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This report describes in detail how the Genetic Algorithm will be implemented in the GA Server part of the Chicken Walker Project.  Algorithms for Selection, Crossover and Mutation are given in pseudocode.
1 Introduction
A Genetic Algorithm is used to design the artificial neural network controller for the Chicken Walker robot.  Evolutionary methods were chosen for this task because the complexity of the problem makes it too difficult to hand-craft the controller.  Genetic algorithms, although most often used in optimization problems, are ideally suited to adaptive systems such as this where there is no well defined optimal solution – instead, open ended evolution allows the complexity of the solution to grow as required.  SAGA [1] (Species Adaptation Genetic Algorithms) are used because they offer a way to implement variable length genotypes, as opposed to standard GAs in which the length of the genotype (and hence complexity of solution) is fixed at the beginning.

The program is written in C++ and may be compiled under both 32-Bit Microsoft Windows and Linux.  C++ was chosen because of the author’s familiarity with the language, and the ease of portability between platforms.  OOP (Object Oriented Programming) allows for a very clear and modular programming style, which benefits a project of this size by making the code much easier to read and understand.

2 Method

Each possible solution to the problem, a neural network in this case, is represented by a genome.  This is the string of information that defines how the neural network will be connected.  A population of different genomes is stored, and each genome is tested to see how successful it is.  The test results in a value called the ‘fitness’:  a high fitness indicates a good solution to the problem, whereas a low fitness shows that the solution is poor.
Given a population of genomes, each with a specific fitness value, the GA must first choose pairs of individuals (selection), recombine them to create a pair of new individuals (crossover), alter them in some random fashion (mutation), and insert them into the new population for the next generation.  In this way, it is hoped that the new generation will contain genomes that combine the best properties of genomes from the previous generation.  The list of genomes from which individuals to reproduce are chosen is called the ‘mating pool’.  In this case, the mating pool is the entire population, but it is possible to restrict the size of the mating pool to be for instance the top n% of the population.
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Figure 1 – Basic operations of the GA
3 Selection

Two genomes must be chosen from the population and recombined to produce a pair of new genomes in the new population for the next generation.  Randomly choosing two genomes would be undesirable, as poor solutions would have an equal chance of being chosen as good solutions.  Instead, a method such as roulette wheel or tournament selection is used.
Roulette Wheel selection has been chosen for this application.  This means that the chance of an individual being chosen is proportional to its fitness.  Individuals are not removed from the source population, so those with a high fitness will be chosen more times than those with a low fitness.  It may be summarised as in [2]:
1. Sum the fitnesses of all the population members; call the result total fitness.

2. Generate n, a random number between 0 and total fitness

3. Return the first population member whose fitness, added to the fitnesses of the preceding population members, is greater than or equal to n.

This form of selection was chosen mainly because of its simplicity.  In other selection strategies, such as tournament selection, the chance of an agent being chosen is largely dependent on the fitness of its randomly chosen competitor.  This leads to a higher chance of less fit individuals being chosen.  While this may be useful to maintain diversity in other types of GA, SAGA works with a largely converged population so roulette wheel selection may be more appropriate.
4 Crossover

The crossover operator differs from the standard GA crossover operator, as the same position in different genomes may not produce corresponding substrings.  This is illustrated below:
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Figure 2 - The Crossover Operator [1]
This shows that once a crossover point has been selected in the first individual, the corresponding point in the second must be chosen carefully, otherwise there can be undesirable consequences.
[1] proposes an “Algorithm D” which will be used to determine where to place the second crossover point.  This operates by searching for the longest common sub-string (LCSS).  Here, the string is made of neurones as opposed to the more general binary digit string. 
The algorithm operates as follows:

The first genome is split in two at the crossover point.  Both halves are then matched with the second genome to find the longest common subsequence.  Matching is done as follows:  The first half is matched with the first character from the second genome, then with the first two characters and so on.  The second half is matched with the last character from the second genome, then with the last two characters and so on.  The results of each match (the longest common subsequence) are stored in an array.  This produces two arrays, one for each half.  The values at each location in the arrays are summed (Total[i] = L1[i] + L2[i]), and the peak value is searched for.  If the peak value occurs in more than one place, one of the peaks is chosen randomly.

