
Description of Genetic Algorithm Processes

Introduction
What Are Genetic Algorithms?

An algorithm is a prescribed set of instructions or steps that lead to a solution of a problem.  A recipe for making a cake is an example of an algorithm, and so is the method you use to sort a stack of numbered papers.

In computer science, a genetic algorithm is a technique that takes concepts from the biological theory of evolution and applies them to problem solving.
Why Are Genetic Algorithms Used?
There exist problems of such complexity that not even computers can directly compute the solutions.  They are difficult because their solutions are dependent on many variables, and this creates a large search space.  Even with the fastest computers, some of these problems would take many lifetimes to solve if the algorithm were to exhaustively search all of the possible solutions.
Genetic algorithms are one of the tools that computer scientists use to solve these problems which are categorized as optimization and decision problems.
Throughout this document, the optimization problem entitled “The Knapsack Problem” will be used to illustrate key points.  In this problem, the program is given a number of objects with different values and weights.  The goal is to place any number of objects in a knapsack without exceeding a weight limit while still maximizing the total value of the objects.
How Do Genetic Algorithms Function?
Genetic algorithms work by borrowing concepts from the biological theory of evolution.  In genetic algorithms, candidate solutions can be thought of as individuals or creatures in a population.  Time is simulated by repeatedly creating new generations of individuals, and this is done with the goal being that the individuals (solutions) will become better according to their environment (problem).

The remaining sections of this document will describe the steps involved in a genetic algorithm.  The main steps include initialization, evaluation, and evolution.
The Process
Initialization
The first and most important step in a genetic algorithm is determining a representation for the individuals.  This representation, also known as the chromosome of an individual, is crucial to genetic algorithms because a chromosome sequence is an abstraction of a solution.  Chromosomes need to be defined carefully to include every candidate solution in the search space, but they also need to omit irrelevant aspects that may unnecessarily increase the complexity.
Figure 1 illustrates a variety of representations of individuals.  Figure 1.a is a common binary chromosome, 1.b is an integer chromosome, and 1.c is a floating-point or real number chromosome.
Figure 1: Chromosomes
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The Knapsack Problem is best represented by a binary chromosome as in Figure 1.a.  The length of the chromosome is equal to the number of objects available, and the value of each parameter indicates whether an object is included in the knapsack (1 for included and 0 for excluded).
Initialization is completed by creating a population of individuals in the computer program.  The parameters of the chromosomes can be randomly generated or specified as desired.  Once a population has been created, the next step is evaluation.
Evaluation

Before beginning the evolutionary process, the fitness of the newly created individuals in the population must be evaluated.  From the biological theory of evolution, an individual’s fitness determines its prosperity.  In genetic algorithms, an individual’s fitness determines the number of children it’s likely to generate.

Figure 2 shows a fitness landscape and the goal evolution of an individual.  Higher vertical positions have greater fitness, and any point along the surface of the landscape may be thought of as a candidate solution.
Figure 2: Fitness Landscape1
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In the Knapsack Problem, one way of determining the fitness of individuals is to “reward” it for the total value of its objects and to “punish” it for exceeding the weight limit.
The fitness function is as critical as the chromosome definition.  It must identify the characteristics that compose a good solution so that it may reward or punish individuals accordingly.
With a population initialized and its individuals’ fitness evaluated, the evolutionary process may begin.

Evolution
The evolutionary process step is composed of four minor stages:  selection, reproduction, evaluation, and survival selection.  These minor stages are performed in order and repeat until some termination condition is met.  One loop of these minor stages is considered a generation, so the evolutionary process can be thought of as a simulation of a large number of generations.

1. Selection

Using the most recent fitness evaluation of the individuals, calculations will be performed to determine how many children each individual should generate:  higher fitness individuals are allowed more offspring than lower fitness individuals.  In this stage, calculations are usually probabilistic, so it is more accurate to say it’s an expected number of children rather than a guaranteed number of children.
2. Reproduction
In this stage, the genetic algorithm generates children using the current population as a base.  The goal is to generate children that are modified in some way from the parents’ chromosomes while not entirely destroying them.  Many methods exist, but two main ones are recombination and mutation.
Figure 3 is an example of recombination using one-point crossover.  Two parents swap sections of their chromosomes, resulting in children similar yet distinct from the parents.

