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Multiple Parents Guided Differential Evolution
for Large Scale Optimization
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Abstract—Large scale optimization has become an important
and challenging area in evolutionary computation. To solve this
kind of problems efficiently, this paper proposes a multiple
parents guided differential evolution (MPGDE) algorithm.
Instead of using only one parent to guide each individual in
traditional DE variants, multiple top ranked parents are utilized
to direct each individual to search the space. Since the failed
parents or trial vectors may also contain useful information, we
maintain an archive to preserve these failed individuals and
utilize a niching method to update the archive during evolution.
Combining the above together, we put forward a new mutation
strategy for DE. Cooperated with existing self-adaptive
strategies for parameters in DE, MPGDE can afford a good
balance between exploration and exploitation, so that promising
performance can be obtained. Extensive experiments are
conducted on 20 CEC’2010 large scale benchmark functions
with 1000 dimensions to verify the efficacy and effectiveness of
the developed MPGDE in comparison with several
state-of-the-art algorithms dealing with large scale problems.

1. INTRODUCTION

Differential evolution (DE) has received plenty of attention
since it was proposed by Storn and Price [2]. In recent years,
numerous remarkable new DE variants [1],[3-17] have been
developed and many researchers have applied DE to solve
real-world problems [18],[19].

Although most existing DE variants have witnessed great
success on the tested problems [1],[3-10], they are specially
designed for low dimensional problems (smaller than 500
dimensions). When it comes to high dimensional problems
(generally larger than 500 dimensions), most existing DE
algorithms would drastically lose their efficiency and
effectiveness [20]. This is mainly caused by the exponentially
enlarged search space when the dimensionality increases. In
addition, when the dimensionality becomes larger and larger,
the number of local optima generally becomes larger and
larger as well. Both situations greatly enhance the difficulty
in locating the global optima for DE [17] as well as other
traditional evolutionary algorithms (EAs) [21-27].

To deal with high dimensional (or large scale) problems
efficiently, at present, a frequently used technique is

Qiang Yang, Wei-Neng Chen, and Jun Zhang are with School of Computer
Science and Engineering, South China University of Technology,
Guangzhou, China, 510006. Corresponding authors: Wei-Neng Chen (email:
cwnraul634@aliyun.com) and Jun Zhang (email: junzhang@ieee.org)

Qiang Yang and Han-Yu Xie are also students with School of Data and
Computer Science, Sun Yat-sen University, Guangzhou, China, 510006.

This work was supported in part by the NSFC projects Nos. 61379061,
61332002, 6141101191, in part by Natural Science Foundation of
Guangdong for Distinguished Young Scholars No. 2015A030306024, in part
by the “Guangdong Special Support Program” No. 2014TQ01X550, and in
part by the Guangzhou Pearl River New Star of Science and Technology No.
151700098.

cooperative coevolution (CC) [28]. CC adopts the so-called
divide-and-conquer strategy to decompose problems into
several low dimensional sub-problems and then evolves each
sub-problem separately. Since Potter and Jong [28] proposed
this promising framework, many variants have been
developed by proposing different decomposition strategies
[20],[29-33]. Since CC optimizes each sub-problem
individually, one key step for CC to achieve satisfactory
performance is the decomposition strategy, for which the
ideal method should put interdependent variables into the
same group and meanwhile place independent variables into
different groups. So far, the most satisfactory grouping
methods are differential grouping (DG) [33] and its extended
version (XDG) [34].

Even though these CC variants are promising for large
scale optimization, they encounter two limitations: 1)
Generally, it would cost a lot of function evaluations to obtain
the accurate grouping, such as in the worst cases, both DG
and XDG need O(D*) (D is the dimension size) function
evaluations. This huge consumption greatly reduces the
number of function evaluations used for evolution, leading to
unsatisfactory performance, especially faced with multimodal
problems. 2) Evolving each sub-group individually usually
needs a large number of function evaluations, especially
when the number of groups is large. These two limitations
restrict the wide application of CC in dealing with practical
large scale problems.

To conquer the above limitations, from the perspective of
traditional DE algorithms, we propose a multiple parents
guided DE algorithm (MPGDE) to deal with large scale
optimization, which evolves all dimensions simultaneously.
Specifically, in MPGDE, a new mutation strategy is
developed, where each individual is guided by multiple top
ranked parents. To preserve high diversity, the failed parents
and trial vectors are reserved in an archive, which is updated
during the evolution process using a niching strategy. For
further enhancement of diversity, the evolution path is also
added to direct the evolving of individuals. Through these
techniques, the exploration and exploitation of the proposed
algorithm are both promoted, so that the wide search space of
large scale problems may be fully explored and exploited.

