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Abstract—This paper aims to construct an evolutionary system,
based on genetic algorithms, to solve the problem of univocally
reaching a target state in a non-deterministic Finite State
Machine. Our approach proposes the creation of an adaptive
sequence, which is a tree of input and outputs that contains the
possible behaviors of the non-deterministic Finite State Machine,
through a Genetic Algorithm. Essentially, we will characterize
the DNA of the individuals as an adaptive sequence and allow
the population to evolve until a solution is found. To assure the
validity of our approach, we compare it with other methodologies
such as hillclimbing and random. We show that the Genetic
Algorithm obtains a higher rate of success in creating the
adaptive sequences.

I. INTRODUCTION

Evolution is the way life adapts to its environment. If this
environment is the landscape formed by the solution of a
problem, then this adaptation may serve us to find a way to
solve it. This idea is what led evolutionary approaches to be
used as search techniques.

Testing ([1], [2]) is an important part of the production of
new systems since it takes a high percentage of the time and
cost of developing them. Therefore, being able to create new
methods that allow us to discover faults in the implementation
is a necessity. Reaching a specific state is a fundamental part
of the testing process because it allows the tester to move
the implementation to that state and continue the testing of a
certain part of a system, such as a specific component of an
embedded system. If we solve this problem in a deterministic
FSM, the solution is found in linear time. However, in the
context of a non-deterministic FSM, this problem belongs
to the EXPTIME complete category, therefore the use of
heuristic methods is a must. Moreover, since non-determinism
may arise in several ways, as when abstracting data from
protocols or when composing a system out of several individ-
ual components, to produce test suites for non-deterministic
implementations is a problem of practical importance.
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Testing non-deterministic finite state machines produces
several complications during the development and application
of the test suite. One of them is that we can no longer
state equivalence between machines. The equivalence rela-
tionship to be established will be called r-equivalence and
consists in considering that the traces of the implementation
conforms to those of the specification (for a detailed and
formal explanation, see [3], [4], [5]). Usually, when in a non-
deterministic context we will use the all weather conditions
assumption, which means that if enough inputs are applied to
the machine then we will observe every output available in
the implementation.

Several studies have already considered the problem of
defining test suites for non-deterministic machines (see for
example [3], [6], [5], [7], [8]) and shown that this problem
is computationally costly. This paper provides an automated
way to find adaptive sequences that allow the tester to move
through a non-deterministic finite state machine in such a way
that always reaches a certain target state.

Next, we intuitively describe the main aspects of the prob-
lem that we solve in this paper.

An adaptive sequence (see for example [4], [9], [6]) is a tree
such that the unique edge that leaves its root will be labeled
by an input (to be applied to the ndFSM), and it will reach
a state such that from this state outgoing edges labeled by
outputs (returned from the ndFSM) will depart arriving at
one state each from where a new input will depart and so
on. Therefore, an adaptive sequence is applied by taking the
first input and introducing it to the machine, observing the
output produced, reaching the node labeled with that output,
to next introduce the input that departs from that node. This
approach is intended to be used when a tester needs to move
the ndFSM to a certain state from a known starting point in
order to continue with the execution of a test, or to test a
specific property that arises from that target state.

In order to create this adaptive sequence we use the
evolutionary technique of Genetic Algorithms (GA), and we
propose a methodology for its evolution in the context of our
problem. GAs have shown a good performance in search and



Figure 1. An observable ndFSM (left) and two possible adaptive sequences,
one in which we try to univocally reach state s (center) and another in which
we try to univocally reach state sg (right).

optimization problems and there are a number of papers where
GAs are used in testing (e.g., [10], [11], [12], [13]). These
approaches usually represent the test data generation problem
as an optimization problem and use heuristics to generate test
cases.

