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Abstract. We look at how the structure of social networks and the
nature of social interactions affect the behaviour of Particle Swarms Op-
timisers. To this end, we propose a general model of communication and
consensus which focuses on the effects of social interactions putting the
details of the dynamics and the optimum seeking behaviour of PSOs into
the background.

1 Introduction

In the standard Particle Swarms Optimiser, there are three features that bias the
particle to look in a better place: 1) the particle remembers its best position, 2) it
identifies its best neighbour, and 3) it knows that neighbour’s best position so
far. However, not all three forms are needed for good performance. For example,
in Mendes’ Fully Informed Particle Swarm (FIPS) model [1–3], the first two are
absent. However, the topology of the social network of a PSO is considered a
critical factor in determining performance.

Researchers have investigated how different topologies for the social network
affect performance [1–8]. [4]. For example, it has been reported that with uni-
modal problems a gbest topology provides better performance, while the lbest

PSO topology performs well on multimodal functions. Also, we know that with
an appropriate topology, FIPS performs significantly better than the standard
best-neighbour PSO on an array of test functions.

Albeit several lessons have been learnt in previous research on PSO social
networks, the focus has mostly been on PSO performance rather than behaviour.
However, it is clear behaviour is what matters, since performance on any partic-
ular fitness function is the result of coupling the features of that function with
the natural behaviour of that particular PSO. If the mode of exploration fits the
features of a problem, we expect good performance and vice versa.
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Although PSOs are inspired by natural swarms, shoals, flocks, etc., the social
network in a PSO has some important differences from its natural counterparts.
In particular, a particle is fully aware of what happens in its neighbourhood.
E.g., if at one iteration a particle in a neighbourhood achieves an improvement
in its personal best, by next iteration all the other particles in that neighbour-
hood will be influenced by this change of state. It is as if the new local or global
leader broadcasted its new state to the whole neighbourhood in one go. In nature
this is not possible. Very often one can acquire information only by one-to-one
interactions with another individual in the social network. So, the propagation of
information is a stochastic diffusive process, rather than a deterministic broad-
cast.

Another feature of a PSO, which is not very common in nature, is that
the best individual in the population, as long as it remains the swarm best, is
unaffected by the others. In a shoal of fish, an individual may know about the
presence of food or of a predator and act accordingly independently of other
individuals. This individual will tend to act as a leader and will be followed by
other fish. However, if, for whatever reasons, the rest of the shoal does not follow,
it stops acting as a leader and rejoins the shoal.

Most researchers consider the social network as the communication medium
through which information is exchanged. An important question is what exactly
we mean by that. Perhaps a way to understand this is to investigate the proper-
ties of social networks as systems for reaching consensus. Ultimately the social
network in a PSO is expected to get all of the particles to “agree” on where
the swarm will search. However, the process and stages through which a global
consensus is reached may be very different in PSOs using different communica-
tion topologies. For example, initially, until some form of consensus emerges, a
population will act as a set of independent individuals. In systems where only
localised interactions are possible (e.g., in a lbest-type of PSO) consensus must
emerge firstly on a local basis and then progressively at larger and larger scales.
However, when groups of individuals reach some local consensus, the group may
start showing emergent properties. To understand the behaviour of the system
as a whole it then becomes important to understand in which ways local groups
(as opposed to single individuals) interact. This is particularly important in sys-
tems and landscapes where different parts of the population can reach different
consensual decisions. If two such domains of agreement can come into contact,
can they both persist? If not, will the consensus reached in one domain invade
the other? Or, will the interaction produce a domain of a third type?

Another unnatural feature of PSOs, is that, once provided with a fitness func-
tion, they are closed systems. I.e. no external signals affect a PSO. In natural
populations and many other systems there are always external influences. For
example, in a social network of human customers or voters, individuals will in-
fluence each other and over time local or global consensus may emerge. However,
the process of consensus formation and its final outcomes may be influenced by
external factors, such as advertisements or broadcast party messages. These fac-
tors have been considered in agent-based models of customer relationship man-



agement where interactions between the social network of agents (customers)
influence the response to marketing and other business activities (e.g., see [5]).

Naturally, it would be possible to modify PSOs to incorporate these three
features: non-deterministic communication, democratic (as opposed to dictato-
rial) leaders and external influences. The question would then be, in what way
would the search behaviour of a PSO be affected?