To verify the efficiency and effectiveness of the developed
MPGDE, extensive experiments are conducted on 20
CEC’2010 benchmark problems with 1000 dimensions in
comparison with several state-of-the-art EAs dealing with
large scale optimization.

The rest of this paper is organized as follows. In Section II,
several related DE variants and some existing EAs coping
with large scale optimization are reviewed. Section III
elaborates the proposed MPGDE in details, following which
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is the experimental studies in Section IV to verify the
promising performance of MPGDE in dealing with large
scale optimization. Finally, Section V concludes this paper.

II. RELATED WORK

Without loss of generality, in this paper, we consider
minimization problems, which can be formulated as follows:
min f(x) xeR” €))
where f{x) is the function to be minimized and x is the
variable vector containing D dimensions. For large scale
problems, generally, D is larger than 500. In this paper, the
function value is considered as the fitness value of one
individual.

A. Differential Evolution

Generally speaking, a classical DE algorithm contains three
operators: 1) mutation operator, 2) crossover operator, and 3)
selection operator.

1) Mutation Operator
During each generation, for each individual, this operator
creates a mutation vector v based on the current population.
So far, the most frequently used mutation strategies in the
literature include the following five ones:
DE/rand/1:

\4

i — X G +F'(xr2,G _xrs,(}) ()

DE/best/1:
Vic = Xoesio +F'(xr2,a - x}*},G) 3)
DE/current-to-best/1:
Vi =Xic T F- (xbcst,G _xi,G) +F- (xrl,G _xrz,G) “4)
DE/rand-to-best/1:
Vie =X, 67T F- (xbcst,G - xrl,G) +F- (xrz,G - x@,G) )

i

DE/current-to-pbest/1:
Vi =Xt F'(xbpesx,c _xi,G) + F'(xr,,G _xrz,G) (6)

where v; ; is the mutation vector of the ith individual x; s at
generation G; ry, r, and r; are selected randomly within [1,
NP] and they are mutually different from each other and also
different from the index of the current individual #; Xpeq g 1S
the global best individual found so far; ijjm‘G is a parent
randomly selected from the top p best parents in the
population and F is the mutation factor, which controls the
step that the target vector moves.
2) Crossover Operator

After mutation, it comes to the crossover operator, which
would build a trial vector or an offspring for each individual.
In the literature, there are two crossover strategies: 1) the
binomial crossover operation and 2) the exponential
crossover operation. Compared with the latter, the former one
is more frequently used, which can be formulated as:

Viig» Y rand(0,)SCRor j=j, .

U, = . ©)
X, > Otherwise

where u;; is the trial vector of the ith individual x;s at
generation G; v;; is the mutation vector generated in the last
operator; j,.,4 18 an integer randomly generated from [1, D],
which is used to ensure that at least one dimension of the trial

vector u; is different from x; g; rand(0,1) is a real number
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generator, which can uniformly generate a real number within
[0,1]; and CR is the crossover rate, which controls the number
of dimensions that the trial vector u;; will inherit from the
mutation vector v; ;.
3) Selection Operator

Following crossover is the selection operator. For the ith
individual x;g, after its offspring u;; is generated, they
compete with each other, and only the better one can be kept
to enter the next generation. For a minimization problem, this
process can be formulated as:

o _{u,-,g, if flue)<f(xe) ®

X,;, otherwise

For DE algorithms, the above processes are iteratively
executed, until the termination criterion is met.

In general, the main difference among different DE
variants [6-9],[35],[36-38] lies in the mutation operator.
Except for the contribution in developing new mutation
operators, many researchers also made great contribution to
adaptively or self-adaptively adjusting the parameters (F and
CR) in DE, such as jDE [39], JADE [1], SaNSDE [40] and
IDE [9].

However, most existing DE variants are specially designed
for low-dimensional problems (less than 500 dimensions).
When it comes to large scale problems (more than 500
dimensions), they would drastically lose their effectiveness
owing to the exponentially increased search space.