We will study different evolution methodologies for our
proposed GA, in order to understand in which ways this
population is able to attain a higher level of adequacy towards
its environment. To do so, we run different experiments where
we will study whether it is better that the descendants inherit
the properties that led their ancestors to get a higher value
of adaptation or to randomly restart these values upon the
generation of a new candidate solution. Moreover, we will
also study what level of randomness in the choosing of the
next node to be added to the adaptive sequence is adequate.

To be able to enhance the comprehension of what a nd FSM
and an adaptive sequence are we will show in Figure 1 a
ndFSM (left) and two adaptive sequences, one reaching state
1 and another reaching state 2.

The rest of the paper is organized as follows. In Section II
we introduce some auxiliary notation. In Section Il we will
explain the proposed methodology. In Section IV we will
show the results of our experiments. Finally in Section V we
will present our conclusions and mark future lines of research
concerning this issue.

II. PRELIMINARIES

In this section we introduce some notation and general
intuitions of the topics that will be used throughout the rest
of the paper.

We begin by reviewing the main features behind genetic
algorithms since they will be used along the paper.

Genetic algorithms [14] are a technique based on the laws
of natural evolution proposed by Darwin. Generally, these
algorithms codify a possible solution to a given problem in
the form of a DNA sequence of one of the candidate solutions
and then evolve the population to achieve an optimal solution.
The operators for any GA are reproduction of the population,
mutation of the genes and selection of the fittest. Mutation

allows the population to evolve towards a higher fitness.
Maintaining several solutions in the genetic pool and mixing
them by using the reproduction operator helps to explore a
bigger part of the landscape of the solution and therefore avoid
local maxima, escaping stagnation.

Intuitively, the pseudo-code of a genetic algorithm follows
these steps:

1) Initialize the population.
2) while the stop criterion is not met do.

a) Judge the fitness of the population using the heuris-
tic.

b) Select the fittest specimens and restrict the number
of the population.

¢) Reproduction of the population.

d) Mutate the specimens.

3) Present a solution.

There do exist several drawbacks to the use of genetic
algorithms. The biggest one is, of course, a proper definition
of the fitness function. Since this is an approximation, one can
always argue that a better heuristic may exist. In general, we
can observe how important it is to have a heuristic landscape
without plateux to allow the population to evolve (see for
example [15]). Another of its problems is that these functions
should be relatively easy to compute in order to allow the
minimal time to elapse between two generations of the genetic
pool. This fact allows the system to have a bigger number
of generations, which takes us closer to finding an ideal
individual. Another of the problems is that there is no way
to know when to stop evolving the solution. This problem is
dependant on the specific problem, because there may be a
way to predict that we are not going to find a better solution
than the one already present in the pool of candidate solutions.

Next, we present some definitions of the elements and
functions that will be used throughout the paper.

Definition 1: A non-deterministic observable finite state
machines (ndFSM from now on), is a mathematical repre-
sentation of a system that has inputs and outputs and it is
composed of states and transitions between them. They are
represented through a tuple (S, I, O, s, s¢, T'r) where:

e S is a finite set of states.

o I is the input alphabet.

¢ O is the output alphabet.

e 5o € S is the initial state.

e st € S is the target state.

e T'r is the set of transitions. A transition t; € T'r is a tuple
t; = (81,%,0,82) where s1,s2 € S, i€ 1,0€ O and it

will be represented throughout the text by s; B s2.

]

We say that M is observable if there do not exist two
different transitions (s, z,y, s1) and (s, z, y, s2), with s1 = sa.
Next, we define d-reachibility. A state s is deterministically
reachable (see [3]), which is denoted by d-reachable, in the
context of a non-deterministic FSM when there exists an input
sequence that applied to the initial state can only return the



state we are looking for. Only a subset of the states are d-
reachable in a ndFSM. Our purpose is to use an adaptive
sequence that would allow to deterministically (univocally)
reach any state in the non-deterministic machine. This can
be achieved in two cases. One often appears when all the
leaves (end nodes) of the tree that forms the adaptive sequence
represent the target state of the ndFSM. The second case
arises when the tree is infinite but every leaf that can be
reached after a finite sequence represents the target state. Of
course, since this perfect solution will seldomly appear, we
introduce the concept of a sequence d-a-reaching a state, being
« the percentage of times that the adaptive sequence is able
to reach that target state.

