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non-differentiability, which pose challenges to traditional 
optimization methods [6–8]. Fortunately, metaheuristic 
algorithms (MAs), such as Evolutionary Computation (EC) 
and Swarm Intelligence (SI), can better solve these prob-
lems [9]. Numerous studies have shown that metaheuristic 
algorithms, especially evolutionary algorithms, not only 
perform well in deep learning compared to classical algo-
rithms, but also have tremendous potential in solving LSGO 
problems. These MAs are not dependent on the precise 
mathematical models or gradient information of the prob-
lems, and have achieved remarkable results in solving com-
plex black-box optimization problems [10, 11].

Currently, the rapid growth in problem dimensions raises 
significant challenges to the scalability of evolutionary 
algorithms [12–14]. When dealing with Large-Scale Global 
Optimization (LSGO) problems, traditional evolutionary 
algorithms are prone to premature convergence to local 
optima, leading to a drastic decline in performance [15].

1  Introduction

With the advancement of intelligence in social develop-
ment, numerous optimization problems have emerged in 
various fields [1–3]. These problems require decision vari-
ables to be located within a given search space for the pur-
pose of maximizing or minimizing the objective function 
value [4, 5]. However, real-world applications often face 
challenges in establishing precise mathematical models for 
optimization problems due to their complex characteristics 
such as discontinuity, non-convexity, multimodality, and 
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A variety of algorithms have been introduced to deal with 
LSGO problems [16]. Overall, metaheuristic algorithms 
designed to solve LSGO problems can generally be classi-
fied within two groups. The first group includes Cooperative 
Coevolutionary (CC) metaheuristic methods, and the sec-
ond group includes metaheuristic methods with innovative 
and efficient update strategies (non-CC), as shown in Fig. 1. 
In the existing literature, efforts have been made to extend 
existing MAs to deal with LSGO problems [17–19]. Table 
1 illustrates some of the algorithms that were proposed over 
the last few years to solve LSGO problems.

The Particle Swarm Optimization (PSO), initially pro-
posed at 1995, is based on the observed behavior of flocks 
of birds [37]. It has gained great popularity due to its advan-
tages, including rapid convergence and simple deployment. 
This method has already been successfully implemented in 
various practical applications. However, despite its advan-
tages, PSO also has limitations. It often suffers from poor 
global search capabilities and a tendency to converge pre-
maturely on local optimal solutions. To address these short-
comings, numerous researchers have attempted to improve 
PSO by introducing various strategies such as crossover, 
mutation, and learning strategies, leading to the emergence 
of a variety of PSO variants [38, 39].

The Particle Swarm Optimization (PSO) algorithm, 
while notable for its straightforward implementation, exhib-
its several inherent limitations. These include the charac-
teristic oscillation effect and inefficient search patterns 
(sometimes described as"two steps forward, one step back") 
[40]. More significantly, the method tends to experience 
premature convergence due to population diversity deple-
tion, often resulting in suboptimal solutions as particles 
become trapped in local optima. Furthermore, maintaining 

an effective equilibrium between global exploration and 
local exploitation remains a persistent challenge in standard 
PSO implementations [41].

According to theories in intelligent optimization, the bal-
ance between exploration and exploitation is crucial for the 
success of an optimization algorithm. The question of how 
to achieve exploration and exploitation of solutions in meta-
heuristic algorithms remains an open subject [42]. Empiri-
cal evidence has shown that the exploration-exploitation 
balance is closely related to the convergence rate of a search 
method. While exploitation strategies can speed up conver-
gence to the global optimum, they increase the likelihood of 
becoming trapped in local optima. Conversely, exploration 
strategies increase the chances of discovering regions with 
a higher likelihood of containing the global optimum within 
the search space, but at the cost of slower convergence.

Among the many LSGO algorithms, one notable algo-
rithm is known as SLPSO [30]. In this algorithm, all particles 
(besides the best particle) update themselves through learn-
ing from each particle in the current population with better 
performance, thereby increasing the effectiveness of SLPSO 
in solving LSGO problems by maintaining population 
diversity. Despite the significant enhancements achieved by 
SLPSO in optimizing PSO, there are still shortcomings like 
inadequate balancing between explore and exploit, and lack 
of effective search. However, large-scale optimization not 
only requires the algorithm to maintain diversity to search 
for the global optimal solution in the large search space, but 
also requires to have fast convergence to refine the solution 
accuracy. Recent studies demonstrate that hybrid approaches 
incorporating local search strategies can significantly 
improve convergence rates. Zhao et al. [43] successfully 
integrated quasi-Newton methods with PSO, and Molina et 
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al. [44] developed iterative frameworks employing multiple 
local search operators specifically for LSGO problems.

Inspired by the above observations, a pulse-strategy col-
lective learning swarm optimizer (PCLSO) is introduced in 
this study. Firstly, collective learning, inspired by the concept 
of swarm intelligence in biological populations, emphasiz-
ing the sharing of knowledge and experience among mul-
tiple individuals to enhance problem-solving capabilities, is 
combined in the proposed algorithm. This approach encour-
ages cooperation and collaboration between individuals in an 
algorithm, thereby increasing diversity and promoting global 
exploration of the search space. Secondly, the concept of 
pulse-strategy represents an innovative way of thinking within 
optimization algorithms. By introducing pulse-strategies at 
appropriate moments, algorithms can effectively solve search 
stagnation and stimulate global search. The combination of 

these two concepts represents an innovative approach to solv-
ing complex optimisation problems. The following sections 
describe the specific applications of collective learning and 
pulse strategies within the PCLSO framework, highlighting 
their significant contributions to algorithm performance.

The experimental results have proven that the incorpo-
ration of collective learning and pulse-strategy can signifi-
cantly improve the performance of SLPSO in applying it 
to LSGO problems. In addition, the effectiveness using the 
algorithm in solving actual LSGO problems through HMM-
based multi-sequence alignment problems is verified.

The rest of this paper is organized as follows: Section 
2 introduces the overview of the PSO and its variants for 
LSGO problems. Section 3 describes about proposed 
PCLSO algorithm, including design inspiration and math-
ematical models. Section 4 provides the results analysis and 
discussion. The settings of the benchmark function and the 
test algorithm used are described. Next, extensive statistical 
experiment results and analysis of PCLSO and compara-
tive algorithms are provided. Section 5 extends PCLSO and 
advanced MAs to HMM-based MSA problems. Section 6 is 
a summary of conclusions and further work.

2  Related work

2.1  PSO

Particle Swarm Optimization (PSO) is a widely recognized 
and utilized metaheuristic optimization algorithm, proposed 
by Kennedy and Eberhart in 1995 and it is inspired by the 
social behavior of birds flocking and fish schooling. PSO 
belongs to the class of swarm intelligence techniques and 
operates through the collaborative interaction of a popula-
tion of candidate solutions, referred to as particles. PSO has 
demonstrated effectiveness in feature selection [45], neural 
network training [46], and diverse real-world applications. 
However, as noted in [47], standard PSO may suffer from 
premature convergence and suboptimal global exploration 
capabilities. Algorithm 1 illustrates the pseudocode of PSO.

