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ABSTRACT: Genetic algorithms and ant systems are the examples of algorithms applying the stochastic search-
ing, parallel investigation, autocatalitic process or stigmergy to solve the optimization problems. In this paper,
we concentrate on the representation of the one from the optimization problems - TSP for the genetic algorithm
and the ant algorithm. We present sets of parameters and operators in
uenced the data structure in these
algorithms. We discuss two di�erent structures of the algorithms emphasizing the selection problem. We also
describe the experiments we performed (e.g. 50 cities TSP). The essence of the comparison is the idea of the
evolution - exploited in GA, but can improve the performance of the AA.

1 Introduction

The purpose of this work is to apply genetic algorithms (GA) and ant algorithms (AA) to optimization problems,
in particular, to the Travelling Salesman Problem (TSP).

In our work we concentrate on the comparison of two di�erent approaches to solve the TSP.
Our intentions are not to show one more method, that may be better than those mentioned above, but we

are anxious to point out as well common features of those algorithms as the di�erences between them. One
of these di�erences causes some of the algorithms to exploit the idea of competition, and others | the idea of
co{operation. In the following sections, we will try to show that this is not the only di�erence between those
algorithms.

The �rst problem we will discuss is the representation of the TSP for the GA and AA{based issues. Then,
di�erent operators acting on the problem representing structure will be discussed.

The parameters play an important part in both algorithms, so they will be analyzed in the further part of
our work. We will emphasis there the di�erences between the parameters of both algorithms.

In the GA, the selection problem has the great importance. This problem will be also discussed for the AA.
For the GA, the structure of populations of individuals will be presented, and for the AA, we will discuss the
structure of populations of the agents{ants.

In the paper, we will also describe the experiment that we performed. Here, we would like to emphasize
the similarity in the performance of both algorithms, from the viewpoint of �nding the global minimum and
searching the space of solutions. The essence of this comparison is the idea of the evolution (exploited in the
GA), that can improve the performance of the AA.

Nowadays, exploiting of algorithms applying the stochastic searching to solve the optimization problems is
the more and more popular. Such methods are the GA and the AA. These algorithms may be included to the
group of methods that mimic the nature. In the case of the GA we mean the genetics (Holland (1992)), and
in the case of the AA | the mimicry of collective insects, very primitive individuals having the possibility of
communicate with other ones (Goss e.a. (1990)).

Both of these methods look at the analyzed problem di�erent from the traditional optimizing methods. They
see the problem as a set of potential solutions in a special coded shape. These methods use probabilistic, non{
deterministic rules of choice. The GA hold the searching process, starting from a population of individuals.
Similarly, in the AA, solutions are searching by many individuals | agents, called ants. The basic di�erence
between GA and AA is that in the GA the starting point is �xed in the stochastic way. In the AA, there is
an initial population of individuals performing this step during the �rst cycle of the algorithm (using a special
form of memory and methods of communication).



At this point, we must emphasis, that when we say the AA, we mean the ant{cycle algorithm, because
there are three ant algorithms with di�erent rules of updating the pheromone trails (Colorni e.a. (1991)). The
ant{cycle algorithm is the best one. In this algorithm, the pheromone trail is laid on the paths connecting cities
after each cycle, and it helps another ants to �nd the better and better solutions.

2 Representation of the TSP in GA and AA

In this work, we do not concentrate on the genetic terminology and on searching the analogy in biology (especially
in genetics). Thus, we look at the GA in a very special way | from the point of view of a whole chromosome.
The chromosome is in opposition to a gene, which is a basic element of the representation of the problem, and
which undergoes changes according to the rules of genetics.

In the case of the AA, an element of the TABU{list is the smallest unit of the representation of the problem.
Its value may be compared with the value of the gene in the particular genetic representation of the problem
(e.g. path representation).

The de�nition of the TSP in terms of GA is not very di�cult. The TSP has the natural evaluation function
| we have to calculate the total length of the tour, where the distances between cities are given. When we
have the population of tours, we can easily compare any two of them. But the clear de�nition of the tour
representation is very di�cult.

The most natural representation of the tour is a list of cities visited during this tour. However, this repre-
sentation is not very suitable for genetic operators, especially for crossover operator.

The binary representation of the tour is not very good for the TSP, too.
There are also three vector representations for the TSP (Goldberg (1989), Michalewicz (1996)):

� adjacency representation

� ordinal representation

� path representation

In all these representations, a tour is described as a list of cities, but position of each city in this list and its
code is di�erent.