We will define a function such that given M =
(S,1,0,sq, 8¢, Tr), computes the distance from every other
node to the target state by using Dijkstra’s shortest path
algorithm. The type of the function is d3; : S — N U {nil}
and it performs the following operations.

1) Create a graph G = (V, E), where V is the set of nodes

and FE is the set of transitions, such that V will have
one element for each state contained in S. The set E
will have one transition for each transition contained in
Tr with the peculiarity that it will be inverted, that is,
the end node will be switched with the start node. This
will create a graph that is an inversion of the original
machine M.

2) From the node in V representing the target node s; € S,
calculate the tree formed by the Dijkstra shortest path
algorithm, and store the distances to each node in d;ﬁl.
Any node not appearing in this tree will have a value of
nil.

Let us note that the computational complexity associated

with this function is O(E + V * log(V)).

We will next formally define our adaptive sequences.

Definition 2: Given M = (SM I,0,s},sM, TrM),
an adaptive sequence for M is a tuple Tjpy =
(S,Tr, 0, S1,S0,Sa, ™) where:

« S is the (possibly infinite) set of states.

e Sg € S is the initial state.

e S1, So and Sg conform a partition of S, that is Sy U

So U Sp = S and they are pairwise disjoint.

e Tr C (St xIxSo)U(So x O x Sr) is the transition
relation.

e 7 is a function that maps the states from the adaptive
sequence to the states of ndF'SM. 7 : S — SM such that
for all s,s’,s"” € S we have that s — s', s’ -2 s" if
and only if 7(s) e, w(s").

The transition relation and the sets of states fulfill the follow-
ing conditions:

o Sy is the set of input states. We have that s9 € St. For
all input state s € S there exist at most one outgoing
transition s — s’ € T'r. For this transition we have that
1€l and s’ € Sp.

e So is the set of output states. For all output state s € Sp
we have that for all 0 € O there exists a unique state

s’ such that s -2 s’ € Tr. In this case, s ¢ So.
Moreover, there do not exist ¢ € I and s’ € S such that
s s eTr.

e Sg is the set of target states. In most cases this set will
be formed by a unique state. We say that these states are
terminal. That is, for all state s € Sg we have that there
do not exist @ € I U O such that s -2 s’ € T'r.

We say that an adaptive input sequence is valid if the graph
induced by T'r is a tree with root at the initial state sg.
]

III. METHODOLOGY

One specific feature of our genetic algorithm is that it is not
based on a normal DNA bit sequence, but the DNA is itself
an adaptive sequence, that is, the DNA is a labeled tree.

We initially consider a population of 25 individuals. Each
individual has a parameter chosen at random between 0 and
0.5 that represents its tendency towards choosing a random or
a minimum distance node. This parameter does not evolve and
it is randomly selected at the creation of each individual. The
choice of these decisions was taken by following the results
of the comparisons between different GAs to be shown in
Section IV. Therefore, the definition of a candidate solution
of the population can be represented by a tuple in which, in
addition to the DNA and the tendency to choose randomly
new nodes (c), we include its fitness value, that is, cs =
(DN A, a,value).

The mutation rate is set to one mutation, every generation
for each individual. Reproduction is done 10 times in each
generation, where two children per crossover are created.

The first step for our algorithm, that will subsequently serve
us to compute the fitness value of the individuals, is to compute
the distances from every state to the target state.

Note that computing an individual based in Dijkstra’s short-
est path algoritm (a candidate solution that takes the shortest
path to the target) is not computationally costly, and this step,
according to our experimental results, increases the quality of
the population. We set one of the 25 candidate solutions of the
initial population to have the DNA formed by a shortest path to
the target. Through a similar reasoning, given that computing a
completely random individual is also made in linear time, and
that our experiments showed that most of the times random
outperformed the Dijkstra method, in each generation we add
a random individual to incorporate diversity into our genetic
pool.

