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Abstract—Metaheuristics are known to be effective for solving
a broad category of optimization problems. However, most
heuristics require different parameters set appropriately for a
problem class or even a specific problem. Researchers address this
commonly by performing a parameter tuning study (also known
as hyper-parameter optimization) or developing a parameter con-
trol mechanism that changes parameters dynamically. Whereas
parameter tuning is computationally expensive and limits the
parameter configuration to stay constant throughout the run,
parameter control is also a challenging task because all dynamics
induced by various operators must be learned to make an appro-
priate adaptation of parameters on the fly. This paper investigates
parameter tuning and control for a well-known optimization
method – differential evolution (DE). In contrast to most existing
DE practices, an additional individualistic evolutionary operator
called polynomial mutation is incorporated into the offspring
creation. Results on test problems with up to 50 variables
indicate that mutation can be helpful for multi-modal problems
to escape from local optima. On the one hand, the effectiveness
of parameter tuning for a specific problem becomes apparent; on
the other hand, its generalization capabilities have been shown
to be limited. A generic co-evolutionary approach for parameter
control outperforms a random choice of parameters. Recognizing
the importance of choosing a suitable parameter configuration
to solve any optimization problem, we have incorporated a
standard implementation of both tuning and control approaches
into a framework, paving the path for the community and
other researchers to use and further investigate parameters of
differential evolution and other metaheuristics.

Index Terms—Parameter Tuning, Parameter Control, Differ-
ential Evolution, Self-Adaptive, Co-Evolution, Metaheuristics

I. INTRODUCTION

Most optimization methods, especially metaheuristics, come
with one or multiple parameters that must be defined before
starting the optimization procedure. On the one hand, param-
eters give (experienced) end-users an opportunity to tailor
an optimization method to a specific problem. On the other
hand, they are an additional burden because most of the time,
there is not enough information neither about the problem nor
about suitable parameter suggestions for a problem class [1].
Researchers have addressed this issue by applying a system-
atic parameter tuning study or implementing a methodology

to control the parameters directly during optimization (see
Figure 1).

Parameter tuning (PT), also known as hyper-parameter
optimization, aims to find a parameter configuration of an
algorithm that maximizes its efficiency for solving one or even
multiple optimization problems offline [2]. Because assessing
the performance of an algorithm is often computationally
expensive, model-based approaches have widely been used [3].
Besides the computational expense (which is even worse for
non-deterministic models or algorithms), another challenge is
the mixed nature of variables, for instance, binary, categori-
cal (no order), discrete (ordered), or continuous. Altogether,
this results in a non-trivial optimization problem itself. The
necessity and importance of hyper-parameter optimization are
shown by the number and population of frameworks, such as
irace [4], Hyperopt [5], or Optuna [6]. Whereas this paper
focuses on parameters of optimization methods, the reader
shall note that hyper-parameter optimization is also widely
used in machine and deep learning for model selection [2].

Depending on the model or algorithm, the most significant
limitation of PT is the assumption that a (near) optimal param-
eter configuration can be achieved by a constant configuration.
Parameter control (PC) has addressed this shortcoming by
dynamically updating parameters during run time. In 1999,
Eiben et al. have published a survey paper discussing pa-
rameter control (in evolutionary computation) and showing
its benefits over parameter tuning [1]. Besides establishing a
precise terminology for different types of parameter control
(which has not been consistently used before), it provides
a comprehensive overview and shows promising research
directions. More than a decade later, Karafotias et al. (also co-
authored by Eiben) revised the recent trends and challenges
and provided a categorization of numerous optimization al-
gorithms addressing parameter control [7]. The authors have
reviewed existing approaches and put them into different
categories, for example, controlling based on rules triggered by
events/thresholds, fuzzy logic controllers, or feedback of the
current set of solutions or other algorithmic metrics. However,
despite much research effort, the authors also mention a
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Fig. 1. Parameter Tuning (PT) and Two Different Types of Parameter Control (PC)1.

current shortcoming that PC has not been widely adopted in
the community or become part of a common practice toolkit.
Moreover, besides proposing more sophisticated parameter
control methods, researchers need to analyze the reason for
efficiency and dynamics more thoroughly.