Algorithm 1  PSO

Table 1  Summary of optimization algorithms for solving LSGO
Type Algorithms Dimensions Pro-

posed 
time

References Real-
world 
applica-
tions

CC 
meth-
ods

MLCC 100, 500, 
1000

2008 [20] –

CCVIL 1000 2010 [21] –
DECC-D 100, 500, 

1000
2010 [22] –

CCPSO2 1000 2012 [23] –
DECC-DG 1000 2014 [24] –
CCOS 1000 2018 [25] –
VVGP-
RAC

– 2020 [26] On-line 
resource 
allocation

MDG 1000 2022 [27] –
Non-
CC 
meth-
ods

CDE 200, 500, 
1000

2015 [28] –

CSO 100, 500, 
1000, 2000

2015 [29] –

SLPSO 100, 500, 
1000

2015 [30] –

MWOA 100, 300, 
500, 1000

2018 [31] –

DGLDPSO 1000 2019 [1] Cloud 
workflow 
scheduling

EBA 100, 500, 
1000

2019 [32] –

APSO_
DEE

1000 2021 [33] –

EAPSO 30, 50, 100 2023 [34] Engineer-
ing design 
problems

TPCSO 1000 2023 [35] –
DCSO 100, 500, 

1000
2016 [36] –

1 3

Page 3 of 30  777



X. Liu et al.

Supposing the particle n chooses the particle win for 
learning in the dth dimension, the equation for the updates 
is given by (3) and (4).

vn,d (t + 1) = r1 × vn,d (t) + r2 × (xwin,d − xn,d)
+c × r3 × (xmean,j − xn,d) � (3)

xn,d (t + 1) =
{

xn,d (t) + vn,d (t + 1) , if rand ⩽ PLn

xn,d (t) , otherwise � (4)

where t is number of the generation, x and v denote the posi-
tion and velocity vectors, respectively. The values of r1, 
r2, and r3 are generated as uniformly distributed numbers 
within the interval [0, 1]. Parameter c is referred to as the 
social influence factor, while xmean,d is the mean of the dth 
dimension within the vector of positions for all particles. 
The parameter PLn, known as the learning probability, is 
employed to determine whether a particle requires an update 
or not, and is associated with its rank. The probability of 
learning is specific to each particle, particles with better 
ranks have less probability of learning. As the particles have 
been arranged from poorest to global optimal, the calcula-
tion of PLn follows (5).

PLn =
(

1 − n − 1
N

)log( D
M ×µ)

� (5)

where n denotes the particle’s rank within population, sorted 
in ascending order. N represents the parameter size of the 
population, while µ and M are 0.5 and 100, respectively, 
according to the SLPSO’s design. The variable D signifies 
the dimensionality of the problem. When a particle’s fitness 
value is lower, its rank n will be higher, resulting in a larger 
learning probability PLn. Consequently, poorly perform-
ing particles have a greater chance of updating their posi-
tions to seek improved solutions. Furthermore, the value of 
PLn is influenced by the problem’s dimensionality D. As 
D increases, PLn decreases, serving to preserve the diver-
sity of the population and prevent premature convergence in 
LSGO problems.

Additionally to incorporating the social learning mecha-
nism, the algorithm dynamically adjusts specific parameters 
in response given the dimensionality of the problem. This 
adaptive approach aims to reduce the sensitivity of param-
eters such as the size of the population (N) and the factor of 
social influence (c). The values for N and c are determined 
as follows:

N = M + D

10
� (6)

c = β × D

M
� (7)

Let v⃗n = (vn,1, vn,2, ..., vn,D) and x⃗n = (xn,1, xn,2, ..., xn,N ) 
represent the vector of velocity and the vector of position 
of the n th particle within the search space of D dimensions 
in PSO, respectively. The evolution formula for the nth par-
ticle is given by (1) and (2).

v⃗n (t + 1) =w × v⃗n (t) + c1 × r1 × (x⃗pbestn − x⃗n (t))
+ c2 × r2 × (x⃗gbest − x⃗n (t)) � (1)

x⃗n (t + 1) = x⃗n (t) + v⃗n (t + 1)� (2)

where r1 and r2 represent two random numbers distributed 
uniformly in [0, 1], t is the present value of the iterations, 
and w is inertia weight. n ranges from 1 to N, where N is 
the size of the population. c1 and c2 represent the cognitive 
and social components respectively. By incorporating both 
information about its own optimal position (x⃗pbestn) and the 
global optimal position (x⃗gbest), the particles quickly con-
verge to the best position. The simplicity of the calculations 
in (1) and (2) makes PSO easy to implement. However, the 
shared best experience of the particles can lead to clustering 
around local optima, making escape from local optima dif-
ficult and leading to loss of diversity.

2.2  SLPSO

SLPSO has demonstrated strong performance in address-
ing LSGO problems while retaining the benefits of PSO. 
Within SLPSO, for every particle besides the optimal one, 
it learns some information from every particle that outper-
forms its own. The mechanism is commonly referred by 
the name of social learning mechanism. Unlike standard 
PSO, where particles typically learn from gbest (x⃗gbest) 
and pbest (x⃗pbestn) only, SLPSO enables particles capable 
of learning various information obtained from other par-
ticles. As a result, SLPSO promotes greater population 
diversity because not all particles are overly influenced 
by x⃗gbest. This helps prevent premature convergence to 
local optima.

During each generation of SLPSO, each particle 
within a given swarm is initially sorted by fitness, rang-
ing from poorest to the global optimal. Following this 
sorting, every particle (excluding the x⃗gbest) updates 
each of its dimensions through a process of learning by 
superior particles. When a particular particle has multiple 
particles that are superior to it, the particle chooses one 
randomly to serve as a reference for the updating. It’s 
important to mention that a particle can utilize different 
superior particles to lead updates in various dimensions. 
Simplistically, a single particle has the flexibility to study 
different superior particles, thereby enhancing population 
diversity.
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demonstrated excellent performance. Nevertheless, since it 
maintains diversity by employing various guiding informa-
tions for distinct particles, SLPSO tends to converge slowly. 
Consequently, the RES is proposed to divide dimensions 
of the solution into multiple regions and assign a code to 
each region [54]. In SLPSO, this coding scheme is used to 
restrict the crossing and mutation between particles to main-
tain diversity. This method has demonstrated excellent per-
formance in experiments while improving both the speed of 
convergence of the SLPSO.

Li et al. [33] proposed APSO-DEE, a method that inde-
pendently manages exploring and exploiting the population, 
thereby improving optimization performance. In addition, 
this method introduces two new learning strategies. Firstly, 
a method of local sparsity measurement suitable for the fit-
ness function is introduced to evaluate the distribution and 
congestion of the population. According to this method, 
particles can be guided to sparse areas, thus establishing an 
exploration strategy. Then, the adaptive exploitation strat-
egy is introduced, and the fitness difference among samples 
and update particles can be adjusted successfully in the 
evolution process using a multi-group strategy and sub-
group adaptive size adjustment. In [55], a two-stage learn-
ing (TPLSO) based group optimizer is proposed. Inspired 
by human social cooperative learning behavior, this method 
involves a mass learning stage and an elite learning stage. 
At the mass learning stage, it chooses three particles at ran-
dom to build a learning group and updates the particles in 
the learning group using a competition mechanism. Then, it 
sorts the entire population and elite particles with superior 
fitness are selected. Then, during the elite learning stage, 
the elite particles communicate with each other to explore 
promising domains. Yiying Zhang proposed the EAPSO 
[34], which introduces a structured framework that involves 
the creation of three different elite archives, each tasked 
with preserving hierarchical particles. These elite archives 
serve as the basis for designing six distinct learning strate-
gies which are employed to update particle positions itera-
tively during the optimization process.