We use two stop criterions. The first one is that the popu-
lation finds a perfect solution in which a 100% of the times
the target state is reached. If this is not achieved we will stop
the search after 500 seconds, although this time can of course
be increased with a subsequent improvement of the solution.

Next, we give more details about the algorithm that controls
our methodology.

A. Operators

We present here separately the three operators common to
every GA: mutation, reproduction and selection of the fittest.



1) Mutation: The mutation operator randomly either adds
or deletes an input/output tree to its DNA. In order to choose
which node to mutate, the algorithm randomly traverses the
DNA until we find a state s € S with no children. This
random traversal is done to choose a node in linear time.
Although it would be better to get all the end nodes of the
tree formed by the DNA, depending on the branching of the
ndFSM, this choice could produce an exponential explosion.
One positive outcome of our choice is that the DNA will
evolve by modifying the nodes that have a higher probability
of being the ones returned by applying the adaptive sequence
to the machine (nodes that are further away from the origin
are less likely to become the final state). A drawback of this
method is that sometimes, mutation will try to mutate the target
node, in this case, no transformation is made to the DNA and.
therefore, mutation rate is lower than one for each generation
and for each individual.

If the chosen state is not the target state, mutation can
perform two operations, 50% of the times it will delete the
node and the rest of the times it will add a subtree to that
node. Since the node chosen will always belong to the set
So, deleting it will cause the deletion of the chosen node, its
parent and all the children of its parent.

If, on the contrary, the algorithm chooses to add a subtree,
then it checks the subset of inputs available from 7(s) and
takes one of them. Depending on the parameter c, some of
the times the node will be randomly chosen and the rest of the
times it will choose the closest node to the target. Therefore
mutation behaves like a hill-climbing algorithm, but it does
not always choose the same states in order to keep different
DNAs coexisting in the DNA pool.

Consider that the chosen input is ¢ € I and that the
algorithm adds a state s; € Sp and a transition to T'r

s —4 sy, and for every transition sy _ile, shy € TrM,
where s, € SM, adds states s§ € S; and transitions
S1 -2, 8(2’.

In order to improve the efficiency of the algorithm, in the
case that the creation of a subtree produces a node s’ such
that d34(m(s’)) = nil, meaning that there is no way to reach
the target node from s’, the node is added to a special list
of nodes to be deleted in the next mutation, and the mutation
is preset for the next generation to automatically delete the
subtree that contains such node.

The mutation operator is graphically shown in Figure 2.

2) Reproduction: The methodology used to choose which
individuals to cross is roulette wheel selection, which adds
proportional probability of being chosen to the fitness value
of an individual. Roulette wheel selection is a procedure where
individuals are added to a multiset, each is added a number of
times proportional to their fitness value. Once the adding of
the candidate solutions is finished, one element is randomly
retrieved. In order to eliminate crossing over the same points,
and to produce two identical children, We decided to choose
the first individual and then eliminate this candidate solution
from the roulette wheel before choosing the second individual.

In our setting crossover is complicated since we need to

Figure 2. Mutation operator.

Figure 3. Crossover operator.

find a specific state in two DNAs that represent the same
state in the original specification. Therefore, this operation
randomly traverses the DNA of one of the candidate solutions
(the mother) and, for every state that it visits, makes another
random travel through the sequence of the father. In the case
of finding a non-initial state that is coincident through 7 in the
set of states of M and such that the states belong to Sy, then
it adds them to a set of possible crossover points. Later on,
it randomly chooses a state from that set of crossover points,
and exchanges the trees of both candidate solutions.

A graphical representation of this operator can be found in
Figure 3.