Also closely related is a more recent research direction
called hyperheuristics [8], [9]. As mentioned in [10], the tran-
sition to parameter control can be somewhat fluent given that
the heuristics itself often have parameters, and the selection or
probability of selecting a heuristic can also be expressed as a
parameter of an algorithm. One will also note that the termi-
nology is slightly different in this research direction; for in-
stance, parameter tuning is referred to as offline and parameter
control as online learning. However, the underlying problem
of generating or selecting the most appropriate (parameters
for a) heuristic is analogous [8]. Moreover, hyper-heuristics
are often applied to combinatorial optimization problems but
have also been used to create algorithms ensembles in single
or multi-objective optimization [9].

This paper focuses on the parameters, and their configu-
ration of the well-known metaheuristic differential evolution
(DE) [11]. Because of its popularity, researchers have pro-
posed variants of DE with an incorporated form of parameter
control. For instance, SaDE [12] uses and updates probability
distributions for the selection procedure and parameters being
involved; jDE [13] either uniformly samples F and CR in
predefined boundaries or uses a default; ShaDE [14] adapts
the probability distributions based on their success history;
FADE [15] uses a fuzzy logic controller is to adapt the
control parameters; JADE [16] co-evolves the parameters F
and CR besides introducing other concepts such as the current-
to-pbest selection and an external archive. The idea of co-
evolving parameters seems to be promising. Thus, this study
provides a more comprehensive parameter evolution and a
comparison with the parameter tuning approach using DE The
contributions of this paper can be summarized as follows:

(i) We investigate the effect of incorporating an additional

1The icons used in the figure have been created by Kantor Tegalsari, Juicy
Fish, Webtechops from the Noun Project. (left to right).

individualistic evolutionary operator called polynomial
mutation [17]. The idea is to provide a way to escape
from a local optimum even when the population has
already lost its diversity. This shall mitigate the premature
convergence of DE in solving multi-modal problems.

(ii) We perform parameter tuning varying all parameters in
differential evolution, including the ones from polynomial
mutation. The best-performing parameter configurations
for each of the test problems are then benchmarked again
(on different random seeds) to make conclusions about
the generality of the results, similar to the training-testing
philosophy used in machine learning studies.

(iii) We propose a generic way of evolutionary parameter
control and apply it to the parameters of differential
evolution. The approach is based on the co-evolution
of parameters and the current population, which has
already been shown to help improve algorithms’ perfor-
mance [16].

(iv) We provide a ready to use parameter control and tuning in
the optimization framework pymoo [18]2. This addresses
the shortcoming of most standard optimization toolkits,
which do not incorporate parameter tuning and or control
(at least not ready to use) to their frameworks, even
though the importance of parameter tuning and control
has been recognized in the last few years and decades.

In the remainder of this paper, we first briefly introduce dif-
ferential evolution Section II. In Section III parameter tuning is
reviewed, and two different ways of parameter control in DE
or in general population-based metaheuristics are described.
Afterward, results are presented in Section IV and, finally,
conclusions are drawn in Section V.

II. DIFFERENTIAL EVOLUTION (DE)

Differential evolution [11] has raised much attention in the
last decades due to its effectiveness and simplicity. Assuming
a real-valued optimization with x ∈ RD with lower xmin,i

and upper bounds xmax,i for each variable xi. Assuming we
intend to run the optimization method for T iterations. Then,

2Available from version 0.6 onward.



we refer to the i-th solution (i ∈ (1, . . . ,NP)) in the t-th
generation (t ∈ (1, . . . , T )) by

x
(t)
i = (xi,1, xi,2, . . . , xi,D). (1)

Differential evolution starts with a uniformly random sam-
ples of solutions in the first iteration (t = 0) by

x
(0)
i,j = xmin,i + rand(0, 1)i,j · (xmax,i − xmin,i). (2)

Then, in each consecutive iteration t, a so-called donor vector
v
(t)
i is created for each individual x(t)

i . Different ways to create
the donor vector have been proposed. We show two popular
methods:

DE/rand/1: v(t)i = x(t)
r1 + F · (x(t)

r2 − x(t)
r3 ), (3)

DE/best/1: v
(t)
i = x

(t)
best + F · (x(t)

r1 − x(t)
r2 ), (4)

where r1, r2, and r3 are mutually exclusive integers ran-
domly chosen from the range (1,NP) to indicate specific
population members used in the above process, and best is
the index with the minimum function value (argminif(xi))
in the population. Generally, to a DE variant is referred
by DE/<selection>/<diffs> to indicate what selection
procedure (selection) is used and how many differentials (diffs)
are added. Some other DE variants use more differentials
(terms) in the above expressions.