The path representation is very useful and it is similar to the representation used by the AA, where the
sequence of cities representing a tour is stored directly in the TABU{list. This is because the TABU{list includes
cities visited by an ant during one cycle of the ant algorithm.

Recapitulating, we may say, that the representation of the TSP is very similar in both GA and AA. The main
di�erence lies in the moment of creation of the �rst permutation of cities. For the GA, the initial permutation
of cities, as the initial population, is created randomly. For the AA, this is the solution that we can observe
after the �rst iteration of the algorithm, when each agent{ant remembers the visited cities in the concrete order.
In addition, this process goes on for the agents in the parallel way.

3 Operators and Factors altering current solutions

Our considerations we start at the moment of the algorithms, where for the GA we have a population of the
potential solutions represented by the sequence of numbers (in the path representation), and for the AA | we
have empty agents' memories, which must be �lled in an application form. In the case of the AA, we make
a special swaps or sweeps in accordance with the rules described by the genetic operators (Goldberg (1989),
Michalewicz(1996)).

Apart from the classical genetic operators: mutation, inversion and crossover, the following three new
crossover operators for the path representation come into existence:

� partially{mapped crossover (PMX)

� order crossover (OX)

� cycle crossover (CX)

The PMX was proposed by Goldberg and Lingle (Michalewicz (1996)). Using this operator, a new individual
is created choosing a subsequence of a tour from one parent and preserving the order and position of as many



cities as possible from the other parent. A subsequence of a tour is selected by choosing two random cut points,
which make boundaries for swapping operations.

The OX (Goldberg (1989)) builds the o�spring by selecting a subsequence of a tour from one parent and
preserving the relative order of cities from the other parent. The OX crossover exploits a property of the path
representation | the order of cities.

The CX, proposed by Oliver (Michalewicz (1996)), makes an individual in a such way, that each city (and
its position) comes from one of the parents. The CX operator guards the absolute position of the elements in
the path sequence.

The operators: PMX, OX and CX have a serious disadvantage. They do not take into account the length of
arcs connecting cities. This fault is con�rmed by the results of di�erent experiments. The OX operator is the
best, because it holds the shortest edges in its representation, and then gives the best solution (the results of
the OX are about 11% better then for the PMX and about 15% better then for CX (Michalewicz (1996))).

Grefenstette (Michalewicz (1996)) proposed a class of heuristic operators that emphasizes the length of
edges. His algorithm de�nes a probability distribution over selected edges based on their cost. The selection of
the edges is based on the distribution (depending on the length of the edge).

All these operators work with the path representation in the TSP.
The heuristic operator, proposed by Grefenstette, works very similar to a state transition rule in the AA.

The state transition rule used by the AA, called a random{proportional rule (given by eq.(1), which describes
the probability with which ant k in city r chooses the city s to move to.

pk(r; s) =

8><
>:

[�(r;s)]�[�(r;s)]�P
u2Jk(r)

[�(r;u)]�[�(r;k)]�
if s 2 Jk(r)

0 otherwise

(1)

where:

� � corresponds the pheromone

� � = 1
d

is the reciprocal of the distance d(r; s)

� Jk(r) is the set of cities that remains to be visited by ant k positioned on city r

� � is a parameter which determines the relative importance of pheromone versus distance (� > 0).

In the case of the AA, the role of the genetic operators plays the transition rule which causes alterations
during the performance of the algorithm, and makes it to �ll in the TABU{list.

In conclusion, Table I. shows the elements which in
uence the current solutions (in the GA) or build the
new solutions.

GA AA
operator rule

mutation operator
inversion operator
crossover operator:
a) simple
b) permutational
c) heuristic

the state transition rule

the global and local updating rule
(in
uencing the state transition rule)

Table I: Elements in
uencing solutions.

4 The sets of parameters of the algorithms

The parameters that occur in the mentioned algorithms may be divided into two groups:

a) connected with the size of the population, the number of cycles/generations

b) connected with the consequences of operations performed by the algorithms

Within the �rst group we �nd:



� for the GA | the number of individuals in a population

� for the AA | the number of agents{ants solving the problem

� for both algorithms | the number of iterations/populations

The di�erences between quantitative and qualitative parameters we show in Table II.

