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ABSTRACT
The fitness landscape of a problem is the relation between
the solution candidates and their reproduction probability.
In order to understand optimization problems, it is essential
to also understand the features of fitness landscapes and
their interaction. In this paper we introduce a model prob-
lem that allows us to investigate many characteristics of fit-
ness landscapes. Specifically noise, affinity for overfitting,
neutrality, epistasis, multi-objectivity, and ruggedness can
be independently added, removed, and fine-tuned. With this
model, we contribute a useful tool for assessing optimization
algorithms and parameter settings.
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Many real-world problems can be solved very efficiently by
probabilistic optimization methods like evolutionary algo-
rithms. However, some frequently occurring characteristics
cause difficulties for optimization techniques. Some of the
most important features that influence the problem hard-
ness for probabilistic optimizers are the problem size, affin-
ity for overfitting and oversimplification, neutrality, epista-
sis, multi-objectivity, ruggedness, and deceptiveness. Often,
the influence of these features on the progress of optimiza-
tion and their interactions with each other are unclear and
complicated in real-world applications. Hence, our goal is
to find a common approach for studying them and to define
simple model problems where they become tangible. We are
confident that the analysis of these features will lead to the
development of more robust and more efficient optimization
methods.

The main contribution of this paper is a new model prob-
lem that exhibits all of the aforementioned features in a
controllable manner. Each of them is introduced as a dis-
tinct filter component in the problem which can separately
be activated, deactivated, and fine-tuned. The model prob-
lem is comprehensive, yet simple. It allows for extensive
experiments being conducted in a small timeframe, making
it an ideal tool to assess different optimization algorithms
or parameter settings. Additionally, it is also well suited for
theoretical analysis because of its simplicity.

The paper is organized as follows. In Section 2, we will
present several features which are well known to influence
the quality and efficiency of optimization techniques. Some
inspiring related work is outlined in Section 3. In Section 4,
we propose our new model problem. We substantiate the
considerations that were used for defining our model with
some first experimental results provided in Section 5. We
finally conclude and give pointers to future work in Section 6.

2. FITNESS LANDSCAPES
In biology, a fitness landscape is the visualization of the

relationship of the genotypes to their corresponding repro-
duction probability [61, 29, 23, 10]. In global optimization
algorithms, it displays the relation of the reproduction op-
erations, the solution candidates, and their fitness or objec-
tive values [36, 32, 15]. In genetic algorithms, we distin-
guish between genotypes and phenotypes. The genotypes,
the elements of the search space G, are bit strings of fixed
or variable length [25]. They are translated to phenotypes
in the problem space X with a genotype-phenotype map-
ping (GPM) as illustrated in Figure 1. The problem space
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Figure 1: The relation of search space, problem space, and
objective space.

can virtually be anything, from the real numbers, the possi-
ble combinations of different accessories for a car, to, as in
case of the example, the points in a two-dimensional plane.
m ≥ 1 objective functions represent the criteria subject to
optimization. They rate the qualities of the features of the
phenotypes and, by doing so, map them to points in the ob-
jective space (usually R

m). Especially if multiple criteria are
to be optimized (m > 1), the objective values are mapped to
fitness values in R

+. The genetic algorithm uses this infor-
mation to determine which solution candidates are worthy
of further exploration. New points in the search space are
generated by applying reproduction operators on the geno-
types. In general, this flow is the same for all optimization
algorithms although they differ in the way they conduct the
search [48].

The shape of the fitness landscape has a major impact
on the quality of the solutions found by the optimization
process. In this section, we discuss some of the basic features
of fitness landscapes and how they influence each other.

2.1 Ruggedness and Causality
It is a general rule for genotype design that it should ex-

hibit causality [42, 41]. The principle of strong causality (lo-
cality) states that small changes in an object lead to small
changes in its behavior [45, 46]. In rugged fitness landscapes,
this is not the case: small changes in an individual’s geno-
type often cause large changes in its fitness. This hinders an
optimization algorithm in finding and climbing a gradient in
objective space. A region of the fitness landscape is decep-
tive if performing a gradient descend does not lead towards
a solution but instead away from it. Ruggedness and de-
ceptiveness are closely related. Matter of fact, in the model
proposed in this work, there is a smooth transition between
the two phenomena.

2.2 Epistasis
In biology, epistasis is defined as a form of interaction

between different genes. It was coined by Bateson [7] in or-
der to describe how one gene can suppress the phenotypical
expression of another gene. According to Lush [34, 3], the
interaction between genes is epistatic if the effect on the fit-
ness from altering one gene depends on the allelic1 state of
other genes.

Epistasis in evolutionary algorithms means that a change
in one property of a solution candidate, induced by a repro-
duction operator, also leads to a change in some of its other
properties [9, 40]. We speak of minimal epistasis when ev-
ery gene is independent of every other gene and of maximal
epistasis if every genes is dependent on every other gene [52,
39].

Epistasis violates the locality principle previously dis-
cussed, since a modification in a genotype will alter multiple
properties of a phenotype, probably leading to ruggedness
in the fitness landscape.

2.3 Neutrality
We call the application of a reproduction operator to a

solution candidate neutral if it yields no relevant change in
objective space. Redundancy in the genome (multiple geno-
types that translate to the same phenotype) always leads to
neutrality. Neutrality and redundancy exist both in natu-
ral as well as in artificial evolution [56, 55]. Neutrality may
have positive [53, 51] as well as negative [47, 50] effects on
the optimization process.

2.4 Overfitting and Oversimplification
Overfitting and oversimplification are very common phe-

nomena in all applications where the objective functions are
evaluated using sample data as is the case in many appli-
cations of Genetic Programming like function fitting and
symbolic regression, for instance. Both, overfitting and over-
simplification, lead to solutions that work correctly with the
data samples used during training but fail to deliver accept-
able results for inputs not occurring in the training set.

If training sets only represent a fraction of the input space,
the resulting incomplete coverage may fail to represent some
of the dependencies and characteristics of the data, leading
to oversimplified solutions. Noise in the training data can
lead to wrong assumptions. The optimizer may for example
try to find a “model” for the noise [38] and thus overfits the
sample data. It should be noted that an overfitted individual

1A gene in the context of evolutionary algorithms is a part
of a genotype which encodes a distinguishable part of a phe-
notype and an allele is its value.



can even have better a fitness than the correct solution itself
when evaluated using the training data [38].

2.5 Multi-Objectivity
Many optimization problems are multi-objective, i. e., in-

volve multiple, possible conflicting criteria [11, 8, 19]. In
Genetic Programming, for instance, we want to evolve algo-
rithms which are not only correct but also small and resource
friendly.

3. MODELING AND BENCHMARKING
The computational effort to solve optimization problems

depends on their fitness landscapes. It is thus beneficial to
understand the features previously discussed. We can obtain
such knowledge by artificially creating problems that exhibit
some of them in a tunable manner. Using these problems,
we can run practical experiments as well as derive hardness
measures mathematically.