Although these PSO variants using novel search strat-
egies address PSO limitations and moderately improve 
population diversity, there remains ample room for further 
advances. Given this, the Pulse-Strategy Collective Learn-
ing Swarm Optimizer (PCLSO) is proposed.

3  PCLSO algorithm

SLPSO has been shown to perform well on LSGO problems. 
However, in each iteration, SLPSO updates using different 
guidance information and the average position of individuals 

where β is set to 0.01, following the recommendation from 
the original SLPSO. This choice is made to ensure that the 
value of ϵ remains relatively small, thereby preventing pre-
mature convergence. Furthermore, both N and C are influ-
enced by the problem’s dimensionality D. As the value of D 
increases, both N and c also increase, enhancing population 
diversity, particularly for LSGO problems. The pseudocode 
of SLPSO is shown in Algorithm 2.

Algorithm 2  SLPSO

2.3  Other PSO variants for LSGO

Currently, many PSO variants are applied to LSGO [48–53]. 
Many researchers have modified the standard velocity and 
position iteration techniques in PSO to improve the diver-
sity of algorithms. Two particle swarm algorithms have 
been proposed by Cheng et al. for solving LSGO prob-
lems, CSO [29] and SLPSO [30]. In the first algorithm, a 
mechanism of competition between pairs is incorporated, 
and failed particles learn from winning particles to enhance 
the population diversity. Huang et al. [35] combined a new 
multi-stage cooperative evolution technique to develop a 
new three-stage cooperative evolution method (TPCSO) to 
improve on the ability of search and convergence with CSO. 
The improved algorithm divides the swarm equally into two 
subswarms, and modifies the update mechanism of each 
subswarm according to the demands of convergence and 
diversity within it. First stage focuses on exploring more 
regions to improve diversity, and in the second, two promis-
ing areas are developed by introducing excellent particles 
from the two subswarms. The final stage concentrates on 
achieving the convergence through learning of p⃗osgbest. In 
SLPSO, the particles are ordered in the population before 
the evolution starts, then the particles learn from all bet-
ter particles than themselves. The SLPSO algorithm has 
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As the CI concept from reference [59], a CI-driven best 
position is defined, which can be computed as (8).

c⃗n (t) =
l∑

k=1

wk × x⃗pbestk� (8)

where n = 1, 2, . . . , N , and N represents the size of the 
population, l ∈ [1, n] is a randomly chosen integer. x⃗pbestk 
consists of l positions with superior fitness values compared 
to ⃗xn, and ⃗xpbestk is arranged in increasing order. According 
to (8), the CI-driven best position, ⃗cn (t), represents a lineal 
combination of the first ranked l individual best positions 
(x⃗pbestk).

The wk represents a weight factor which defines the pro-
portion of different x⃗pbestk values. It is computed as (9).

wk = l − k + 1∑l
k=1 k

� (9)

In (9), a superior x⃗pbestk corresponds to a higher value of 
wk, thereby making a more significant contribution to c⃗n. 
Conversely, an inferior pbestk results in a smaller value of 
wk, contributing less to ⃗cn. Figure 2 illustrates the CI-driven 
strategy.

By substituting the global best position with the CI-
driven optimum (⃗cn) using (8), a new CI-driven particle 
search equation is defined as (10).

vn,d (t + 1) = r1 × vn,d (t) + r2 × (xwin,d (t) − xn,d (t))
+c × r3 × (cn,d (t) − xn,d (t)) � (10)

With the CI-driven search method, the particles utilize the 
CI-driven optimum position, c⃗n, as a reference for their 
searching. Because of each particle has a distinct ⃗cn value, it 
becomes apparent that the approach described in (10) results 
in greater population diversity compared to (3). Moreover, 
c⃗n is derived from the collective knowledge of multiple 
high-quality individuals, indicating that the strategy in (10) 
is expected to demonstrate more efficient performance.

3.2  Pulse-strategy

Pulse typically refers to a brief fluctuation of electrical 
shock (voltage or current), resembling a pulse-like pattern, 
commonly used in electronics. It primarily refers to a pro-
cess where a physical quantity undergoes a rapid change 
and quickly returns to its initial state within a short duration. 
A pulse is a signal that occurs briefly during an entire signal 

within the population, even if an individual already pos-
sesses a superior fitness value. This to some extent limits 
the convergence speed. Additionally, in the updating step of 
the SLPSO, the optimal individual is not subject to updates 
and stagnation checks. Therefore, there is still space to fur-
ther improve SLPSO. In order to enhance SLPSO’s speed 
of convergence and accuracy, this work introduces PCLSO. 
Firstly, a collective learning strategy is proposed to replace 
the average position of the population of the SLPSO. Next, 
a pulse-based local search strategy is embedded, perturbing 
the global best individual when the population convergence 
stops, further enhancing the algorithm’s performance. Sub-
sequently, collective learning will be introduced, followed 
by an introduction to the pulse-strategy. Finally, the com-
plete PCLSO algorithm will be presented.

3.1  Collective learning

Individual decisions often tend to be less precise compared 
to decisions made collectively by a majority [56]. Collective 
intelligence (CI) represents a form of shared intelligence 
that involves gathering and synthesizing input from groups 
of individuals to inform decisions. It emerges through the 
coordinated interactions and information sharing among 
multiple individuals. CI manifests across animals, humans, 
and computer networks, taking various forms of cooperative 
decision-making.

In optimization algorithms based on collective intelli-
gence [57, 58], the search process is guided and optimiza-
tion performance is improved by utilizing solutions based 
on CI. These CI-driven solutions are made by using the 
number of l best solutions within the population.

Fig. 2  Collective Learning (index numbers 1, 2, . . . , l represent the 
individual’s fitness ranking, and lengths of the arrow indicate the 
weights for collective learning from the individual)
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(1)	 Mutation Rate: In the pulse-strategy, the mutation rate 
controls the extent of changes made to the global best 
individual. Since the global best individual already pos-
sesses the best fitness value, only small perturbations 
are applied to it. The probability of these perturbations 
decreases gradually as the iterations progress. The 
mutation rate is calculated as shown in (11).

pm = 0.04 × (1 − FEs/MaxFEs) + 0.01� (11)

where FEs represent the number of current fitness evalu-
ations and MaxFEs denotes the allowed maximum fitness 
evaluation count. In this manner, all of the dimensions for 
the global optimal individual could be modified probabilis-
tically, thereby increasing chances for the global optimal 
individual to obtain a better fitness value.