AlgorithmB(Genome A, int AStart, int AEnd, Genome B, int BLength, L)

{

  int this, last = 0;

  int Direction;

  int i, j;

  int K[2][MAXLEN+1];

  if (AEnd > AStart) Direction = 1; else Direction = -1;

  for (j = 0; j < BLength+1; j++)

    K[1][j] = 0;

  for (i = AStart, i*Direction < AEnd*Direction; i += Direction)

  {

    if (!last)

    {

      this = 0;

      last = 1;

    }

    else

    {

      this = 1;

      last = 0;

    }

    for (j = 0; j < BLength; j++)

    {

      if (Direction == 1)

      {

        if (A[i] == B[j])

          K[this][j+1] = K[last][j]+1;

        else

          K[this][j+1] = MAX(K[this][j], K[last][j+1]);

      }

      else

      {

        if (A[i] == B[BLength-j-1])

          K[this][j+1] = K[last][j]+1;

        else

          K[this][j+1] = MAX(K[this[j], K[last][j+1]);

      }

    }

  }

  for (j = 0; j < BLength+1; j++)

    L[j] = K[this][j];

}

AlgorithmD(Genome A, Genome B, int ALength, int BLength, int Cross1)

{

  int L1[MAXLEN+1];

  int L2[MAXLEN+1];

  int best = 0;

  int numbest = 0;

  int temp, i;

  AlgorithmB(A, 0, Cross1, B, BLength, L1);

  AlgorithmB(A, ALength-1, Cross1-1, B, BLength, L2);

  for (i = 0; i <= BLength; i++)

  {

    temp = L1[i] + L2[i];

    if (temp > best)

    {

      numbest = 0;

      best = temp;

    }

    if (temp == best)

    {

      L1[numbest] = i;

      numbest++;

    }

  }

  return L1[rand() % numbest];

}

5 Mutation

Unlike normal GAs where recombination is the primary operator, SAGA uses mutation on a converged population.  This is in effect hill-crawling rather than hill-climbing.  The crossover operator is used as a protection against Muller’s Ratchet – the effect where a mutation rate set too high causes loss of the current optimal value.  Recombination means that the current optimum will not be lost because the genome can be ‘repaired’ by crossing two mutated genomes.

The chance of a neuron or connection mutating is given by 
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, where m is the mutation rate and n is the number of neurons plus the number of connections.  It is important to give each locus on the genome a separate chance of mutation, rather than applying a fixed number of mutations to random loci, as this creates a significant possibility of zero mutations, meaning that the current optimum will almost always be preserved.
The operations for adding and removing items to the genome are considered to be mutations, as items may be thought of has having an ‘absent’ value, and mutating this flag causes the item to be expressed.

Mutation operates at two levels: neurones and connections.  Firstly, neurones may be added, removed or altered, then connections between each neurone may be added, removed or altered.
Because the genome is a list of neurons and connections rather than the traditional string of binary digits, mutation is not limited to bit-flipping.  Indeed, it is advantageous to use other forms of mutation that utilise knowledge about what a specific loci on the genome represents.  Types of mutation are random replacement, creep, and geometric creep.  Random replacement is used for mutating the neuron or connection type, as these take a distinct set of discrete values.  Creep means adding or subtracting a random number, and geometric creep means multiplying by a random number.  Creep is applied to connection offset mutations, and geometric creep is applied to connection weights.

5.1 Neuron Mutation

for each neuron that is not an input or output

if chance(m/n)

switch random(3)

0: //Add neuron

for each neuron //Adjust links

if before && link target after then link target++

if after && link target before then link target—

new neuron array[neurones + 1]

copy old -> new, leaving gap for new neuron

randomly initialise new neuron

delete old neuron array

1: //Remove a neuron

for each neuron // Adjust links

if link points to deleted neuron

delete link

remove neuron from array

2: // Change neuron function

neuron.type = random type

5.2 Connection Mutation

for each connection

if chance(m/c)

switch random(3)

0: // Add connection

insert connection

randomly initialise connection

1: // Remove connection

remove connection

2: // Change connection

switch random(2)

0: Adjust destination (gaussian)

1: Adjust weight (gaussian)

5.3 Validation

After mutation, the network must be validated to remove neurones with no inputs.  This is done iteratively, as removing a neuron may produce new neurones with zero inputs.

6 Replacement

In order for the GA to progress, old members of the population must be replaced by new members.  There are, however, different methods of doing this.  The method chosen here is a complete population change on a generational basis:  Every genome is evaluated, and an entirely new population is created from combinations of these.  It would be possible, however, to select genomes on a different basis and replace them continually throughout the experiment.  This was not chosen, however, as the generational model is far easier to implement in a distributed environment.
7 Encoding

Encoding dictates how the genotype maps to the phenotype.  It is highly important, as incorrect encoding may make the problem much harder for the GA to solve.
The neural network is encoded in the genome as follows:

	Inputs
	... Neurones ...
	Outputs


Inputs are neurones with no connections coming from the output of another neuron, instead their output is derived from a sensor.  Input neurones may not be mutated.

Outputs are neurones whose output value is used by an actuator.  Outputs may not be mutated.

Other neurones have the following structure:

<Type><Data><Bias>(<Connection>)+

where connections are

<Addressing Mode><Offset><Weight>

Addressing Mode must be one of:

· Absolute, from beginning

· Absolute, from end

· Relative, positive

· Relative, negative

Weight is a positive or negative floating point number.
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