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Abstract—The great development in the area of evolutionary
algorithms in recent decades has increased the range of applications of these tools and improved its performance in different
fronts. In particular, the Differential Evolution (DE) algorithm
has proven to be a simple and efficient optimizer in several
contexts. Despite of its success, its performance is closely related
to the choice of variation operators and the parameters which
control these operators. To increase the robustness of the method
and the ease of use for the average user, the pursuit for methods
of self-configuration has been increasing as well. There are several
methods in the literature for setting parameters and operators.
In order to understand the effects of these approaches on the
performance of DE, this paper presents a thorough experimental
analysis of the main existing paradigms. The results show that
simple approaches are able to bring significant improvements to
the performance of DE.

I.

I NTRODUCTION

Differential Evolution (DE)[1] can be classified as a member of the broader class of population-based evolutionary
algorithms (EAs) and it is an important method for global
optimization. The reasons for its success can be found in
its simplicity and ease of implementation, while at the same
time demonstrating reliability and high performance [2]. It has
proven to be successful in a wide range of problems over
continuous [3], discrete [4], [5] and mixed spaces [6].
The DE has 3 control parameters: the population size N P ,
the scale factor of the perturbations generated by mutation F
and the crossover rate CR, in addition, it has also a number
of different strategies for offspring generation [7], [8]. In one
hand, these features help making the DE robust with respect
to the diverse situations cited above, giving to it the tools to
tackle the specificities of each problem. On the other hand,
they are also responsible for adding an extra difficulty to its
use. The definition of which of the available strategies to be
applied to the problem at hand is not trivial.
To make DE easier to use and more robust to the different
problems, self-adaptation and self-configuration have become
very important topics in the DE community. The basic idea is
to leave to the algorithm itself the responsibility of selecting a
suitable set of parameters to the problem in hands. This basic
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idea has culminated in the publication of a large variety of
self-configured versions of the DE. All of them work on at
least one of these two fronts: (i) automatic parameter setting
[9], [10], [11], [12] and (ii) automatic selection of variation
operators [13], [14], [15]. Although all these approaches
present improvements with respect to the basic differential
evolution, the effect of the proposed mechanisms, applied in
each front and their interaction does not seem to be clear.
The main problem is that in addition to the self-configuration
mechanisms, other changes are made to the DE itself. For this
reason it is impossible to tell what part of the algorithm is
really making the difference for its overall performance.
In order to understand the solely effect of the selfconfiguration approaches, this paper presents a thorough experimental analysis of the main existing paradigms. Different
from other papers in the field, which compare the different
algorithms, in this paper the various approaches are detached
from the original algorithm and implemented within the same
basic framework. In this way, the effect of each configuration
strategy can be isolated and a fair comparison, disregarding
all other algorithmic specificities, can be made. This study is
performed on different mechanisms for parameter setting (front
(i)) such as, self-adaptation, adaptation and randomization and
different mechanisms for selection of mutation operators (front
(ii)) namely, probability matching and Q-learning. In addition
of showing what is the impact of each mechanism in the DE
performance we also show how these mechanisms interact.
The results indicate that even the simplest strategies are able
to improve the basic DE and match the performance of most
complex ones.
II.

T HE D IFFERENTIAL E VOLUTION
A LGORITHM (DE)

As the majority of evolutionary algorithms, the original DE
algorithm1 [1] starts with a population of candidate solutions
randomly generated within the domain region of the problem,
usually described as:
1 See

[7], [3] for additional details.
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where xmin
and xmax
are respectively the lower and upper
k
k
limits of each variable and D is the problem dimension, i.e.,
the number of variables in the problem.
In this paper, xg,i,j represents the individual with index
i 2 [1, N P ] in the population, during the generation g.
j = 1, . . . , D represents the design parameter index. A given
individual is then represented by:
⌦
↵
xg,i = xg,i,1 , xg,i,2 , xg,i,3 , ..., xg,i,D
(2)

After initialization, for each individual in the population a
new individual vg,i , called mutant, is generated by a mutation
operator. In Differential Evolution mutation is based on the
difference between individuals randomly chosen from the
current population as follows:
vg,i = xg,r1 + F (xg,r2

xg,r3 )