Rather than implementing PSO variants and testing them as optimisers for
some set of functions (which we may do in future studies), we prefer to abstract
away from the particular details of the dynamics of a PSO and to model social
networks as consensus machines. In doing so we introduce approximations. So,
in a sense, our model will not represent exactly any particular PSO. However,
in return for these approximations we will gain a much deeper understanding
of the social dynamics in particle swarms for different choices of interaction
mechanisms and external influences.

The paper is organised as follows. In Section 2 we describe how we can
abstract PSOs with very simple models which put many detailed aspects of
the particle dynamics into the background. In Section 3 we consider the elitist
communication strategies used in current PSOs and model them within a more
general framework, which allows us to evaluate other, less-elitist strategies. These
models are executable and so we were able to test them. Section 4 describes the
parameters and fitness functions used in our experiments, while Section 5 reports
on some key results. These are discussed in Section 6.

2 Abstracting PSO States and State Transitions

Let us consider a standard PSO. For as long as a particle’s best and a neigh-
bourhood best do not change, the particle will swarm around the point where
the forces are zero. That is, around

x∗i =
xsi

Rmax1
+ xpi

Rmax2

Rmax1
+Rmax2

where xsi
is the ith component of the best point visited by the neighbours of

the current particle, xpi
is the ith component of its personal best, and Rmax1

and Rmax2
are the upper bounds of the intervals from which random numbers

are drawn. This means that the points sampled by the PSO will be distributed
about x∗i until a new personal best or a new neighbourhood best are found.
Because of this, on average a new personal best will tend to be found somewhere
in between xs and the old personal best. If the personal best gets closer to xs,
the new sampling distribution will progress even more towards xs.

Naturally, when the distance between x∗ and xs reduces, the variance of the
sampling distribution also reduces. This is effectively a step-size adjustment,
which may be very important for good optimisation performance. The effect
of this adjustment is that the probability of sampling the region “between” xs

and xp remains high despite this region shrinking. If we took the centre of the
sampling distribution x∗ (rather than xp) to represent the state of a particle, and



approximate the whole swarm as a set of stochastic oscillators, each centred at
its own x∗. We could then approximately model the dynamics of x∗ by imagining
that, on average, when a particle interact socially with another particle in its
neighbourhood a sort of stochastic interpolation process between the particles’
states takes place.7

A natural modelling choice for PSOs is to consider states as continuous vari-
ables which change with an interpolation rule such as

x∗new = αx∗s + (1 − α)x∗old (1)

where x∗old is the current state of a particle, x∗s is the state of the particle with
which interaction takes place (e.g., the neighbourhood best), and α is a random
variable uniformly distributed in [0, 1]. These choices seem particularly suitable
for smooth monotonic landscapes and for PSOs where velocities are limited (e.g.,
when ψ1 and ψ2 are small or friction is high). In highly multimodal landscapes
each particle’s best and, consequently x∗, may change less continuously.

To explore what happens at this other extreme of the behaviour, we idealise
the multi-modal case and imagine that only a finite number, n, of different
states x∗ are possible. State transitions can then be represented using a Markov
chain, where the entries of state transition matrix represent the probability of
x∗ moving from one state to another. The transition probabilities would have to
be such as to effectively implement a stochastic interpolation process between
x∗ and xs like the one in Equation 1.

If n is a power of two, a simple realisation of this is to represent states
in binary form. So, a generic state x could be represented as x1x2 · · ·x` (with
` = log

2
n). The interpolation process between states could then be implemented

by the replacement of one or more random bits in x∗ with corresponding bits
from xs. That is, for discrete states we could use the update rule: x∗newi

= x∗oldi

with probability β and x∗newi
= x∗si

with probability 1−β, where β is a constant.

Irrespective of the model used, we can see that state update rules have the
form x∗new = χ(x∗s , x

∗

old) where χ is a stochastic function.

In a standard PSO, and also in many natural and artificial systems, an indi-
vidual’s choice as to whom to interact with depends on quality, desirability, or,
more generally, on whatever is an appropriate measure of success for an indi-
vidual. We will just call this fitness. Without any information about the fitness
function it would be impossible to say much about the behaviour of a system.
So, even in our effort to hide the finer details of the dynamics of PSOs, we
will need to keep a notion of fitness. In particular, we will imagine that each
state, x, has an associated fitness value fx. Note that this may be distinct from
the value taken by the fitness function, f , in x (seen as a point in the search
space), f(x). For example, for standard PSOs, we could take this to be the value
of fitness associated with the current particle best, i.e. fx = f(xp), or the ex-
pected fitness value for a sampling distribution centred at x∗. In a maximisation

7 This is an approximation which is expected to be reasonably accurate if we look at
states at a suitably coarse time scale, and, of course, as long as xs remains constant.