B. DE Variants for Large Scale Optimization

To deal with large scale optimization efficiently, a
frequently used technique is cooperative coevolution (CC)
[28], which adopts divide-and-conquer to decompose
problems into smaller sub-problems and then evolves each
sub-problem separately. So far, most existing CC algorithms
[20],[30-33] cooperate with DE to cope with large scale
optimization. Instead of developing DE, these CC algorithms
mainly put forward various grouping strategies, which are the
key step for CC to achieve satisfactory performance.

At first, random grouping [20],[30] was proposed, which
randomly divides the whole dimensions into several groups
with a fixed group size. During each generation, this grouping
is executed to create new groups, which can increase the
probability of putting two interdependent variables into the
same group. To further improve the performance of random
grouping, Yang et al. [30] further let the group size
dynamically chosen from a group size pool, leading to
multi-level CC (MLCC). Utilizing the historical information,
MLCC could make a proper choice about the group size
during evolution. Subsequently, based on the historical
information, delta grouping [32] was developed, which
divides the dimensions according to the accumulated
difference of each dimension between two populations in the
two consecutive generations. These mentioned grouping
strategies can be considered as dynamic grouping strategies,
because they are all executed during each generation, and
thus the components of each group are dynamic.

To obtain the accurate grouping of dimensions, variable
dependency should be taken into consideration. Therefore, Li
et al. [33] proposed differential grouping (DG) utilizing
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partial difference to detect variable dependency. Different
from the dynamic grouping strategies mentioned above, DG
is executed before evolution and once the dimension groups
are obtained, they keep unchanged during the later
optimization stage. Thus, actually, DG considers the variable
dependency as global information. Since DG can only
identify variables that interact directly, an extended version
(XDG) [34] was developed by Sun et al, which can detect
indirect variable dependency.

Even through the above two grouping strategies can
decompose dimensions into groups as accurately as possible,
they usually cost a large number of function evaluations to
detect variable dependency. In the worst case, they need
O(D%) function evaluations, which greatly reduces the
number of function evaluations used for evolution. In
addition, when it arrives at problems with dynamic variable
dependency, such as piecewise functions, they would lose
their feasibility.

In this paper, from the perspective of developing DE
algorithms, we propose a multiple parents guided DE
(MPGDE) algorithm to cope with large scale optimization,
which will be detailed in the following section.

III. MULTIPLE PARENTS GUIDED DIFFERENTIAL EVOLUTION

Observing Egs. (4), (5) and (6), we can see that each
individual is guided by only one best parent (either the global
best parent or one of the top p best parents). Then, this
guidance is disturbed by a difference vector created by two
parents randomly selected from the current population. Such
guidance may have limitations in the movement towards the
global area, because generally one best individual only
contains a part of useful information [41]. This situation is
much more obvious in high dimensional problems.

Thus, to enhance the movement of each individual towards
the global area, we propose a multiple parents guided DE
(MPGDE) algorithm to deal with large scale optimization.
The main idea of this algorithm is to use multiple best parents
to guide individuals to move to promising areas.

Further, during evolution, the failed parents and trial
vectors may be also beneficial for finding better searching
directions for individuals, the former of which has been
verified to be useful for evolution in [1]. Thus, in MPGDE,
for the consideration of accelerating the convergence, we
maintain an archive with the same size as the population to
store the failed parents and trial vectors. During evolution, the
archive is updated using a method like niching, which will be
detailed in the following.

Generally, fast convergence usually is accompanied with
stagnation and falling into local optima. To avoid this, in
general, high diversity is required for the population. To this
end, in MPGDE, we introduce the evolution path in the
mutation operator.

Together, the mutation strategy in MPGDE can be
formulated as follows:

Vi =X+ F, (xi;m.w,, G =X )+ E, (xr/z,G - xé,(;) +F(ER —EF;) ©)

where Xibest,,G is an individual randomly selected from the

top M ranked individuals among the population P and the
archive A, namely, 7 is within[1, M]. It should be noted that
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for each dimension, 7| is randomly generated, indicating that
rymay be different for different dimensions. x,, g, and x,, ¢
are two random individuals selected from the population P
and the archive 4, namely r, and r; are within [1,2*NP]
(when either is larger than NP, it means that this individual
comes from the archive A4.). Different from r|, these two
random individuals are only selected once for each individual,
meaning that for all dimensions of one individual, these two
random individuals are kept unchanged. EP; and EPg.; are
the centers of the top M ranked individuals in two consecutive
generations G (the current generation) and G-1(the previous
generation) respectively, the difference of which denotes the
evolution path between two consecutive generations.
Finally, F; , F;, and F" are three scale parameters controlling
the influence of each part respectively and together, they
control the step that each individual moves in each

generation.
This  mutation strategy (Eq. (9)) is called
“DE/current-to-Mtbest/I” in this paper. The detailed

elaboration of each part in this mutation strategy is presented
as follows:

1) The first difference, F,»l(x}t'

dimension of the current individual to one of the top
ranked M individuals. Since each of these M best
individuals may only contain a part of useful
information, we use multiple best parents to guide each
individual, so that fast convergence can be achieved.
Thus, in this part, 7 is randomly selected within [1, M]
for each dimension. In addition, different from Eq. (6),
where the top p best individuals are only from the
population, in MPGDE, the M top ranked individuals are
from the combination of the population P and the
archive A. This is mainly because the failed parents and
trial vectors at each generation may also contain
potentially useful directions for individuals to move.
Together, this part mainly reflects the idea of MPGDE.

2) The second difference, F,-2(xi 2,G'x]r3,G)’ is a random

Iz

- )«,Jl ¢)» guides each

bestr] .G

difference vector that disturbs the mutation of each
individual. Instead of randomly selecting these two
individuals only from the population, in MPGDE, these
two are randomly generated from the combination of the
population and the archive. This is mainly for the
promotion of diversity. In addition, it should be noted
that », and »; are only generated once for each
individual, which is very different from r. This is
because the first difference vector is mainly for the
guidance, while the second one is for disturbance.

3) The third difference, Fi (EP'G - EP’G_l) , denotes the
evolution path, which is the difference of centers of the
top ranked M individuals in two consecutive generations
G (the current generation) and G-1(the previous
generation). The center (EPg) of the M individuals is the
mean position of these M individuals, which can be
calculated as follows:

. 1 &
EP =— Y x] 10
G M ; thest, ( )
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This difference vector is to utilize the useful information
embedded in the evolution path, which can not only
enhance the diversity of the population to some extent,
but also lead the individuals to the promising areas with
potentially useful directions, which may contribute to
fast convergence.
As for the parameters, F; , F;,, I and CR in MPGDE, we
consider utilizing self-adaptive strategies to adjust these
parameters since DE usually is very sensitive to these
parameters. In the literature, many works have been done to
self-adaptively adjust ' and CR, such as jDE [39], JADE [1],
SaNSDE [40] and IDE [9]. In this paper, we adopt the
self-adaptive strategy in JADE [1] to adjust F;,, Fy,and CR
while set F as a fixed value (in this paper, it is set to be 1.0).
That is, F;, and F;, are generated with Cauchy distribution
for each individual, while CR is generated with Gaussian
distribution for each individual. During the generation, those
CR, F;, and F;, that can make the generated trial vectors
successfully survive are kept and then are used to update the
mean of the Gaussian and Cauchy distribution.

As for the archive A, at the initial stage, it is empty. During
the generation, the failed parents and trial vectors are
gradually added into the archive. When the archive is full,
namely the size of the archive is equal to the population size,
we use a method like niching to update the archive. That is,
when a new failed parent or trial vector arrives, we randomly
select K individuals from the full archive and then compare
the failed parent or trial vector with the worst one among the
selected K individuals. If the failed parent or trial vector is
better, it will replace the worst one; otherwise, it will be
discarded. Through this, the diversity of the archive can be
preserved, so that the diversity of the population can be
preserved as well.

Overall, the complete framework of the proposed MPGDE
is presented in Algorithm 1. In this algorithm, Lines 1 to 5
display the initialization stage, Lines 10 to 15 show the
mutation operation, Line 16 is the crossover operation, Line
17 is the selection process and Lines 19 to 34 present the
update of the archive. Comprehensively, we can see that
MPGDE is simple to implement.

IV. EXPERIMENTAL STUDIES

A.  Experimental Setup

1) Benchmark Functions
To verify the performance of the proposed MPGDE, we
conduct experiments on 20 CEC’2010 benchmark functions
with 1000 dimensions [42]. For the detailed description of
these benchmark functions, readers can be referred to [42].