The offsprings u
(t)
i are then created by performing a

random-exchange crossover operation between the current
solution x

(t)
i and the donor vector v

(t)
i . Predominantly used

is the binomial crossover, shown below:

u
(t)
i,j =

{
v
(t)
i,j if rand(0,1) ≤ CR or j = jrand,

x
(t)
i,j otherwise,

(5)

where CR is the crossover rate defining the amount of ex-
change and jrand ∈ (1, . . . , D) is a randomly chosen number
ensuring at least one element will be swapped.

At the end of an iteration, a replacement takes place, where
the i-th solution of the next iteration (t+ 1) is determined by
following selection mechanism:

x
(t+1)
i =

{
u
(t)
i if f(u(t)

i ) ≤ f(x
(t)
i ),

x
(t)
i otherwise.

(6)

The solution-wise replacement ensures that the function values
continuously improve but also prevents a quick diversity loss.

III. PARAMETER STUDY APPROACHES

Before discussing how parameters shall be tuned or adapted,
let us recapitulate what parameters play a role in differential
evolution and are also considered in this paper. They are (i) the
mechanism to select solutions to be involved in recombination
(rand, best, etc.), (ii) the number of differentials to be added
to a vector (diffs), (iii) the scale parameter determining the
relative magnitude of each differential to be added (F), (iv) the
crossover rate deciding how much information is exchanged
between the base and donor vector (CR). Moreover, another
interesting modification called jitter adding some noise to the

scale parameter for each of the variables has been proposed.
Its impact on the optimization results shall also be investigated
in this study.

The number of parameters in DE – even though most of
them are intuitive – and their possible combinations show the
dilemma when intending to solve a real-world optimization
problem. Practitioners will often simply use some default
settings or perform a quick trial-and-error study. Because of
time restrictions and computational resources, someone will
rarely perform a more systematic experiment to find the most
suitable parameter configuration. It might also become handy
for DE that researchers have already provided some insights
into what parameter configurations are less or more suitable
for different types of problems, which can be a helpful starting
point for an investigation.

A. Parameter Tuning (PT) Approach

The choice of (hyper-)parameters for an algorithm is an-
other optimization problem to address, trying to answer the
following question: What parameter configuration leads to
be best performance of an algorithm for a specific problem
(class)? Now, two things have to be further defined in practice:
(i) how do we measure the performance? (ii) what problem
or problem classes may result in specific configurations in a
conclusive manner? Both will be discussed in more detail;
however, one shall know that latter can become even more
challenging when researchers propose a new algorithm and
try to suggest a default parameter setting working well on
problems not considered in the original study. Let us assume
an algorithm has a set of parameters P ∈ Ω to be defined
for a run. Parameter tuning attempts to solve the following
optimization problem

argmax
P∈Ω

performance(A,P). (7)

The meaning of performance needs to be defined and
usually is either the value of a performance indicator after
termination, the number of function evaluations until a thresh-
old is reached, or more complicated measures that consider
the entire convergence behavior of an optimization run. Note
that the metric might need to be negated in order to represent
the performance that shall be maximized. In most cases,
the performance assessment will be a rather computationally
expensive evaluation – especially for non-deterministic algo-
rithms where multiple runs need to be carried out. Fortunately,
most optimization algorithms have only a few algorithmic
parameters (usually less than ten or even five). Thus, one
might think this rather small-scaled optimization problem
can be easily solved. However, there are some challenges
with this higher-level optimization task: the mixed nature of
the variables required to handle binary, float, integer, and
categorical variables simultaneously. Moreover, the nature of
the resulting fitness landscape is usually complex and noisy,
originating from implicitly solving a lower-level optimization
problem. Although this can be done offline, the PT approach
demands a lot of computations involving a nested optimization



Algorithm 1: Random Parameter Control (RPC)
Input : Parameter Space Ω

/* Uniformly Random Sampling (Equation 2) */

1 x(0) ← initialize()
2 foreach t← 1 to T do

/* Sample from parameters space. */

3 P(t)
i ← uniform random(Ω) ∀i ∈ (1, . . . , NP )

/* Standard DE with P(t) (Equation 4 - 6) */

4 v(t) ← donors(x(t),P(t))
5 u(t) ← crossover(x(t), v(t),P(t))

/* Apply Polynomial Mutation to some u(t)
*/

6 u(t) ← mutate(u(t),P(t))
7 x(t) ← replace(x(t−1), u(t))
8 end

approach and is only possible for problems requiring short
evaluation time, and the budget of total solution evaluations is
not restricted.