External Input
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Fig. 1. Extended lbest social network topology.

problem, with any reasonable definition of fx, in a PSO we would expect to see
fxs

≥ fx∗
new

≥ fx∗
old

.
If we use integer states then we can represent the state-fitness function fx

as a table. For example, if the search space was one-dimensional then the table
would look like the following

x 0 1 · · · n− 1
fx f0 f1 · · · fn−1

In order to keep things simple, for our real-valued state representation we will
define fx explicitly only over a discrete lattice of points in the search space and
then use linear interpolation to construct fitness values elsewhere. This allows
us to still represent fx as a table, albeit at the cost of a reduced generality.8

3 Particle communication as it is and as it could be

We are interested in looking at current forms of inter-particle communication
in PSOs as part of a bigger family of social interactions. To allow the study of
the effects of external sources of information, noise or publicity we extended the
classical lbest ring topology as shown in Figure 1. We imagine that the external
input is simply another individual which is in the neighbourhood of every par-
ticle and which has a pre-defined and constant state xext. Naturally, we don’t
necessarily want the external input to act at all times and for all individuals at
the same time. So we model the effect of the external input using a probabilis-
tic update rule: x∗new = χ(xs, x

∗

old) with probability γ, and x∗new = χ(xext, x
∗

old)
with probability 1 − γ, where γ is a constant controlling the intensity of the
action of the external input. When γ = 0 the system is again a closed system.

As we mentioned in Section 1, we want to study the effects of reducing the
ability of individuals to perceive the state of their neighbourhood. This implies
that it is possible for them to decide to have social interactions with individuals
other than the neighbourhood best. We do this by defining a stochastic social-
selection function σ which, given the states x1, x2, etc. of the individuals in

8 PSOs and other rank based optimisers behave identically on any pair of isomorphic
landscapes f and g such that for every pair of points x and y, f(x) > f(y) if and
only if g(x) > g(y). So, fine details on the shapes of landscapes are often not very
important.



the neighbourhood returns one of such states. For a standard PSO we have
σ(x1, x2, · · · ) = argmax

x∈{x1,x2,··· }f(x). Naturally, this form of selection function
guarantees that, if an individual is the neighbourhood best, the state of that
individual will always be returned by σ. Since the state update functions χ
defined above are such that χ(x, x) = x, in these circumstances

x∗new = χ(σ(· · · , x∗old, · · · ), x
∗

old) = χ(x∗old, x
∗

old) = x∗old

which guarantees that neighbourhood-best individuals are not affected by state
updates.

To explore what happens at the other extreme of the spectrum, while still
favouring social interactions with above average fitness individuals, we intro-
duce another version of σ where the value returned is the result of a binary
tournament. That is, we draw (with repetition) two random states from the set
of neighbouring states {x1, x2, · · · }. Out of these two, we then return the state
with higher fitness. That is

σ(x1, x2, · · · ) =

{

x′ if f(x′) > f(x′′)

x′′ otherwise
(2)

where x′ and x′′ are two randomly (and uniformly) chosen states from the set
{x1, x2, · · · }. With this social-selection rule the neighbourhood best individual
can still be required to interact with some individuals other than itself. This
means that its state may change and it may no longer remain a leader forever.
Unlike the standard PSO, this leadership change can happen even if an individual
with a better state has not been found in the neighbourhood.

4 Experimental Setup

The models described in the previous section are executable models. Once a
fitness table fx, the size of the population and the structure of the social network
are defined, it is possible to iterate the state update and inter-particle interaction
rules for as many iterations (generations) as desired. The objective of running
these models, however, is not to see how well the population can locate global
optima. Rather, we want to see the different qualitative behaviours the different
types of social interactions and states can provide.