3.1 Kauffman’s NK Fitness Landscapes
In the late 1980s, Kauffman defined the NK fitness land-

scape [30, 28, 31], a family of fitness functions with tunable
epistasis, in an effort to investigate the links between epis-
tasis and ruggedness.

The phenotypes of this problem are bit strings of the
length N (X = {0, 1}N ). In terms of the NK landscape, only
one single objective function is used: FN,K : {0, 1}N 7→ R

+

and each bit contributes one value to this objective. The
“fitness” fi of a bit x[i] is determined by its value and
the values of K other bits x[i1], x[i2], . . . , x[iK ] with i1...K ∈
[0, N − 1] \ {i}, called its neighbors.

FN,K(x) =
1

N

N−1
∑

i=0

fi(x[i], x[i1], x[i2], . . . , x[iK ]) (1)

Whenever the value of a bit changes, the fitness values
of all the bits to whose neighbor set it belongs will change
uncorrelated to their previous state. If K = 0, there is no
epistasis at all. For K = N − 1 the epistasis is maximized
and the fitness contribution of each gene depends on all other
genes.

We can consider the fi as single objective functions that
are combined to a fitness value FN,K by averaging. Then,
NK Fitness landscapes can lead to another well known as-
pect of multi-objective optimization: conflicting criteria. An
improvement in one objective may very well lead to degen-
eration in another one.

The properties of the NK landscapes have intensely been
studied in the past, most notably by Kauffman [29], Wein-
berger [57], and Fontana et al. [21].

3.2 The Royal Road
The Royal Road Functions [26, 37, 22] are a set of special

fitness landscapes for genetic algorithms with fixed-length
bit string genomes. In genetic algorithms, schemas are
blueprints of binary strings that may contain don’t care-
symbols (*) at different loci [25]. The Royal Road Functions
define a set S of such schemas s1, s2, . . . , sn and an objective
function, subject to maximization, as

f(x) =
∑

∀s∈S

c(s)σ(s, x) (2)

where x is the solution candidate, c(s) is a value assigned
to the schema s (usually its order), and σ(s, x) is one if x

is an instance of s and zero otherwise. Listing 1 outlines an
example for the Royal Roads.

s1 = 11******; c(s1 ) = 2
s2 = **11****; c(s2 ) = 2
s3 = ****11**; c(s3 ) = 2
s4 = ******11; c(s4 ) = 2
s5 = 1111****; c(s5 ) = 4
s6 = ****1111; c(s6 ) = 4
s7 = 11111111; c(s7 ) = 8

Listing 1: An example Royal Road Function.

The original Royal Road problems can be defined for bi-
nary string genomes of any given length n, as long as n is
fixed. A Royal Road benchmark for variable-length genomes
has been defined by Defoin Platel et al. [12]. In [13], the
same authors combine their previous work on the Royal
Road with Kauffman’s NK landscapes and introduced the
Epistatic Road.

An analogue of the Royal Road for Genetic Programming
has been specified by Punch et al. [44]. This Royal Tree
problem specifies a series of functions A, B, C, . . . with
increasing arity, i. e., A has one argument, B has two ar-
guments, C has three, and so on. Additionally, a set of
terminal nodes x, y, z is defined. A perfect tree has a cer-
tain predefined depth. Its root is a A node, which has B

nodes as children which, in turn, have C nodes attached to
them and so on.

4. MODEL DEFINITION
The goal of our research presented in this paper was to

define a model problem with tunable ruggedness, epistasis,
neutrality, multi-objectivity, overfitting, and oversimplifica-
tion features. The distinct layers of this problem, each in-
troducing one of these aspects independently, are outlined
using an example in Figure 2 and are specified in the follow-
ing sections.

The basic problem is to find a binary string x⋆ of a prede-
fined length n consisting of alternating zeros and ones. The
tuning parameter for the problem size is n ∈ N.

x
⋆ = 0101010101010 . . . 01, |x⋆| = n (3)

4.1 Overfitting and Oversimplification
Searching this optimal string could be done by comparing

each genotype g with x⋆. Therefore we would use the Ham-
ming distance [24], which defines the difference between two
binary strings a and b of equal length as:

h(a, b) = |{∀i : a[i] 6= b[i] ∧ 0 ≤ i < |a|}| (4)

Instead of doing this directly, we test the solution can-
didate against t data samples. These samples are modified
versions of the perfect string x⋆.

As outlined in Section 2.4, we can distinguish between
overfitting and oversimplification. The latter is caused by
incompleteness of the tests and the former can originate from
noise in the test cases. Both forms can be expressed in
terms of our model by the objective function fε,o,t (based
on a slightly extended version of the Hamming distance h∗)
which is subject to minimization.
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Figure 2: An example for the fitness landscape model.

h∗(a, b) = |{∀i : a[i] 6= b[i] ∧ b[i] 6= ∗ ∧ 0 ≤ i < |a|}| (5)

fε,o,t(x) =
t

∑

i=1

h∗(x, testi), fε,o,t ∈ [0, (n − o)t] (6)

In the case of oversimplification, the perfect solution x⋆

will always reach a perfect score in all tests. There may
be incorrect solutions reaching this value in some cases too,
because some of the facets of the problem are hidden. We
take this into consideration by placing o don’t care symbols
(∗) uniformly distributed into the test cases. The values of
the solution candidates at their loci have no influence on the
fitness.

When overfitting is enabled, the perfect solution will not
reach the optimal score in any test case because of the noise
present. Incorrect solutions may score better in some tests

and even outperform the real solution if the noise level is
high. Noise is introduced in the test cases by toggling ε of the
remaining n−o bits, again following a uniform distribution.
An optimization algorithm can find a correct solution only if
there are more training samples with correctly defined values
for each locus than with wrong or don’t care values.

4.2 Neutrality
We can create a well-defined amount of neutrality during

the genotype-phenotype mapping by applying a transforma-
tion uµ that shortens the solution candidates by a factor µ.
The ith bit in uµ(g) is defined as 0 if and only if the majority
of the µ bits starting at locus i ∗ µ in g is also 0, and as 1
otherwise. The default value 1 set in draw situations has (in
average) no effect on the fitness since the target solution x⋆

is defined as a sequence of alternating zeros and ones. If the
length of a genotype g is not a multiple of µ, the remaining
|g| mod µ bits are ignored. The tunable parameter for the
neutrality in our model is µ. If µ is set to 1, no additional
neutrality is modeled.