(3)

where r1 6= r2 6= r3 2 {1, . . . , N P } are mutually distinct random indexes and F the scale factor applied to the differential
vector.
After mutation a trial vector ug,i is produced through
recombination of xg,i and vg,i . In the basic DE algorithm,
the discrete recombination with probability CR is used, as we
can see in the following scheme:
ug,i,j =

⇢

vg,i,j ,
xg,i,j ,

if U[0,1]  CR
otherwise

(4)

where U[a,b] represents the sampling of a random variable with
uniform distribution in the interval [a, b]. In this way, F and
CR represent control parameters of the algorithm.
Finally, the trial vector ug,i competes with the current
solution xg,i based on their objective function evaluations. The
trial vector replaces the current solution if it is better than
the current solution or if it has the same value of objective
function. This process can be described by the equation below:
xg+1,i =

⇢

ug,i
xg,i

if f (ug,i )  f (xg,i )
otherwise

(5)

In DE, most of the responsibility of adapting the mutation
step size is left to the distribution of the solutions itself [3].
If the solutions are close to each other the magnitude of the
difference vector in Equation 3 is going to be small. The
opposite is going to happen if the solutions are far from each
other.
Even though the scale factor F just controls the relative
step size, provide multiple F s during the search course has
some potential benefits. One of them is that with different values of F the number of possible difference vectors increases,
what in turn, increases the exploration power of DE and avoids
stagnation [16].
The crossover control parameter CR is linked to the
number of components inherited from the mutant vector. As
shown in [3], CRs of small magnitude (0  CR  0.2) are

more interesting for the optimization of separable functions.
In this scenario, each variable can be optimized independently.
On the other hand, for non-separable problems high values of
CR are more suitable. In this situation there is a correlation
among the variables and because of that it is more appropriate
to optimize them simultaneously.
Besides of these control parameters DE can also be modified by the use of different variation operators (mutation +
crossover) . In [8], an empirical comparison among various
of these operators (See some definitions at Section IV) for the
creation of trial vector is made. The authors show that there are
some strategies which favor exploration, others exploitation,
some of them work better in multimodal problems and others
in uni-modal problems.
III.

S ELF -C ONFIGURATION IN DE

As we could see, the basic DE presented above is just
a framework and it can be amended in various ways to
tackle the specificities of each different problem. If in one
hand this great number of possibilities can be seen as an
advantage, on the other hand, its use by the inexperienced
user can be difficult. Even for experienced users, the adequate
configuration of the algorithm usually demands a lot of time
doing preliminary experiments and/or; information about the
problem (e.g multimodality, separability) which is not always
available.
In this context, what is left to the user is the use of a
standard configuration what can lead to a poor performance
of the algorithm. Therefore, to turn DE into an easy-to-use
general optimization tool some self-configuration ability must
be provided.
In the literature, one can find plenty of approaches and
mechanisms which avoid interaction with the user for DE
configuration. In these works the problem of self-configuration
is tackled in two fronts. The first handles the control parameter
configuration and the second one the configuration of variation
operators (mutation + crossover). In the following sections
some selected approaches for each front will be presented. The
goal was to choose approaches with mechanisms as diverse as
possible in order to access the effect of each paradigm in the
performance of the algorithm. Although this selection is not
exhaustive, these paradigms are all present in state-of-the-art
DE algorithms, such as, SaDE [11], [17], JADE [18], jDE [9],
CoDE [19] and PM-AdapSS-DE [13].
A. Parameter Setting
1) Randomization: One of the simplest ways to take
the responsibility of parameter setting off the user is the
pure randomization of the control parameters. Equation 6
presents a procedure commonly used in the literature (see,
[20],[9],[21],[22]and [23]).
0
Pg,i
= U[a,b] , if U[0,1]  ⌧

(6)

P 0 is the control parameter generated by this approach which
typically represents F and CR. U[a,b] represents the sampling
of a uniformly distributed random variable in the interval [a, b]

and ⌧ 2 [0, 1] represents the odds for that parameter to be resampled.
Another common approach is to do the sampling using a
Gaussian distribution as follows:
0
Pg,i
= N[a,b]

(7)

where, N[a,b] is the sampling of a normally distributed random
function with mean a and standard deviation b. This approach
can be seen in [11], [3] and [24].
2) Randomization with Adaptation: This approach resembles the previous one, however, information from the underlying search process is used in order to generate new parameters.
Equation 8 depicts the approach:
0
Pg,i
= N[Pm ,b]

