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Abstract 

Nature is replete with examples where individual organisms perform distributed 
simple actions, that cooperatively lead to complex emergent phenomena. The 
flocking of birds, sorting of broods in colonies, herding, bacterial growth, and 
fish schooling are examples of such emergent phenomena. For example, to forage 
food, ants form a trail on the shortest known path. This optimization is achieved 
by using only indirect communication and local information, without explicit 
knowledge of the path lengths, and in the absence of any centralized command 
and control. Understanding the trail formation behaviour of ants is interesting 
as it may allow us to address other complex optimization and distributed control 
problems. 

What is also interesting is that ants are not always able to form a trail on 
the shortest path known to the colony. This is because of an initial preference or 
`bias' that develops in favour of longer paths discovered earlier. This initial bias 
prevents ant inspired algorithms from reaching the optimal solution. In this the-
sis, the first problem we address is the effect of the initial bias on the probability 
of trail formation on the optimal path. We relate the ant trail formation process 
to the Generalized Polya Urn problem, and derive explicit analytical results for 
the trail formation process. Specifically, we derive the pheromone distribution 
on equal length paths at any later time, and using the derived distribution, we 
derive the probability of convergence to a path. 

We propose a method to incorporate the effect of path lengths on the trail 
formation process. Given the initial biases and lengths of available paths, we 
derive the resulting pheromone distribution at any later time. This probability 
is used to quantize the amount of bias on long paths, that can be reverted on 
account of the shortness of the optimal path. We show that beyond a threshold 
bias on long paths, the shortness of the optimal path alone will not suffice to 
bring the colony out of convergence to a suboptimal path. 

We incorporate the effect of evaporation, and demonstrate its effect on the 
probability of convergence to the optimal path. We show that a mechanism such 
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as evaporation that removes pheromone from paths, can increase the probability 
of convergence to the optimal path, but this increase may not be enough to bring 
the system out of premature convergence to a sub-optimal path. 

We propose a novel biologically inspired pheromone update rule that guar-
antees convergence to the optimal path. We prove that this update rule will 
cause the pheromone distribution to favour the shortest path irrespective of ini-
tial biases, problem structure, or explicit knowledge of good solutions. We also 
prove that this equilibrium is not a static one; if a shorter path is discovered, the 
entire colony will shift to it. We show that a family of variant rules also have 
similar properties. 

Most optimization problems do not map to independent paths; rather they 
map to a graph topology with non-disjoint paths where edge weights correspond 
to solution costs. In a general graph based problem, overlapping edges may be 
present between paths. This results in non-uniform pheromone concentration 
across its length. We give the equivalent update rule for general graph based 
problems, and prove that asymptotically, the pheromone distribution will con-
centrate on the shortest path amongst the set of paths in a graph. 

In many applications, it is desirable to choose several short paths instead 
of a single shortest path. For instance, to avoid congestion in network routing 
applications, to forage from multiple food sources, and to introduce redundancy 
in a system. We propose a novel ant pheromone update rule that asymptotically 
aligns the pheromone distribution with M shortest paths instead of a single 
shortest path. 

Motivated by our novel pheromone rule, we propose a dynamic routing 
algorithm and assess its performance under different load and network conditions. 
Finally, we conclude with some observations and suggestions for future work. 
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