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Abstract. Despite considerable popularity, the mechanisms that govern the be-
havior of Particle Swarm Optimization (PSO) are still a subject of rese&eh
garding communication between particles, for example, many autheesdis:
cussed the effects of swarm topology, but few have studied the dysarhtbe
information exchange among particles. In this paper we show that asymaus
update of the social attractors, which is necessary when parallel nersid®SO
are implemented, may influence the effectiveness of the algorithm. Fo dee
compare the synchronous and asynchronous variants of PSO owlarstdench-
mark. The results show that the ‘global best’ topology is sensitive to theypo
update, especially in the presence of high-dimensional search spacestrast,
sparsely-connected topologies seem to be much less sensitive tomyimation.

1 Introduction

Particle Swarm Optimization (PSO) was first introduced byedy and Eberhart in
1995 [1]. PSO searches the optima of a function (generaliydd fitness for analogy
with evolutionary algorithms) by mimicking the movementdlocks of birds in search
of food. The particles ‘fly’ over the domain of the fitness ftian of which, in each

step, the values associated with new positions of eachcfgeire computed. In the
most basic version of PSO, each time its state is updategdttiiele keeps part of its
speed (inertia), being also subject to two forces of aftvactognitive attraction draws
it towards the best position it has visited so far, while abattraction draws it towards
the best position found so far by the whole swarm. A particlabtion is therefore
represented by the following equations:

Vi(t) = wVi(t 1)

+ Oy Ry [XPP(t—1) — Xi(t — 1)
+ CoRa[X(t —1) — Xi(t — 1)] (1)
Xi(t) = wX;(t — 1) 4+ Vi(t) 2
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wherei refers to the i-th dimension of the search spacés the particle’s velocityC;
andC, are positive constants; is the coefficient of inertiaX (¢) the position, X ?* the
position with better fitness visited so far by the partici® (‘global best’) the best-
fithess point found by the entire swarm so f&f, and R, are random numbers drawn
from a uniform distribution irf0, 1]. Most of the many possible variants [2] are based
on a modified topology of the swarm [3, 4]. The most typical omglacesX 9 with
X' (‘local best’), which is defined as the best location foundssavithin a predefined
neighborhood of the particle. Further variants are basedifterent topologies of such
a neighborhood. They have been compared in [4], where rardpatogies and Von
Neumann neighborhoods are reported to yield good perfaresgmowever, in the same
paper, authors also show that the most efficient type of heidgtood is, in general,
dependent on the problem. The two algorithms termed ‘Stanedl&0’ are detailed in
[5, 6]: they use a fixed topology and a stochastic star ringltay, respectively. In
the latter, each particle ‘informs’ itself and — 1 neighbors chosen at random, while
the neighborhoods of each patrticle are initialized rangaanid are updated after each
iteration in which the global best does not improve. Sineaeghggested value fdx

is 3, the behavior and performance of this topology are viemjlar to those of a fixed
ring topology with two neighbors per particle. The referenersion we used for our

tests is the one described in [6].

Another issue which affects performance is the strategy tighnX 9° / X' are up-
dated. The ‘synchronous’ version of PSO updates the pasitid all particles in turn
in each iteration, usually called, inappropriately, a ‘getion’ for analogy with evolu-
tionary computation. The fitness values associated withéaepositions are evaluated
as well. X9/ X is updated only after the end of the current generationirigsta
details this strategy by means of pseudo-code. The ‘asgnobis’ version, instead, up-
datesX9°/ X' immediately after assessing the fitness of each partictdy that the
swarm is more readily attracted by the new optimum (seerigsiib). If the asyn-

<initialize particles' positions/velocities
<initial fitness evaluatiox
<initialize personal/global bests

for(g=0; g< genNumber; g++)
for (p=0; p< partNumber; p++)
<update the position of particlep
<re—evaluate the fitness of particlesp
<update the personal best of particte p
<update the global best

}
}

<output the global best position

(a) Asynchronous PSO

<initialize particles' positions/velocities
<initial fithesses evaluation
<initialize personal/global bests

for(g=0; g< genNumber; g++)
<update the position of all particles
<re—evaluate all fitness values
<update all personal/global bests