There is another difficulty for which PT approaches have
been criticized. Even after spending a significant computa-
tional effort, the resulting best parameter configuration is
kept fixed for solving a new problem throughout a run. It
is well known that since populations in various iterations
go through different complexities of landscapes (flat, multi-
modal, constrained, noise, etc.), one parameter setting may
be good on an average but may be improved by an adaptive
change in the parameter settings iteration-wise.

B. Parameter Control (PC) Approaches

Researchers have proposed parameter control (PC) methods,
wherein each iteration t, a different set of parameter config-
urations P(t) is used. Whereas some methods will require an
initial set of parameters P(0) others will already have default
values to set. Some basic parameter control methods define an
increasing or decreasing function to set P; more sophisticated
ones react on features in the current solution set or thresholds
being crossed. For population-based metaheuristics, a more
granular view on parameters can be considered. Instead of
only having a single parameter setting for all population
members per iteration P(t), one can define P(t)

i for each
solution/individual i at every iteration t. For an algorithm
with a population size of NP and in total T iterations, this
means that in total, NP · T parameters need to be defined.
However, as one might already notice, this does not need to
happen before a run, but P(t)

• can be set in each iteration t.
The more parameters are used and changes are allowed, the
chances of defining an inappropriate parameter configuration
decreases. Two methods for parameter control for population-
based metaheuristics are discussed in the following.

1) Random Parameter Control (RPC) Approach: After the
parameter search space, Ω has been defined, one can think
of a relatively simple approach: uniformly random sampling
from Ω in each iteration. Thus, the cardinality of the parameter

search space Ω becomes significantly more important. More-
over, one has to decide on what level the sampling takes place.
For example, the parameter configuration can be sampled
just once and used across all individuals, or NP times and
vary per individual (see Figure 1). Here, we sample different
weights for each individual to minimize the chances of an
inappropriate setting for the whole generation. The outline of
Random Parameter Control (RPC) is provided in Algorithm 1.
After initializing the population x(0), the optimization loop
is entered. Then, a new set of parameters P(t)

i is created
for each individual i by uniform random sampling (Line 3).
Using the parameter configuration P(t), the optimization loop
continues with the default DE methodology with an additional
individualistic mutation of some individuals.

Also, note that uniform random(Ω) needs to be imple-
mented for mixed variables by either sample uniformly random
from a range, from a set, or randomly return a True or False. In
general, the advantage of sampling parameter in each iteration
is that one can now set the parameter search space Ω instead
of directly defining P . However, defining the bounds shall
be less difficult than a single value; no learning between the
iterations exists (by the definition of random sampling). Note
that this approach can easily be extended by not using a
uniformly random probability distribution. However, ideally,
one would desire to find suitable parameter configurations over
time (instead of steadily sampling from the same distribution)
that we shall discuss next.

2) Evolutionary Parameter Control (EPC) Approach with
Genetic Operators: Evolutionary parameter control (EPC)
uses a genetic-based parameter evolution in parallel to dif-
ferential evolution (or in general any metaheuristic). The
credit assignment indirectly takes place by sampling from a
population updated analogously to the replacement operator.
Thus, the parameter evolution is always based on surviving
individuals from the past (which means parameter configura-
tion that kept being applied successfully). An outline of EPC is
presented in Algorithm 2. Similar to RPC, the parameters P(0)

(here only the initial once) are obtained by uniform random
sampling from Ω (Line 2). Then, the parameter population
P(t) is evolved from the previous parameter population P(t−1)

(Line 4). The question of how evolve works shall be explained
in more detail later. The parameter configurations P(t) are
then used for the standard DE optimization loop incorporating
polynomial mutation. Then, if the new solution u

(t)
i has found

to be better than the current, it is replaced. Otherwise, we copy
over the solution x

(t−1)
i and parameter configuration P(t−1)

i

from the last iteration to the current one (Line 9 to 14).
An illustration of how this let the algorithm’s popula-

tion x(t) and parameter’s population P(t) evolve from one
generation to another is shown in Figure 2. Starting from
both populations, x(t−1) (gray) and P(t−1) (green) from the
previous generation, the new parameter population is evolved
resulting in P(t) (orange). Assuming some solutions have been
replaced, this will result in a P(t) with some old and some new
configurations (orange and green). Parameter configurations
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Fig. 2. An Illustration showing one iteration of the Evolutionary Parameter Control (EPC) approach.

