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Abstract- The desire for optimality is inherent for humans. The search for extremes inspires mountaineers, scientists and 
mathematicians. A practical mathematical theory of optimization is developed since the sixties when computers became 
available. Every new generation of computers allows for attacking new types of problems and calls for new methods. The 
goal of the theory is the creation of reliable methods to catch the extreme of a function by an intelligent arrangement of its 
evaluations. This theory is vitally important for modern engineering and planning that incorporate optimization at every 
step of the complicated decision making process. Computational intelligence is a set of Nature-inspired computational 
methodologies. It plays a very important role in optimizing all the real time applications. In this paper, a study is made to 
understand how well these techniques can be used in optimizing the financial derivatives. 
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I. INTRODUCTION 

THE word optimum originates from the Latin word “optimus” which means “best, very good”. Optimization is 
the science of making the best possible decision. Optimization is normally done based on some decision variables. 
The best possible values for the decision variables need to be determined based on some objective. The objective 
can be minimized or maximized depending upon some constraints. A pre requisite for using optimization models is 
that the objective and constraints can be expressed quantitatively using mathematical functions. 

Optimization is used in a large number of economic and technical application areas. Optimization is a 
multidisciplinary field. The use of optimization in practice generally generates large models with many variables 
and constraints and large sets of input data. With the tremendous development of computer science, today it is 
possible to solve these models using different computing approaches.Optimization problems divide into two 
categories: one with continuous variables and the second one, with discrete variables. In the continuous problems, 
we deal with a set of real numbers or functions, in the discrete or combinatorial problems we deal with an object 
from large finite set. These two kinds of problems have quite different flavors and solution is quite divergent.  

Computational intelligence (CI) is a set of Nature-inspired computational methodologies and approaches to 
address complex problems of the real world applications to which traditional methodologies and approaches are 
ineffective or infeasible.(Wlodzislaw Duch,2007) It primarily includes Fuzzy logic systems, Neural Networks and 
Evolutionary Computation. In addition, CI also embraces techniques that stem from the above three or gravitate 
around one or more of them, such as Swarm intelligence and artificial immune systems which can be seen as a part 
of Evolutionary Computation.  
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In artificial intelligence, an evolutionary algorithm (EA) is a subset of evolutionary computation, a generic 
population-based metaheuristic optimization algorithm. An EA uses some mechanisms inspired by biological 
evolution: reproduction, mutation, recombination, and selection. Evolution of the population takes place after the 
repeated application of the above operators. Artificial Evolution (AE) describes a process involving individual 
evolutionary algorithms; EAs are individual components that participate in an Artificial Evolution. 

The rest of the paper is organized as follows.Classification of different computational intelligence is discussed in 
the next section.The detailed of Swarm Intelligence is discussed in section III. Fourth Section focusses on Ant colony 
optimization for Financial Derivatives. Concluding remarks are given in section IV. 

II.CLASSIFICATION 

Classification of optimization techniques is listed below. This classification is done based on a few  constraints such 
as  global or local, convex or non-convex, unconstrained/box-constrained or other special-case constraints, Special 
classes of functions (linear, nonlinear), Differentiable or non-differentiable functions, Gradient-based or derivative-
free algorithms. (D. Nagesh Kumar, 2010) 

• Linear programming: studies the case in which the objective function f is linear and the set A is specified 
using only linear equalities and inequalities. (A is the design variable space) 

• Integer programming: studies linear programs in which some or all variables are constrained to take on 
integer values. 

• Quadratic programming: allows the objective function to have quadratic terms, while the set A must be 
specified with linear equalities and inequalities  

• Nonlinear programming: studies the general case in which the objective function or the constraints or both 
contain nonlinear parts. 

• Stochastic programming: studies the case in which some of the constraints depend on random variables. 

• Dynamic programming: studies the case in which the optimization strategy is based on splitting the 
problem into smaller sub-problems. 

• Combinatorial optimization: is concerned with problems where the set of feasible solutions is discrete or 
can be reduced to a discrete one. 

• Infinite-dimensional optimization: studies the case when the set of feasible solutions is a subset of an 
infinite-dimensional space, such as a space of functions. 