For this study we decided to keep the search space one-dimensional. Both
for the integer state representation and the real-valued representation we used
numbers in the range [0,7]. For the integer representation n = 8, so we used ` = 3
bits. We used populations of P = 80 individuals (we chose a relatively large
population because this slows down all transients, making it possible to better
see the phenomena we are interested in). Runs lasted for 200 generations. In the
initial generation, binary individuals were given random states. (Since there are
only 8 possible states, with a population of 80, in virtually all runs, all states
had non-zero frequency). In the case of the real-valued representation,to ensure
a wide spread, we randomly initialised individuals by drawing states without



replacement from the set
{

7×i
79

}79

i=0
= {0, 7/79, 14/79, . . . , 7}. With our choice

of fitness functions (see below), these initialisation strategies virtually guarantee
that the global optimum is always represented in the initial population. This puts
the search for optima in the background, allowing us to focus on the dynamics
of information flows and on consensus/group formation and stability.

We considered lbest-type (ring) topologies for the social network. However,
we tested values for the neighbourhood radius r in the set {1, 2, 3, 4, 5, 10, 20, 40},
thereby going from the most extreme form of local interaction to a gbest-type
of topology (with P = 80, an lbest topology with r = 40 is a fully connected
network).

We tested applying the external input at probabilities of
γ ∈ {0, 0.01, 0.03, 0.05, 0.1, 0.2, 0.5, 1} (per individual). When γ > 0, in both
binary and real-valued state representations, we tested two different values (2
and 7) for xext. We tested both the deterministic social-selection strategy (typical
of PSOs) and the probabilistic one based on tournaments. In the binary represen-
tation, social interaction occur by randomly exchanging bits with a probability
of β = 0.5 (per bit).

For all settings we tested the six fitness functions shown in Table 1.
Combined together the experimental settings described above produce over

3,000 conditions. In each condition, we gathered statistics over 200 independent
runs of the model, for a total of over 600,000 runs. Due to space limitations, we
are able to report only a tiny subset of our experimental results here. However,
a fuller set of results is provided online in [6].

5 Results

For each of the settings described in the previous section, we did both single runs
and multiple runs to assemble statistically reliable state histograms. The single
runs are represented by 3–D plots of the state of each individual in the population
in each generation. (For space limitations here we do not show any such runs,
but in [6] we plots 144 of them.) The state histograms represent the average
behaviour of the system over 200 independent runs. These are also represented
by 3–D plots, but this time they represent how the proportion of individuals in
each particular state changed over time (so the topological organisation of the
individuals is not represented). In these plots the x axis represent the generation
number, the y axis the state and the z axis the proportion of individuals in that
state at that generation. For binary states only 8 different states are possible and
so we collected statistics for all of them. For maximum comparability, for the
continuous representation, we divided the state space into 8 bins, centred at 0, 1,
2, 3, 4, 5, 6 and 7. States were associated to the nearest bin. (As a consequence,
in the initial generation bins 0 and 7 have only half the number of samples of
other bins.)

As shown in Figure 2, with a real-valued representation, deterministic com-
munication and in the absence of exogenous inputs, the model behaves (as ex-
pected) like a PSO. The only difference between the small neighbourhood (r = 1)



Table 1. Fitness functions used in this study.

Fitness values

Function f0 f1 f2 f3 f4 f5 f6 f7 Description

flat 1 1 1 1 1 1 1 1 a base line case that reveals the natural biases
associated with the social interactions

linear 1 2 3 4 5 6 7 8 a function where different states are associated
with different fitness, and where individuals that
are neighbours in state space have similar fitness

twopeaks 8 4 4 4 4 4 4 8 a function with two symmetric peaks at opposite
extremes of the state space embedded in a flat
landscape that is useful to study the stability of
consensus domains

nondeceptive 8 2 2 2 2 2 2 7 a function almost identical to twopeak, but where
one peak is actually a local optimum, which pro-
vides a comparative basis for other functions

deceptive
(binary)

8 2 2 4 2 4 4 7 a function with the same optima as nondeceptive,
but where the neighbours of the optima in state
space have different fitness, which allows us to
show why the consensus reached by the popula-
tion may be counterintuitive

deceptive
(float)

8 2 2 2 4 4 4 7 see binary deceptive fitness function

trap 8 1 2 3 4 5 6 7 a variant of linear where the global optimum is in
the area of the search space with the lowest fit-
ness and all gradient information points towards
the local optimum, thereby making the problem
very deceptive

case, shown in Figure 2, and other cases is the speed at which a steady state
is reached. Note: there are dynamics in the system even on a flat landscape. In
particular, the interactions produce an implicit bias towards the average state
value (3.5) (Figure 2 top left). The model produces a distribution which is very
similar to the bell-shaped sampling distribution obtained in real PSOs when xs

and xp are kept constant [7], which corroborates the approach. Note that this
bias can be masked by the presence of fitness gradients, but cannot be removed.