Algorithm 2: Evolutionary Parameter Control (EPC)
Input : Parameter Space Ω

/* Uniformly Random Sampling (Equation 2) */

1 x(0) ← initialize()
/* Initialize Parameters randomly */

2 P(0)
i ← uniform random(Ω) ∀i ∈ (1, . . . , NP )

3 foreach t← 1 to T do
/* Evolve from the parameter population */

4 P(t)
i ← evolve(P(t−1),Ω) ∀i ∈ (1, . . . , NP )

/* Standard DE with P(t) to evolve x(t)

(Eqns. 4-6) */

5 v(t) ← donors(P(t))
6 u(t) ← crossover(x, v,P(t))

/* Apply Polynomial Mutation to some u(t)
*/

7 u(t) ← mutate(u(t),P(t))

/* Replace and assign credit. */

8 foreach i← 1 to NP do

9 if f(u(t)
i ) ≤ f(x

(t−1)
i ) then

10 x
(t)
i ← u

(t)
i

11 else
12 x

(t)
i ← x

(t−1)
i

13 P(t)
i ← P

(t−1)
i

14 end
15 end
16 end

that have successfully produced a new solution are thus co-
evolved and given priority.

Now, we discuss the evolve method presented in the Algo-
rithm 2 (Line 4). In this study, the evolution takes place in
a genetic algorithm [19] framework. We have used an age-
based binary tournament selection to determine the parents
for mating. For each solution to be selected, two solutions
are picked randomly, and their age is compared (age referring
to the generation when they were created in the first place).
The younger solution is declared as the winner. In case of a
tie, randomly, the first or the second solution is chosen. This

encourages new, promising, but equally good to an old solution
to survive more in the evolution process. Then, the mating
pool is modified with crossover and mutation operations until
an offspring population of the same size as NP is created.
Default evolutionary operators for specific variable types are
used: for real-valued variables, Simulated Binary Crossover
and Polynomial Mutation [20]; for categorical values uniform
crossover and random mutation; for binary values also uniform
crossover and a bit-flip mutation.

IV. EXPERIMENTAL RESULTS

We execute a systematic study of evaluating each approach
and present the results in this section.

A. Parameter Tuning: What are good parameter configura-
tions?

First, we perform a parameter tuning study on DE to have a
better understanding of the effect of parameter combinations
on DE’s performance. In order to address the premature
convergence phenomenon, we have added polynomial muta-
tion [20] after an offspring (using the standard DE operators)
is created. Altogether, this results in the parameters listed
in Table I. Besides the name of each parameter, also the
corresponding type is shown. One can note that the parameter
optimization problem consists of mixed variables: categorical,
float, integer, and binary.

TABLE I
(HYPER-)PARAMETERS OF DIFFERENTIAL EVOLUTION (INCLUDING

POLYNOMIAL MUTATION).

Name Type Values

Selection categorical rand, bin, target-to-best
Crossover categorical bin, exp
Diffs integer 1, 2
F float (0.4, 1.0)
Jitter binary True, False
CR float (0.1,0.9)

PMprob float (0.0,1.0)
PMη float (3.0,30.0)



Fig. 3. Results of a standard implementation and two variants with parameter control. The vertical axis is normalized to have values lie in [0,1] by the best
and worst logarithmic average (out of 31 runs) algorithm performance for each problem.

