o has a crucial effect
on the optimization results. While the setting was taken from
the recommendation for XcDE in [10], the proper settings for
gES algorithms were found after extensive experimental work.
In ESs the parameter determines the so-called evolutionary
window, which is where the evolutionary search process
explore the search space the most effectively.

All the algorithms solved problems from the CEC’14
(Congress on Evolutionary Computation 2014) functions
benchmark suite, whose characteristics are described in the
next subsection in more detail.

A. Benchmark function suite

The CEC’14 test suite consists of 30 benchmark functions
that are divided into four classes [16]:

« unimodal functions (1-3),

« simple multimodal functions (4-16),

o hybrid functions (17-22),

o composition functions (23-30).
Unimodal functions have a single global optimum and no local
optima. The unimodal functions in this suite are non-separable
and rotated. The multi-modal functions are either separable or
non-separable. In addition, they are also rotated and/or shifted.

B. Hardware configuration

All the runs were made on a personal computer, IBM
Lenovo, using the following configurations:
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1) Processor - AMD Ryzen 7-1700 3.90 GHz x 8,
2) RAM - 16 GB,
3) Operating system - Linux Mint 19 Cinnamon.

All versions of the tested algorithms were implemented within
the Eclipse CDT Framework.

C. Results

The functions of dimension D = 10 were adopted in the
preliminary study. An analysis of the results based on the
Friedman nonparametric statistical tests, in which the results
obtained by a particular algorithm optimizing all benchmark
functions of a specific dimension, were evaluated according to
five standard statistical measures: Best, Worst, Mean, Median,
and StDev values. Typically, these tests are conducted to
estimate the quality of the results obtained by various nature-
inspired algorithms for global optimization [17]. Indeed, the
Friedman non-parametric test is a two-way analysis of vari-
ances by ranks. The statistic test is calculated and converted
to ranks in the first step. Then, the null hypothesis is stated,
which assumes that the medians between the ranks of all
algorithms are equal. Here, a high rank value means a better
algorithm [18]. The second step is performed only if a null
hypothesis of a Friedman test is rejected. In this case, the
post-hoc tests are conducted using the calculated ranks. Let
us notice that the post-hoc analysis was not performed in
our study, because we needed only the proper ranking of the
algorithm’s performance for the next step. Here, the test was
conducted using a significance level of 0.05.

The results of the Friedman non-parametric statistical tests
are presented in Fig. IV-C, that are divided into two parts:
the Table shows the results of the Nemenyi and Wilcoxon
post-hoc tests in analytical form, and the graph displays the
results of the first post-hoc test visually. Let us mention that the
base method is denoted with the symbol §, while the statistical
significance is marked with the symbol { in the Table.

As is evident from Fig. IV-C, the best results were obtained
by XcDE-N (i.e., the base method). Also the XcDE-C results
are not statistically significant compared with the base method,
but are statistically significant compared to the results of
the other gES and gES+ algorithms. Interestingly, the results
of the gES overcame the results of their counterpart gES+.
Actually, these were similar, when they employed the identical
probability distributions. The reason for that could be that both
variants used the same initial step sizes tuned on gES variants.

The results of the cDE and gES variants regarding the time
complexity are depicted in Table III, which presents the time
complexity of the algorithms in the tests relating to the used
probability distribution in seconds.

TABLE IIL
THE COMPARATIVE ANALYSIS ACCORDING TO TIME COMPLEXITY IN
SECONDS.
. Normal Cauchy Uniform
Algorithm Tot. Avg. Tot. Avg. Tot. Avg. Summ
XcDE 719.93 24 628.38 20.95 507.39 16.91 1,855.70
gES 527.36 17.58 504.94 16.83 446.75 14.89 1.479.05
gES+ 639.8 21.33 574.44 19.15 483.5 16.12 1,697.74
Summ 1,887.09 20.97 1,707.76 18.98 1,437.64 15.97 5.032.49




TABLE IV. Numerical results of statistical tests.

. . Nemenyi Wilcoxon
Algorithm | Fri. D S povalue [ S
XcDE-U 4.83 | [4.02,5.64] > 0.05
XcDE-C 4.26 | [3.45,5.07] >0.05 |
XcDE-N 377 | [296,4.58] | £ | >0.05 | t
¢ES-U 442 | [3.61,523] | T | >0.05 | ¢t
gES-C 4.69 [3.8855]1 | T | >0.05 | ¢
gES-N 542 | [461,623] | + | >0.05 | ¢
gES-U+ 543 | [462,624] | T | > 0.05 | t
gES-C+ 6.61 | [5.80,7.42] | ¥ | > 0.05 | {
gES-N+ 6.71 | [5.90,7.52] | 1 | > 0.05 | t

As seen from the Table, the cDE algorithms are more
complex w.r.t. the time consumption. The best results for
these criteria were achieved by the gES algorithms which
produced these even 25 % faster, while the gES+ algorithms
were slightly worse (up to 10 % faster). The comparison of
the probability distribution employed in these algorithms is
also interesting. In this sense, it turned out that the most
complex were algorithms working with Normal distribution,
while running the same algorithms with Uniform distribution
was more than 30 % faster, and Cauchy, which was up to 10 %
faster. The main reason for the behavior lies in the fact that
the calculation of the PDF for Normal distribution is complex
for calculation, while the PDF for the Uniform distribution is
easier.

Indeed, the time complexity was proportional to the energy
consumption. As a result, we can conclude that, when we use
gES, up to 25 % of energy consumption can be expected
compared with the cDE. Although the obtained results are
slightly worse, these are, in our opinion, good enough in
practice.

V. CONCLUSION

In this paper, we touched on the area of green artificial
intelligence, and devoted specially to the evolutionary algo-
rithms. A new way of incorporating the green component
into the evolutionary algorithm was explored, using evolution
strategies to reduce the algorithm’s complexity and enable
the algorithm to run on limited hardware. Comprehensive
experiments performed on the CEC 14 benchmark revealed
that the proposed methods gES and gES+ were less complex
than the original XcDE for either 25 % or 10 %, respectively,
while the quality of the results are not significantly worse,
and, thus, encouraged us to widen this approach to application
areas. Hence, our goal for future research is to tailor this
algorithm to the problem of Numerical Association Rule
Mining, apply it to the application in Smart Agriculture, and
in Sports domain.

Average differences of ranks

0 i L L ' L L " L L
¥cDE-U ¥cDE-C WcDE-N gESU gES-C gES-N gES-U+ gES-C+ gES-N+

Stochastic algorithms in test

Fig. 1. The results of comparative analysis using a Nemenyi post-hoc
statistical test.
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