3) Selection of the fittest: In order to maintain the same
number of individuals in the population, after judging the
fitness of each individual, the worst individuals are removed,
and the fittest one is passed to the next generation without
making any mutations to its DNA to be able to preserve the
best solution. This is usually referred in the literature as elitism



B. Heuristic

Our fitness function is given by a sampling method. We
use the DNAs of each candidate solution for a total of 100
iterations, and measure the number of times that we arrive
to the target state. This number of times is multiplied by a
coefficient B to increase its relative importance. In our case
we have used 8 = 100, this value should be equal to the
number of nodes (n), since the maximal distance from a node
to another is set by this limit, and doing so, we can be sure
that we are giving more importance to having the target node
in our adaptive sequence. In order to complete this heuristic,
every time that it ends up in a state that is not the target,
we subtract the distance from that state to the target from the
heuristic. Finally, if d3;(s) = nil then we remove 50 points
(n/2) from the heuristic to penalize the choosing of that node.

Our GA creates adaptive sequences that either have all end
nodes as the target state, or it relegates them to a deeper part
of the tree. This provides a higher rate of success, since it
returns a bigger number of non-deterministic choices that takes
us to the goal state. Therefore, if we quantify the choices then,
probabilistically, we have a greater chance of arriving to the
target. In order to illustrate this, consider that we have Figure 4
where the ndF'SM is depicted in the left, and in the right hand
side there are two possible adaptive sequences.

Our heuristic considers in a indirect manner, the size of the
graph, and the ratio of end nodes that are equivalent to the
searched state, and their relative position in the tree. Since the
heuristic measures the number of times that we hit the target
out of a hundred runs, we have a higher rate of success when
there are proportionally more end nodes that are the target and
when the end nodes are closer to the root. This is so because,
non-determinism probabilistically favors a shorter outcome.

One important fact to note is that our heuristic, since it
is a sampling method, does not give us an exact measure
of the number of times that our adaptive sequence reaches
the target. However, by taking a look at one of the graphs
(see for example Figure 7) we can observe that there exist
different amplitudes in the oscillation of the measure. Actually
the more consistent a measure is with the times measured
before, the higher rate of equal end nodes that our sequence
has. Therefore, the oscillation in the graph gives us an idea of
how close we are to having a perfect adaptive sequence (one
that will take us to the target each time).

IV. EXPERIMENTS

The implementation of our framework has been done in
Java JDK 1.6, with NetBeans as IDE. For the implemen-
tation we have used the graphic library from processing
(http://www.processing.org), together with the library traer
physics (http://www.cs.princeton.edu/~traer/physics/) to help
ordering the states in the space, to represent the machines.
The executable application can be found in the address
http://www.carlosmolinero.com/reachState.zip.

We use for our experiments a randomly constructed
ndFSMs with one hundred nodes (that is, n = 100). In order
to make sure that it is connected we add a transition between

a/0 s0

a/l 1
Figure 4. An observable ndFSM (left) in which we try to univocally reach
state s1. And two possible adaptive sequences (center and right).

each node in a linear way (node s; gets connected with node
8;+1), and force a branching level of 3, which means that the
ndFSM makes 3xn = 300 attempts to add random transitions
(in the case that the input and output is already present in
the state the transition is not added because the ndFSM is
observable). The set of inputs is I = {a, b} while the outputs
are O = {1,2}.

We will use our first experiment to narrate the differences
between our approach and other techniques. Experiment A is
represented through two charts, the first chart, in Figure 7,
shows the fitness values of the different methods, while the
second chart (Figure 8) represents the sizes of the adaptive
sequences.