4.3 Epistasis
Epistasis in general means that a slight change in one gene

of a genotype influences some other genes. We can introduce
epistasis in our model as part of the genotype mapping and
apply it after the neutrality transformation. We therefore
define a bijective function eη that translates a binary string
z of length η to a binary string eη(z) of the same length.
Assume we have two binary strings z1 and z2 which differ
only in one single locus, i. e., their Hamming distance is one.
eη introduces epistasis by exhibiting the following property:

h(z1, z2) = 1 ⇒ h(eη(z1), eη(z2)) ≥ η − 1 ∀z1,z2∈{0,1}η (7)

The meaning of Equation 7 is that a change of one bit in
a genotype g leads to the change of at least η− 1 bits in the
corresponding mapping eη(g). This, as well as the demand
for bijectivity, is provided if we define eη as follows:

eη(z) =











eη(z)[i] =
⊗

z[j]

∀j:0≤j<η∧

j 6=(i−1) mod η

∀z:0≤z<2η−1

eη(z − 2η−1) otherwise

(8)

In other words, for all strings z ∈ {0, 1}η which have the
most significant bit (MSB) not set, the eη transformation is
performed bitwise. The ith bit in eη(z) equals the exclusive
or combination of all but one bit in z. Hence, each bit
in z influences the value of η − 1 bits in eη(z). For all z

with 1 in the MSB, eη(z) is simply set to the negated eη

transformation of z with the MSB cleared (the value of the
MSB is 2η−1). This division in e is needed in order to ensure
its bijectiveness. This and the compliance with Equation 7
can be shown with a rather lengthy proof omitted here.

In order to introduce this model of epistasis in genotypes
of arbitrary length, we divide them into blocks of the length
η and transform each of them separately with eη. If the
length of a given genotype g is no multiple of η, the remain-
ing |g| mod η bits at the end will be transformed with the
function e|g| mod η instead of eη, as outlined in Figure 2.

It may be an interesting fact that the eη transformations
are a special case of the NK landscape discussed in Sec-
tion 3.1 with N = η and K ≈ η − 2.

The tunable parameter η for the epistasis ranges from 2
to n ∗m, the product of the basic problem length n and the
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Figure 3: An example for the epistasis mapping z → e4(z).

number of objectives m (see next section). If it is set to a
value smaller than 3, no additional epistasis is introduced.
Figure 3 outlines the mapping for η = 4.

4.4 Multi-Objectivity
A multi-objective problem with m criteria can easily be

created by interleaving m instances of the benchmark prob-
lem with each other and introducing separate objective func-
tions for each of them. Instead of just dividing the genotype
g in m blocks, each standing for one objective, we scatter the
objectives as illustrated in Figure 2. The bits for the first
objective comprise x1 = (g[0], g[m], g[2m], . . . ), those used by
the second objective x2 = (g[1], g[m+1], g[2m+1], . . . ). Notice
that no bit in g is used by more than one objective. Super-
fluous bits (beyond index nm − 1) are ignored. If g is too
short, the missing bits in the phenotypes are replaced with
the complement from x⋆, i.e., if one objective misses the last
bit (index n − 1), it is padded by x⋆[n−1] which will worsen
the objective by 1 on average.

Because of the interleaving, the objectives will begin to
conflict if epistasis (η > 2) is applied, similar to NK land-
scapes. Changing one bit in the genotype will change the
outcome of at most min{η, m} objectives. Some of them
may improve while others may worsen.

A non-functional objective function minimizing the length
of the genotypes is added if variable-length genomes are used
during the evolution. If fixed-length genomes are used, they
can be designed in a way that the blocks for the single ob-
jectives have always the right length.

4.5 Ruggedness
In an optimization problem, there can be at least two

(possibly interacting) sources of ruggedness of the fitness
landscape. The first one, epistasis, has already been mod-
eled and discussed. The other source concerns the objective
functions themselves, the nature of the problem. We will
introduce this type of ruggedness a posteriori as a permu-
tation r : [0, q] 7→ [0, q] of the objective values (where q is a
convenient abbreviation for the maximum possible objective
value (n − o)t).

Before we do that, let us shortly outline what makes a
function rugged. Ruggedness is obviously the opposite of
smoothness and causality. In a smooth objective function,
the objective values of the solution candidates neighboring in
problem space are also neighboring. In our original problem
with o = 0, ε = 0, and t = 1 for instance, two individuals
differing in one bit will also differ by one in their objective
values. We can write down the list of objective values the
solution candidates will take on when they are stepwise im-
proved from the worst to the best possible configuration as
(q, q − 1, .., 2, 1, 0). If we exchange two of the values in this
list, we will create some artificial ruggedness. A measure for

the ruggedness of such a permutation r is ∆(r):

∆(r) =

q−1
∑

i=0

|ri − ri+1| (9)

The original sequence of objective values has the minimum
value ∆min = q and the maximum possible value is ∆max =
q(q+1)

2
. There exists at least one permutation for each ∆

value in ∆min..∆max.
We can hence define the permutation rγ which is applied

after the objective values are computed and which has the
following features:

1. It is bijective (since it is a permutation).

2. It must preserve the optimal value, i. e., rγ [0] = 0.

3. ∆(rγ) = ∆min + γ.

With γ ∈ [0, ∆max − ∆min], we can fine-tune the rugged-
ness. For γ = 0, no ruggedness is introduced. For a given
q, we can compute the permutations rγ with the procedure
buildRPermutation(γ, q) defined in Algorithm 1.

Algorithm 1: rγ = buildRPermutation(γ, q)

Input: γ the γ value
Input: q the maximum objective value
Result: rγ the permutation rγ

permutate(γ, r, q, start)1

begin2

if γ > 0 then3

if γ ≤ (q − 1) then4

permutate(γ − 1, r, q, start)5

exchangeElementsAtIndex(r, q, q − γ)6

else7

i←−
⌊

start+1
2

⌋

8

if (start mod 2) = 0 then9

i←− q + 1− i10

d←− −111

else d←− 112

j ←− start13

while j ≤ q do14

r[j]←− i15

i←− i + d16

j ←− j + 117

permutate(γ − q + start, r, q, start + 1)18

end19

begin20

r ←− (0, 1, 2, .., q − 1, q)21

return permutate(γ, r, q, 1)22

end23

Figure 4 outlines all ruggedness permutations rγ for an
objective function which can range from 0 to q = 5. As
can be seen, the permutations scramble the objective func-
tion more and more with rising γ and reduce its gradient
information.

5. FIRST EXPERIMENTAL RESULTS
In this section, we will provide a selection of the first ex-

perimental results which have been obtained with our model.
For the tests, we have used a standard genetic algorithm
with population size 1000, single-point crossover, single-bit
mutation, and a variable-length bit string genome with a
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maximum string length of 8000 bits. In each test, we ap-
plied a non-functional objective minimizing the length of the
strings. We suggest using these settings as default setup for
all experiments involving our model in order to keep the re-
sults comparable. Furthermore, we have used tournament
selection with tournament size 5 and Pareto ranking for fit-
ness assignment. For each experimental setting, at least 50
runs have been performed.

5.1 Basic Complexity
In the experiments, we distinguish between success and

perfection. Success means finding individuals x of optimal
functional fitness, i. e., fε,o,t(x) = 0. Multiple such success-
ful strings may exist, since superfluous bits at the end of
genotypes do not influence their functional objective. The
perfect string x⋆ has no such useless bits, it is the shortest
possible solution with fε,o,t = 0 and, hence, also optimal
in the non-functional length criterion. We will refer to the
number of generations needed to find a successful individual
as success generations.
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Figure 5: The basic problem hardness.