The kind
of the parameter GA AA

quantitative

{ a number of in-
dividuals l

{ a number of po-
pulations (cycles)

{ a number of ants k

{ a number of cycles

qualitative

{ a probability of
mutation pm

{ a probability of
crossover pc

{ a probability of
inversion pi

{ a pheromone decay
parameter � (similar
to the learning coe�-
cient)

{ a parameter which
determines the relative
importance of phero-
mone versus distance
(� > 0)

{ an initial pheromone
level �0

Table II: Quantitative and qualitative parameters.

The qualitative parameters may be adapted to the current stage of the searching process and to the current
topology of the space being searched. The quantitative parameters play rule of control parameters. All these
values are adaptive. Now, in the GA a new adaptive procedure was developed. It adapts the frequencies of the
operators on the basis of their e�ciency.

The values of the parameters within both groups depend on the size of the solving problem.
The parameters from the second group we see in the global pheromone{updating rule. Once all ants have

completed their tours, the pheromone trail is updated on all edges according to the formula:

� (r; s) = (1 � �) � � (r; s) +
mX
k=1

��k(r; s)

where

��k(r; s) =

� 1
Lk

if(r; s) 2 tour performed by ant k

0 otherwise

0 < � < 1 and Lk is the length of the tour performed by ant k, and m is the number of ants.
The parameters from the qualitative group have a conclusive (decisive) in
uence on the speed and quality

of the algorithms.

5 Steps of the GA and the AA (with emphasis of the selection
problem)

The GA are the best{known techniques in the class of evolutionary computation. They maintains a population
of individuals P (t) for iteration t. Each individual represents a potential solution, and each solution is examined
to obtain a value of its �tness. Then, a new population (in iteration n + 1) is formed by the selected, �tter
individuals. Some individuals of the new population undergo transformations (alterations) under in
uence of
the genetic operators.

The structure of a genetic algorithm is as follows:



procedure EvolutionProgram;

begin

t := 0; { the discrete time }

initialize P( t ); { the initial population }

evaluate P( t );

while ( not TerminationCondition ) do

begin

t := t + 1;

select P( t ) from P( t - 1 );

alter P( t );

evaluate P( t )

end

end;

The structure of an ant algorithm may be presented in the notation of an evolutionary computing in the
following way:

1. Initialization step | ants are positioned in starting towns (they do not perform any move).

2. Alter the population:

(a) move every ant through all towns, applying a state transition rule,

(b) put the pheromone trail on edges Lk (using the pheromone updating rule) | the real formation of
the new population,

(c) calculate the �tness function, i.e. the length of the path for each ant,

(d) select the best{adapted individuals (ants) within one generation by calculating the shortest paths
(one or more ants with the best solution).

3. If the path found in step 2d) is not the global minimum then repeat step 2.

4. Stop the algorithm.

As one can see, in this algorithm we do not accentuate evolution of the particular individuals. They neither
intercross each other nor evolve in the meaning of GA. For the present, we can only show the analogy between
these two methods based on the fact that many individuals try to reach the �xed goal.

To achieve a better performance of the AA to take advantage of the adapting itself to achieve the best
solution.

In both these algorithms: GA and AA, the following phases are being repeated permanently: initialization,
formulation a new population and selection. Selection is executed on the two di�erent levels. In the AA with
the global{ best or local{best rules (Colorni e.a. (1991)), it ends the cycle and determines a recapitulation of
the whole algorithm (in the GA it works in the similar way). When we think about a selection process as a
choice mechanism | it occurs during a creation of the following element of the new solution (the next element
in the TABU{list) and we have used a roulette wheel-like in the GA (a proportional selection).

For the selection of a new population (based on a �tness function) and for the selection of a new city to
move to, a roulette wheel is used. At the �rst, we can use some scaling mechanism, where we calculate a special
probabilities (in these algorithms) and we select a single chromosome or the city number according to a random
number generated (from the appropriate range).

The most important role in both algorithms plays a �tness function (evaluation function), but we do not
discuss this problem more detail, because in TSP this problem is very simple.

6 Experiments and results

The GA and the AA arose as the result of researches of the new optimizing methods that can solve problems
with high computing complexity. They were created as a new approach to the optimizing methods and they
may be included to the group of methods connected with the Evolutionary Computing (Michalewicz (1996)).