(2)	 Mutation Dimension Regeneration: (12) is employed 
for the regeneration of mutation dimensions. To enhance 
diversity, the difference between two randomly selected 
positions is used to perturb the dimensions of the global 
best individual.

xn,d = x⃗gbest (d) + σ × rand × (xr1,d − xr2,d)� (12)

where rand is generated as a random number ranging from 
0 to 1, and r1 and r2 are two individuals that are differ-
ent from the global optimal. Specifically, r2 has a certain 
probability of being a randomly generated individual that 
does not come from the existing population. The generation 
probability is as (13).

p = (0.01 + (0.1 − 0.01) × (1 − FEs/MaxFEs))� (13)

Similar to pm, the probability p also decreases gradually 
with an increase in the number of iterations. In this case, the 
formula for generating particle r2 is given by (14).

xr2,d = xmin + rand × (xmax − xmin)� (14)

where xmax and xmin represent upper and lower bounds of 
the search space, and rand is in the range of 0 and 1. The 
introduction of this individual further enhances the proposed 
algorithm’s diversity. By periodically incorporating random 
solutions, the algorithm maintains a broader sampling of the 
search space, thereby reducing premature convergence and 
improving the probability of escaping local optima.

Furthermore, in (12), σ represents the contraction factor, 
and its value changes as indicated in (15).
{

σ = min(0.9 × σ, σmax) if newfitness ≤ fitness
σ = max(1.1 × σ, σmin) otherwise � (15)

cycle, with most of the signal cycle having no signal, much 
like a human pulse.

Algorithm 3  Pulse-strategy

Pulse-strategy is a time management approach that sug-
gests focusing one’s time and energy intensively on an indi-
vidual or dimension within a specific timeframe, rather than 
evenly distributing effort among all individuals. The goal 
is to achieve breakthroughs in the short term. The pulse-
strategy allows individuals to establish local advantages 
and enhance convergence. Individuals with strong learning 
abilities tend to benefit more from this approach.

Based on the concepts mentioned above, this paper intro-
duces the integration of a pulse-strategy into an evolutionary 
algorithm to address common weaknesses like insufficient 
deep search and early convergence of most evolutionary 
algorithms in LSGO problems. When algorithm conver-
gence stagnation is detected, the pulse-strategy is applied to 
the the global best particle, shown in Fig. 3. Pseudocode for 
the pulse strategy is provided in Algorithm 3, with specific 
details outlined below.

Fig. 3  Pulse-strategy (The x-axis indicates the FEs used during the 
optimization process, while the y-axis indicates the change of the 
value of the global best particle fitness (Gbestfitness). The pulse-strat-
egy will be employed when FEs of Gbestfitness remains unchanged 
for more than a threshold number of function evaluations (e.g. conver-
gence stagnation))
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in Algorithm  4. The PCLSO algorithm operates as 
follows:

Algorithm 4  PCLSO

Step1: Parameter setting and random initialization of popu-
lation, then compute the fitness for each particle(line 1);

Step2: Sort Particles based on their fitness values (line 4);
Step3: Update particle positions through social and collec-

tive learning based on (10) (lines 8–11);
Step4: Perform boundary control according (16) (line 11);
Step5: Calculate the fitness of all particles after the updates 

(lines 12–13);
Step6: According to Algorithm 3, when convergence stag-

nation occurs, employ the pulse strategy to update the 
position of the posgbest( line 17);

Step7: Verify if the algorithm meets the criteria for termi-
nation. If it does, conclude the algorithm and report the 
optimal solution; if not, return to Step 2;

Using the procedure described above, PCLSO possesses 
several advantages over SLPSO: 

(1)	 Utilization of Collective Information: Collective infor-
mation is derived from the combined knowledge of 
multiple high-quality individuals, using the collective 
wisdom of the population. This can lead to more effi-
cient and informed decision-making. Meanwhile, since 
each particle has its unique c⃗i value, this approach 
promotes superior population diversity compared to 
SLPSO.

where newfitness and fitness denote the objective func-
tion values before and after the update, respectively 
(considering a minimization problem). The parameter 
σ is initialized to σ = 1 and adaptively updated accord-
ing to (15), with its evolution constrained by predefined 
bounds: σmax = 5 as the upper limit and σmin = 10−5 as 
the lower limit. These bounds ensure that σ varies within 
a controlled range while maintaining the algorithm’s 
stability.

Under influence of the contraction factor, if the previ-
ous generation’s update is effective, it expands the search 
space. Conversely, it narrows the search domain. This pro-
motes a better balance of exploitation and exploration in 
the PCLSO algorithm, further enhancing its convergence 
capabilities.

Additionally, in the iterative optimization process 
of algorithms, individuals may sometimes exceed the 
defined search boundaries, which can affect the opti-
mization process and the quality of solutions obtained. 
Existing approaches to tackle this problem often involve 
setting fixed upper or lower limit values for individuals 
that go beyond the boundary [60] or employing delayed 
estimation techniques based on boundary values. How-
ever, these methods may not always make optimal use of 
population information.

To overcome this limitation, a novel boundary control 
strategy is introduced based on individual best position 
information. This approach utilizes information from the 
current iteration’s population to adjust the positions of 
individuals outside the boundary, rather than relying on 
fixed limits or delayed estimation. The proposed method 
is formalized in (16), which places individuals outside 
the boundary at the corresponding dimensions of their 
individual best positions. In the next iteration, they will 
be searched in positions that are potentially more favor-
able than those determined by traditional boundary control 
strategies. Hence, it can enhance PCLSO’s exploitation 
capabilities.

xn,d = xpbestn,d� (16)

where xpbestn,d denotes the corresponding dimension 
within the optimal position of the particle.

3.3  Procedure of the proposed PCLSO algorithm

On the basis of the above enhancements, PCLSO is  
introduced. The pseudocode of PCLSO is shown  

1 3
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In the worst-case scenario, when convergence stag-
nation occurs, it is necessary to calculate the time used 
for the pulse strategy, which is O(1 × N). In this par-
ticular case, the total complexity of PCLSO becomes 
O(N × log(N)) + O(N × D).

4  Experimental results and analysis

To validate efficiency and effectiveness of PCLSO, a num-
ber of experiments were performed on two popular LSGO 
benchmark suites (CEC’2010 [61] and CEC’2013 [62]) 
from various perspectives.

The PCLSO is compared to a number of recently intro-
duced and advanced algorithms. These algorithms include 
the EAPSO, APSO_DEE, CSO, SLPSO, TPCSO, DCSO, 
EADE [63], DECC_DG [24], DECC_RDG [64], and 
DECC_MDG [27]. Notably, among these comparative algo-
rithms, the last three are algorithms based on cooperative 
co-evolution. The algorithm is run 25 times independently 
to get the statistical results.

4.1  Parameter settings

The experiment parameters used in PCLSO and compari-
son algorithms are as follows. To ensure fairly, the MaxFEs 
is set to 3E6. The subsequent subsection further explores 
the impact of the parameter on PCLSO’s performance. Rec-
ommended parameter values from their original papers, 
as shown in Table 2, are adhered to for the compared 
algorithms.

4.2  Experiment results on CEC’2010

The CEC’2010 LSGO benchmark is composed of 20 func-
tions, with each function having a decision variable dimen-
sion of 1000. The characteristics of these functions are as 
[62].

The test results on the CEC’2010 test suite are displayed 
in Table 3. The performance comparison between PCLSO 
and SLPSO was initially observed. For the three fully sepa-
rable functions (F1-F3), PCLSO outperformed SLPSO on 
all functions. Regarding the 15 partially separable functions 
(F4-F18), in 14 functions (specifically, F4, F6-F18), PCLSO 
performed better than SLPSO, with SLPSO surpassing 
PCLSO only on 1 function. For the last two inseparable 
functions (F19 and F20), PCLSO’s performance was also 
superior to SLPSO.