TABLE I
PARAMETER SETTINGS FOR MPGDE
NP | M K | uFy, | uF, | uCR | F
200 | 20 50 | 0.7 | 0.7 | 05| 1.0

2) Compared Algorithms
To comprehensively demonstrate the performance of
MPGDE, we compare it with several state-of-the-art
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Algorithm 1: The pseudo code of MPGDE

Input: Population size NP, Maximum number of function evaluations
Max_Fes, the initial uF'y, uF, and uCR (uF,=0.7, uF>,=0.7 and uCR=0.5);

Fes = 0 and set the archive A4 to be an empty set;
Initialize the population randomly;
Evaluate individuals in the population P;
Fes = Fes + NP;
Initialize EP,to a zero vector;
Sort individuals in the population and record the indexes of the top best M
individuals;
While Fes < Max_Fes

Compute the mean position EP of these M individuals according to Eq.

(10);
9: Fori=1:NP
//mutation operation

10:  Generate F; , F;, and CR,; for this individual according to the method in

i1

JADE [1] utilizing uF',, uF, and uCR;

AN AN S e

o0

11: Randomly select two individuals (7, and r3) from P U 4;
12: Forj=1:D
13: Randomly select an individual 7, from those M individuals;
14: Compute the jth dimension of mutation vector v; according to
Eq. (9);
15: End For
//crossover operator
16: Generate the trial vector #; according to Eq. (7);

//selection operator
17:  Evaluate the trial vector u#; and compare it with its parent x; according

to Eq. (8);
18: Fes=Fes +1;
//update archive
19: If u; survivals
20: If |[4| < NP
21: Put the failed parent x; into the archive A4;
22: Else
23: Randomly select K indexes of individuals from the archive;
24: Compare the failed parent x; with the worst one among the

selected K individuals, and replace it if x;is better;
25: End If

26: Record the successful F; , F;, and CR;

27: Else

28: If |4] < NP

29: Put the failed trial vector u; into the archive 4;

30: Else

31: Randomly select K indexes of individuals from the archive;
32: Compare the failed trial vector u; with the worst one among the

selected K individuals, and replace it if u;is better;
33: End If
34: End If
35:  End For
36:  Update uF, uF,and uCR according to the method in JADE [1];
37:  Sort individuals in the population and the archive together and record
the indexes of the top best M individuals;
38:  Obtain the global best fitness and the global best individual;
39: End While
Output: The global best fitness and the global best individual.

evolutionary algorithms that focus on dealing with large scale
optimization. The compared algorithms are:

(1). CSO [21] is a PSO variant dealing with large scale
optimization. It introduces a new competitive
learning strategy for PSO and shows its promising
performance in handling large scale optimization.

(2). SL PSO [22] is another PSO variant that embeds a
social learning strategy into PSO.