In Figure 5, we have computed the minimum, average, and
maximum number of the success generations for values of n

ranging from 8 to 800. As illustrated, the problem hardness
increases smoothly with rising string length n. Trimming
down the solution strings to the perfect length becomes more
and more complicated with growing n. This is likely because
the fraction at the end of the strings where the trimming is
to be performed will shrinks in comparison with its overall
length.

5.2 Ruggedness

Figure 6: Experimental results for the ruggedness.

In Figure 6, we plotted the average success generations
with n = 80 and different ruggedness settings γ. Interest-
ingly, the gray original curve behaves very strange. It is
divided into alternating solvable and unsolvable2 problems.
The unsolvable ranges of γ correspond to gaps in the curve.
With rising γ, the solvable problems require more and more
generations until they are solved. After a certain γ threshold
value, the unsolvable sections become solvable. From there
on, they become simpler with rising γ. At some point, the
two parts of the curve meet.

Algorithm 2: γ = translate(γ′, q)

begin1

l←−
q(q−1)

22

i←−
⌊ q

2

⌋

∗

⌊

q+1
2

⌋

3

if γ ≤ i then4

j ←−

⌊

q+2
2
−

√

q2

4
+ 1− γ

⌋

5

k ←− γ − j (q + 2) + j2 + q6

return k + 2
(

j (q + 2)− j2 − q
)

− j7

else8

j ←−

⌊

(q mod 2)+1
2

+
√

1−(q mod 2)
4

+ γ − 1− i

⌋

9

k ←− γ − (j − (q mod 2)) (j − 1)− 1− i10

return l− k − 2j2 + j − (q mod 2) (−2j + 1)11

end12

The reason for this behavior is rooted in the way that we
construct the ruggedness mapping r and illustrates the close
relation between ruggedness and deceptiveness. Algorithm 1

2We call a problem unsolvable if it has not been solved
within 1000 generations.



alternates between creating groups of mappings that are
mainly rugged and such that are mainly deceptive. In
Figure 4, for instance, from γ = 5 to γ = 7, the permutations
also exhibit a high degree of deceptiveness while before and
after that range they are just rugged. The black curve in
Figure 6 depicts the results of rearranging the γ-values with
Algorithm 2. This algorithm maps deceptive gaps to higher
γ-values and ensures continuity of the resulting curve. Now
the mappings feature a stepwise transition from normal to
rugged to deceptive from the left to the right.3
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Figure 7: Experiments with the rearranged ruggedness.

Figure 7 sketches the average success generations for the
rearranged ruggedness problem for multiple values of n and
γ′. Depending on the basic problem size n, the problem
hardness increases steeply with rising values of γ′.

5.3 Epistasis

40
80

120
160

0
10

20
30

40
50

0

200

400

600

800

av
g 

su
cc

es
s

n
h

Figure 8: Experimental results for different epistasis values.

Figure 8 illustrates the relation between problem size n,
the epistasis factor η, and the average success generations.
Although rising epistasis makes the problems harder, the
complexity does not rise as smoothly as in the previous
experiments. The cause for this is likely the presence of
crossover – if mutation was allowed only, the impact of epis-
tasis would most likely be more intense. Another interesting
fact is that experimental settings with odd values of η tend

3This is a deviation from our original idea, but this idea did
not consider deceptiveness.

to be much more complex than those with even ones. We
are currently investigating the reason for this phenomenon.

6. CONCLUSIONS AND FUTURE WORK
In this paper, we have presented a model problem provid-

ing tunable overfitting and oversimplification affinity, epista-
sis, neutrality, ruggedness, and multi-objectivity. Up until
now, only models incorporating a subset of these features
of the fitness landscape were available. Additionally, the
effects of the parameter settings of these models on the fea-
tures were often not obvious and only indirectly tangible.

In our model on the other hand, we can not only study
all the mentioned features but also have parameters to tune
them in a simple and plain manner. Of course, some of the
features of the fitness landscape interact with each other as
we have mentioned before (see Section 2.2 and Section 3.1).
Our model, however, comes very close to separating them
and allows deactivating certain aspects as far as possible for
some experiments.

One part of our future work is to learn more about the
impact of the model settings on the optimization process.
We will therefore perform many more experiments. This
will provide us with more empiric data on how the features
of the fitness landscape influence the success probability of
optimization. We also aim at establishing our model as
a benchmark that can help to evaluate optimization algo-
rithms in different situations in an unbiased manner.

Our other work [59, 58] focuses on an area of Genetic Pro-
gramming which is very prone to high epistasis. We hope
that the settings for evolutionary algorithms that perform
well with the epistasis in our model will also prove to be use-
ful for GP. For finding such settings, this benchmark has the
advantage that experiments run very fast with it, while GP
is rather time consuming if it involves complex simulations.
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TunableModel.java

1 /**
2  * Copyright (c) 2008 Stefan Niemczyk for Bachelor thesis
3  * A Tunable Benchmark Problem for Genetic Programming of Algorithms
4  *
5  * E-Mail           : stefan@stefan-niemczyk.de; tweise@gmx.de
6  * Creation Date    : 2008-01-26
7  * Creator          : Stefan Niemczyk
8  * Original Filename: org.dgpf.benchmark.TunableModel.java
9  * Version          : 1.0.1

10  * Last modification: 2010-07-17
11  *                by: Stefan Niemczyk
12  */
13
14 import java.util.ArrayList;
15 import java.util.Random;
16
17 /**
18  * This class is a tunable Model for genetic Programming. It is possible to
19  * set the level of difficulty for neutrality, ruggedness, epistasis,
20  * multi-objectivity and testcases. This class contains methods to set the
21  * level of difficulty direct or by a scale from 0 to 10, to calculate the
22  * fitness for a given individual and to identify correct and overfitted
23  * individual.
24  *
25  * @author Stefan Niemczyk
26  */
27 public class TunableModel {
28
29 /** The integer value from a correct byte. (0101 0101) */
30 private final int SOLUTION_VALUE = 85;
31
32 /** The testcases to evaluate a individual. */
33 private int[][] testCases;
34
35 /** The number of testscases. */
36 private int testCaseCount;
37
38 /**
39    * The noise level of difficulty means how many position in each testcase
40    * are wrong on a scale from 0 - 10. 0 no noise 10 50% of the positions
41    * in each testcase are wrong
42    */
43 private double noiseDifficultyLevel;
44
45 /**
46    * The internal noise level of difficulty means the count of wrong
47    * positions in each testcase.
48    */
49 private int internalNoiseDifficultyLevel;
50
51 /**
52    * The incompleteness level of difficulty means how many positions in
53    * each testcase are do not care on a scale from 0 - 10. 0 no
54    * incompleteness 10 50% of the positions in each testcase are
55    * incompleted
56    */
57 private double incompletenessDifficultyLevel;
58
59 /**
60    * The internal incompleteness level of difficulty means the count of
61    * incompleted positions in each testcase.
62    */
63 private int internalIncompletenessDifficultyLevel;
64
65 /**
66    * The <code>neutralityDifficultyLevel</code> is the level of neutrality
67    * on a scale from 0 - 10. 0 no neutrality 10 maximum level of neutrality
68    */
69 private double neutralityDifficultyLevel;
70
71 /** The count of bits merged to 1 bit. */
72 private int mu;
73
74 /**
75    * The level of epistasis on a scale from 0 - 10. 0 no epistasis 10
76    * maximum level of epistasis
77    */
78 private double epistasisDifficultyLevel;
79
80 /**
81    * The count of bits which are set as 1 block. Each block are mapped to
82    * another bitstring of the same length. This mapping is one-to-one.
83    */
84 private int eta;
85
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86 /**
87    * The level of ruggedness on a scale from 0 - 10. If
88    * <code>deceptive</code> is <code>true</code>
89    * <code>ruggednessDifficultyLevel</code> means the level of the
90    * deceptive. 0 no ruggedness/deceptive 10 maximum level of
91    * ruggedness/deceptive.
92    */
93 private double ruggednessDifficultyLevel;
94
95 /**
96    * <code>true</code> if and only if the ruggedness is deceptive, else
97    * <code>false</code>. Default is <code>false</code>!
98    */
99 private boolean deceptive;