As we can see in Figure 7, our GA performs better than the
rest of the methods, as it maximal representative (shown in
Figure 6) scores higher than any other method. Random is able
to reach very high levels of fitness but never assuring it, and
Dijkstra is of a constant value since no updating of the adaptive
sequence is performed. The only method that is comparable
in quality to the GA is hillclimbing, but as we can see in
Figures 10 and 6, and in the chart given in Figure 8, the size
of the adaptive sequence created by the GA is much smaller
than the one created by hillclimbing. This characteristic not
only allows the GA to compute during more generations (the
size of the hillclimbing becomes unmanageable at some point)
but it also allows the GA to improve its fitness value faster,
because having less nodes, allows that a small modification
of the tree notoriously improves it. Another thing that we can
observe in Figure 7, is that the oscillations in the value are also
an indirect effect of the size of the tree. They are produced
by the number of different nodes in the tree, together with the
measurement method of the fitness value. Since a sampling
method is used, 100 executions return different nodes as the
end node, if all the end nodes of an adaptive sequence would
be equal, then no oscillation would be seen in the graph. Thus,
the smaller the adaptive sequence (for a given fitness value)
the smaller that the oscillation will be, since the number of
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Figure 5. Evolution of the whole population of the GA. An initial stage
(left) and the final configuration (right).
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Figure 6. Experiment A, GA reaches the target 100% of the times.

end nodes equal to the target proportionally to the rest of the
end nodes, has to be larger. In Figure 5 we show the evolution
of the population from an initial step to its final configuration.

Remember that the value of the fitness function is based on
a sampling method. Therefore, even if it shows that the fitness
value has reached a maximum, it does not mean that a perfect
solution has been found, but that all the times that the adaptive
sequence has run, it has reached the target.

Next we present a short explanation of the other methods
used to compare against our methodology. A random creation
of an adaptive sequence, a shortest path adaptive sequence
created using Dijkstra’s shortest path algorithm, and a hill-
cimbling approach.

A. Comparison Against Other Techniques

In this section we present a number of techniques that will
be used to give the reader an idea of the relative quality of
the GA methodology presented in this paper.

1) Random: It creates an adaptive sequence by mutating a
random number of times, based in the number of states, with

1600 +
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m 400 ++
0 I | | i Sp—
0 100 200 300 400
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o—o DIJKSTRA
o—o HILLCLIMBING
—i GA

Figure 8. Graph representing the sizes in experiment A.

Figure 9. Experiment A, dijkstra reaches the target only 1% of the times.

a = 0. The mutation operator for random only adds a tree,
never deletes.

2) Dijkstra: The Dijkstra individual is created by traversing
the non-deterministic FSM from the origin to the target, in
the fastest way possible using the Dijkstra’s shortest path
algorithm. An example of this is shown in Figure 9.

3) Hillclimbing: Hillclimbing as well as the GA, uses
Dijkstra’s individual as a starting point. From there on it
checks all the end nodes of the tree, chooses one of those
nodes and tries to add a subtree. If adding the subtree does
not improve the fitness value, then it chooses another node
and performs the same operation. Since trying to check all
the possibilities can be exponential, the algorithm passes to
the next generation when it finds a new configuration that is
better than the last one. We can see an example of the adaptive
sequence created by hillclimbing in Figure 10.

Next, we comment on the results of our experiments. The
table shown in Figure 11 clearly shows that the level of
achievement of the GA is high in most cases. On average
it reaches the target state 83.18% of the times, although some
non-deterministic machines proved to be too complex to find
a solution by any methodology (see experiment number 5 or
even 17). The image of the center of Figure 11, shows that
our technique had a good level of coverage, and outperforms
in almost any case the rest of the methodologies, it is usu-
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ally dependant on the quality of the Dijkstra individual, but
examples like 1,2,4, and 9 defy this proposition, since it was
the random individual the one that helped the GA to find a
solution. This was because the Dijkstra path contained a high
level of branching, and this fact probably opened up paths that
led to nodes with no connection to the target node, while there
was a path that was not the shortest but had less branching.
Therefore, the GA probably deleted the Dijkstra solution and
continued randomly. This capacity to use the best of both
worlds, including the Dijkstra individual as part of the starting
population and the use of randomness to go through the search
space and look for alternative paths is what makes the GA
more consistent, and able to find a good solution through any
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Representation of the 20 experiments. Experimental results (left), fitness values (center) and sizes of the resulting adaptive sequences (right).

ndFSM. We can also see, that in one of the experiments,
number 10, the GA was able to find a good solution, even
though the random and Dijkstra individuals scored poorly.