(8)

The main difference with respect to the previous one is the
presence of a “learning” mechanism. It presents itself in the
adaptation of the distribution mean (Pm ). In [11] and [17],
in a period of Lg generations a list LP is made with the
control parameter values (in this case just values of CR) which
generated individuals which were better than their parents.
Then, at every Lg generations the median of this list is used
as the new mean for the Gaussian distribution (see Equation
9).
Pm = median(LP )

(9)

In [18] and [25] again, a list of control parameters which
have generated improved individuals is done. The difference
is that now, there is a list for F , LF and a list for CR, LCR .
Fm is computed by Equation 10 and CRm by Equation 11.

4) Self-adaptation: In self-adaptation, the control parameters are encoded into the individual representation. Thereby,
they also undergo the action of mutation and crossover operators. The rationale behind this approach is that control
parameters which produce better individuals have a higher
chance to survive. In this approach there is also a form of
learning in which the control parameter values are gradually
refined in accordance with the quality of the solutions they
help to generate. This approach can be seen in [15] and [12].
The procedure for the generation of new parameter values is
the DE itself as one can see in Equation 12.
P

0

g,i,j

=

⇢

Pg,r1,j + F 0 (Pg,r2,j
Pg,i,j ,

Pg,r3,j ),

if U[0,1]  CR0 _ j =
otherwise

i

(12)

where, P is a vector of control parameters. Although this approach presents its own control parameters F 0 and CR0 which
must be set, the sensibility of the algorithm’s performance to
them is usually low.
B. Configuration of Operators
The self-configuration of variation operators (mutation and
crossover) has been studied in a number of publications in both
Genetic Algorithms [26], [27], [28] and DE [17], [29], [30].
The idea behind this works is that the best variation operator
depends on search process stage [14].
In all these works the configuration of operators can be
divided in two parts:
1)
2)

Credit assignment: Defines a numerical measure of
the operator’s quality and the assignment policy;
Operator selection: Defines the operator selection
policy based on the assigned credits.

(11)

There are various different approaches for both, credit
assignment and operator selection. The comparison between
different methods for credit assignment is out of scope of this
paper. Below, the methods that will be used in the remainder
of this paper are presented. They were chosen by their good
performance reported in the literature.

where lehmer(·) is the Lehmer mean2 , mean(·) is the arithmetic
mean and c is a control parameter of the algorithm.

As quality measure we will be using the improvement with
respect to the parents [27];

Fm (g) = (1

CRm (g) = (1

c)Fm (g

c)CRm (g

(10)

1) + c(lehmer(LF ))

1) + c(mean(LCR ))

3) Fixed Set of Strategies: This is a simple approach
proposed in [19]. It consists in a set of [F, CR] pairs which are
chosen randomly for the generation of a new individual. The
pairs have been selected in a way to provide the algorithm with
different and complementary search strategies. The complete
set of pairs is shown below:
1)
2)
3)

(13)

As the assignment policy the Normalized Extreme Reward
[31] will be used:
rk0
; and rk0 = max Ck (i)
max rb0
i=1,...,|Ck |

(14)

b=1,...,K

As mentioned at Section II, [F = 1.0, CR = 0.1] is an
interesting strategy for separable problems due to the small
CR. [F = 1.0, CR = 0.9] is useful for diversity maintenance
and non-separable problems. Finally, [F = 0.8, CR = 0.2] is
considered to be good in exploitation.
X = {x1 , x2 , ..., xn }, lehmer(X) =

pf

pf is the parent fitness and of is the offspring fitness.

rk =

[F = 1.0, CR = 0.1]
[F = 1.0, CR = 0.9]
[F = 0.8, CR = 0.2]

