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ABSTRACT

Solving black-box large-scale global optimization problems presents
a significant challenge for conventional optimization algorithms. In
this article, we introduce a new cooperative co-evolution framework
and a modified component grouping algorithm. The new frame-
work employs a divide-and-conquer strategy based on the modified
component grouping algorithm. The modified component group-
ing algorithm breaks down a complex problem into manageable
groups. These smaller groups are then optimized efficiently using
an algorithm from the NiaPy framework. The proposed framework
is highly versatile, it is capable of utilizing various optimization and
component grouping algorithms. To assess its performance, we con-
ducted a comparative study against multiple algorithms. We used
fifteen benchmark functions from the CEC’2013 large-scale global
optimization benchmark. Our findings highlight the potential of
our framework in enhancing optimization algorithms’ effective-
ness when dealing with black-box large-scale global optimization
problems.

KEYWORDS

Large-scale global optimization, black-box optimization, CEC’2013
LSGO, component grouping, cooperative co-evolution

1 INTRODUCTION

In the field of optimization, we encounter intricate challenges, de-
manding inventive solutions for real-world issues. Four intercon-
nected domains stand out: 1) Black-Box (BB) optimization, 2) Large-
Scale Global Optimization (LSGO), 3) Cooperative Co-evolution
(CC) frameworks and 4) Component Grouping (CG) methods.

BB optimization deals with a hidden formulation of a fitness func-
tion, so it relies exclusively on evaluations of the fitness function,
for finding solutions. This mirrors complex real-world scenarios
where traditional methods have difficulties. LSGO tackles the com-
plexities of a problem that has a high number of components and
is very time-consuming to optimize. The high number of compo-
nents need to be optimized in search of a good solution to the
problem. LSGO problems can be found in fields like urban plan-
ning [2] and healthcare [10]. CG methods provide a crucial thread,
disentangling a complex problem with overlapping components.
Our goal is to combine the CG method within the CC framework
to effectively optimize the BB LSGO problems. We will use the
idea of recursive differential grouping as a CG method to generate
groups that represent sub-problems for easier problem-solving. The
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proposed framework is implemented for the NiaPy optimization
framework [11], which includes many nature-inspired algorithms.
Our goal is to be able to use any optimization algorithm from that
framework within the proposed CC framework.

The rest of the paper is organized as follows: The related work on
used algorithms, CC and CG methods are introduced in Section 2.
Then, the proposed CC framework and modified CG algorithm
are described in Section 3. Experimental studies are presented in
Section 4. Finally, conclusions and future work are described in
Section 5.

2 RELATED WORK

In the field of tackling BB optimization challenges, CC frameworks
have emerged as a powerful tool. In [7] authors used the combined
strengths of CC framework with genetic algorithm (GA) to navigate
the complexities inherent in such problems. The CCGA-1 algorithm
was developed and tested on known optimization functions, where
the number of components was set to 0 and 0. They showed that
the CCGA-1 algorithm was better than the original GA algorithm.

The CG method focuses on efficient problem decomposition
through problems’ components interaction understanding. An ef-
fective CG method minimizes inter-group and maximizes intra-
group interactions [12]. Two primary methods for detecting these
interactions are: 1) non-monotonicity [5] and 2) non-linearity [9]
detection.

Authors in [6] introduced a CC algorithm with a differential CG
method for LSGO, laying the foundation for integrating a differ-
ential CG method as a central mechanism in the CC framework.
They introduced the Differential Grouping algorithm, which uses
non-linearity components interaction detection. With automated
decomposition of the problem through CG, this pioneering ap-
proach set a precedent for subsequent research. They showed that
a near-optimal CG can significantly improve the solution quality
for the BB LSGO problems.

In [8] a recursive CG method for large-scale continuous opti-
mization was introduced, called the Recursive Differential Grouping
3 (RDG3) algorithm. The RDG3 algorithm uses non-linearity de-
tection to identify components interactions by detecting changes
in a fitness function when perturbing components. The RDG3 al-
gorithm showed that a recursive method can break down a com-
plex optimization problem into more manageable sub-problems,
without explicitly examining all pairwise components interactions.
Notably, the RDG3 algorithm reduces the CG time complexity of
n-dimensional problemto (n  n). To validate the effectiveness
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of the RDG3 algorithm, a CC algorithm with the RDG3 algorithm
was used on CEC’2013 LSGO benchmark.

In summary, these works collectively illustrate the evolution of
CC algorithms. They showcase the role of the CG in addressing the
challenges of BB LSGO problems. Approaches like recursive CG,
adaptive parameter estimation and handling overlapping compo-
nents underline the versatility and effectiveness of the CC frame-
work. Therefore CC frameworks are highly desirable for optimizing
complex systems across various real-world applications.

3 METHODOLOGY

In this section, we describe our Group Contribution CC (GCCC)
framework and the Modified Recursive Differential Grouping 3
(MRDGS3) algorithm. The advantage of the MRDG3 algorithm is that
it has fewer parameters than the RDG3 algorithm. The advantages of
the GCCC framework are as follows: 1) it can use any optimization
algorithm implemented in the Python programming language for
the NiaPy optimization framework, 2) it is capable of using any
CG method implemented in the Python programming language
for the NiaPy optimization framework and 3) based on previous
advantages it enables the rapid testing of new optimization and CG
algorithms within the GCCC framework.