100
101 /**
102    * The internal reggedness value to generate the
103    * <code>ruggednessMapping</code> list.
104    */
105 private int gamma;
106
107 /** The count of functional objective functions. */
108 private int functionalObjectiveFunctionCount;
109
110 /** The mapping to modifiy the functional fitness value for a individual. */
111 private int[] ruggednessMapping;
112
113 /**
114    * The mapping to modifiy the bitblock defined by the <code>eta</code>.
115    * The mapping is only used when <code>eta</code> is <= 21.
116    */
117 private int[] epistasisMapping;
118
119 /** The bitlength of the phenotype!! */
120 private int phenotypeLength;
121
122 /** The minimum functional fitness value to say an individual is success. */
123 private int minimumFitnessToSuccess;
124
125 /** The maximum functional fitness value. */
126 private int maximumFitness;
127
128 /** True if and only if the neutrality level was changed, else false. */
129 private boolean neutralityLevelChanged;
130
131 /** True if and only if the epistasis level was changed, else false. */
132 private boolean epistasisLevelChanged;
133
134 /** True if and only if the ruggedness level was changed, else false. */
135 private boolean ruggednessLevelChanged;
136
137 /** True if and only if the testcases was changed, else false. */
138 private boolean testcasesChanged;
139
140 /** True if and only if the phenotype length was changed, else false. */
141 private boolean phenotypeLengthChanged;
142
143 /** True if and only if the neutrality level was set direct, else false. */
144 private boolean neutralitySetDirect;
145
146 /** True if and only if the epistasis level was set direct, else false. */
147 private boolean epistasisSetDirect;
148
149 /** True if and only if the ruggedness level was set direct, else false. */
150 private boolean ruggednessSetDirect;
151
152 /** True if and only if the noise level was set direct, else false. */
153 private boolean noiseSetDirect;
154
155 /**
156    * True if and only if the incompleteness level was set direct, else
157    * false.
158    */
159 private boolean incompletenessSetDirect;
160
161 // --------------------------------
162
163 /**
164    * The Basic consturctor. Initialize all fields.
165    *
166    * @autor Stefan Niemczyk
167    * @since Version 1.0.0
168    */
169 public TunableModel() {
170 this.setNeutralityDifficultyLevel(0d);
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171 this.setEpistasisDifficultyLevel(0d);
172 this.setRuggednessDifficultyLevel(0d);
173 this.setDeceptive(false);
174
175 this.setTestCaseCount(1);
176 this.setNoiseDifficultyLevel(0d);
177 this.setIncompletenessDifficultyLevel(0d);
178
179 this.setFunctionalObjectiveFunctionCount(1);
180
181 this.setPhenotypeLength(8);
182
183 this.recalculateInternalValues();
184 }
185
186 // --------------------------------
187
188 /**
189    * Generate testcases with a given number of wrong and incompeted
190    * positions.
191    *
192    * @param p_size
193    *          The number of testcases.
194    * @param p_noiseLevel
195    *          The number of wrong positions in each testcase.
196    * @param p_incompletenessLevel
197    *          The number of incompleted positions in each testcase.
198    */
199 @SuppressWarnings("unchecked")
200 private void generateTestcases(final int p_size, final int p_noiseLevel,
201 final int p_incompletenessLevel) {
202 int p, i, j, r, ffc, max, one, zero;
203 Random random;
204 ArrayList<Integer> pos, pos2;
205 int testcase[];
206
207 p = this.phenotypeLength;
208 i = 0;
209 j = 0;
210 r = 0;
211 random = new Random();
212
213 this.testCaseCount = p_size;
214 this.testCases = new int[p_size][p];
215
216 pos = new ArrayList<Integer>();
217 for (i = p - 1; i >= 0; --i) {
218 pos.add(new Integer(i));
219 }
220
221 for (i = 0; i < p_size; ++i) {
222 testcase = new int[p];
223 for (j = p - 1; j >= 0; --j) {
224 testcase[j] = (j ^ 1) & 1;
225 }
226
227 pos2 = (ArrayList<Integer>) pos.clone();
228 for (j = this.internalIncompletenessDifficultyLevel - 1; j >= 0; --j) {
229 r = random.nextInt(pos2.size());
230 testcase[pos2.get(r).intValue()] = 2;
231 pos2.remove(r);
232 }
233
234 for (j = this.internalNoiseDifficultyLevel - 1; j >= 0; --j) {
235 r = random.nextInt(pos2.size());
236 testcase[pos2.get(r).intValue()] ^= 1;
237 pos2.remove(r);
238 }
239
240 this.testCases[i] = testcase;
241 }
242
243 final byte[] correctSolution = new byte[(this.phenotypeLength >> 3) + 1];
244 for (i = correctSolution.length - 1; i >= 0; --i) {
245 correctSolution[i] = (byte) this.SOLUTION_VALUE;
246 }
247
248 ffc = this.functionalObjectiveFunctionCount;
249 this.functionalObjectiveFunctionCount = 1;
250
251 this.minimumFitnessToSuccess = this
252 .calculateFunctionalObjectivFitness(correctSolution, 0,
253 this.phenotypeLength);
254
255 max = 0;
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256
257 for (i = 0; i < p; ++i) {
258 one = 0;
259 zero = 0;
260
261 for (j = 0; j < p_size; ++j) {
262 if (this.testCases[j][i] == 1) {
263 ++one;
264 } else if (this.testCases[j][i] == 0) {
265 ++zero;
266 }
267 }
268
269 max += Math.max(one, zero);
270 }
271
272 this.maximumFitness = max;
273
274 this.functionalObjectiveFunctionCount = ffc;
275 }
276
277 /**
278    * Generates the epistasismapping. Possible for <code>eta</code> lower
279    * than 22.
280    */
281 private void generateEpistasisMapping() {
282 int p_e;
283
284 p_e = this.eta;
285 this.epistasisMapping = new int[(1 << p_e)];
286
287 for (int i = (1 << p_e) - 1; i >= 0; --i) {
288 this.epistasisMapping[i] = (int) generateEpistasisMapping(i, p_e);
289 }
290 }
291
292 /**
293    * Caculate the epistasis mapping for a bitstring coded as long. Returns
294    * the result coded as long. This methode is possible for bitstring with
295    * a maximum length from 63.
296    *
297    * @param in
298    *          The input bitstring coded as long.
299    * @param bits
300    *          The count of bits (bitstring length).
301    * @return Returns the calculated bitstring coded as long.
302    */
303 public static long generateEpistasisMapping(final long in,
304 final long bits) {
305 long j, n, k, r, i;
306 boolean b;
307
308 if (bits == 1) {
309 return in;
310 }
311
312 j = 0;
313 n = 1l << bits;
314 k = 0;
315 r = 0;
316
317 if (in < (n >> 1l)) {
318 for (j = 0; j < bits; j++) {
319 b = false;
320
321 for (k = (bits - 2l); k >= 0; k--) {
322 b ^= ((in & (1l << ((j + k) % bits))) != 0);
323 }
324 if (b) {
325 r |= (1l << j);
326 }
327 }
328 return r;
329 }
330
331 i = in - (n >> 1l);
332 for (j = 0; j < bits; j++) {
333 b = false;
334
335 for (k = (bits - 2l); k >= 0; k--) {
336 b ^= ((i & (1l << ((j + k) % bits))) != 0);
337 }
338 if (!b) {
339 r |= (1l << j);
340 }
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341 }