2 Consider

c = of

Pn

i=1

x2i /

Pn

i=1

xi

where, rk is the reward to be assigned to the operator k 2
1, 2, ..., K and Ck is the set of credits c received by each
application of the operator k.
Besides that, to update the reward vector r the procedure
proposed by [32] has been used. By it, at each generation the
computed rk is stored in a queue of length l = 10. The actual
reward the operator k is going to receive is the highest value
in the queue. The rationale behind this is that it seems that

the selection of operators which produce outlier individuals is
better than selecting operators which produce good individuals
in average [33].
Following we present the operator selection methods that
will be compared in the computational experiments.
1) Probability Matching: Probability Matching, is one of
the most used methods for operator selection. The basic idea
behind it is, as its name suggests, to assign to each operator a
probability of execution pk proportional to its estimate of quality qk . To this end, considering a set of k operator, this method
keeps a vector of probabilities Pt = {pt,1 , ..., pt,k }(0  pt,i 
Pk
1; i=1 pt,i = 1) which is updated in the following way:
qt,k
pt,k = PK
i=1 qt,i

(15)

After the probabilities computation, the operator k to
be applied is defined by a Roulette Wheel algorithm. The
application of this kind of procedure for the allocation of
operators in DE can be seen in [14], [11] and [17].
2) Q-learning: In this approach the problem of allocation
of operators is seen as a reinforcement learning problem. In
the standard model of reinforcement learning [34] an agent
interacts with the environment and receives information about
its current state. Based on that information, the agent chooses
an action to be executed. This action changes the environment
which in turn returns a feedback sign to the agent. Through this
sign, which can be a reward or a penalty, the agent “learns”
how to behave.
For the operator allocation problem the DE is seen as an
agent which has to learn what operator to apply at each step.
It interacts with the population of individuals by means of
the operators (mutation + crossover) and the feedback sign is
generated by evaluating the population. If the used operators
generate good individuals they must be reinforced.
One of the most used algorithms in reinforcement learning
is called Q-learning [35]. In this paper we use a single state
version of Q-learning presented in [36], with the Metropolis
Criteria presented in [37]. Basically, the agent starts playing
an action a and evaluates the consequences of this action by
means of the received reward r as follows:

Algorithm 1: Q-learning with Metropolis Criterion
1 Inputs:
2
learning rate ,
discount factor, temperature
1;
3 BEGIN
4 8a Q(a)
0;
5 art
random action;
6 abt
arg max↵ Q(at );
7 if rand() < exp((Q(art )
Q(abt ))/temperature)
then
8
at
art ;
9 else
10
at
abt ;
11 end
12 Execute action at ;
13 Compute reward r;
14 Q(at )
(r + maxat+1 Q(at+1 )) + (1 - )Q(at );
15
0.99* ;
16 temperature
0.98*temperature;
17 goto 6;
18 END

IV.

S ELF - CONFIGURED D IFFERENTIAL
E VOLUTION : BASIC S TRUCTURE

In order to test all these approaches and its combinations
in Algorithm 2 we present a basic structure for a general
Self-configured DE which can hold all the approaches. It
works a “population” of control parameters to be updated
by the procedures presented in Section III-A and a set of
variation operators given by Equations 18, 19, 20 and 21. Each
individual in the population of control parameters is defined
as in Equation 17.

where k 2 1, 2, 3, 4 is the index of the variation strategy to
which those parameters belong.
1)

rand/1/bin
ut,i,j =

Q(at )

(r + max Q(at+1 )) + (1
at+1

)Q(at )

(16)

Q(a) is the reward expected by the execution of action a.
maxat+1 Q(at+1 ) is an estimate of the maximum future reward
and
is a discount factor applied to it. Trying all actions
repeatedly the algorithm learns the best execution policy based
on the long term rewards and not only on the immediate ones.
The method’s pseudo code is depicted in Algorithm 1.
In practice what happens is that, in the beginning, the agent
explores the action space almost randomly. The exploration
rate is then gradually reduced (see Algorithm 1 line 7 and
16) and the agent starts to choose their actions based on what
it “thinks” are the better options for that moment. The idea
of treating the operator selection as a reinforcement learning
problem is present in [38], [13] and [32].