In the vast majority of our experiments, hillclimbing was
able to find a solution, on average 71.37% of the times, 12%
under the results of the GA, and even in some experiments
(number 5, 8 and 16) the hillclimbing method ranks slightly
better than the GA. We might therefore think that the hill-
climbing solution is as valid as the one produced by the GA
but as we can see on the right hand side of Figure 11, the
size of the hillclimbing solution is considerably larger than
the one of the GA, which makes it less worthy. Note that this
methodology was also highly dependent on the capability of



Figure 10. Experiment A, hillclimbing reaches the target 70% of the times.

Table I
TABLE COMPARING SEVERAL GAS WITH DIFFERENT RANDOM
COEFFICIENTS AND POPULATIONS (LABELED WITH “M”) IN WHICH THIS
COEFFICIENT WAS HEREDITARY.

Comparison
fitness value (%)

T 0 05 ©05) | O | 05D | 0-0.5m | ©0-Dm | ©0.5-Dm
81.16 [ 83.38 | 81.49 [ 96.89 [ 60.68 | 76.90 [ 54.55 70.89 T 79.1
5546 | 44.67 | 47.01 | 5745 44.09 | 44.03 4818 59.65 48.56
69.53 | 65.70 | 63.46 | 72.19 67.54 | 65.32 70.39 68.47 70.33
68.89 | 7836 | 75.22 | 80.65 75.50 | 75.11 78.49 77.10 70.50
80.54 | 86.07 | 82.08 | 8248 | 81.69 [ 8243 [ 82.12 80.06 | 88.12

the Dijkstra individual to find a solution, and in some cases
(see experiment number 9) in which the shortest path led to
high levels of branching, the hillclimbing method was not able
to find an optimal solution.

In order to be able to study the effect of either choosing
randomly a node or choosing the best node, we have run
several experiments in which we tested different degrees of
randomness. The populations were initialized with the values
of 1, 0 or 0.5, we also added populations with coefficients in
the ranges (0-0.5), (0-1), (0.5-1). Finally, in order to be able to
discern which mechanism was better to obtain this coefficient
in a new individual, we decided to also test some versions in
which the coefficient was not randomly started when a new
children was created, but it was a hereditary characteristic,
these populations are labeled with a “m” (mixed). The results
shown in Table I indicate that in most cases the best popu-
lation, and generally the one that had a good outcome in the
cases that was not the best (the most consistent population),
was the one initialized with the range of (0-0.5) and that did
not used the hereditary mechanism. This is because having
a mostly random population allows to explore a bigger part
of the landscape of the solution, this, added to keeping some
individuals choosing sometimes the closest node to the target,
allows the GA to find a correct solution. Moreover, it also
helps the GA, since reproduction will be more useful when
crossing complete different individuals, like the ones that will
be formed by continuously taking random choices.

V. CONCLUSIONS AND FUTURE WORK

We have created an evolutionary approach based on genetic
algorithms, to solve an important problem in the world of test-
ing. We have compared our methodology with other reasonable
approaches, and experimental results showed that our approach
is the most consistent and the one that found the best solution
in most of the cases (specifically, out of 20 runs, there were 2
cases in which both methodologies found a perfect solution,
in 15 cases GA outperformed the hillclimbing algorithm and
in 3 cases, it was the hillclimbing methodology the one that
found the best solution). We envisage several paths for future
development. One of them would be to experiment on whether
using a GA, in which islands of different populations will
separately search from a different initial state, and we will
consider sub-target states or use different random coefficients
and then mix the best individuals from each solution. Another
line for future work will be directing mutation towards modi-
fying the subtree with less fitness value. Finally it is necessary
to test different types of non-deterministic machines, in order
to decide in which cases the GA methodology performs better.
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