}

<output the global best position
(b) Synchronous PSO

Fig. 1: Pseudo-code listings for the (a) Asynchronous and (b) $gnolas PSO.



chronous version is implemented on a distributed architecthis sequential temporal
structure is lost and the update equations can be appliedytparticle at any time,
without following any specific order. Regarding the effetttat such a change might
have, results reported in [7] are particularly interestiimgsuch a paper, a genetic al-
gorithm evolves order and update rate of the particles withswarm, often achieving
better performance than standard PSO. However, the awtsmrsiotice that there are
many features and algorithm parameters, such as partialédyqwpdate rate, swarm
size, etc., that affect performance. Focusing on synchation and on convergence,
we measured the frequency with which absolute optima coailfdbnd on benchmarks
as, for example, the one described in [8]. Indeed, [3] shdwas in general, the syn-
chronous version requires a greater number of fithess di@igdo reach convergence
than the asynchronous version. However, the effect of symiation on the ability to
converge to a good solution is not discussed in that paper.

We have empirically evaluated the performance of the twirjgd, taking also into
account the particles’ topology, by applying them to twdedi#nt sequential implemen-
tations of the PSO which are based on the ‘global best’ amwéllbest’ topologies.

2 Results

The tests were performed using the Standard PSO 2006 (SPE) [B) to optimize
some of the functions included in the 2009 Black Box Optiri@aBenchmark [8], for
which the functions are described in [8, 9] and the evalugpi@mcedure in [10]. Since
we are only interested in how the performance of the algarithaffected by the update
strategy, we limited our tests to separable functions, oitlwthe PSO has generally
the best performance [11], to make results more sensitipetiormance changes and
as much independent of problem hardness as possible. Weats@lboth the ‘local
best’ and, modifying the original code, the ‘global bespdtngy setting the algorithm
parameters to the values suggested in [6].

The results (see Figure 2 and Figure 3) confirm the hypothaisest the depen-
dence of convergence speed on the update strategy. Thesgshptv the Expected
Running Time ERT) of the four variants of PSO we took into consideration on the
functions Sphere and Ellipsoid (unimodal) and Rastriginl{imodal) versus problem
size. When the size of the search space is small, there is osligte difference in
the number of evaluations after which the optimum found b@Ra&ls below the re-
quired tolerance. With ‘global best’ topology, however pasblem size increases, the
synchronous strategy becomes not only less efficient botleds effective: fewer exe-
cutions (numbers above the sym®)l are successful and more triats)(never reach
the goal; performance is similar for successful trials (sgla+). The point at which
the ERT departs from a linear trend is clearly visible.

This is most evident in the plots of the distribution of rumpitimes (see Figure 4
and Figure 5; for more details on the graphs and the evalugtiocedure from which
they are generated see [10]) that summarize the performaite four algorithms
on all functions: on the left, with problem size equal5tathe distributions are equal,
although the asynchronous version still solves one moretifum with the stricter tol-
erance (see legends). With problem size equdiOtchowever, the plots on the right



Table 1: Global success rate on the separable functions describdd/s fumber of particles;
for each problem/size pa?5 independent trials were performed, with values of problem size
DIMin (2,3, 5,10, 20, 30, 40, 50). A trial was considered successful if the distance between the

optimum found by PSO and the actual optimum of the function was lowerlah, otherwise
it was stopped without success affer10* DIM fitness evaluations.

Number of Particles SPSO2006 Sync-SPS0O2006 Async-gBestdBest-

10 + 2v/DIM 0.647 0.648 0.485 0.373
32 0.704 0.713 0.587 0.447
64 0.727 0.729 0.673 0.520
100 0.729 0.731 0.686 0.547
128 0.730 0.732 0.691 0.568

show that the synchronous PSO with fully connected topoisgyiuch less effective.
The tests were performed with relatively small swarms:daath PSO [6] suggests that
a number of particles equal tg- = 10 + 2+/D is used for problems i dimensions.