• Constraint satisfaction: studies the case in which the objective function constant (this is used in artificial 
intelligence, particularly in automated reasoning). 

o Artificial neural networks:Computational model that is inspired by the structure and functional 
aspects of biological neural networks.  

o Hill climbing: it is a graph search algorithm where the current path is extended with a successor 
node which is closer to the solution than the end of the current path. 

o Simulated Annealing:The name and inspiration come from annealing process in metallurgy, a 
technique involving heating and controlled coolingof a material to increase the size of its crystals 
and reduce their defects. 

o A genetic algorithm (GA) is a local search technique used to find approximate solutions to 
optimization and search problems 

o Swarm Intelligence:Swarm Intelligence (SI) is the property of a system whereby the collective 
behaviors of (unsophisticated) agents interacting locally with their environment cause coherent 
functional global patterns to emerge. 
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This paper focusses mainly on constraint satisfaction optimization techniques. Under this category main 
emphasis is given on Swarm Intelligence. 

Many real-world problems are too complex to be modeled 
optimization is a powerful tool to determine optimal system settings. Traditional optimization methods have been 
unable to cope with the complexities of many real
techniques have proven to be highly useful. This study describes how soft computing techniques can be successfully 
used to optimize some specific real time applications. (Anna Persson et al., 2008).Real
nonlinearities, combinatorial relationships and uncertainties that are too complex to be modeled analytically. In 
these scenarios, simulation-based optimization (SO) is a powerful tool to determine optimal system settings (April et 
al., 2004). Evolutionary algorithms (
highly useful in simulation based optimization of complex problems. Although EAs (like other metaheuristic 
algorithms) do not guarantee to find the global optimum, they efficiently f
preferable solution is not necessarily the global optimum, but one that is robust and whose performance does not 
change much in the presence of uncertainties (Lim et al., 2005).

In simple hill climbing, the neare
compared and the closest to the solution is chosen. Both forms fail if there is no closer node. This may happen if 
there are local maxima in the search space which are not solut
intelligence fields, for reaching a goal state from a starting node. Choice of next node/ starting node can be varied to 
give a number of related algorithms. 

 

In the above convex surface graph, 
global maximum. (AlexandreTemporel et al., 2003)

Simulated annealing (SA) is a generic probabilistic metaheuristic for the global optimization problem of locating 
a good approximation to the global optimum of a given function in a large search space. It is often used when the 
search space is discrete (e.g., all tours that visit a given set of cities). For certain problems, simulated annealing may 
be more efficient than exhaustive enumeration, provided that the goal is merely to find an acceptably good solution 
in a fixed amount of time, rather than the best possible solution.
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focusses mainly on constraint satisfaction optimization techniques. Under this category main 
emphasis is given on Swarm Intelligence.  

world problems are too complex to be modeled analytically. In these scenarios simulation
optimization is a powerful tool to determine optimal system settings. Traditional optimization methods have been 
unable to cope with the complexities of many real-world problems. However simulation and soft
techniques have proven to be highly useful. This study describes how soft computing techniques can be successfully 
used to optimize some specific real time applications. (Anna Persson et al., 2008).Real-world problems often contain 

s, combinatorial relationships and uncertainties that are too complex to be modeled analytically. In 
based optimization (SO) is a powerful tool to determine optimal system settings (April et 

al., 2004). Evolutionary algorithms (EAs) using mechanisms inspired by biological evolution, have proven to be 
highly useful in simulation based optimization of complex problems. Although EAs (like other metaheuristic 
algorithms) do not guarantee to find the global optimum, they efficiently find sub-optimal solutions. In practice, the 
preferable solution is not necessarily the global optimum, but one that is robust and whose performance does not 
change much in the presence of uncertainties (Lim et al., 2005). 

In simple hill climbing, the nearest node is chosen whereas in steepest ascent hill climbing, all successors are 
compared and the closest to the solution is chosen. Both forms fail if there is no closer node. This may happen if 
there are local maxima in the search space which are not solutions. Hill climbing is used widely in artificial 
intelligence fields, for reaching a goal state from a starting node. Choice of next node/ starting node can be varied to 
give a number of related algorithms.  