342 return r;
343 }
344
345 /**
346    * Caculate the epistasis mapping for a bitstring coded as long. Returns
347    * the result coded as long. This methode is possible for bitstring with
348    * a maximum length from 63.
349    *
350    * @param in
351    *          The input bitstring coded as bytearray.
352    * @param bits
353    *          The count of bits (bitstring length).
354    * @return Returns the calculated bitstring coded as long.
355    */
356 public static byte[] generateEpistasisMapping(final byte[] in,
357 final long bits) {
358 long j, k, r;
359 int z, p;
360 boolean bool;
361 // byte[] br;
362 byte b;
363
364 if (bits == 1) {
365 return in;
366 }
367
368 j = 0;
369 k = 0;
370 r = 0;
371 b = 0;
372 z = 0;
373 p = 0;
374
375 // br = new byte[(int) ((bits >>> 3) + 1)];
376 if ((in[(int) ((bits - 1) >>> 3)] & (1 << ((bits - 1) & 7))) == 0) {
377 for (j = 0; j < bits; j++) {
378 bool = false;
379
380 for (k = (bits - 2l); k >= 0; k--) {
381 r = ((j + k) % bits);
382 bool ^= ((in[(int) (r >>> 3)] & (1 << (r & 7))) != 0);
383 }
384 if (bool) {
385 b |= (1l << p);
386 // br[(int) (j >>> 3)] |= (1l << (j & 7));
387 }
388
389 if (++p >= 8) {
390 in[z++] = b;
391 b = 0;
392 p = 0;
393 }
394 }
395 return in;
396 }
397
398 in[(int) ((bits - 1) >> 3)] ^= (1 << ((bits - 1) & 7));
399 for (j = 0; j < bits; j++) {
400 bool = false;
401
402 for (k = (bits - 2l); k >= 0; k--) {
403 r = ((j + k) % bits);
404 bool ^= ((in[(int) (r >>> 3)] & (1 << (r & 7))) != 0);
405 }
406 if (!bool) {
407 b |= (1l << p);
408 // br[(int) (j >>> 3)] |= (1l << (j & 7));
409 }
410
411 if (++p >= 8) {
412 in[z++] = b;
413 b = 0;
414 p = 0;
415 }
416 }
417 return in;
418 }
419
420 /**
421    * Create the ruggedness mapping table for a given gamma and m.
422    *
423    * @param ruggednessLevel
424    *          The ruggedness level of difficulty.
425    * @param max
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426    *          The maximum level of difficulty.
427    */
428 private void generateRuggednessMapping(final int ruggednessLevel,
429 final int max) {
430 int i;
431 int[] t1;
432
433 t1 = new int[max + 1];
434 for (i = max; i >= 0; i--) {
435 t1[i] = i;
436 }
437
438 permutate(ruggednessLevel, t1, max - this.minimumFitnessToSuccess);
439
440 for (i = max; i >= this.minimumFitnessToSuccess; --i) {
441 t1[i] = t1[i - this.minimumFitnessToSuccess]
442 + this.minimumFitnessToSuccess;
443 }
444 for (i = 0; i <= this.minimumFitnessToSuccess; ++i) {
445 t1[i] = i;
446 }
447
448 this.ruggednessMapping = t1;
449 }
450
451 /**
452    * Compute the ruggedness mapping lookup table.
453    *
454    * @param ruggednessLevel
455    *          The ruggedness level from this mapping.
456    * @param mapping
457    *          The lookup table for the mapping.
458    * @param maximumValue
459    *          The maximum fitness value.
460    */
461 private static void permutate(final int ruggednessLevel,
462 final int[] mapping, final int maximumValue) {
463 int j, k, start, max, g, lastUpper;
464
465 g = ruggednessLevel;
466 max = (maximumValue * (maximumValue - 1)) >>> 1;
467 lastUpper = ((maximumValue >>> 1) * ((maximumValue + 1) >>> 1));
468 if (g <= lastUpper) {
469
470 j = (int) (((maximumValue + 2) * .5d) - Math
471 .sqrt((maximumValue * maximumValue) * 0.25d + 1 - g));
472
473 k = (g - (maximumValue + 2) * j + (j * j) + maximumValue);
474 g = k + 1
475 + (((maximumValue + 2) * j - (j * j) - maximumValue - 1) << 1)
476 - (j - 1);
477 } else {
478
479 j = (int) ((((maximumValue % 2) + 1) * .5d) + Math
480 .sqrt((1 - (maximumValue % 2)) * 0.25d + g - 1 - lastUpper));
481
482 k = g - (((j - (maximumValue % 2)) * (j - 1)) + 1 + lastUpper);
483
484 g = max - k - (2 * j * j - j) - (maximumValue % 2) * (-2 * j + 1);
485 }
486
487 if (g <= 0) {
488 start = 0;
489 } else {
490 start = maximumValue
491 - (int) (0.5d + Math.sqrt(0.25 + ((max - g) << 1))) - 1;
492 }
493
494 k = 0;
495 for (j = 1; j <= start; j++) {
496 k = (j >>> 1);
497 mapping[j] = ((j & 1) != 0) ? (maximumValue - k) : k;
498 }
499
500 for (; j <= maximumValue; j++) {
501 mapping[j] = ((start & 1) != 0) ? (maximumValue - ++k) : ++k;
502 }
503
504 j = ((maximumValue - start - 1) * (maximumValue - start)) >>> 1;
505 j = max - j;
506 j = g - j;
507
508 basicPermutate(start + 1, mapping, j, maximumValue);
509
510 }
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511
512 /**
513    * Perform the basic permutation.
514    *
515    * @param start
516    *          The start
517    * @param mapping
518    *          The mapping
519    * @param ruggednessLevel
520    *          The ruggedness level of difficulty
521    * @param maximumValue
522    *          The maximum ruggedness level
523    */
524 private static void basicPermutate(final int start, final int[] mapping,
525 final int ruggednessLevel, final int maximumValue) {
526 int i, j, t;
527
528 if (ruggednessLevel <= 0) {
529 return;
530 }
531
532 basicPermutate(start, mapping, ruggednessLevel - 1, maximumValue);
533 j = maximumValue;
534 i = j - ruggednessLevel;
535 t = mapping[i];
536 mapping[i] = mapping[j];
537 mapping[j] = t;
538 }
539
540 /**
541    * Transform a input byte array to an output byte array by merge
542    * <code>mu</code> bits to 1 bit. Count the number of 1 in the
543    * <code>mu</code> bits, if the number of 1 is equal or higher than the
544    * number of 0 the result bit becomes a 1 else a 0. Returns the number of
545    * bits in the <code>output</code> byte array.
546    *
547    * @param input
548    *          The input byte array.
549    * @param output
550    *          The output byte array.
551    * @param bitCount
552    *          The number of bits to use from the <code>input</code> byte
553    *          array.
554    * @param neutralityCount
555    *          The number of bits merged to one bit.
556    * @return Returns the number of bits in the <code>output</code> byte
557    *         array.
558    */
559 public static int neutrality(final byte[] input, final byte[] output,
560 final int bitCount, final int neutralityCount) {
561 int outputIndex, i, majorityValue, shiftCount, outputValue, outputValueIndex;
562 byte currentByte;
563
564 outputIndex = 0;
565 i = 0;
566 majorityValue = 0;
567 shiftCount = 0;
568 outputValue = 0;
569 outputValueIndex = 0;
570
571 currentByte = 0;
572
573 for (i = 0; i < bitCount; ++i) {
574 if ((i & 7) == 0) {
575 currentByte = input[(i >>> 3)];
576 }
577
578 if ((currentByte & 1) == 0) {
579 --majorityValue;
580 } else {
581 ++majorityValue;
582 }
583
584 currentByte >>>= 1;
585
586 ++shiftCount;
587
588 if (shiftCount >= neutralityCount) {
589 if (majorityValue >= 0) {
590 outputValue |= (1 << outputValueIndex);
591 }
592
593 shiftCount = 0;
594 majorityValue = 0;
595 ++outputValueIndex;