Besides SLPSO, as shown in Table 3, it can be observed 
that of the 20 LSGO problems in the CEC’2010 LSGO 
benchmark test suite, PCLSO exhibits a considerably bet-
ter performance than CSO, EAPSO, APSO_DEE, TPCSO, 

(2)	 Improved Exploration and Enhanced Convergence: 
PCLSO introduces a pulse-strategy that enhances explo-
ration capabilities by allowing for small perturbations 
to the global best individual when convergence stag-
nation is detected. This promotes better global search 
ability. The combination of pulse-strategy and adaptive 
boundary control in PCLSO results in improved conver-
gence performance, allowing it to find better solutions 
in a variety of scenarios.

(3)	 Adaptive Boundary Control: PCLSO employs a bound-
ary control strategy that adapts to individual best posi-
tions, rather than relying on fixed boundary limits or 
delayed estimations. This approach optimally utilizes 
population information, ensuring more effective bound-
ary handling.

(4)	 Increased Diversity: PCLSO’s mechanisms, such as 
mutation dimension regeneration and contraction factor 
adaptation, contribute to increased diversity within the 
population, helping the algorithm escape local optima.

(5)	 Better Handling of Local Optima: By switching between 
different strategies, PCLSO is better equipped to escape 
local optima, therefore it is appropriate for a wider vari-
ety of problems.

3.4  Complexity analysis

In this paper, when assessing the complexity for PCLSO, 
the primary focus is on the time required for opera-
tions within each generation. The population size and 
problem dimension are denoted as N, D, respectively. 
Initially, the cost associated with initializing and evaluat-
ing candidate solutions is O(N × D). Subsequently, the 
maximum cost incurred during the execution of opera-
tors within the for loop is O((N − 1) × D). Additionally, 
sorting the fitness values involves the time complexity of 
the quicksort algorithm, taking O(N × log(N)). Thus, 
the overall complexity of PCLSO can be described as 
O(N × log(N)) + O((N − 1) × D).

Table 2  Parameters settings
Algorithm Parameters settings
CSO popsize = 500, φ = 0.1
SLPSO popsize = 200, φ = 0.1, M = 100, β = 0.001
EAPSO popsize = 100
APSO-DEE popzize = 100, φ = 0.3
TPCSO popsize = 500
DCSO popsize = 500, φ = 0.1, d = 0.45
EADE popsize = 50
DECC-DG popsize = 100, maxF Ecycle = 10000
DECC-RDG popsize = 100, maxF Ecycle = 10000
DECC-MDG popsize = 100, maxF Ecycle = 10000
PCLSO popsize = 200, c = 0.1

1 3
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F14 are 905 dimensions). The summary of characteristics of 
functions in CEC’2013 can be found in [62].

The mean fitness (Mean) and standard deviation (Sd.) of 
PCLSO and comparison algorithms across all 15 CEC’2013 
test functions are shown in Table 4. Furthermore, the sta-
tistical outcomes are shown at the bottom of the table. The 
bold font has been used to highlight the best results (mini-
mum averages) for each function.

PCLSO was consistently outperformed by SLPSO when 
the three fully separable functions (F1-F3) were initially 
compared. In the case of the eight partially separable func-
tions (F4-F11), PCLSO performed better than SLPSO in six 
functions (specifically, F4, F6, F7, F8, F9, and F11), while 
SLPSO only surpassed PCLSO in two functions (F5 and 
F9). Notably, PCLSO exhibited significantly superior per-
formance to SLPSO, particularly for the function F6. For 
the three overlapping functions (F12-F14) and the final fully 
inseparable function (F15), PCLSO’s overall performance 
also outshone SLPSO.

Besides SLPSO, Table 4 demonstrates that of the 15 
LSGO problems in the CEC’2013 LSGO benchmark test set, 
PCLSO exhibits significantly better performance than CSO, 
SLPSO, APSO_DEE, TPCSO, DCSO, EADE, DECC_DG, 
DECC_RDG, and DECC_MDG on F1, F2, F3, F12, and 
F13, respectively. Moreover, all the comparison algorithms 
fail to show a significant advantage over PCLSO on four or 
more functions. As a result, for even complex LSGO prob-
lems within the CEC’2013 benchmark test suite, PCLSO 
maintains excellent performance.

The Friedman test results for the CEC’2013 test set 
are displayed in the last row of the Table 4. It is clear that 
PCLSO has the greatest average ranking and the highest 
frequency of being ranked best among all algorithms. This 
further underscores that PCLSO generally outperforms the 
comparison algorithms on the CEC’2013 LSGO test set.

Additionally, to demonstrate the effectiveness and con-
vergence performance of PCLSO on the CEC’2013 LSGO 
benchmark test set, the curves of PCLSO’s evolutionary 
convergence are plotted along with those of the comparison 
algorithms. Figure 8 shows the convergence curves for all 
different algorithms across all fifteen functions. In addition, 
the boxplots of the different algorithms on all 15 functions 
are presented in Fig. 9. As depicted in Fig. 8, for the fully 
separable functions F1-F3, PCLSO achieves better con-
vergence results than all the comparison algorithms. In the 
case of partially separable functions F5-F13, only PCLSO, 
CCOS, and SLPSO exhibit faster convergence and more 
accurate results, with PCLSO still outperforming CCOS 
and SLPSO. For the overlapping and fully inseparable func-
tions F13-F15, most algorithms demonstrate similar perfor-
mance, except for CSO.

DCSO, EADE, DECC_DG, DECC_RDG, and DECC_
MDG on 8 functions, including F1-F3, F5, F6, F9, F11, and 
F16. Moreover, all the comparison algorithms fail to show a 
significant advantage over PCLSO on 4 or more functions. 
Therefore, PCLSO demonstrates outstanding behavior on 
the CEC’2010 LSGO benchmark test suite, generally sur-
passing the comparison algorithms.

Furthermore, a Friedman test was performed to further 
verify the efficiency of PCLSO. Additionally, significance 
analysis was conducted using the Wilcoxon rank sum test 
with a α = 0.05 significance level to evaluate PCLSO 
against each of the comparison algorithms. Symbols +( 
superior), ≈( approximately equal) to the proposed PCLSO, 
and − (inferior) were used to denote the results. Figure 7 
displays these results graphically. The Friedman and Wil-
coxon rank sum test results are presented at the bottom of 
Table 3. It is evident that among the 20 functions contained 
in the CEC’2010 test suite, PCLSO obtains the best average 
rankings.

To demonstrate the accuracy and efficiency of PCLSO 
on the CEC’2010 LSGO test suite, the evolutionary conver-
gence curves of PCLSO have been plotted along with the 
comparison algorithms, as shown in Fig. 4. On the fully sep-
arable F1-F3, PCLSO achieves the best convergence perfor-
mance and quickly finds superior solutions. For the partially 
separable functions (F4-F18), PCLSO still demonstrates 
good overall performance. Regarding the fully inseparable 
functions F19 and F20, it is evident that PCLSO can achieve 
superior results compared to the other algorithms, except 
for EAPSO. The boxplots for all 20 functions on CEC’2010 
are shown in Fig. 5. In addition, Fig. 6 depicts a radar chart 
comparing the performance of PCLSO and ten competitive 
algorithms on the CEC’2010 test suite in a 1000-dimen-
sional space.

