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Abstract-In this paper, the performance of a modified
dynamic multi-swarm particle swarm optimizer
(DMS-PSO) on the set of benchmark functions
provided by CEC2005 is reported. Different from the
existing multi-swarm PSOs and local versions of PSO,

the swarms are dynamic and the swarms’ size is small.

The whole population is divided into many small
swarms, these swarms are regrouped frequently by
using various regrouping schedules and information
is exchanged among the swarms. The Quasi-Newton
method is combined to improve its local search
ability.

1 Introduction

Particle swarm optimizer (PSO), emulates flocking
behavior of birds to solve the optimization problems, is
introduced by Kennedy and Eberhart in 1995 [1][2].

Many optimization problems could be expressed as
Min f(x),x =[x,%,,...,%p]

where D is the number of the parameters to be optimized.
In PSO, each potential solution is regarded as a
particle. All particles have fitness values and velocities.
The particles fly through the D dimensional problem
space by learning from the historical information of all
the particles. Using the useful information collected in
the search process, the particles have a tendency to fly
towards better search area over the course of search
process. The velocity ¥ and position X;* updates of "
dimension of the i™ particle are presented below:

Ve =w*V +c *randl? * (pbest’ - X,)

+c, *rand2,” *(gbest’ —x.") )
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X =X 4V? )
where ¢; and c¢; are the acceleration constants, randl g

and rand2{ are two uniformly distributed random
numbers in the range [0,1]. X, =(x/ Xx?,.,Xx") isthe
position of the i particle;
pbest, = (pbest,, pbest’,..., pbest”) is the best previous
position yielding the best fitness value pbest; for the i
particle; gbest =(gbest', ghest’,...,gbest”) is the best
position discovered by the whole population;
V, = v2,..,v") represents the rate of the position
change (velocity) for particle i. w is the inertia weight
used to balance between the global and local search
abilities.

In the PSO domain, there are two main variants:
global PSO and local PSO. In the local version of PSO,
each particle’s velocity is adjusted according to its
personal best and the best performance achieved so far
within its neighborhood instead of learning from the
personal best and the best position achieved so far by the
whole population in the global version. The velocity

updating equation becomes:
Ve =wxV? +c *randl? *(pbest’ — X,)
+c, *rand2,” *(lbest’ —x,") 3)

where  lbest, = (Ibest!,Ibest?,...,Ibest”) is the best

position achieved within its neighborhood.

Focusing on improving the local version of PSO,
different neighborhood structures are proposed and
discussed [3][4][5][6](7]- Except these local PSO
variants, some variants that use multi-swarm [8],
subpopulation [9] can also be included in the local
version PSOs if we treat the sub-groups as special
neighborhood structures. In the existing local versions of
PSO with different neighborhood structures and the
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multi-swarm PSOs, the swarms are predefined or
dynamically adjusted according to the distance. Hence,
the freedom of the swarms is limited. In [10], we
proposed a dynamic multi-swarm particle swarm
optimizer (DMS-PSO) whose neighborhood topology is
dynamic and randomly assigned. DMS-PSO gives a
better performance on multimodal problems than some
other PSO variants, but the local search performance is
not so good. In this paper, we improved this DMS-PSO
by combining a classic local search algorithm,
Quasi-Newton method, and test this improved DMS-PSO
on the 10-D test functions provided in CEC2005

real-parameter optimization special session.

2 DMS-PSO with Local Search

The dynamic multi-swarm particle swarm optimizer
is constructed based on the local version of PSO with a
new neighborhood topology. Many existing evolutionary
algorithms prefer larger population, while PSO needs a
comparatively smaller population size. A population with
three to five particles can achieve satisfactory results for
simple problems. And from many reported results on the
version of PSO [3][4], PSO with

neighborhoods performs better on complex problems.

local small

Hence, In order to slow down the population’s
convergence velocity and increase diversity and achieve
better results on multimodal problems, in the DMS-PSO,
small neighborhoods are used. The population is divided
into small sized swarms. Each swarm uses its own
members to search for better area in the search space.
Since the small sized swarms are searching using
their own best historical information, they are easy to
converge to a local optimum because of PSO’s
convergence property. In order to avoid it becomes a
co-evolutionary PSO with these swarms searching in
parallel, we must allow information exchange among the
swarms. And in the information exchange schedule, we
want to keep more information including the good ones
and the not so good ones to add the varieties of the
particles and achieve larger diversity. So a randomized
regrouping schedule is introduced to make the particles
have a dynamic changing neighborhood structures. Every
R generations, the population is regrouped randomly and
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starts searching using a new configuration of small
swarms. Here R is called regrouping period. In this way,
the information obtained by each swarm is exchanged
among the swarms. Simultaneously the diversity of the
population is increased. The new neighborhood structure
has more freedom when compared with the classical
neighborhood structure. It is not surprising that it
performs better on complex multimodal problems.