3.1 Modified Recursive Differential Grouping 3
algorithm

The MRDGS3 algorithm was implemented in the Python program-
ming language for the NiaPy optimization framework and is shown
in Algorithm 1. The MRDG3 algorithm has four input parame-
ters: 1) BB fitness function /£, 2) lower bound of the search space
, 3) upper bound of the search space  and 4) threshold value
€n- The function £ returns the number of components in a vector
or a set. MRDG3 starts by checking interactions with component
x , recursively identifying interacting components with algorithm
Interact [8]. A threshold €, controls the group size for optimiza-
tion, which can be seen in line 6. When all interactions between
component x and the remaining components in set are identi-
fied, MRDG3 continues with the first remaining component in set
, what is seen in line 12. Finally, the MRDG3 outputs set with
separable components and set with non-separable component
groups, what is seen in line 16.

3.2 Group Contribution Cooperative
Co-evolution framework

As the CG method aims to decompose and divide the BB LSGO
problem into smaller subgroups for smarter optimization, this part
describes the GCCC framework. GCCC uses decomposition in-
formation for optimization algorithms initialization, algorithms
population initialization, and for running a generation of an algo-
rithm. Our proposed GCCC framework’s pseudocode is shown in
Algorithm 2. GCCC was implemented in the Python programming
language for the NiaPy optimization framework.

The GCCC framework works as follows. First, groups of compo-
nents for independent optimizations are retrieved with the help of
the CG method, seen in line 1. In line 2, algorithms and starting
populations  are initialized based on groups . All algorithms
initialize their initial population, which is used and updated by the
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Input: £/, , ,en
1, ,X, ’X,,yl,l<_|:|) []’ [1]> [1], ,/( );
2 x «—[fori= tof( )doil;
3 while not empty do
1 <[k
5 x* « Interact(/, JXLX L, X L, YL )
6 if ¢(x*) <€, and £(x*) £(x )then
7 X ,x =x%, ;
8 if £( )= 0 then Append( , x ) and break;
9 else
10 if £(x*)= then Append( , x*) else Append( , x*);
11 if ¢( )> then
12 x « [ [0]];
13 Delete( , [0]);
14 X « ;
15 B else if £( )= then Append( , x ) and break;
6 return , ;

Algorithm 1: Modified Recursive Differential Group-
ing 3 (MRDGS3) algorithm.

Input: £/, , e,
1« MRDG3(/, ,€n); // Algorithm 1
2 , « [foreachgin do Initialize algorithm a with starting

population based on group g];

*

3 « Get best individuals from initialized populations  for each
algorithm based on fitness values;

4 x* < Get best individual from * based on fitness values;

s while stopping condition meet do

6 fori= tof( )do

7 [i], x* < RunGeneration( [i], [il,/, ., );
8 if £(x*) < £( *[i]) then

9 *[i] & x*;

10 if £(x*) < £(x*) then x* « x*;

11 if Any group found new local best individual then

12 foreach g in dox*[g] « *[g];

13 if £(x*) < £(x*) then x* =x";

ha return x*, £(x*);

Algorithm 2: Group Contribution Cooperative Co-
evolution (GCCC) framework.

algorithms during the execution of one generation of the algo-
rithm. In line 3 for each initialized population local best individual
is found so that every algorithm has it’s own local best individual.
Then global best individual is found from all the local best individ-
uals. Search for global best is faster because we are using only a
small part of all individuals, which is depicted in line 4.

Our main novelty of the GCCC framework is seen when the
optimization stage begins in line 5. In line 7, we perform only
one generation of the algorithm a. After the algorithm a ends a
generation, a new population for the algorithm a is returned with
the new local best individual x*. Line 10 checks if the new local
best individual is the new global best individual and updates the
global best individual if that is true. After all algorithms in finish
their own generation, line 11 checks if the new individual has to
be constructed. If so, the new individual is composed of all local
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Figure 1: Components grouping and individual construction
for Equation 1.

best individuals * components values, which is seen in line 12.
Line 13 updates the global best individual if the composed individual
is better than the current global best individual. After the GCCC
returns to line 5 and starts the new iteration of the algorithm and
conducts previous steps until the stopping condition is not achieved.

To demonstrate how the GCCC constructs the individuals of
optimization algorithms and how it evaluates an individual, let’s
take the optimization problem formulated as:

f(x)=x (x =x) (x x) x. ()

We will optimize Equation 1 as a BB problem with a lower bound
equal to — and an upper bound equal to for all seven components.
First, the GCCC decomposes the problem into four groups and then
joins separable components into one group. So after the decompo-
sition stage, we have three groups. This is depicted in Figure 1. In
the initialization stage, three algorithms are initialized with initial
populations. Each algorithm in initialized individuals with the
length of one individual equal to the number of components in a
group that the algorithm is going to optimize. When the algorithm
ain runs one generation of the optimization algorithm, fitness
function /Z, fills the missing components with the lower bound of
the search space. In this example, for the first algorithm, which is
optimizing group containing components x and x , components
x ,x ,x ,x andx are filled with value — . In line 12 the GCCC
constructs an individual x* that has all seven components filled. So
when evaluating an individual x* at line 13, there is no need to fill

(x —x)

any components.