 

 
 
 
 
 

In the above convex surface graph, hill-climbing algorithm is well-suited for optimizing and will converge to the 
global maximum. (AlexandreTemporel et al., 2003) 

Simulated annealing (SA) is a generic probabilistic metaheuristic for the global optimization problem of locating 
mation to the global optimum of a given function in a large search space. It is often used when the 

search space is discrete (e.g., all tours that visit a given set of cities). For certain problems, simulated annealing may 
enumeration, provided that the goal is merely to find an acceptably good solution 

in a fixed amount of time, rather than the best possible solution.(Dimitris Bertsimas et al., 1993).
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The name and inspiration come from annealing process in metallurgy, a technique involving heating and 
controlled cooling of a material to increase the size of its crystals and reduce their defects. The heat causes the atoms 
to become unstuck from their initial positions (a local minimum of the internal energy) and wander randomly 
through states of higher energy; The slow cooling gives them more chances of finding configurations with lower 
internal energy than the initial one. In the simulated annealing method, each point of the search space is compared to 
a state of some physical system, and the function to be minimized is interpreted as the internal energy of the system 
in that state. Therefore the goal is to bring the system, from an arbitrary initial state, to a state with the minimum 
possible energy.PengTian et al., (1998) focused on the generation mechanism of random permutation solutions. 
They investigated the application of the Simulated Annealing (SA) algorithm to the combinatorial optimization 
problems with permutation property. They introduced six types of perturbation schemes for generating random 
permutation solutions. 

Genetic algorithms are a particular class of evolutionary algorithms that use techniques inspired by evolutionary 
biology such as inheritance, mutation, selection, and crossover. Genetic algorithms are typically implemented as a 
computer simulation, in which a population of abstract representations of candidate solutions to an optimization 
problem evolves toward better solutions. The evolution starts from a population of completely random individuals 
and occurs in generations. In each generation, the fitness of the whole population is evaluated, multiple individuals 
are stochastically selected from the current population (based on their fitness), and modified (mutated or 
recombined) to form a new population. The new population is then used in the next iteration of the algorithm. 

Evolutionary algorithms refer to Evolutionary computational models using randomness and genetic inspired 
operations. They involve selection, recombination, random variation and competition of the individuals in a 
population of adequately represented potential solutions. Genetic Algorithms represent main paradigm of 
Evolutionary Computation. Genetic algorithms simulate natural evolution. It mimics the processes used by the 
nature (Mohammed Alhanjouri and BelalAlfarra, 2004) It simulates the survival of the fittest among individuals 
over consecutive generation for solving a problem.Genetic algorithms do not scale well with complexity. That is, 
where the number of elements which are exposed to mutation is large there is often an exponential increase in search 
space size. This makes it extremely difficult to use the technique on problems such as designing an engine, a house 
or plane. In order to make such problems tractable to evolutionary search, they must be broken down into the 
simplest representation possible.In many problems, GAs may have a tendency to converge towards local optima or 
even arbitrary points rather than the global optimum of the problem. This means that it does not "know how" to 
sacrifice short-term fitness to gain longer-term fitness. The likelihood of this occurring depends on the shape of the 
fitness landscape: certain problems may provide an easy ascent towards a global optimum; others may make it easier 
for the function to find the local optima. 

 

III. SWARM INTELLIGENCE 

A long time ago, people discovered the variety of the interesting insect or animal behaviors in the nature. A flock 
of birds sweeps across the sky. A group of ants forages for food. A school of fish swims, turns, flees together etc.We 
call this kind of aggregate motion swarm behavior. Recently biologists and computer scientists in the field of 
artificial life have studied how to model biological swarms to understand how such social animal interact, achieve 
goals, and evolve. Kassabalidis et al., (2001) have presented an overview of swarm intelligence applied to network 
routing. Inherent properties of swarm intelligence as observed in nature include: massive system scalability, 
emergent behavior and intelligence from low complexity local interactions, autonomy, and stigmergy, or 
communication through the environment. These properties are desirable for many types of networks. Swarm 
intelligence based approaches hold great promise for solving numerous problems of ad-hoc power aware networks. 
Swarm intelligence however is a new field and much work remains to be done. Comparison of the performance of 
swarm-based algorithms has been done by emulation. Analytic proof and models of the swarm-based algorithm 
performance remain topics of ongoing research. 