In view of designing a parallel implementation of PSO, whigiee number of par-
ticles has little influence on running time, we also evalddtew the increase in this
parameter affects PSO effectiveness, i.e. its capacitpriwarge to global optima. Ta-
ble 1 provides an overall estimate of the probability of ®ss{12], which can be used
to quantify the influence of swarm size on optimization perfance. PSO confirms to
be less sensitive to population size [3] than other metastas, but very sensitive to
the type of inter-particles communication [13].

Figure 6 finally summarizes our observations and showsftirate two topologies,
the likelihood of success changes differently with probleize for each number of
particles and update policy combination.

3 Comments

Space available for this paper does not permit to discussredions in depth. How-
ever, if equation (1) is viewed as a recombination operélt8t,[in the synchronous
global best version all solutions in the same iteration amegated from the same par-
ent (the global best), that changes only after all particieg&e moved and corresponding
fithess has been evaluated. In the asynchronous versiomybgvin the same iteration
particles are influenced by different social attractorsisThay justify what was ob-
served, since the loss of diversity reduces the explorathmlity of population-based
metaheuristics [14]. In fact, since PSO is very sensitiviofmlogy, we can infer that
diversity is better preserved if the particles interactmtsmall neighborhoods, re-
gardless of the policy update. The SPS0O2006, used in trededocal-best PSO vari-
ant, uses a random topology [15] where each particle deitisdscal attractor from a
constant number (default 3) of informants which include plaeticle itself: this actu-
ally creates a sparsely-connected network that offers geddrmance (better than the
global-best variant) even with a synchronous policy.
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Conclusions

The results suggest that postponing the update of the aitsaat the end of each gen-
eration does not undermine the effectiveness of PSO if (apparently, only if) a
sparsely-connected topology is adopted. In particulagmtine updates of attractors
are synchronized in the presence of a fully-connected tagpberformance degrades
as problem size increases, apparently because this replogektion diversity and the
search capacity of the algorithm.

As a future development of this study, we are undertakingeerpents to collect

data and statistics about swarm diversity to try and dematesthis assumption. In
doing so we are going to consider also non-separable andnigrgl, harder-to-optimize
functions, to assess possible dependence of performalscesraproblem hardness.
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Fig. 2: Expected Running Tim&RT, ®) for the PSO with ‘local best’ topology to reach the target vafug + Af, Af = 10* (k as in legends),
and meanlpgo) fithess evaluations in successful rurg {ersus problem siz&RT (Af) is equal to#FEs divided by the number of successful runs.
#FEs is the total number of fithess evaluations to regigh + Af in all (successful and unsuccessful) runs. The crossgdénote the test which have
failed in all runs. The numbers above the symi®ldenote the number of successful runs.
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Fig. 3: Expected Running Tim&RT, ®) for the PSO with ‘global best’ topology to reach the target vafug + Af, Af = 10* (k as in legends),
and meanlpg.o) fitness evaluations in successful rurg {fersus problem siz&RT(Af) is equal to#FEs divided by the number of successful runs.
#FEs is the total number of fitness evaluations to reggh + Af in all (successful and unsuccessful) runs. The crossggénote the test which have
failed in all runs. The numbers above the symi®ldenote the number of successful runs.
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Fig. 4: PSO with ‘local best’ topology. Empirical cumulative distribution (B%3) of success rate vs. running time (subplots on the left) or vs. déstanc
from the global optimum 4 f) (subplots on the right). The thickest lines denote the best results. Ssilgpidhe left: ECDF vs. number of fithess
evaluations to achieve,,. + Af (with Af = 10*, k being the first value in the legend), divided by the dimensibof the search space. Subplots
on the right: ECDF of the best f divided by10* (top left in the continuation of the subplots on the left), and bégtdivided by10~® for D, 10D,
100D fitness evaluations (from right to left, black, cyan, and magenta ploash Bair of plots (line-wise) represent a different combination of tapolo
(local/global best) and communication strategy (synchronous/asymahs update). The second value in the legends is the number of fusiitiamhich

at least one execution has been successfhilvals is the number of evaluation& or DIM the size of the search space afd or Df the distance from
the global optimum.
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