Figure 3: Recombination using crossover
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Figure 4 is an example of mutation.  A copy of the parent’s chromosome is made for the child, and then sections of it are modified randomly at a certain rate.
Figure 4: Mutation
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There are benefits to both methods, and one does not prevent the other from being implemented concurrently.
In the Knapsack problem, both recombination and mutation are useful, but mutation may prove more effective.  Mutation on a binary sequence would equate to adding or removing an object in the knapsack, and one object can mean all the difference in that problem.

3. Evaluation

This stage is identical to the main evaluation step except the algorithm evaluates the fitness of the new children rather than the main population.  Using the same fitness function as before, this stage provides stages-to-come with vital fitness information on the child population.

 4. Survival Selection

The final stage of the evolutionary process involves deciding which individuals in the current population and the new child population will survive to form the next generation’s population.  One popular method of survival selection involves choosing the fittest from both pools of individuals and discarding the rest.  Another method ignores parents altogether by consistently replacing them with the children.
At this point, the termination condition is checked.  If it is satisfied, the algorithm is finished, and the final population represents the evolved solutions to the problem.  If the criterion is not satisfied, the process repeats at stage 1 again.
Conclusion
How Necessary Is A Genetic Algorithm?
Genetic algorithms are effective problem-solvers because of the evolution step.  The theory that good genetic material will survive and prosper allows them to solve nearly any kind of search problem.  But genetic algorithms are like the Jack-of-All-Trades and Master-of-None because they may take days to complete sometimes.  There is usually an algorithm that uses heuristics for the same problem but is remarkably faster to find solutions.  When designing an algorithm to solve a problem, this should be considered before choosing to use a genetic algorithm.

What Is The Best Method?
Genetic algorithms can be unruly as well.  With so many design decisions in representation, fitness evaluation, selection and reproduction schemes, there are a lot of factors that determine the performance of a genetic algorithm.  There may be problems of premature convergence, abnormal fitness landscapes, and populations sticking on suboptimal peaks, and the only way of fixing it is to tweak the properties or methods in the genetic algorithms.  There is never one best way to do recombination, mutation, selection, or even calculate fitness.  One evolution does not always provide results that meet expectations.
Other Thoughts
The use of the theory of evolution in genetic algorithms suggests nothing other than the fact that it is a useful tool for finding solutions to problems. It is in no way proof or evidence supporting Darwin’s theory.

Algorithm – a method of solving a particular problem


Computer science – the study of computer technology, software, and information processing


Search space – the entirety of possible solutions—correct or not—that are defined by the problem


Optimization problem – a type of problem in which the solution will be the best of all possible solutions (i.e. designing a more efficient aerodynamic form)


Decision problem – a type of problem in which a solution is either correct or not (i.e. determining if a number is prime)





Individual – the idea of an arbitrary thing being a solution to the problem


Chromosome – a set of parameters or variables that specify the characteristics of an individual


Population – a collection of individuals


Note:  Population size is traditionally held constant:  for every new individual, there must be another that perishes





Fitness – a measure of the quality of an individual or how well it solves the problem


Fitness landscape – a correlation of each candidate solution and its fitness over the entire search space


1 Wilke, C. "Fitness Landscape." 2001. Online image. 7 February 2007. <http://en.wikipedia.org/ wiki/Image:Fitness-landscape-cartoon.png>.


Fitness function – a calculation that determines the quality of an individual


Note:  Evaluating fitness in some problems, such as genetic algorithms creating art, is difficult (or impossible) because of the humanistic nature of the problem.  Receiving input from humans may often be the only work-around in situations like these.


Generation – an iteration through the evolutionary process, or more precisely, a loop through the four minor steps





Children – the next-generation individuals derived in some way from the current generation’s individuals


Note:  Because most implementations use a constant population size, the selection stage needs to consider how many children each individual generates proportionally so that the number of children equals the original population size.


Recombination – a method of producing offspring involving more than one parent, and sections of chromosomes are usually preserved


Mutation – a method of producing offspring where sections of chromosomes may be altered randomly





Note:  The reproduction operators like recombination and mutation have a dramatic impact on the performance of the genetic algorithm.  Recognizing which ones to use and how to use them is as much an art as it is a science.


Termination condition – a test for completion of the genetic algorithm—usually meeting a minimum number of generations or reaching a fitness goal
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Heuristic – a smart algorithm that uses advanced knowledge of its problem domain to perform much more efficiently


Premature convergence – a population composed of mainly one chromosome sequence so that there is no diversity
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