By following other fishes, a fish can always find food at a place where there are a lots of food, hence generally 
the more food, the more fish. According to this phenomenon, Artificial Fish Schooling Algorithm builds some 
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artificial fish (AF), which search an optimal solution in solution space (the environment in which Artificial Fish 
live) by imitating fish swarm behavior.(Yun Cai,2010)  

Three basic behaviors of AF are defined as follows: 

Prey: The fish perceives the concentration of food in water to determine the movement by vision or sense and then 
chooses the tendency. 

Swarm: The fish will assemble in groups naturally in the moving process, which is a kind of living habits in order to 
guarantee the existence of the colony and avoid dangers. 

Follow: In the moving process of the fish swarm, when a single fish or several fish find food, the neighborhood 
partners will trail and reach the food quickly. 

Analog integrated circuit (IC) design is a challenging process which involves the characterization of complex 
tradeoffs between nonlinear objectives and also satisfying required constraints. Those Objectives are comprised of 
design parameters which are ideally accepted as variables and optimum solution set is searched. However, as the 
circuit complexity increases the search space expands such that obtaining the optimal combination of design 
parameters by hand becomes a time consuming and unaffordable process. Considering CMOS IC design process, 
there are several relations that should hold between length, width and width/length ratios of MOS transistors to 
ensure that the search space is smooth and the optimization process is reliable. R.A. Vural and T. Yildirim,(2012), in 
their paper  have explained the efficient Swarm Intelligence optimal sizing of analog integrated circuits with high 
optimization ability in short computational time. 

Ajith Abraham et al., (2006), in his paper introduced some of the theoretical foundations of swarm intelligence. 
They focused on the design and implementation of the Particle Swarm Optimization (PSO) and Ant Colony 
Optimization (ACO) algorithms for various types of function optimization problems, real world applications and 
data mining.  

Advantages of SI: 

Scalability: SI systems are highly scalable; their impressive abilities are generally maintained when using groups 
ranging from just sufficiently few individuals up to millions of individuals. In other words, the control mechanisms 
used in SI systems are not too dependent on swarm size, as long as it is not too small.  

Adaptability: SI Systems respond well to rapidly changing environments, making use of their inherit auto-
configuration and self-organization capabilities. This allows them to autonomously adapt their individuals’ behavior 
to the external environment dynamically on the run-time, with substantial flexibility. 

Collective Robustness: SI Systems are robust as they collectively work without central control, and there is no single 
individual crucial for the swarm to continue to function (due to the redundancy of their individuals). In other words, 
the fault-tolerance capability of SI systems is remarkably high, since these systems have no single point of failure. A 
single point of failure is a part of any system that puts the entire system into risk of a complete failure, if it ceased to 
function. 

Individual Simplicity: SI systems consist of a number of simple individuals with fairly limited capabilities on their 
own, yet the simple behavioral rules at the individual level are practically sufficient to cooperatively emerge a 
sophisticated group behavior. 

 

Ant Colony Optimization: 

The basic way of working of an ACO algorithm is graphically shown in above fig. Given a Combinatorial 
Optimization problem to be solved, one first has to derive a finite set of solution components which are used to 
assemble solutions to the given problem.Second, one has to define a set of pheromone values t.  This set of values is 
commonly called the pheromone model, which is seen from a technical point of view, a parameterized probabilistic 
model. The pheromone model is one of the central components of the ACO metaheuristic. The pheromone model is 
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used to probabilistically generate solutions to the problem under consideration by assembling them from the set of 
solution components. In general, the ACO approach attempts to solve an optimization problem by iterating the 
following two steps. (Christian Blum,2005) 

• Candidate solutions are constructed using a pheromone model, that is, a parameterized probability distribution over 
the solution space; 

• The candidate solutions are used to modify the pheromone values in a way that is deemed to bias future sampling 
toward high quality solutions.  