The results of parameter tuning for the well-known prob-
lems – Sphere, Ackley, Rastrigin, Rosenbrock, and Griewank
wad – are shown in Table II. For each problem, the number of
variables varies between 2 and 50, and the number of function
evaluations (fevals) have been set to be a reasonable number
to obtain near-optimal solutions. The best parameter configu-
ration is obtained using the Python framework Optuna [6] with
the standard settings as shown in the software documentation
and with a maximum of 100 trials (performance evaluations
of a parameter configuration). The performance evaluation is
implemented to be the average performance out of 11 runs,
resulting in 1,100 runs per problem and thus in a total of
27,500 runs for this experiment. Despite parameter tuning
being a valuable tool for gaining insights about different
configurations, this also demonstrates how quickly such ex-
periments become time-intensive.

First, one can see from the table what parameters have
won across all problems. For selection, best is chosen most
of the time (except for Griewank with 10 and 30 variables);
for the crossover, always bin is selected. For the number
of differentials, Diffs=1 is used most often, except in the
30-variable Ackley function in which Diffs=2 is found to
perform better. For other parameters, an appropriate choice
seems to be more difficult: F lies between 0.4 (the lower
bound defined for it) and 0.5 (except for the two-dimensional
Griewank function); For jitter no clear recommendation can
be made; the crossover rate CR varies widely in the range
of 0.1 and 0.9; the polynomial mutation seems to have a
positive impact for some of the problems (especially Ackley
and Rastrigin), demonstrated to have found relatively large

probability (PMprob) of its use.
Altogether, this shows that a recommendation is easier to

make for some parameters than others. While looking at these
results, one must bear in mind that such (hyper-)parameter
studies are already time-intense on test problems and mostly
not applicable to (often more computationally expensive) real-
world problems with a limited budget of solution evaluations.

B. Training Error and Worst-Case Performance

For the parameter tuning in the previous section, multiple
runs were carried out to determine the performance of a single
parameter configuration. Multiple runs are essential to address
the non-deterministic behavior of metaheuristics in general.
Therefore, we have assigned a random seed to each run
beforehand to perform a reproducible study and make a fair
comparison of various parameter configurations. But what one
now needs to ask is if this has introduced a bias and possibly
caused some overfitting. Thus, we (re)run the best parameter
configuration for each problem on the whole problem test
suite (with other random seeds). The top diagram in Figure 3
shows a so-called Parallel Coordinate Plot [21] where each
horizontal line represents a parameter configuration. Each
vertical line is a test problem where the crossing points
illustrate the corresponding performance. The performances
have been normalized between the best and worst performance
achieved across all parameter configurations, and a log-scale
has been applied. One would hope to see a horizontal line
towards the bottom indicating the parameter configuration
obtained from the time-intensive parameter tuning performs
the best; Disappointingly, for the test problems, Rastrigin-50D,



TABLE II
PARAMETER TUNING FOR FIVE OPTIMIZATION PROBLEMS WITH 2-50 VARIABLES. THE BEST PARAMETER CONFIGURATION OBTAINED WITH 100 TRIALS

(BASED ON THEIR AVERAGE PERFORMANCE IN 11 RUNS) ARE LISTED.

Problem D fevals fmin fstd Sel. Cross. Diffs F jitter CR PMprob PMη

Sphere

2 1500 2.315610e-10 2.697152e-10 best bin 1 0.400262 False 0.803660 0.113073 24.167077
5 5000 6.768492e-16 7.392626e-16 best bin 1 0.401455 False 0.657483 0.026534 24.378025

10 7000 8.470605e-17 1.013580e-16 best bin 1 0.422609 True 0.766243 0.007385 16.683359
30 20000 2.813796e-12 2.689380e-12 best bin 1 0.508094 False 0.584374 0.045688 16.874145
50 40000 9.784231e-13 4.784588e-13 best bin 1 0.517229 False 0.509103 0.106917 22.254589

Ackley

2 5000 2.736034e-12 2.203808e-12 best bin 1 0.418409 True 0.871758 0.027752 10.935945
5 10000 2.381933e-15 1.769001e-15 best bin 1 0.416339 True 0.895991 0.024558 5.095072

10 20000 3.996803e-15 0.000000e+00 best bin 1 0.465191 False 0.752815 0.000047 6.793005
30 50000 7.997315e-09 6.594237e-09 best bin 2 0.400299 False 0.776480 0.364671 18.336158
50 70000 9.654130e-09 9.687515e-09 best bin 1 0.511456 False 0.524408 0.141428 18.558825