In addition, we can see that local optima have an effect, with initially a
part of the population (except for a fully connected swarm, r = 40) forming
a consensus towards exploring them (Figure 2 middle right, bottom left and
right). This slows down convergence to the global optimum. This effect, however,
does not simply depend on local optima, but is also markedly influenced by the
fitness of neighbouring individuals. This is a form of deception. The deception
is only partial since, with real-valued states and deterministic communication,
eventually all individuals settle for the highest fitness state. If we change the
social-selection strategy to tournaments (cf. Equation 2), however, we see that
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Fig. 2. State evolution histograms for the real-valued model with deterministic com-
munication, r = 1 and no external input, for the 6 fitness functions used in our study.

the deceptive pressure can become predominant and force the population towards
a suboptimal state, as shown in Figure 3. Even with bigger neighbourhoods the
swarm will be deceived in these conditions. The only difference is that with
more global communication the algorithm settles for some neighbour of the local
optimum, due to the implicit bias of the interaction mechanism discussed above
(see Figure 4). Interestingly, a form of deception has been recently reported in
real PSOs [8, 9], which again corroborates our model.

The injection of an external input xext = 2 with a very low probability
(γ = 0.03) has a clear impact on behaviour. Except for flat, for the functions
we considered x = 2 is not a desirable state. So, this input can be considered as
publicity for a suboptimal product (state). We can see the effects of exogenous
inputs by considering the flat fitness case. What happens in this case, is that the
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Fig. 3. State evolution histograms for the real-valued model with probabilistic commu-
nication, r = 1 and no external input, for the deceptive (left) and trap (right) functions.
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Fig. 4. As Figure 3 but for r = 40.
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Fig. 5. State evolution histograms for the real-valued model with deterministic (left)
and probabilistic (right) communication (r = 1, xext = 2, γ = 0.1, and fx =twopeaks).



population initially moves towards the natural fixed-point state (3.5), but later
on, with the reiterated introduction of spurious states, eventually converges to
state 2. This bias cannot be completely eliminated in non-flat landscapes, and
it can cause, for example, the breaking of symmetries, as shown in Figure 5 left,
or even the convergence to a low-fitness state, as shown in Figure 5 right.

6 Discussion

We have proposed a simplified but general model of communication and con-
sensus dynamics in PSOs. The model was specifically designed to look at how
the structure of the social network and the nature of the social interactions af-
fect the behaviour of these systems. So, we made an effort to conceal as much
as possible of the implementation details, of the dynamics and of the optimum
seeking behaviour of PSOs.

Models are useful tools to understand systems, but, except for very simple
systems, no model can tell everything there is to know. That is, every model
will make it easy to answer certain questions, and hard or impossible to answer
different questions. That is why it is important to build models starting from
different points of view. For PSOs, nothing can replace dynamical system models
of PSOs [10]. However, these models become immensely complex and are difficult
to study unless one makes simplifications. It is not easy to imagine how one could,
for example, incorporate different topologies, different fitness functions, etc. in
such models and still be able to get qualitative answers, without approximations.

The objective of our model is not to replace the dynamical systems approach.
It is to complement it. The model focuses on social interactions, not fine details
of the dynamics. So, there will be surely many things that this model cannot
capture. In return, however, the model makes it easier to ask and get answers
to other questions.

With all models, they are only as good as the predictions and understanding
they can produce. These need to be checked against empirical data for fur-
ther corroboration. The model has already provided new insights into particle
swarms. For example, it has highlighted how the swarm consensus can be de-
ceived away from the optimal state and how exogenous sources of influence can
break symmetries, modify natural search biases and even lead the PSO to com-
pletely ignore fitness. Some of its predictions match results obtained by other
means. Other predictions will need to be checked by implementing and testing
new PSOs, e.g., PSOs with non-deterministic communication and PSOs with
external inputs.

The model includes the forms of communication currently implemented in
PSOs, but it is significantly more general. As a result, we believe that this model
and our results may be applicable to natural and artificial systems other than
just particle swarms (e.g., social networks of customers). We will explore this in
future research.
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