(3). DMS PSO [43] is a multi-swam PSO variant, where
multiple swarms are dynamically formed during each
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generation. (5). DECC-DG [33] is a DE variant that makes use of CC
(4). CCPSO2 [44] is a PSO variant that takes advantage of to handle large scale optimization. In this method, the
CC to deal with large scale optimization. In this nearly accurate grouping, differential grouping, for
algorithm, the grouping method is random grouping fixed interdependent variables is utilized.
and the group size is randomly selected from a pool. (6). JADE [1] is a self-adaptive DE, which maintains an
TABLE 11
COMPARISON RESULTS AMONG DIFFERENT ALGORITHMS ON CEC’2010 FUNCTIONS WITH 1000 DIMENSIONS.
F Quality MPGDE CSO SL PSO DMS PSO CCPSO2 DECC-DG JADE
Mean 1.74E-19 4.75E-12 7.73E-18 7.57E+05 1.88E+00 7.80E+03 2.98E+05
F Std 1.08E-19 7.90E-13 9.01E-19 2.20E+06 2.26E+00 2.66E+04 5.42E+05
t-test - 3.29E+01° 4.50E+01" 1.89E+00~ 4.54E+00" 1.61E+00~ 3.01E+00"
Mean 2.51E+03 7.48E+03 1.93E+03 7.38E+03 5.06E+00 4.43E+03 4.74E+03
F Std 9.98E+01 2.63E+02 8.32E+01 3.19E+02 1.10E+00 1.98E+02 3.37E+02
t-test - 9.67E+01" -2.43E+01° 7.97E+01" -1.37E+02 4.75E+01" 3.48E+01"
Mean 9.28E+00 2.57E-09 1.84E+00 1.97E+01 5.61E-03 1.67E+01 7.02E+00
F; Std 4.58E-01 1.85E-10 2.67E-01 9.64E-02 1.73E-03 3.10E-01 3.93E-01
t-test - -1.11E+02 -7.68E+01" 1.22E+02° -1.11E+02° 7.39E+01" -2.05E+01
Mean 2.45E+11 6.87E+11 2.82E+11 3.69E+12 2.14E+12 495E+12 3.34E+13
Fy Std 5.15E+10 1.79E+11 8.88E+10 2.59E+12 1.54E+12 1.33E+12 4.39E+12
t-test - 1.30E+01" 1.98E+00~ 7.30E+00" 6.71E+00" 1.93E+01" 4.14E+01°
Mean 2.46E+07 2.46E+06 3.04E+07 3.51E+08 4.56E+08 1.49E+08 1.50E+08
Fs Std 3.70E+06 1.35E+06 8.57E+06 8.13E+07 1.20E+08 2.02E+07 2.62E+07
t-test - -3.08E+01" 3.38E+00" 2.20E+01" 1.97E+01" 3.32E+01" 2.60E+01*
Mean 1.11E+01 8.16E-07 1.95E+01 5.65E+06 1.79E+07 1.63E+01 2.29E+05
Fs Std 7.83E-01 2.60E-08 4.20E+00 5.64E+06 4.50E+06 3.82E-01 4.71E+05
t-test - -7.74E+01 1.08E+01"* 5.49E+00" 2.18E+01" 3.30E+01* 2.66E+00"
Mean 8.80E-04 2.13E+04 6.48E+04 4.36E+06 2.48E+08 1.14E+04 1.29E+05
F; Std 1.17E-03 4.60E+03 3.88E+04 2.11E+07 3.97E+08 8.52E+03 5.50E+04
t-test - 2.53E+01° 9.15E+00" 1.13E+00~ 3.43E+00" 7.34E+00" 1.28E+01"
Mean 5.39E+02 3.86E+07 7.57E+06 1.20E+07 1.55E+07 2.30E+07 1.99E+06
Fy Std 1.33E+03 8.33E+04 2.48E+06 2.14E+07 1.85E+07 2.16E+07 2.85E+06
t-test - 2.54E+03" 1.67E+01" 3.08E+00" 4.58E+00" 5.84E+00" 3.82E+00"
Mean 2.44E+07 6.68E+07 3.34E+07 1.25E+08 1.00E+08 5.90E+07 4.43E+07
Fy Std 1.82E+06 4.47E+06 3.67E+06 1.21E+07 3.93E+07 9.97E+06 1.04E+07
t-test - 4.81E+01" 1.20E+01" 4.49E+01" 1.06E+01" 1.87E+01" 1.04E+01"
Mean 2.53E+03 9.58E+03 2.79E+03 8.36E+03 5.11E+03 4.55E+03 6.73E+03
Fiy Std 7.96E+01 6.68E+01 1.30E+03 8.89E+02 8.80E+02 1.10E+02 2.41E+02
t-test - 3.71E+02* 1.11E+00~ 3.58E+01" 1.60E+01" 8.14E+01" 9.04E+01"
Mean 6.12E+01 3.98E-08 2.42E+01 2.02E+02 1.98E+02 1.04E+01 1.96E+02
Fn Std 4.69E+00 3.25E-09 3.10E+00 1.38E+01 3.94E-01 8.19E-01 4.10E+01
t-test - -7.15E+01" -3.60E+01" 5.27E+01° 1.60E+02" -5.84E+01° 1.79E+01"
Mean 4.02E+03 4.37E+05 1.54E+04 2.72E+04 4.09E+04 2.56E+03 4.09E+04
Fi Std 6.12E+02 6.61E+04 7.19E+03 5.66E+03 1.27E+04 5.31E+02 2.02E+04
t-test - 3.59E+01" 8.61E+00" 2.23E+01" 1.59E+01" -9.90E+00" 1.00E+01"
Mean 7.46E+02 5.53E+02 9.79E+02 2.03E+03 1.32E+03 5.64E+03 7.72E+04
Fi; Std 1.57E+02 1.78E+02 3.91E+02 6.02E+02 1.81E+02 3.02E+03 3.92E+04
t-test - -4.46E+00 3.02E+00" 1.13E+01" 1.31E+01" 8.87E+00" 1.07E+01"
Mean 6.54E+07 2.46E+08 8.55E+07 3.92E+08 2.58E+08 3.40E+08 1.19E+08
Fa Std 4.33E+06 1.31E+07 7.68E+06 2.83E+07 1.34E+08 2.23E+07 1.07E+07
t-test - 7.15E+01° 1.25E+01" 6.24E+01" 7.88E+00" 6.63E+01"° 2.57E+01°
Mean 2.54E+03 1.01E+04 1.12E+04 9.35E+03 1.05E+04 5.86E+03 6.79E+03
Fis Std 1.12E+02 5.84E+01 9.77E+01 1.23E+03 1.36E+03 9.20E+01 1.90E+02
t-test - 3.27E+02" 3.20E+02" 3.01E+01" 3.17E+01" 1.25E+02" 1.05E+02"
Mean 2.00E+02 5.68E-08 2.36E+01 3.89E+02 3.97E+02 7.57E-13 3.40E+02
Fie Std 7.61E+00 6.32E-09 1.13E+01 3.93E+00 6.18E-01 6.67E-14 4.22E+01
t-test - -1.44E+02 -7.09E+01 1.21E+02" 1.41E+02" -1.44E+02° 1.78E+01"
Mean 4.66E+04 221E+06 8.74E+04 7.92E+04 1.32E+05 4.05E+04 1.77E+05
Fiy Std 5.87E+03 2.10E+05 1.40E+04 1.19E+04 5.37E+04 2.05E+03 4.09E+04
t-test - 5.62E+01" 1.47E+01° 1.35E+01° 8.63E+00" -5.38E+00" 1.73E+01°
Mean 1.75E+03 1.64E+03 2.92E+03 4.37E+07 2.91E+03 1.46E+10 6.43E+06
Fig Std 1.83E+02 8.27E+02 8.21E+02 8.13E+07 3.43E+02 2.82E+09 2.44E+07
t-test - -6.92E-01" 7.64E+00" 2.94E+00" 1.64E+01" 2.84E+01" 1.44E+00"
Mean 1.33E+06 9.86E+06 5.22E+06 2.66E+06 1.53E+06 1.74E+06 9.09E+05
Fio Std 1.20E+05 5.13E+05 9.33E+05 4.93E+05 8.83E+04 9.89E+04 8.57E+04
t-test - 8.87E+01" 2.27E+01° 1.43E+01" 7.13E+00" 1.42E+01" -1.57E+01
Mean 1.87E+03 1.07E+03 1.73E+03 3.06E+07 2.15E+03 6.28E+10 1.35E+06
F Std 1.39E+02 1.72E+02 1.54E+02 6.44E+07 2.08E+02 8.48E-+09 4.74E+06
t-test - -1.99E+01" -3.70E+00" 2.60E+00" 6.01E+00" 4.06E+01"* 1.56E+00~
w/l/t - 12/8/0 13/5/2 18/0/2 18/2/0 15/4/1 16/2/2