For example, suppose we have three swarms with
three particles in each swarm. First, the nine particles are
divided into three swarms randomly. Then the three
swarms use their own particles to search for better
solutions. In this period, they may converge to near a
local optimum. Then the whole population is regrouped
into new swarms. The new swarms begin their search.
This process is continued until a stop criterion is satisfied.
With the randomly regrouping schedule, particles from
different swarms are grouped in a new configuration so
that each small swarms search space is enlarged and
better solutions are possible to be found by the new small

swarms. This procedure is shown in Figure 1.
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Figure 1. DMS-PSO’s Search

In this paper, we introduce two concepts to modify
the DMS-PSO for seeking better performance. In steady
just use the basic updating equation, when updating the
positions of the particles, half of the dimensions are kept
the same as its best historical position, pbest, to make
better use of the particles’ historical information to
improve its global search ability.

A larger diversity and a faster convergence velocity
are always a trade-off problem. Since we achieve a larger
diversity using DMS-PSO, at the same time, we lose the
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fast convergence velocity. In order to alleviate this

weakness and give a better search in the better local areas,

a local search is added into DMS-PSO:

1) Every L generations, sort the groups according to
their fitness value and refine the /best of the best
25% groups using the Quasi-Newton method.

2) In the end of the search, the best solution achieved
so far is refined using Quasi-Newton method
Combining with the local search schedule, the

DMS-PSO is modified to DMS-PSO with local search

(DMS-L-PSO). In our algorithm, in order to constrain the

particles within the range, we calculate the fitness value

of a particle and update its pbest only if the particle is in
the range. Since all exemplars are within the range, the
particle will eventually return to the search range.

The flowchart of DMS-L-PSO is given in Figure 2.

m: Each swarm’s population size

n: Swarms’ number

R: Regrouping period

L: local refining period

L_FEs: Max FEs using in the local search

Max_FEs: Max fitness evaluations, stop criterion

Initialize m *n particles (position and velocity)

Divide the population into » swarms randomly, with m
particles in each swarm.

FEs=0; gen=0

While FEs < 0.95*Max_FEs
gen=gen+1;
For i=1:m*n
Find [lbest,
For d=1:D
If rand<0.5

Ve =wxV +c *randl? *(pbest? - X,)
+c, *rand2” *(lbest? - x")

v = min(max(V;, V2, ). Vi)

ax

Xid =X,~d +I/,~d
Else
X/ = pbest?
End
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End

If X; G[ijn’Xmax]D

Calculate the fitness value
FEs= FEs+1
Update pbest
End
End

If mod (gen, Ly==0,
Sort the lbest according to their fitness value and
refine the first |’o,25n'| best [lbest using
Quasi-Newton method.
FEs = FEs+[0.25n|*L_FEs
Update the corresponding pbest

End

If mod (gen, R)==0,

Regroup the swarms randomly,
End
End

Refine the best solution achieved so far using
Quasi-Newton method with 0.05*Max_FEs fitness
evaluations.

Figure 2. DMS-L-PSO

3 Experiments

The new proposed set of test problems includes
twenty-five functions with different problems, and five of
them are unimodal problems and other twenty are
multimodal problems. Experiments are conducted on
the all the twenty 10-D and first 20 30-D problems. To
solving these test functions, swarms’ number is set at 20,
each swarm’s population size is 3. Hence, the
population size is 60. @ =0.729, c;=c,=1.49445, R=10,
L=100, L FEs=200. Max_FEs is set at 100,000 for
10-D and 300,000 for 30-D. Vmax restricts particles’
velocities, where Vmax is equal to 20% of the search
range.

For each function, the DMS-L-PSO with the local
search is run 25 times. Best functions error values
achieved when FEs=le+3, FEs=le+4, FEs=le+5, best
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