(17)

Pt,i = {F1 , CR1 , ..., Fk , CRk }

2)

8
xt,r3,j ),
<xt,r1,j + F (xt,r2,j
if U[0,1]  CR _ j = i
:
xt,i,j ,

current-to-best/2
ut,i = xt,i +Z(xt,r1

3)

xt,i )+F (xt,r2

xt,r3 )+F (xt,r4

rand/2/bin
ut,i,j =

4)

(18)

otherwise

8
<xt,r1,j + F (xt,r2 xt,r3 ) + F (xt,r4
if U[0,1]  CR _ j =
:
xt,i,j ,
otherwise

xt,r5 ),
i

current-to-rand/2
ut,i = xt,i +Z(xt,r1

xt,i )+F (xt,r2

xt,r5 )
(19)

xt,r3 )+F (xt,r4

(20)

xt,r5 )
(21)

where r1 6= r2 6= r3 6= r4 6= r5 2 {1, . . . , N P } are mutually
distinct random indexes, F is the scale factor applied to the
differential vector and best is the index of the best individual
in the current population.

• Fixed set of strategies (co):
Algorithm 2: Self-configured Differential Evolution
8
t
1
U[0,0.9]  0.3
<[1.0, 0.1] if
Initialize the Population Xt {xt,i ; i = 1, 2, ..., N P }
[F 0 , CR0 ] = [1.0, 0.9] if 0.3 < U[0,0.9]  0.6
:[0.8, 0.2] if 0.6 < U
Initialize the Population of Parameters Pt = {pt,i =
[0,0.9]  0.9
U[0,1] ; i = 1, 2, ..., N P }
(24)
Initialize the Quality Table Qt = {qt,i = 0; i = 1, 2, ..., k}
•
Self-adaptation
(de):
Initialize the Reward Queue Wt,k = {rt,i,j = 0; i =
0
P t,i,j =
1, 2, ..., k, j = 1, 2, ..., S}
⇢
Pt,r1,j + F 0 (Pt,r2,j
Pt,r3,j ), if U[0,1]  CR0 _ j = i
Evaluate Xt
Pt,i,j ,
otherwise
while not stopping condition do
(25)
for i = 1 to N P do
0
F = U[0.6,1]
Select the variation operators o
CR0 = U[0.9,1]
Choose a random index j 2 N P
0
pt,j,e = Update(pt,j,e )
Besides, as control experiments, 3 fixed pairs, and a ranGenerate a trial vector ut,i
domized configuration (with values suggested in [3]) were used
with the operators o
as well. They are:
and control parameters p0t,j,e
• px: [F = 1.0, CR = 0.1]
Evaluate ut,i
Compute the credits c
• py: [F = 1.0, CR = 0.9]
due to the generation of the solution ut,i
Selection
• pz: [F = 0.8, CR = 0.2]
if ut,i is selected then
• cs: [F = U[0.4,1] , CR = U[0.9,1] ]
pt,j,e = p0t,j,e
Compute credit c
With respect to the variation operator configuration we
due to the generation of the solution ut,i
have:
end if
• Q-learning (q)
end for
8k Compute Rewards rk AND Update Wt,k
= 0.3
UpdateQt
• Probability Matching (p)
t
t+1
end while
In both cases, the operator k just receives credits if it
generates a solution that is better than its parent, otherwise,
the assigned credit is 0. As control, we also use each variation
strategy separately and a completely randomized selection as
V. E XPERIMENTAL S ETTING
follows (the numbers refer to Equations 18, 19, 20 and 21,
Section III-A presented different procedures for the selfrespectively):
configuration of parameters. As one can notice, with the
Random (r):
exception of the approach based in a fixed set of strategies,
8
all the the other ones present its own set of control parameters
(1) if
U[0,1]  0.25
>
<
which were chosen from the related literature. In this way,
(2) if 0.25 < U[0,1]  0.5
(26)
with respect to the parameter setting the following approaches
>
:(3) if 0.5 < U[0,1]  0.75
were implemented:
(4) if
0.75 < U[0,1]
•

Randomization with uniform distribution (r):
0
Pg,i
= U[a,b] , if U[0,1]  ⌧
⇢
0 if P 0 = CR
a=
0.1 if P 0 = F
b=1
⌧ = 0.1

•

VI.