2016 IEEE Congress on Evolutionary Computation (CEC)

3553

Authorized licensed use limited to: Hanyang University. Downloaded on November 21,2023 at 07:14:38 UTC from IEEE Xplore. Restrictions apply.



archive to keep the failed parents, but does not include  algorithms, the main parameters are set as recommended in

the failed trial vectors. their corresponding papers.
3) Parameter Settings In terms of the maximum number of function evaluations,
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Fig. 1 Comparison results among different algorithms with respect to convergence behaviors on 20 1000-D CEC 2010 functions (better viewed in color).

As for the parameter settings, the main parameter settings ~ without otherwise stated, it is set as 3 X 106, at which the
of MPGDE are presented in Table 1. For the compared comparison results are reported in Table II.
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Additionally, it is worth mentioning that all experiments
are conducted 30 runs for statistics. During the comparison
between two algorithms, the two-tailed t-test at significance
0=0.05 is conducted, at which the critical t-test value for 30
samples is 2.042. Based on the t-test results, in Table II, the
best results are highlighted in bold and the symbols “+7, “—"
and “=" above ¢ values indicate that MPGDE is significantly
better than, worse than and equivalent to the compared
methods respectively. Specially, the last row in Table II,
termed as “w/l/f” counts the number of functions where
MPGDE performs better than, worse than or similarly to the
compared algorithms.