4.3  Experiment results on CEC’2013

The CEC’2013 benchmark functions are an extension of the 
CEC’2010 benchmark functions to include various subcom-
ponents, subcomponents of unequal sizes, and contribution 
imbalances between consistent and conflicting overlapping 
functions. This extension better simulates real-world prob-
lems and increases the difficulty of the test set, making it 
a valuable tool for validating the performance of LSGO 
algorithms. Despite being proposed in 2013, this test set 
continues to be widely used in subsequent CEC Large-
Scale Optimization Competitions, such as CEC’2018 and 
CEC’2019.

The CEC’2013 LSGO benchmark consists of 15 func-
tions, with most of them having a decision variable dimen-
sion of 1000 (F1-F12 and F15 are 1000 dimensions, F13 and 
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Fig. 4  Convergence curves of different algorithms obtained on the CEC’2010 benchmarks
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Fig. 5  Boxplot of different algorithms obtained on the CEC’2010 benchmarks
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4.4  Parameter analysis

Recent years have witnessed significant advancements in 
metaheuristic parameter tuning methodologies, with notable 
approaches including CRS-Tuning, F-Race, and REVAC 
gaining prominence in the research community [65]. CRS-
Tuning employs a chess-inspired rating system that evalu-
ates configurations through tournament-style comparisons, 

Figure 10 depicts a radar chart comparing the perfor-
mance of PCLSO and ten competitive algorithms on the 
CEC’2013 test suite in a 1000-dimensional space. And Fig. 
11 displays the Fridman test results graphically. Accord-
ing to Fig. 11, it is evident that across the selected 15 test 
functions, PCLSO demonstrates a clear advantage over the 
comparison algorithms, offering superior convergence per-
formance compared to them.

Fig. 7  Friedman rank of PCLSO 
and compared algorithms on 
CEC’2010

 

Fig. 6  Radar graph based on the 
experimental results from Fried-
man test obtained by the applied 
algorithms on CEC’2010
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providing relative performance rankings. F-Race imple-
ments an efficient elimination mechanism based on Fried-
man tests, progressively discarding underperforming 
parameter configurations. REVAC, on the other hand, offers 
a comprehensive framework for parameter space explora-
tion through variance analysis and entropy-based sampling.

In the present study, the tuning of the PCLSO algorithm 
was accomplished through the adoption of a parameter sen-
sitivity analysis approach. The choice of parameter sensitiv-
ity analysis over automated tuning methods was motivated 
by three key considerations specific to this research context. 
First, careful manual examination of parameter interactions 
was necessitated by the unique characteristics of the optimi-
zation problem being addressed - a level of problem-specific 
adaptation that might not be fully captured by general-pur-
pose tuners such as CRS-Tuning or REVAC. Second, supe-
rior interpretability was provided by the sensitivity analysis 
approach when compared with black-box tuning methods, 
with clearer insights into individual parameter effects being 
obtained, which proved invaluable for algorithmic under-
standing and debugging. Third, practical implementation 
constraints rendered the computational overhead of com-
prehensive tuning methods prohibitive for the experimen-
tal scale being considered, while sensitivity analysis was 
found to deliver a more computationally feasible alternative 
without compromising the quality of parameter optimiza-
tion. These factors collectively led to the selection of this 
methodology while ensuring the robustness of the param-
eter selection process.

The parameters have a significant role in determining 
the efficiency of meta-heuristic algorithms [66]. Just like 
CSO and SLPSO, the performance of the proposed PCLSO 
algorithm is primarily influenced with the control parameter 
c. Consequently, experiments were conducted to investi-
gate the effect of various values of c on the effectiveness 
of PCLSO. Throughout the experiments, the value of c was 
varied in the range of 0.1 to 1.

Table 5 presents the statistical results for PCLSO with the 
parameter c on five CEC 2013 functions (F1, F4, F8, F12, 
and F15). Among these functions, F1 is separable, F15 is 
fully inseparable, and the remaining functions are partially 
separable. Although these functions were chosen, they cover 
a wide range of testing problems, including fully separable, 
partially separable, and fully inseparable functions. Gener-
ally, partially separable and fully inseparable functions are 
challenging to tackle compared to fully separable functions. 
Most practical optimization problems are multi-modal and 
inseparable, therefore more attention should be paid to these 
kinds of functions.

It is clear from Table 5 that PCLSO has distinct per-
formance with different values of the parameters. When 
c = 0.1, PCLSO is suitable for the fully separable function 
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Fig. 8  Convergence curves of different algorithms obtained on the CEC’2013 benchmarks
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Fig. 9  Boxplot of different algorithms obtained on the CEC’2013 benchmarks
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Table 5  PCLSO on several functions in CEC’2013 test functions of 1000D with the c varying from 0.1 to 1
Function Item c=0.1 c=0.3 c=0.5 c=0.7 c=1
F1 Mean 2.27E-21 1.15E+06 8.27E+06 3.41E+06 3.45E+05

Sd. 1.37E-22 3.77E+05 2.25E+06 1.53E+06 3.87E+05
F4 Mean 5.51E+09 1.54E+10 1.65E+10 1.06E+10 1.64E+09

Sd. 8.85E+08 2.43E+09 2.62E+09 2.70E+09 5.75E+08
F8 Mean 1.30E+14 6.57E+14 5.36E+14 3.15E+14 1.01E+14

Sd. 3.40E+13 2.21E+14 2.36E+14 1.47E+14 3.13E+13
F12 Mean 1.06E+03 2.36E+05 5.77E+05 4.94E+05 4.20E+03

Sd. 5.07E+01 2.06E+05 1.24E+05 2.11E+05 4.45E+02
F15 Mean 2.57E+07 4.75E+06 5.18E+06 5.33E+06 3.88E+06

Sd. 5.98E+06 2.74E+05 3.18E+05 2.03E+05 3.03E+05

Fig. 11  Friedman rank of PCLSO 
and compared algorithms on 
CEC’2013

 

Fig. 10  Radar graph based on the 
experimental results from Fried-
man test obtained by the applied 
algorithms on CEC 2013
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4.6  Exploration and exploitation investigation for 
PCLSO

The balance between exploration and exploitation in meta-
heuristics can be assessed through various approaches, 
including the attraction basin-based measures [67]. While 
these methods provide valuable insights into search space 
topology by analyzing solution transitions between optima 
basins, they present computational challenges for large-
scale problems due to requirements for heat map calculation 
and basin boundary identification. In this study, the dimen-
sion-wise diversity measurement was employed [68] as it 
offers greater computational efficiency while maintaining 
effectiveness for tracking search behavior. This approach 
calculates the average sum distance between solutions and 
their dimensional medians, proving particularly suitable for 
comparing algorithm performance across different func-
tion types. For unimodal problems, metaheuristics should 
emphasize exploitation for rapid convergence, while multi-
modal functions require greater exploration to escape local 
optima.

The diversity used here is described by (17).

div = 1
N × D

×
D∑

d=1

N∑
n=1

|median (xd) − xn,d|� (17)

where median(xd) is the median of the dimension d of 
the entire population. xn,d represents the dimension d on 
the particle n. N denotes the size of the population, and D 
denotes the size of the problem. This calculations is per-
formed in each iteration.