Pheromone evaporation rate is a key parameter in the convergence process, because it controls the trade-off 
between path-exploration of new (and hopefully better) paths and path-exploitation of the already established path. 
Therefore, in the field of artificial ant colony optimization, it is a common practice to set the pheromone evaporation 
to a sufficiently short time-scale (S. Goss et al., 1989), This allows artificial ant colonies to favor the forgetting of 
errors (or bad choices) done in the past to allow a continuous improvement of the learned problem (M. Dorigo and 
T. Stützle, 2004). It also helps artificial ant colonies to avoid being trapped on a suboptimal solution and to reduce 
the risk of possibly getting stuck in local optima – one of the major concerns of optimization problems. In fact, the 
pheromone evaporation rate is an interesting example where there is a clear difference between real and artificial 
ants. The pheromone update aims to concentrate the search in regions of the search space containing high quality 
solutions. In particular, the reinforcement of solution components depending on the solution quality is an important 
ingredient of ACO algorithms. It implicitly assumes that good solutions consist of good solution components. To 
learn which components contribute to good solutions can help assembling them into better solutions. 

III. ANT COLONY OPTIMIZATION FOR FINANCIAL DERIVATIVES 

YeshwanthUdayshankar et al., (2009) stressed the need of ACO for financial applications. ACO resembles the 
real market in many ways (Table I).The ants are basically agents of an investor.  

 

    Ant Colony Optimization Financial Applications 

Meta heuristic search technique. Investors look for best time to buy or sell. 

Based on the collective behaviour of decentralized 

ants. 

Based on the collective behaviour of decentralized 

traders, investors etc. 

No centralized control structure. No central control among investors. 

Local interactions between agents lead to the 

emergence of global behaviour. 

Interaction between investors leads to emergence of 

market behaviour. 

The agents follow very simple rules which lead to very 

complex algorithms at the global level. 

Investors follow simple rules that lead to complex 

nature for the financial market. 

 

The area the ants searches for food is considered the solution space for the options. In option pricing, the final 
price of the option at the time of expiry is affected by volatility and time period along with other factors. In ACO 
volatility influences the area where ants can travel while time period influences the distance the ants can travel. So 
similar to the real market, more volatility and time period encourages the ants to explore more areas and as a result 
better results can be achieved. Master-slave implementations have been extensively used to design parallel ACOs. 
The model provides an easy and effective way to take benefit of the additional processing power of parallel 
computers for solving complex problems. Many proposals have used the coarse-grain sub model, since it supplies a 
conceptually simple schema that achieves good speedup and scalability behavior. The medium-grain sub model was 
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incorporated in the taxonomy in order to include those works that propose a divide
master-slave parallelization. The first proposals of fine
of communications required, so innovative implementations were devised in order to overcome this problem by 
exploiting fast communication paradigms such as shared memory parallel architectures. (Martín Pedemonte et al., 
2011)  

 

ACO advantages: 

1. Inherent parallelism  
2. Positive Feedback accounts for rapid discovery of good solutions
3. Efficient for Traveling Salesman Problem and simila
4. Can be used in dynamic applications.(V.Selvi et al.,2010)
 

ACO Pseudo code: 

 

 

Basic Flow of the algorithm: 
• Represent the solution space by a construction graph.
• Set ACO parameters and initialize pheromone trails
• Generate ant solutions from each ant‘s walk on the construction graph mediated by pheromone trails.
• Update pheromone intensities. 
• Go to third step, and repeat until convergence or termination conditions are met.
 
 
Fundamental mathematical derivation:

In any network, a set of artificial ants are simulated from a source to thedestination. The forward ants are 
selecting the next node randomly for the first time taking the information from the source and the ants who are 
successful in reaching the destination are updating the pheromone deposit at the edges visited by them by an amount 
(C/L), where ‘L’ is the total path length of the ant and C a constant value that is adjusted according to the 
experimental conditions to the optimum value. The next set of the

Computational intelligence approaches and Evolutionary algorithms: A Studyfor 

/IJAEST/V1N2:83-91 ©IJAEST                                                   
 

incorporated in the taxonomy in order to include those works that propose a divide-and
slave parallelization. The first proposals of fine-grain models showed poor efficiency due to the large amount 

of communications required, so innovative implementations were devised in order to overcome this problem by 
on paradigms such as shared memory parallel architectures. (Martín Pedemonte et al., 

2. Positive Feedback accounts for rapid discovery of good solutions 
3. Efficient for Traveling Salesman Problem and similar problems 
4. Can be used in dynamic applications.(V.Selvi et al.,2010) 

 

Represent the solution space by a construction graph. 
Set ACO parameters and initialize pheromone trails 

each ant‘s walk on the construction graph mediated by pheromone trails.