4) Experimental Results

Table II presents the detailed comparison results with
respect to the mean value (Mean) and standard deviation (Std)
among function values in 30 runs when the maximum
function evaluations are exhausted. From this table,
obviously, we can see that the proposed MPGDE is
significantly better than the compared algorithms on most of
the 20 benchmark functions. Specifically, compared with
CSO and SL_PSO, MPGDE is better on 12 and 13 functions,
respectively. In comparison with DMS PSO and CCPSO2,
MPGDE is much superior to both algorithms on 18 functions.
During the competition with DECC-DG and JADE, MPGDE
wins the competition on 15 and 16 functions respectively.

In summary, compared with PSO variants (CSO, SL_PSO,
DMS PSO and CCPSO2), MPGDE shows its promising
superiority to PSO algorithms, demonstrating the potential
of DE in handling large scale optimization. In comparison
with DECC-DG, MPGDE shows that the without CC,
evolving the dimensions simultaneously is also very
promising or even better in coping with large scale
optimization. The comparison results between MPGDE and
JADE potentially verify the efficiency and effectiveness of
the proposed mutation strategy named
“DE/current-to-Mtbest/I”.

Additionally, to comprehensively demonstrate the
promising of MPGDE, we conduct experiments on
CEC’2010 functions to make comparisons with respect to
convergence behaviors of different algorithms. Fig. 1 shows
the comparison results with the maximum number of fitness
evaluations varying from 5 X 10° to 5 x 10°.

From this figure, we can see that MPGDE is superior to all
the compared algorithms on 6 functions (£, F~Fy F4 and
Fs). More specifically, MPGDE dominates CSO, CCPSO2
and DECC-DG on 12, 13 and 14 functions respectively,
performs similarly to these three algorithms on 3, 5 and 5
functions respectively, and failed in the completion with the
three methods only on 5, 2 and 1 functions respectively.
Compared with DMS PSO and JADE, MPGDE wins the
competition on 17 and 16 functions. Specially, MPGDE is
only dominated by JADE on 1 function and there is no failure
in competition with DMS_PSO. In comparison with SL_PSO,
MPGDE is better on 9 functions and performs similarly to
SL PSO on 9 functions as well.

As a whole, we can conclude that with respect to the
convergence behavior, MPGDE can dominate the compared
algorithms on most of the 20 functions.

2016 IEEE Congress on Evolutionary Computation (CEC)

Overall, the above verified superiority of the proposed
MPGDE mainly benefits from three aspects. 1) The proposed
multiple parents guided mutation strategy can afford good
directions for individuals to move, which may contribute to
fast convergence. Generally, one best individual only
contains a part of useful information. This situation is more
obvious for large scale problems. Using multiple top ranked
parents to guide the search can potentially afford good
combination of useful information in different parents and
thus provide promising direction for individuals. 2)
Maintaining an archive to reserve the failed parents and trial
vectors can also potentially preserve the useful information
that embeds in the failed individuals. In addition, all the
individuals in the archive occupy chances to participate in the
mutation of individuals. Thus, the diversity of the population
can be potentially enhanced to a great extent. 3) Evolution
path is introduced in the mutation of individuals. Generally,
the evolution path contains the track that the population
evolves and moves towards promising areas. Thus, the useful
information embedded in the evolution path should be made
full use of, which may contribute to fast convergence.
Together, the above three techniques can potentially afford a
good balance between exploration and exploitation, resulting
in the promising performance of MPGDE.

V. CONCLUSION

This paper has proposed a multiple parents guided DE
algorithm (MPGDE) to deal with large scale optimization.
Since the failed parents and trial vectors may contain useful
information, an archive is maintained to reserve these failed
individuals and is updated with a method like niching to
preserve diversity. Different from previous DE variants
where only one parent is utilized to guide the search of each
individual, in MPGDE, multiple top ranked parents among
the population and the archive are made use of to direct each
individual to move towards promising areas. Such guidance
takes advantage of the fact that each top ranked individual
may carry only a part of useful evolutionary information.
Through the co-guidance of multiple parents, individuals may
move faster to the promising area. In addition, to preserve
high diversity during the evolution, the individuals in both the
population and the archive participate in the mutation.
Together, a  new mutation strategy ~ named
“DE/current-to-Mtbest/I” is developed for MPGDE.

Experiments conducted on 20 CEC’2010 benchmark
functions have verified the efficacy and effectiveness of the
proposed MPGDE in comparison with the state-of-the-art
evolutionary algorithms that concentrate on large scale
optimization.

In the future, deep insight into this mutation strategy will
be investigated and further improvement of MPGDE will be
researched, including that more extensive experiments will be
conducted to test the feasibility of this algorithm.
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