7



TunableModel.java

596
597 if (outputValueIndex >= 8) {
598 output[outputIndex] = (byte) outputValue;
599 ++outputIndex;
600 outputValueIndex = 0;
601 outputValue = 0;
602 }
603 }
604 }
605
606 if (outputValueIndex > 0) {
607 output[outputIndex] = (byte) outputValue;
608 }
609
610 return (outputIndex << 3) + outputValueIndex;
611 }
612
613 /**
614    * Write the input array <code>in</code> to the output array
615    * <code>out</code> while changing it to the degree of <code>eta</code>.
616    *
617    * @param in
618    *          The input byte array.
619    * @param out
620    *          The output byte array.
621    * @param count
622    *          The count of bits in the input array <code>in</code>.
623    * @param epistasisMapping
624    *          The epistasismapping.
625    * @param p_eta
626    *          The epistasis level of difficulty.
627    */
628 public static final void epistasis(final byte[] in, final byte[] out,
629 final int count, final int[] epistasisMapping, final int p_eta) {
630 if (p_eta < 63) {
631 epistasisTransformLong(in, out, count, epistasisMapping, p_eta);
632 } else {
633 epistasisTransformByteArray(in, out, count, p_eta);
634 }
635 }
636
637 /**
638    * Write the input array <code>in</code> to the output array
639    * <code>out</code> while changing it to the degree of <code>eta</code>.
640    * This methode can handel epistasis with a level lower than 63;
641    *
642    * @param in
643    *          The input byte array.
644    * @param out
645    *          The output byte array.
646    * @param count
647    *          The count of bits in the input array <code>in</code>.
648    * @param epistasisMapping
649    *          The epistasismapping.
650    * @param p_eta
651    *          The epistasis level of difficulty.
652    */
653 private static final void epistasisTransformLong(final byte[] in,
654 final byte[] out, final int count, final int[] epistasisMapping,
655 final int p_eta) {
656 long b, j, o, k, l, z, p, m;
657 int i, a;
658
659 o = 0;
660 j = 0;
661 b = 0;
662 k = 0;
663 l = 0;
664 z = 0;
665 p = 0;
666 a = 0;
667 m = p_eta;
668
669 for (i = 0; i < count; i++) {
670 if ((i & 0x7) == 0) {
671 b = in[i >>> 3l];
672 }
673
674 if ((b & 1) != 0) {
675 o |= (1l << k);
676 }
677
678 b >>>= 1l;
679 if ((++k) >= m) {
680 if (m < 21) {
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681 z = epistasisMapping[(int) o];
682 } else {
683 z = generateEpistasisMapping(o, m);
684 }
685 for (j = 0; j < m; ++j) {
686 p |= ((z & 1l) << l);
687 z >>>= 1l;
688 if ((++l) >= 8) {
689 l = 0;
690 out[a++] = (byte) p;
691 p = 0;
692 }
693 }
694 k = 0;
695 o = 0;
696 }
697 }
698
699 if (k != 0) {
700 z = generateEpistasisMapping(o, k);
701
702 for (j = 0; j < k; ++j) {
703 p |= ((z & 1l) << l);
704 z >>>= 1l;
705 if ((++l) >= 8) {
706 l = 0;
707 out[a++] = (byte) p;
708 p = 0;
709 }
710 }
711 }
712
713 if (l != 0) {
714 out[a] = (byte) p;
715 }
716 }
717
718 /**
719    * Write the input array <code>in</code> to the output array
720    * <code>out</code> while changing it to the degree of <code>eta</code>.
721    * This methode can handel epistasis with a level higher than 62;
722    *
723    * @param in
724    *          The input byte array.
725    * @param out
726    *          The output byte array.
727    * @param count
728    *          The count of bits in the input array <code>in</code>.
729    * @param p_eta
730    *          The epistasis level of difficulty.
731    */
732 private static final void epistasisTransformByteArray(final byte[] in,
733 final byte[] out, final int count, final int p_eta) {
734 long b, j, k, l, p, m;
735 int i, a;
736 byte[] ba, br;
737
738 j = 0;
739 b = 0;
740 k = 0;
741 l = 0;
742 a = 0;
743 p = 0;
744 m = p_eta;
745
746 ba = new byte[(int) ((m >>> 3) + 1)];
747
748 for (i = 0; i < count; i++) {
749 if ((i & 0x7) == 0) {
750 b = in[i >>> 3l];
751 }
752
753 if ((b & 1) != 0) {
754 b >>>= 1l;
755 }
756 if ((++k) >= m) {
757
758 br = generateEpistasisMapping(ba, k);
759
760 for (j = 0; j < m; ++j) {
761 p |= ((br[(int) (j >>> 3)] >>> (j & 7)) & 1) << l;
762
763 if ((++l) >= 8) {
764 l = 0;
765 out[a++] = (byte) p;
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766 p = 0;
767 }
768 }
769 k = 0;
770 // ba = new byte[(int) ((m >>> 3) + 1)];
771 }
772 }
773
774 if (k != 0) {
775 br = generateEpistasisMapping(ba, k);
776
777 for (j = 0; j < k; ++j) {
778 p |= ((br[(int) (j >>> 3)] >>> (j & 7)) & 1) << l;
779
780 if ((++l) >= 8) {
781 l = 0;
782 out[a++] = (byte) p;
783 p = 0;
784 }
785 }
786 }
787
788 if (l != 0) {
789 out[a] = (byte) p;
790 }
791 }
792
793 /**
794    * Compute the fitness from the fitnessfunction with the given
795    * <code>index</code> for the given individual.
796    *
797    * @param in
798    *          The individual to compute the fitness.
799    * @param index
800    *          The index from the functionl objective function.
801    * @param bitCount
802    *          The count of bits in the byte array <code>in</code>.