Rastrigin

2 3000 4.347317e-10 4.079247e-10 best bin 1 0.415380 True 0.776765 0.038084 7.247767
5 10000 1.585544e-11 1.785342e-11 best bin 1 0.400826 False 0.325318 0.036652 14.679637

10 25000 3.484243e-12 9.362858e-12 best bin 1 0.446624 True 0.612533 0.280196 17.407695
30 50000 2.182964e-03 1.802596e-03 best bin 1 0.440511 False 0.833614 0.465345 23.364301
50 100000 6.462581e+01 6.335820e+00 best bin 1 0.483957 False 0.100069 0.261136 29.340052

Rosenbrock

2 5000 5.010692e-20 7.108723e-20 best bin 1 0.455910 True 0.873470 0.053226 15.938462
5 10000 2.398959e-06 4.634442e-06 best bin 1 0.508330 False 0.788249 0.298629 29.971159

10 50000 3.800137e-26 7.916075e-26 best bin 1 0.609483 True 0.856716 0.014441 12.991881
30 75000 2.128514e+00 1.797851e+00 best bin 1 0.628091 False 0.795995 0.004134 23.748030
50 100000 3.502136e+01 1.748627e+01 best bin 1 0.590044 True 0.783964 0.244398 26.697747

Griewank

2 10000 3.718541e-13 4.251889e-13 best bin 1 0.971753 False 0.854341 0.001847 6.225787
5 25000 1.158581e-07 2.405569e-07 best bin 1 0.506504 True 0.122285 0.024864 29.958547

10 50000 4.033417e-06 8.411893e-06 rand bin 1 0.414211 True 0.263953 0.069589 12.624836
30 75000 1.306507e-09 8.545821e-10 rand bin 1 0.403356 False 0.556556 0.046251 13.180669
50 100000 5.245299e-14 3.651946e-14 best bin 1 0.502515 False 0.192789 0.071945 12.188316

Griewank-2D, and Griewank-30D parameter tuning seemed
to have been not successful. This could be caused by the
limited budget of a number of trials during parameter tuning
or overfitting caused by fixing random seeds used during
performance evaluation. Even though this effect is less severe
for other problems, still another parameter configuration could
significantly outperform the one found to be best beforehand.

C. Can Parameter Control Improve the Performance?

Finally, we shall have a look at the two parameter control
approaches, RPC-DE and EPC-DE. A comparison with two
standard DE variants (DE/rand/1/bin and DE/best/1/bin) is
shown in Table III. For both standard variants the recom-
mended standard settings for separable functions (F = 0.5
and CR = 0.2) is used. In order to allow a fair comparison,
polynomial mutation is also incorporated with PMprob = 0.1
and PMeta = 20. All methods are compared based on the
average performance of 31 independent runs, and the best
performing method (based on the Wilcoxon Rank Sum Test,
α = 0.05) is highlighted. First, one can note that a random
selection is clearly outperformed by other approaches, which is
consistent with the parameter tuning results. Moreover, RPC-
DE wins two test-problems (Rosenbrock-30D and 50D) and
is three times (Ackley-30D, Griewank-30D, and 50D). On
all other test problems, it has been outperformed by other
methods. DE/best/1/bin wins eight test problems and is four
times tied. EPC-DE shows the best performance ten times and
is tied twice. Their relative performance in comparison with
the parameter tuning results is shown in Figure 3. It becomes
apparent that for some problems EPC-DE such as (Ackley-
10D, Rosenbrock-10D, Griewank-2D) evolving the parameters

TABLE III
A COMPARISON OF TWO VARIANTS OF DIFFERENTIAL EVOLUTION

WITHOUT PARAMETER CONTROL (DE/RAND/1/BIN AND DE/BEST/1/BIN),
AN TWO VARIANTS WITH PARAMETER CONTROL, RANDOM PARAMETER

CONTROL (RPC-DE), AND EVOLUTIONARY PARAMETER CONTROL
(EPC-DE).