Go to third step, and repeat until convergence or termination conditions are met. 

Fundamental mathematical derivation:- 
In any network, a set of artificial ants are simulated from a source to thedestination. The forward ants are 

selecting the next node randomly for the first time taking the information from the source and the ants who are 
ion are updating the pheromone deposit at the edges visited by them by an amount 

(C/L), where ‘L’ is the total path length of the ant and C a constant value that is adjusted according to the 
experimental conditions to the optimum value. The next set of the ants can now learn from the pheromone deposit 

89 
Computational intelligence approaches and Evolutionary algorithms: A Studyfor 

    

and-conquer like approach for 
grain models showed poor efficiency due to the large amount 

of communications required, so innovative implementations were devised in order to overcome this problem by 
on paradigms such as shared memory parallel architectures. (Martín Pedemonte et al., 

each ant‘s walk on the construction graph mediated by pheromone trails. 

In any network, a set of artificial ants are simulated from a source to thedestination. The forward ants are 
selecting the next node randomly for the first time taking the information from the source and the ants who are 

ion are updating the pheromone deposit at the edges visited by them by an amount 
(C/L), where ‘L’ is the total path length of the ant and C a constant value that is adjusted according to the 

ants can now learn from the pheromone deposit 



  
IJAEST,Volume1,Number 2  

Vijayalaxmi et al. 
 

ISSN: 2319 – 1120 /IJAEST/V1N2:83-91 ©IJAEST                                                               
 

feedback left by the previously visited successful ants and will be guided to follow the shortest path. (Yan Zhao, Bin 
Zhong,2011)   

 
 
The probability of selecting a node j from node iis given by 
     
  pij = τij

α . Ƞij
ß 

             ∑ Γij
α .Ƞij

ß 
(If a link exists between nodes i and j) 
or 
pij = 0,  (If there is no link between nodes i and j ) 
 
 

Where, pij is the probability of selecting a node i from node j, τij is the pheromone associated with the path 
joining node i and node j, ὴij=(1/ dij), where dij is the distance between the nodes i and j and α and  ß are parameters 
that controls the relative importance of thePheromone versus the heuristic information = ὴij. 

 
The main characteristics of the ACO are, after each iteration, the pheromone values are updated by all the 

number of ants that have reached to the destination successfully and found a solution in the iteration itself. The 
pheromone value Γijwhile travelling from node i to node j is updated as follows: 

 m 
  τij = (1-ρ). τij+ ∑  ∆ τij

k , 
  i=1 

Where ρ is the evaporation rate, m is the total number of successful ants and ∆ τij is the quantity of pheromone 
laid on edge (i,j) by an ant k.  

 
Ant Colony Optimization has been researched for and applied to some core areas of Computer Science and other 

disciplines of Engineering because of ant’s natural ability to go from their starting point to their destination with the 
most limited amount of cost. It exploits an optimization mechanism for solving discrete optimization problems in 
various engineering domain. From the early nineties, when the first Ant Colony Optimization algorithm was 
proposed, ACO attracted the attention of increasing numbers of researchers and many successful applications are 
now available. Moreover, a substantial corpus of theoretical results is becoming available that provides useful 
guidelines to researchers and practitioners in further applications of ACO. 

  

IV.CONCLUSION 

In this study, the main concepts of optimization techniques are presented, with a particular focus on SI and ACO. 
It was very interesting to learn how astoundingly-intelligent the social collective behavior of swarms in nature, and 
see how amazing is it to uncover some of nature‘s secrets, as well as realize how knowledge from different 
disciplines can actually work in harmony together, and practically be used in computer science and beyond. 
Different SI-based computational models are fast-growing, as they are generally computationally inexpensive, 
robust and simple. Knowledge can be captured and incorporated in the optimization algorithms. A human expert 
may have extensive knowledge valuable for the optimization, and incorporating this knowledge in the optimization 
strategy may be a way to obtain faster optimization results. 
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