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Particle Swarm Optimization

Particle Swarm Optimization (PSO) applies concept of social interaction
to problem solving.

It was developed in 1995 by James Kennedy and Russ Eberhart [kennedy,

J. and Eberhart, R. (1995) ProcéeBirgs dftheclb9% IEEBEN@tarnatior@lCobnferamce ant i o n
Neural Networks, pp. 1942-1948, IEEE Press.] ( )

It has been applied successfully to a wide variety of search and
optimization problems.

In PSO, a swarm of n individuals communicate either directly or
Indirectly with one another search directions (gradients).

PSO is a simple but powerful search technique.


http://dsp.jpl.nasa.gov/members/payman/swarm/kennedy95-ijcnn.pdf
http://dsp.jpl.nasa.gov/members/payman/swarm/kennedy95-ijcnn.pdf
http://dsp.jpl.nasa.gov/members/payman/swarm/kennedy95-ijcnn.pdf

Particle Swarm Optimization - 2

A Evolunary computation

A Similar to GA (starts with a population of randomly
generated solution)

A Unlike GA, each potential solution, called particle, is
assigned a random velocity a
solution space

A Each particle keeps track of the coordinates of associated
to the best solution it has found so far (pbest).

A In addition, it keeps record also of the best solution
achieved so far by any of the particles in its neighborhood
(Ibest or gbest)



Particle Swarm Optimization:Swarm Search

In PSO, particles never die!

Particles can be seen as simple agents that fly through the search

space and record (and possibly communicate) the best solution that

they have discovered.

So the question now 1 s, NHow does
the search space to another ?0

This is done by simply adding the velocity to the x-vector to get an
updated version

X;(t)=x(t-1)+v, (1)



PSO: the algorithm

A Initialize a population of particles with random position and
velocities in d dimensions

A For each particle, evaluate the fitness
A Compare particle fitness with its pbest. If larger pbest=fit,(t)

A Compare particle fitness with global best. If larger
gbest=fit(t)

A Change velocity of the particle according to:
Vig (1) =Vig(t-1)+cl* rand* ( py —Xq ) +C2* rand* (g4 —Xq)

A Update velocity according to:
X;(t)=x(t-1)+v, (1)

A Repeat the procedure until convergence or maximum
iterations



Particle Swarm Optimization: Swarm Types

A'ﬂhispaper,[Kennedy, J. (1997), @AThe Particl

Knowl edgedo, Proceedings of the 1997 I nterna
Computation, pp. 303-308, IEEE Press.]

A Kennedy identifies 4 types of PSO based on c1 and

c2.
A Given:
Vig (1) =V, (t=1)+cl* rand* ( py — X4 ) +C€2* rand* (g, —X;4)
I Full Model (901, @2 > 0)
i Cognition Only (91 >0 and ¢2 =0),
I Social Only (pl=0and ¢2>0)
|

- Selfless (p1 =0, @2 >0,and g #1)



Particle Swarm Optimization: Related Issues

A There are a number of related issues concerning PSO:
I Controlling velocities (determining the best value for V. _,),
i Swarm Size,
I Neighborhood Size,
.
|

Updating X and Velocity Vectors,
Robust Settings for (c1 and c2)
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Particle Swarm: Controlling Velocities

When using PSO, it is possible for the magnitude of the velocities to become
very large.

For this reason, velocities are bounded and a maximum absolute value is set.

V. determines the resolution with which regions between the present position
and the best solution are searched.

V .« 100 high — particles may fly past good solutions
V .« 100 low — particles may not explore sufficiently beyond local optima

Two methods were developed for controlling the growth of velocities:
I A dynamically adjusted inertia factor, and
I A constriction coefficient.



Particle Swarm Optimization: The Inertia Factor

Larger V,,,, facilitates global exploration, smaller V., local exploitation

The concept of inertia weight was introduced to control the balance between
exploration and exploitation

Theoretically, no need for V.,

When the inertia factor is used, the equation for updating velocities is changed
to:

Vig(t)=o(t)* viy(t=1)+cl* rand* ( py — Xq ) +C2* rand* (g, —Xiy)

A Where o is initialized to 1.0 and is gradually reduced over time (measured by
cycles through the algorithm).

A For practical reasons, evenifV,,candét be completely el
it is set to the dynamical range of the var.
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PSQ: acceleration constants

A Acceleration constants (c1 and c2) represent the weights of
the stochastic acceleration terms

A Low values allow particles to roam far from best solutions
before being pushed back

A High values result in abrupt movement towards or past
target regions.

A For many applications, a value of 2 for both is usually good
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Particle Swarm Optimization:Swarm and Neighborhood Size

Two possible implementations of PSO: local and global

|l n |l ocal, particles have I nformation
than of the entire population

Instead of moving towards a stochastic average of pbest and gbest, they move
towards pbest and Ibest.

Neighbors are defined topologically not based on the solution space
If neighborhood size =2, particle i compares its fitness with (i-1) and (i+1)

Concerning the swarm size for PSO, as with other ECs there is a trade-off
between solution quality and cost (in terms of function evaluations).

It is reported that when using local neighborhood, a neighborhood size of
approx. 15% or the particles provides good results.



Particle Swarm Optimization: Swarm Topology

A In PSO, there have been two basic topologies used in the literature
I Ring Topology (neighborhood of 3)
I Star Topology (global neighborhood)




Particle Swarm Optimization: Particle Update
Methods

A There are two ways that
particles can be updated:

I Synchronously

I Asynchronously

A Asynchronous update allows for
newly discovered solutions to be
used more quickly




Binary PSO

A As was presented now, PSO works for optimization of real-
valued parameters

A It can be slightly modified to cope with binary based vectors
Vig (1) = o(t)* v,y (t—=1)+cl* rand* ( py — X4 )+C2* rand* (g4 —Xi4)

A Distance of each bit to the corresponding bit in personal or
global best can take 3 values only:
I -1if py=1and x,=0
I 0if py and x4 are either both 1 or both O
I 1if p4=0 and x=1
A When multiplied by constants and after considering inertia
velocity is still a real valued vector



Binary PSO
A Probability threshold

1 0.9r
) e ;
A Generate random value r in [0.1]

&

A If S(v)>r flip the bit, else keep the bit >
as itis.
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Example I:
Real valued-PSO for warping of
chromatographic data