The comprehensive balance response represents the 
exploration and exploitation percentages employed by a 
given MAs. The values calculated in each iteration are given 
in (18)-(19).

exploration% =
(

div

divmax

)
× 100� (18)

exploitation% =
(

|div − divmax|
divmax

)
× 100� (19)

where divmax is the maximal value of diversity obtained in 
the whole search.

To demonstrate that PCLSO can properly balance explo-
ration and exploitation, a set of experiments is performed to 
compare PCLSO on five CEC’2013 functions in regard to 
the percentage of exploration and exploitation and popula-
tion diversity. The graphical results are presented in Fig. 13.

Based on Fig. 13, it is evident that in case of F1, the pro-
posed algorithm primarily engages in exploitation behavior, 

F1 and partially separable function F12. PCLSO with c = 1 
performs better on partially separable and fully inseparable 
functions (F4, F8, and F15). However, no optimal average 
results are obtained for c = 0.3, c = 0.5, and c = 0.7. Based 
on the observations above, parameter c is set to the same 0.1 
as SLPSO.

4.5  Effects of the Collective learning and the Pulse-
stratage

In order to investigate the effectiveness of the proposed col-
lective learning and pulse-strategy, PCLSO is compared to 
the original SLPSO, an algorithm not utilizing pulse-strat-
egy (referred to as CLSO). CLSO was tested on four func-
tions from three different groups in CEC’2013, respectively, 
and the outcomes are compared with those of the standard 
PCLSO and SLPSO, as presented in Table 6. Results that 
demonstrate superiority over the others at a level of signifi-
cance of α = 0.05 are highlighted in bold.

As can be seen from Table 12, the performance on four 
functions from all three groups are improved by the col-
lective learning and pulse-strategy. The results demonstrate 
that the convergence accuracy of PCLSO is enhanced by 
both strategies.

Furthermore, the collective learning and pulse-strategy 
contribute to enhancing the algorithm’s convergence speed. 
The curves of convergence for SLPSO, CLSO, and PCLSO 
in F1, F4, F8, and F15 for all three categories of functions 
of CEC’2013 are illustrated in Fig. 12.

In Fig. 12, it is observable that PCLSO consistently 
outperforms CLSO during the convergence process. The 
combination of Fig. 12 and Table 6 makes it evident that 
PCLSO achieves not only more accurate but also faster 
convergence. This improvement is due to the utilization of 
collective learning and pulse-strategy, which accelerate the 
convergence process.

Table 6  Experimental results of of SLPSO, CLSO and PCLSO on 
selected functions
Function Item SLPSO CLSO PCLSO
F1 Mean 3.96E-14 2.73E-14 2.27E-21

Sd. 1.12E-14 5.18E-15 1.37E-22
h + + ≈

F4 Mean 1.07E+10 9.77E+09 5.51E+09
Sd. 4.76E+09 1.88E+09 8.85E+08
h ≈ + ≈

F8 Mean 3.38E+14 2.03E+14 1.30E+14
Sd. 6.95E+13 6.41E+13 3.40E+13
h + ≈ ≈

F15 Mean 6.64E+07 4.86E+07 2.57E+07
Sd. 2.38E+06 4.01E+06 5.98E+06
h + + ≈
w/t/l 4/1/0 4/1/0 0/5/0
median Friedman 2.64 2.24 1.12
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The diversity curve also exhibits a similar pattern. For 
F1, PCLSO’s diversity rapidly decreases, indicating that 
individuals in the population are inclined towards exploi-
tation. However, during the search process for F4, F8, 
F12, and F15, the diversity of the population is maintained 
to ensure the population’s ability of escaping local optima.

5  PCLSO for multiple sequence alignment

In this section, the PCLSO algorithm is being employed to 
deal with Multiple Sequence Alignment (MSA). MSA [69] 
is a fundamental technique used to align multiple biological 

which dominates the later iterations of the algorithm. In 
contrast, exploration behavior is not as prominent. For all 
types of algorithms, the exploration behavior of PCLSO 
diminishes rapidly in the middle iterations, possibly because 
of the existence of many local optima influencing the opti-
mization behavior. When all solutions converge to local 
optima regions, exploitation behavior takes precedence. 
On F4, F8, F12, and F15, due to the complexity of these 
functions, even in the later stages of the algorithm, PCLSO 
maintains a certain level of exploration behavior. This indi-
cates the algorithm is not suffering from stagnation in explo-
ration. In summary, the PCLSO demonstrates a well balance 
of exploration and exploitation behavior.

Fig. 12  Convergence process of SLPSO, CLSO and PCLSO on selected functions
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Fig. 13  Exploration and exploitation investiga-
tion for PCLSO on CEC’2013
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functions are utilized to evaluate multiple sequence align-
ment outcomes, such as Total Column (TC) and Weighted 
Sum of Pairs (WSP). The SPS scoring function can be 
expressed as (20).

SPS =
n−1∑
i=1

n∑
j=i+1

D (li, lj)� (20)

where li and lj  represent two aligned gene sequences i and 
j respectively. D is a measure of the difference between 
the two sequences. n is the number of alignments to be 
performed.

The flowchart for solving the multiple sequence align-
ment problem using metaheuristic algorithms is illustrated 
in Fig. 14.

5.2  Experiment results and analysis

In this work, alignment studies were performed on four 
sets of biological sequences obtained from the first dataset 
in the BALIBASE database. The specific information for 
these four sets of gene sequences is presented in Table 7. 
The BALIBASE database provides artificially crafted high-
quality reference standard sequences for gene 3D structure 
overlap, which are widely utilized in the field of multiple 
sequence alignment.

In the Table 7, the first column denotes sequence set 
names, while the second represents dimension of the MSA 
problem. The 3rd column, displays the range of sequence 
lengths within each group, spanning from the minimum 
to the maximum length. The fourth column presents the 
sequence identity, with higher values indicating a greater 
initial similarity among the gene sequences.

The experiment aimed to evaluate the efficiency of 
PCLSO and other compare algorithms on four sets of gene 
sequences. To ensure the reliability of the data, 30 indepen-
dent repeated experiments were conducted, each consisting 
of 200 iterations. The scoring function SPS was employed 
as the fitness function for the algorithm. The comparison 
results between the algorithms on four sequences are pre-
sented as Table 8. Additionally, Fig. 15 illustrates the con-
vergence curves during the iterations of the algorithm.

Table 8 reveals that PCLSO achieves the highest average 
scores on all four sequences, implying that PCLSO is better 
suited for training Hidden Markov Models (HMMs). The 
convergence curves on the four sequences are presented in 
Fig. 15, which indicates that PCLSO exhibits superior per-
formance as its convergence curve oscillates upward, sug-
gesting its ability to escape local optima.

sequences and ascertain their similarities and differences. 
The primary approach involves arranging three or more 
DNA or RNA sequences and comparing the bases at each 
position to determine the degree of similarity among these 
gene fragments.

5.1  PCLSO trained HMM for MSA

In order to maximize the similarity between gene sequences, 
spaces may be inserted at certain positions to ensure opti-
mal alignment. In the field of biology, multiple sequence 
alignment serves as a ubiquitous analytical tool, enabling 
the exploration of genetic variations among diverse species 
or individuals. It provides essential data for various research 
domains, including evolutionary analysis, structure predic-
tion, functional interpretation, and other pertinent investiga-
tions. Additionally, multiple sequence alignment constitutes 
a significant problem in bioinformatics and represents a 
core aspect in the realms of genomics, systems biology, and 
related fields.

