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Abstract

Biological phenomena prevalent in nature and among organisms have inspired de-
velopment of algorithms for self-organization in dynamic scenarios. The behavior of
ants has been found to particularly suit tasks such as optimization, and this has been
modeled as the class of Ant Colony Optimization (ACO) algorithms. This has primarily
been motivated by the fact that ants travelling from a source node (nest) to a destination
node (food source) deposit pheromone on the path traversed, and over time the paths tra-
versed by the ants converge to the shortest path, which represents the stabilized system
at equilibrium. Eventually, all ants end up choosing the shortest path as it has the highest
pheromone concentration.

One can analogously simulate this scenario for solving several optimization tasks,
and expect a similar behavior to eventually lead to finding an optimal path (or solution).
Though this has been the thrust of most of the ACO-based optimization approaches,
a variant called the EigenAnt has been the first to have a mathematical proof of con-
vergence. This thesis explores extensions, applications and hardware realization of the
EigenAnt algorithm to illustrate its widespread practical applicability.

The initial chapters establish the EigenAnt as an algorithm of choice for discrete and
continuous optimization tasks. There are a plethora of tasks that involve optimization.
The use of EigenAnt based approaches for these tasks helps attain better solutions to the
problems, often with lower computational cost. Applications include problems involving
the optimization of discrete variables as well as others that employ continuous valued
variables. The inferences lead to conclude that the biological phenomena of traversal
of ants indeed benefits optimization routines, irrespective of the nature of the variables
involved.

The true prospective benefits of such biologically inspired algorithms can be gauged
only when they are implemented in hardware. This enables such approaches to be run
with data generated from natural sources, which is crucial to evaluate its practical benefit.

An additional aspect that stems from hardware implementation is the choice of optimal
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design architecture in terms of design area and power consumption that would enable
these algorithms to be used efficiently despite limited precision or accuracy. Hardware
implementation imposes constraints on the algorithm that can potentially alter its be-
haviour and needs careful study. The sequel focuses on determining the effect of quanti-
zation on algorithm behavior. This is with a view to understanding the effect of precision
during floating to fixed-point conversion for hardware implementation of EigenAnt. It is
shown that for the case of the EigenAnt, a feasible architecture is possible, and the same

has been implemented on a VLSI ASIC that was fabricated in a 180 nm CMOS process.
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