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Pattern Recognition &
Optimisation

These two things tend to come up a lot when we 
think of what we would like to be able to do with 
software, but usually can’t do.
But these are things that seems to be done very 
well indeed in Biology.
So it seems like a good idea to study how these 
things are done in biology – i.e. (usually) how 
computation is done by biological machines



Optimization, but How?



How Biology Optimizes?
We wish to design something – we want the best 
possible (or, at least a very good) design.
The set S is the set of all possible designs. It is always 
much too large to search through this set one by one, 
however we want to find good examples in S.

In nature, this problem seems to be solved wonderfully 
well, again and again and again, by evolution
Nature has designed millions of extremely complex 
machines, each almost ideal for their tasks (assuming an 
environment that doesn’t go haywire), using evolution 
as the only mechanism.



Swarm Intelligence

Swarm Intelligence
How do swarms of birds, fish, etc … manage to move 

so well as a unit? How do ants manage to find the best 
sources of food in their environment? Answers to these 
questions have led to some very powerful new 
optimisation methods, that are different to EAs. These 
include Ant Colony Optimisation, and Particle Swarm 
Optimisation.

Also, only by studying how real swarms work are
we able to simulate realistic swarming behaviour (e.g. as 
done in Jurassic Park, Finding Nemo, etc …) 



Evolutionary Computation Algorithms

1. Initialize the population
2. Calculate the fitness of each individual in the
population
3. Reproduce selected individuals to form a new
population
4. Perform evolutionary operations such as crossover and
mutation on the population
5. Loop to step 2 until some condition is met



Evolutionary Computation Paradigms

Genetic algorithms (GAs) - John Holland
Evolutionary programming (EP) - Larry Fogel
Evolution strategies (ES) - I. Rechenberg
Genetic programming (GP) - John Koza
Particle swarm optimization (PSO) - Kennedy & 
Eberhart (1995)



SWARMS

Coherence without 
choreography
Particle swarms; “.. 
behavior of a single 
organism in a swarm is 
often insignificant but 
their collective and social  
behavior is of paramount 
importance”





Intelligent Swarm
A population of interacting individuals that optimizes a 
function or goal by collectively adapting to the local 
and/or global environment
Swarm intelligence ≅ collective adaptation

A “swarm” is an apparently disorganized collection 
(population) of moving individuals that tend to cluster 
together while each individual seems to be moving in a 
random direction
We also use “swarm” to describe a certain family of 
social processes



Introduction to Particle Swarm 
Optimization (PSO)

A concept for optimizing nonlinear functions..
Has roots in artificial life and evolutionary 
computation
Developed by Kennedy and Eberhart (1995)
Simple in concept
Easy to implement
Computationally efficient
Effective on a variety of problems



Evolution of PSO Concept and
Paradigm

Discovered through simplified social model simulation
Related to bird flocking, fish schooling, and swarming 
theory
Related to evolutionary computation; some similarities 
to genetic algorithms and evolution strategies
Kennedy developed the “cornfield vector” for birds 
seeking food
Bird flock became a swarm
Expanded to multidimensional search
Incorporated acceleration by distance
Paradigm simplified



Features of Particle Swarm
Optimization

Population initialized by assigning random 
positions and velocities; particles representing 
the potential solutions are then flown through 
hyperspace.
Each particle keeps track of its “best” (highest 
fitness) position in hyperspace.
This is called “pbest” for an individual particle
It is called “gbest” for the best in the population
At each time step, each particle stochastically 
accelerates toward its pbest and gbest (or lbest).



Particle Swarm Optimization Process

1. Initialize population in hyperspace.
2. Evaluate fitness of individual particles.
3. Modify velocities based on previous best and 

global (or neighborhood) best.
4. Terminate on some condition.
5. Go to step 2.
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PSO Velocity Update Equations

Basic version:

where d is the dimension, c1 and c2 
are positive constants,rand and 
Rand are random functions, and w is 
the inertia weight.
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Basic PSO (bPSO)
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bPSO ..
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MD PSO Algorithm

Instead of operating at a fixed dimension N, the MD 
PSO algorithm is designed to seek both positional and 
dimensional optima within a dimension range, 
(Dmin<N<Dmax). 
In order to accomplish this, each particle has two sets 
of components, each of which has been subjected to 
two independent and consecutive processes. The first 
one is a regular positional PSO, i.e. the traditional 
velocity updates and due positional shifts in N
dimensional search (solution) space. The second one is 
a dimensional PSO, which allows the particle to 
navigate through dimensions. 

maxmin DND ≤≤



MD PSO Algorithm (2)

Accordingly, each particle keeps track of its last 
position, velocity and personal best position 
(pbest) in a particular dimension so that when it 
re-visits that the same dimension at a later time, 
it can perform its regular “positional” fly using 
this information. 
The dimensional PSO process of each particle 
may then move the particle to another dimension 
where it will remember its positional status and 
keep “flying” within the positional PSO process 
in this dimension, and so on. 



MD PSO Algorithm (3)
The swarm, on the other hand, keeps track of the gbest
particles in all dimensions, each of which respectively 
indicates the best (global) position so far achieved and 
can thus be used in the regular velocity update equation 
for that dimension. 
Similarly the dimensional PSO process of each particle 
uses its personal best dimension in which the personal 
best fitness score has so far been achieved. 
Finally, the swarm keeps track of the global best 
dimension, dbest, among all the personal best 
dimensions. 
The gbest particle in dbest dimension represents the 
optimum solution and dimension, respectively.



MD PSO Algorithm (4)



MD PSO Algorithm (5)



MD PSO Algorithm (6)





Fractional GB formation (FGBF) 

Fractional GB formation (FGBF) is designed to avoid 
the premature convergence by providing a significant 
diversity obtained from a proper fusion of the swarm’s 
best components (the individual dimension(s) of the 
current position of each particle in the swarm). At each 
iteration in a bPSO process, an artificial GB particle 
(aGB) is (fractionally) formed by selecting the most 
promising (or simply the best) particle (dimensional) 
components from the entire swarm. 



FGBF (2)
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FGBF (3)
Therefore, especially during the initial steps, the FGBF can be and 
most of the time, is a better alternative than the native gbest particle 
since it has the advantage of assessing each dimension of every 
particle in the swarm individually, and forming the aGB particle 
fractionally by using the most promising (or simply the best) 
components among them. 
This process naturally uses the available diversity among individual 
dimensional components and thus it can prevent swarm from 
trapping in local optima due to its ongoing and ever-varying FGBF 
operations. It maintains ongoing transitions (changes) towards the 
next (and better) aGB particle. 
At each iteration FGBF is performed after the assignment of the 
swarm’s gbest particle (i.e. performed between steps 3.2 and 3.3 in 
the pseudo-code of bPSO) and the best one between the two will be 
the GB particle, which is used in swarm’s velocity updates. In other 
words, the swarm will be guided only by the best (winner) GB 
particle at any time. Such a competitive GB selection is repeated 
each time a better aGB and/or gbest particle is obtained. 



FGBF in MD PSO



Experimental Results
1- Function Minimization





















Data Clustering