However, with the continuous advancement of gene 
sequencing technologies, the length of DNA sequences in 
biological genomes has been steadily increasing, now reach-
ing several tens of thousands or even hundreds of thousands 
of base pairs. As a result, the problem of multiple sequence 
alignment (MSA) has evolved into a large-scale global opti-
mization problem. In this section, the MSA problem will be 
optimized using several common large-scale global optimi-
zation algorithms.

The MSA method based on Hidden Markov Models 
(HMM) [70] employs a specialized topology known as Pro-
file HMM, which is capable of capturing the similarities and 
differences between sequences.

Profile HMM constructs a representation by aligning 
all sequences to a template sequence of equal length, with 
each position’s amino acid or nucleotide corresponding to 
a hidden Markov model. As a result, all sequences can be 
represented as matching state sequences on this template. 
Calculating the sequence’s score on the Profile HMM 
enables comparison of similarity between sequences.

To evaluate the results of multiple sequence alignment, 
an objective function is employed for quantitative assess-
ment. The choice of scoring criteria may vary based on the 
considered factors, but the most commonly used objec-
tive function relies on the Sum of Pairs (SP) scoring. This 
method involves aggregating scores column-wise, calculat-
ing the score for each aligned column in the sequences, and 
subsequently summing these scores to obtain a total score 
known as the Sum of Pairs Score (SPS). Such an approach 
provides an intuitive representation of the alignment results’ 
quality. Apart from the SP scoring method, other objective 
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y-axis peak in the sequence logos reaches log2 4 = 2 bits, 
corresponding to the four DNA base species.

The consensus position uses symbols to convey informa-
tion: the symbol! signifies a base frequency exceeding or 
equal to 80%, ∗ implies similarity among base species, and 
a blank indicates minimal homology in all sequences at that 
position. Figures 16, 17, 18, 19 illustrate unique sequence 
features in various positions, revealing pronounced consis-
tency among specific sequences and suggesting homology 
among them.

6  Conclusion

In this paper, an efficient pulse-strategy collective learn-
ing swarm optimizer (PCLSO) is introduced for large-scale 
global optimization problems. To increase the population 
diversity and improve the convergence speed, the proposed 

The results of the PCLSO sequence alignments have 
been visualized using sequence identity maps (Figs. 16, 
17, 18,  19) in order to illustrate the degree of conserva-
tion and homology of the sequences. Due to the size of the 
sequences, aligned segments were extracted from fragments 
at the head of each sequence for visualization and analy-
sis. The sequence logos map depicts base conservation at 
each position, with the accumulation of bases reflecting 
their conservation. The size of the graphic character for a 
base is proportional to its frequency at a specific position. 
A solitary graphic character denotes high conservation. The 

Table 7  BAliBASE data sets used in experiments
Sequence name NSEQ  Dimension SEQID
kinase 5 16905 42.3
451c 5 5345 45.5
1ad2 4 13046 48.9
1hfh 5 8099 47.0
NSEQ = number of sequences, SEQID = percent residue identity

kinase 451c 1ad2 1hfh
CSO 2.110000e+02 7.875000e+02 1.067000e+03 1.137000e+03
SLPSO 2.185000e+02 8.030000e+02 1.044000e+03 1.148500e+03
EAPSO 1.815000e+02 6.875000e+02 8.830000e+02 1.005000e+03
APSO_DEE 2.055000e+02 7.765000e+02 1.028000e+02 1.097500e+03
PCLSO 2.290000e+02 8.040000e+02 1.102500e+03 1.155000e+03

Table 8  Test Results of MSA 

Fig. 14  PCLSO-MSA
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proposed PCLSO to the gene multiple sequence alignment 
problem validates its competitive performance in solving 
real-world large-scale global problems.

According to the No Free Lunch Theorem (NFL), every 
MAs has its advantages and its limitations. Despite PCL-
SO’s outstanding performance in solving LSGO problems 
and multiple sequence alignment problems, it also has some 
evident drawbacks. Like most evolutionary algorithms, the 
primary constraint of PCLSO is parameter tuning. In Sec-
tion 4.4, the optimal value for c is determined to be 0.1. 
However, this is applicable to most benchmark functions 
but not all of them. The value of c may vary for different 
problems.

In future work, the focus will be on further enhancing 
PCLSO to improve its performance in solving LSGO prob-
lems, with the aim of achieving as close as possible to global 

PCLSO employs collective learning for a better balance 
between exploration and exploitation. Furthermore, to 
enhance the convergence capabilities of the PCLSO algo-
rithm, this paper introduces a pulse strategy to deal with 
convergence stagnation. After detecting population conver-
gence, this strategy perturbs the global best particle to help 
PCLSO escape local optima. Additionally, a novel bound-
ary control strategy is designed to further boost PCLSO’s 
performance. To verify the effectiveness of the proposed 
PCLSO, it is performed against newly proposed and clas-
sical algorithms on the CEC’2010 and CEC’2013 LSGO 
test suites, including efficient PSO variants, DE variants, 
and the latest cooperative coevolutionary (CC)-based meth-
ods. Experimental results show that on most of all 35 large-
scale test functions, the PCLSO algorithm outperforms the 
compare algorithms. Furthermore, the application of the 

Fig. 15  The algorithm obtains an average score for the quality of the aligned sequences during HMM training
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Fig. 18  Sequence of 1ad2

 

Fig. 17  Sequence of 451c

 

Fig. 16  Sequence of kinase
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sive optimization problems, vol 2. Springer, Berlin

13.	 Yang Z, Tang K, Yao X (2008) Large scale evolutionary optimiza-
tion using cooperative coevolution. Inf Sci 178(15):2985–2999

14.	 Zhao S-Z, Suganthan PN, Das S (2011) Self-adaptive differential 
evolution with multi-trajectory search for large-scale optimiza-
tion. Soft Comput 15:2175–2185

15.	 Wang Z-J, Jian J-R, Zhan Z-H, Li Y, Kwong S, Zhang J 
(2022) Gene targeting differential evolution: A simple and effi-
cient method for large scale optimization. IEEE Trans Evol 
Comput 27(4):964–979

16.	 Jian J-R, Zhan Z-H, Zhang J (2020) Large-scale evolutionary 
optimization: A survey and experimental comparative study. Int 
J Mach Learn Cybern 11(3):729–745

17.	 Yi J-H, Xing L-N, Wang G-G, Dong J, Vasilakos AV, Alavi AH, 
Wang L (2020) Behavior of crossover operators in nsga-iii for 
large-scale optimization problems. Inf Sci 509:470–487

18.	 Liu R, Liu J, Li Y, Liu J (2020) A random dynamic grouping based 
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optimization problems. IEEE Signal Process Mag 32(6):31–54

20.	 Yang Z, Tang K, Yao X (2008) Multilevel cooperative coevo-
lution for large scale optimization. In: 2008 IEEE congress on 

optimal solutions. Furthermore, the proposed algorithm will 
be applied to more real-world LSGO applications. In addi-
tion, future work will investigate hybrid approaches combin-
ing the sensitivity analysis with elements of CRS-Tuning’s 
competitive evaluation and REVAC’s entropy-based sam-
pling to potentially achieve superior tuning outcomes.
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