(22)

Randomization with a guided Gaussian (gg): As in
[11] and [17] this procedure is applied just for the
control parameter CR. For F just a simple randomization with Gaussian distribution is made.
0
CRg,i
= N[Pm ,a]
0
Fg,i
= N[b,c]

(23)

Pm = median(LP )
Lg = 20 generations; a = 0.1; b = 0.5; c =
0.3

M ETHODOLOGY

For the evaluation of the described methods the Black Box
Optimization Benchmark (BBOB 2012)3 has been used. It has
24 non-constrained non-linear functions4 with real variables.
The optimum value is known for all of them.
Due to the stochastic nature of the methods, each different
combination had 15 independent executions in each one of
the 24 problems with 5, 10 and 20 dimensions. Two stopping
criteria have been used5 : (i) number of function evaluations
higher than 106 and (ii) fb fopt < 10 8 . Where fb is the
function value of the best individual in the population and
fopt is the known optimal value. For each run, the following
measures were collected:
3 Available

at http://coco.gforge.inria.fr/doku.php?id=bbob-2012
a complete description of the functions, see [39], available at
http://coco.lri.fr/BBOB-downloads/download11.05/bbobdocfunctions.pdf
5 The complete set of results is available online at: http://goo.gl/mMZ1Pv
4 For

Fig. 1.

(a) Parameter Setting - Difference from the optimum

(b) Parameter Setting - Number of function evaluations

(c) Variation Operators - Difference from the optimum

(d) Variation Operators - Number of function evaluations

Post-hoc statistical analysis

•

Number of function evaluations for convergence6
(Nfeval)

pool of parameters, such as cs, r and de are more beneficial
to the DE performance.

•

Difference from the optimum (fb

Regarding the variation operators, there was no significant
difference among the methods with multiple operators, which
are, q, p and r. It is also important to highlight that in overall
they have presented significantly better convergence speed than
the methods using only one variation operator (mutation +
crossover). Among the methods with only one operator, just the
one which have utilized the operator 4 presented significantly
worse performance in both Nfeval and fb fopt .

fopt )

For the statistical analysis, once there were violations
from the standard Analysis of Variance premises, a modified
model based in permutations [40] has been used. Due to
thecomputational cost related to the permutation approach, the
results of the 15 runs in each problem were collapsed in their
average. This approach is justified statistically in [41]. For all
analysis a significance level ↵ = 0.05 was considered. For
the cases in which a significant effect was found (p < 0.05),
analysis post-hoc through multiple comparison of means with
sequential contrast have been made7 .
VII.

R ESULTS

Figure 1 depicts the 95% confidence intervals of the posthoc analysis. There, the methods are sorted by their mean and
the hypothesis test verifies if the difference between the current
method and its consecutive is 0.
The statistical analysis results reveal that with regards to
the approaches for parameter setting no significant difference
was found for the difference from the optimum. Regarding the
number of function evaluations for convergence three groups
can be made. The group which has presented the best results is
composed by cs, r and de. The intermediary group is composed
by co, pz, px and gg and in the third group with the worst
results we have py. The was no statistical difference within
groups.
These results indicate that, as expected, a pure exploratory
strategy (py) decreases the speed of convergence. In addition
to that, it seems that the use methods which keep a broader
6 The convergence criteria is met if f
fopt < 10 8 . If the method does
b
not converge the number of function evaluations is set to 106 .
7 Function glht() from R statistical software

Figure 2 shows the overall results with the respective
confidence intervals and the interactions among parameter
setting methods and methods for the configuration of operators.
Each square has a different parameter setting approach and
the x-axis shows the different operator settings. It can be seen
that the use of multiple operators is beneficial regardless of
the methods for operator configuration or parameter setting.
Despite q and p present a “learning” capability, it seems that
the solely knowledge about improvement is not enough to
guide the algorithm towards better performance (for the tested
problems). The results indicate that the only benefit of applying
these approaches is the use of multiple operators.
VIII.

C ONCLUSION AND F UTURE W ORK

This paper has presented a comprehensive study about Selfconfiguration in Differential Evolution Algorithm. A broad set
of approaches were implemented and compared in a rigorous
empirical experiment. For the tested benchmark the results reveal that the simplest approaches (pure randomization) present
the best results when one considers the implementation complexity.
Although the methods with “learning” capability presented
performance just as good as pure randomization, they can
still prove their value in other applications. Stochastic Optimization, in which the objective function is stochastic and
Online Optimization, in which the objective function changes

(a) Number of Function Evaluations

(b) Difference from the Optimum
Fig. 2.

Post-hoc analysis - Interactions

with respect to time, seem to be more interesting problems
for this kind of approach. Problems with a higher number of
design variables may also provide different insight about these
methodologies once they would give more time for the learning
process.
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