The mentioned algorithms were compared looking at their structure, the way they act and their e�ectiveness.
The analysis may be performed according to several aspects, described below:



� probability in algorithms

� GA and AA as autocatalytic algorithms

� GA and AA as distributed and parallel algorithms

These two algorithms �nd their solutions in the similar way | both of them exploit probability in their
researches.

In the AA, a single ant placed in the town i chooses the town of destination (j), with the probability
depending on the visibility of the town j and on the intensity of the pheromone trail connecting the towns i

and j.
The acting of the GA is also based on probabilistic choice. The main stage in the GA is the selection of

individuals for reproduction and creation of the new population. In the classic GA, the individual i is selected
with the probability is depending on the value of the �tness function.

Both the GA and the AA are based on the positive feedback called autocatalysis.
One of the fundamental features of the AA is the exploitation of the positive feedback. It means that the

�nal result of one cycle is the basis for the next ones. Owing to this positive feedback, better results are gaining
in the following cycles. In the AA, the pheromone trail laid by the ants on the edge (belonging to the minimal
path) that is connecting the towns is the mechanism of transferring information between cycles.

Looking at the GA, it is easy to �nd the similar schema of proceeding. Rising of the succeeding population
in the following cycle is based on the individuals of the previous population. In every population there is
information derived from the previous cycles. As an e�ect, in the following populations the average value of
the �tness function increases | these populations are better and better. Figure 1. illustrates the described
problem.

Figure 1: Comparison of algorithms.

One of the most important features of the AA is that it is the multiagent system, where the global task
is worked out by sub{units called agents (ants in our approach). In the AA, the agents are the autonomous
individuals, provided with elementary memory and acting in the discrete time. They can communicate and
exchange with their experiences using the pheromone (Colorni e.a. (1991)).

Independently of other ants, every ant chooses the next town to go to. Therefore, the ants check many
di�erent paths simultaneously. Such construction of the algorithm allows implementing such algorithm as a
parallel one, which may run in the multitasking environment (Colorni e.a. (1991)). Every ant may be treated
as a single task and the set of pheromone trails is the common supply. The system clock is the additional task,
which should generate succeeding time quanta, synchronizing tasks connected with the ants.

The GA act in the slightly di�erent way. It is hard to distinguish the autonomous units. The most important
functions are realized here by the one structure | the whole population. Referring to the whole population
(existence of the single individuals is mentioned within the population only) and di�culty in dividing this
algorithm into independent tasks, that can work simultaneously, do not allow to call it the fully parallel and
multiagent algorithm. However, analyzing the way the algorithm searches for the succeeding solutions, it is



easy to notice that, in fact, it is really a parallel algorithm analyzing many possible solutions at the same time.
Holland called this property of the GA the implicit parallelism (Goldberg (1989)).

In addition to the analysis of the theoretical problems, the examination of practical performance of the
algorithms was observed. The computer implementations of the AA with the Ant Cycle version and the GA
using the path representation were produced. In the implementation of the GA two operators: heuristic crossover
and PMX (partially mapped) were applied. The task was to �nd solution of the TSP problem for 50 towns.

Behavior of the algorithms strongly depends on several circles. One can observe the brave in
uence of the
choice of the parameters' values (the parameters typical for the algorithm), as well as the solving problem itself.
This problems were analyzed in our previous works, e.g. Boryczka & Boryczka (1997), Boryczka (1997b).

As the examined properties of the algorithms, the average, the best and the worst solutions for the given
iteration of the algorithms were selected. The three phases of the behavior of every algorithm were considered:

� the initial phase | �rst cycles, where the solution is not to good and an algorithm starts learning,

� the active phase | where expected good solutions appear,

� the �nal phase | �nal cycles of the experiment.

Figure 2. and Figure 3. illustrate the mentioned above properties.

Figure 2: The Genetic Algorithm.

Figure 3: The Ant Algorithm.

For both algorithms, the average and the best solutions are near each other, especially close to the end of the
cycle (iteration). Here, the algorithms, almost always, a�ord very good solutions, which come close together.
One can notice the greater disproportion in the �nal phase for the Genetic Algorithm | the result of exploiting
of the crossover operator.

The analysis of the average path lengths in following iterations shows that the Ant Algorithm improves its
solutions in �rst 10{20 iterations, while in the Genetic Algorithm such inclination goes on in �rst 30 (sometimes
50{60) iterations. In the �nal phase, in both algorithms, the results are weakly di�erentiated. This situation is
called the stagnancy in the solutions in demand.
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