Problem N DE/rand/1/bin DE/best/1/bin RPC-DE EPC-DE

Sphere

2 1.06e-06 2.79e-08 4.29e-07 8.48e-08
5 5.73e-06 3.31e-08 8.67e-08 5.16e-11

10 3.54e-04 5.33e-06 3.51e-06 1.14e-10
30 1.22e-03 2.85e-06 2.45e-06 4.23e-07
50 5.23e-04 6.69e-08 9.73e-08 9.30e-06

Ackley

2 2.19e-04 2.19e-07 6.76e-06 3.03e-07
5 8.19e-03 2.77e-05 6.21e-05 7.78e-09

10 7.12e-03 1.82e-05 7.65e-06 2.53e-13
30 1.41e-02 8.14e-06 8.14e-06 4.96e-03
50 5.36e-02 1.96e-05 3.07e-05 3.29e-02

Rastrigin

2 2.99e-03 1.35e-07 2.95e-05 7.68e-06
5 4.21e-03 5.11e-08 9.84e-04 4.99e-07

10 1.58e-02 4.48e-09 4.98e+00 3.30e-10
30 6.87e+01 4.27e+01 1.18e+02 5.94e+01
50 1.80e+02 1.26e+02 2.54e+02 1.52e+02

Rosenbrock

2 2.04e-03 1.25e-04 1.22e-06 9.53e-11
5 7.72e-01 6.01e-01 1.97e-01 1.27e-06

10 4.00e+00 5.04e+00 8.77e-02 2.35e-21
30 2.57e+01 2.50e+01 1.89e+01 2.39e+01
50 4.60e+01 4.47e+01 3.90e+01 4.57e+01

Griewank

2 2.12e-05 1.20e-13 3.80e-11 0.00e+00
5 1.43e-03 1.22e-09 7.14e-03 2.09e-06

10 5.41e-05 2.70e-14 1.11e-03 4.11e-15
30 9.05e-06 1.11e-16 0.00e+00 2.01e-02
50 3.07e-04 8.16e-14 1.28e-13 4.46e-02

evolutionary is advantageous. Even though DE/best/1/bin does
generally not perform significantly worse, one must note that
in the cases where EPC-DE performs better, a more significant
gap in performance exists than the other way around.

Before concluding this paper, we would like to mention that



the best standard parameter configuration across all problems
(determined by a rank-based evaluation) has turned out to be
the one found to converge best on Sphere-30D (see Table II).
By rounding the numbers this results in the following param-
eter configuration:

DE/best/1/bin with F=0.5, Jitter=False, CR=0.6,
PMprob = 0.05, and PMη = 15.

V. CONCLUSIONS AND FUTURE WORK

Parameters in optimization methods are omnipresent and
must be provided to execute a run. Two common approaches
are parameter tuning and control, each attempting to maximize
the performance and improve the convergence behavior of an
optimization method. This paper has provided a study on the
parameters of differential evolution, a well-known and widely
used metaheuristic. Parameter tuning has shown that some
parameters can be fixed as they have consistently lead to
the best performance, and others shall be varied depending
on the problem. Moreover, the incorporation of polynomial
mutation has turned out to be advisable for some (multi-
modal) problems. To address the limitation of parameters
being kept constant throughout the run, we considered two
different methods for control parameters on an individual level:
one uniformly sampling in the parameter space; the other
co-evolving a parameter population. The latter has shown to
be more effective because it prefers the usage of parameter
configurations, having created good solutions in the past. In
general, the results have indicated that the standard version
of DE shows comparable results to EPC-DE, but in problems
where EPC-DE performs better, there is a significant difference
compared to the opposite.

Parameter tuning on a variety of test problems has con-
firmed a well-known fact: Some parameter configurations are
better for some problems than others. Nevertheless, algorithms
usually come with default settings provided by the developers.
Thus, an interesting follow-up study is a procedure with two
phases: First, find the individual best parameter configuration
for each problem; second, find the parameter configuration for
all test problems by minimizing the deviation to the individual
best. This also provides another measurement of sensitivity for
different parameters. Moreover, the fact that non-deterministic
algorithms are required to solve a noisy parameter tuning
problem needs to be considered. Using different runs (with
different random seeds) has become an issue for some prob-
lems that need to be further investigated.

Parameter control by evolving parameter configurations
with a population and utilizing the replacement (survival) of
the optimization method is a useful method for credit assign-
ment. For some parameters, this can also become problematic.
For instance, the mutation of a solution might be unsuccessful
in most cases. But the one time it is successful be the reason to
escape from a local optimum. Thus, it is a crucial algorithmic
component with a lower success rate on average. However,
the credit assignment of successfully applied mutations will
be treated as another new parameter configuration that has
survived and not been given significant enough attention.
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