4 EXPERIMENT

In this section, the results of the GCCC framework with two dif-
ferent optimization algorithms from the NiaPy framework are pre-
sented. Test functions were taken from the CEC’2013 LSGO bench-
mark competition [3] and are implemented in the C++ program-
ming language. Python code of the performed experiments in this
work is available via a connection!. For comparison, we used algo-
rithms PSO [1] and SCA [4], which are implemented in the NiaPy
framework. Algorithms’ parameters are presented in Table 1 and
were set based on experimental results on test functions that are
part of the NiaPy framework.

In Table 2, the obtained results of CG for each test function in
the CEC’2013 LSGO benchmark are shown. The results show that

!https://github.com/kb2623/scores23

Table 1: Algorithms’ parameters for conducted experiment.

Algorithm Parameter values
MRDG3 en= 0
SCA = ,a= ,r =0,r =
PSO = ,c =,c = ,w=0.,
v =—.,0 x=

Table 2: Results of the CG for the MRDG3 algorithm on the
CEC’2013 LSGO benchmark functions.

Number of Number of Number of

groups  separable components evaluations
f 1 0 5992
f 0 1000 2998
f 2 1 5987
f 1 0 5992
f 6 800 8287
f 5 750 8569
f 1 0 5992
f 1 0 5992
f 1 0 5992
fo 21 151 19357
f 1 0 5992
f 1 0 5992
f 1 0 5992
f 1 0 5992
f 1 0 5992

the number of evaluations is fairly small. MRDG3 does not need
n number of evaluations to decompose a BB problem, where n
represents the number of components and for the CEC’2013 LSGO
benchmark n = 000. For fully separable functions, only f is 00
correct. The result of decomposition on function f is missing seven
groups. MRDGS3 has incorrect results on function f ¢ because this
function has no separable sub-components. CG results for functions
f ,f andf are 00 correct,because functionshave overlapping
sub-components. The result of decomposition for the function f
is 00 correct because that function is fully non-separable.

For each function from the CEC’2013 LSGO benchmark, we per-
formed 50 runs for each algorithm. Results are shown in Table 3
where we reported three values for each benchmark function. The
top value in each cell represents the minimum, the middle value
is the median and the bottom value is the standard deviation. Un-
derlined values represent better results when comparing the basic
algorithm to its CC-based algorithm. For each of the algorithms
used with the GCCC framework, we added a sign that indicates if
the GCCC framework is better ( ), similar ( ), or worse (-). This
assumption was made based on the Wilcoxon signed-rank test from
SciPy?. We used @ = 0.0 for detecting statistical differences. The
only similarity we detected was between algorithm SCA and SCA-
GCCC on function f . From the last row in Table 3, we can see that
SCA-GCCC compared to SCA is better on eleven functions, worse
on three functions, and one function had a similar result. When
comparing PSO-GCCC to PSO, we detected that PSO-GCCC was
better on twelve functions, and on three functions was worse than

PSO.

https://scipy.org/
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Table 3: Algorithms results for the CEC’2013 LSGO bench- the MRDG3 algorithm, that we implemented in the Python pro-
mark. gramming language for the NiaPy optimization framework. To
SCA SCA-GCCC | pso PSO-GCCC syste'mlcally e.valuate the efficacy of our CC al’gorlthm, we used
multiple algorithms and tested them on the CEC’2013 LSGO bench-
3.2116e+11  2.0983e+11 2.2449e+11  1.8236e+11 mark which consists of fifteen test functions. Experimental results
[ 35997411l 2.0983ex11 2.5767e+11 - 2.088lex11 showed that the GCCC framework facilitated problem-solving, and
1.7041e+10  6.1654e-05 1.4521e+10  4.4700e+09 . . .
outperformed its base versions of used algorithms on some of the
1.0988e+05  4.7598e+04 1.8498e+04 2.0991e+04 test f t
f 1.1765e+05  4.7598e+04 2.0399e+04  2.4994e+04 — est functions. o
402566403  7.34986-12 097436402  1.71486+03 For the feature work, we suggest designing more benchmark
216256101 2.16250+01 215400401 2.1514e+01 problems with a more flexible variable interaction structure and
f 21660e+01  2.165%+01 2.1565e+01  2.1559e+01 richer sources of overlap. Developing a CC framework that has an
1.0164e-02  1.0796e-02 1.4204e-02  1.8726e-02 option of sharing the same population between all algorithms that
6.7784e+12  1.4182e+13 4.5338e+12  4.1230e+12 are working cooperatively in solving BB LSGO problems.
f  3.0918e+13 3.4167e+13 — | 7.554le+12  6.9831e+12
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38