803    * @return Returns the fitness value for the indivudual <code>in</code>
804    */
805 private int calculateFunctionalObjectivFitness(final byte[] in,
806 final int index, final int bitCount) {
807 int i, j, z, o, ts, c, p, fitness;
808 int[][] tc;
809
810 i = 0;
811 j = 0;
812 tc = this.testCases;
813 ts = this.testCaseCount;
814 o = 0;
815 z = index;
816 c = this.functionalObjectiveFunctionCount;
817
818 fitness = 0;
819 p = this.phenotypeLength;
820
821 while ((z < bitCount) && (i < p)) {
822 o = (in[z >>> 3] >>> (z & 7)) & 1;
823
824 for (j = 0; j < ts; ++j) {
825 try {
826 if (tc[j][i] > 1) {
827 continue;
828 }
829 } catch (final Throwable tt) {
830 System.out.println();
831 }
832
833 if (tc[j][i] != o) {
834 ++fitness;
835 }
836 }
837
838 z += c;
839 ++i;
840 }
841
842 for (; i < p; ++i) {
843 for (j = 0; j < ts; ++j) {
844 if (tc[j][i] > 1) {
845 continue;
846 }
847
848 if (tc[j][i] != (i & 1)) {
849 ++fitness;
850 }
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851 }
852 }
853
854 return fitness;
855 }
856
857 /**
858    * Calculate the fitness for the individual <code>in</code> and the
859    * fitness function index <code>index</code>. Returns the fitness value.
860    *
861    * @param in
862    *          The individual to compute the fitness.
863    * @param index
864    *          The index from the functionl objective function.
865    * @param length
866    *          the number of bits in the byte array <code>in</code>
867    * @return Returns the functional objective fitness for the individual.
868    */
869 public int functionalObjectiveFunction(final byte[] in,
870 final int length, final int index) {
871
872 byte[] result = null;
873 int neutralityBitCount, fitness;
874
875 if (this.mu > 1) {
876 result = new byte[((length / this.mu) << 3) + 1];
877 } else if (this.eta > 1) {
878 result = new byte[in.length];
879 } else {
880 result = in;
881 }
882
883 if (this.mu > 1) {
884 neutralityBitCount = neutrality(in, result, length, this.mu);
885 } else {
886 neutralityBitCount = length;
887 }
888
889 if (this.eta > 1) {
890 if (this.mu > 1) {
891 epistasis(result, result, neutralityBitCount,
892 this.epistasisMapping, this.eta);
893 } else {
894 epistasis(in, result, neutralityBitCount, this.epistasisMapping,
895 this.eta);
896 }
897 }
898
899 if (index > this.functionalObjectiveFunctionCount) {
900 return -1;// TODO anstädige fehlermeldung oder anderen wert?
901 }
902
903 fitness = this.calculateFunctionalObjectivFitness(result, index,
904 neutralityBitCount);
905
906 if (this.gamma > 0) {
907 fitness = this.ruggednessMapping[fitness];
908 }
909
910 return fitness;
911 }
912
913 /**
914    * Calculate the non functional objective fitness for the given
915    * individual <code>in</code>. Returns this value.
916    *
917    * @param in
918    *          The individual to compute the fitness.
919    * @param length
920    *          the number of bits in the byte array
921    * @return Returns the non functional objecitve fitness.
922    */
923 public int nonfunctionalObjectiveFunction(final byte[] in,
924 final int length) {
925 int maxLen;
926
927 if ((in == null) || (length <= 0)) {
928 return 0;
929 }
930 maxLen = (in.length << 3);
931 return ((length <= maxLen) ? length : maxLen);
932 }
933
934 /**
935    * Returns <code>true</code> if the given individual <code>in</code> is
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936    * overfitted, else <code>false</code>.
937    *
938    * @param in
939    *          The individual to check.
940    * @param length
941    *          the number of bits in the byte array <code>in</code>
942    * @return Returns <code>true</code> if the given individual
943    *         <code>in</code> is overfitted, else <code>false</code>.
944    */
945 public boolean isOverfitted(final byte[] in, final int length) {
946 int i, j, c, o, z, size, neutralityBitCount;
947 byte[] result = null;
948
949 if (this.mu > 1) {
950 result = new byte[((length / this.mu) << 3) + 1];
951 } else if (this.eta > 1) {
952 result = new byte[in.length];
953 } else {
954 result = in;
955 }
956
957 if (this.mu > 1) {
958 neutralityBitCount = neutrality(in, result, length, this.mu);
959 } else {
960 neutralityBitCount = length;
961 }
962
963 if (this.eta > 1) {
964 if (this.mu > 1) {
965 epistasis(result, result, neutralityBitCount,
966 this.epistasisMapping, this.eta);
967 } else {
968 epistasis(in, result, neutralityBitCount, this.epistasisMapping,
969 this.eta);
970 }
971 }
972
973 c = this.functionalObjectiveFunctionCount;
974 size = this.phenotypeLength * c;
975
976 // if ((neutralityBitCount & 7) != 0)
977 // ++neutralityBitCount;
978
979 if (size != neutralityBitCount) {
980 return true;
981 }
982
983 z = 0;
984
985 if ((this.mu <= 1) && (this.eta <= 1)) {
986 for (i = 0; i < neutralityBitCount; ++i) {
987 o = (z & 1);
988 for (j = 0; j < c; ++j) {
989 if (((in[i >>> 3] >>> (i & 7)) & 1) == o) {
990 return true;
991 }
992 ++i;
993 }
994 --i;
995 ++z;
996 }
997 } else {
998 for (i = 0; i < neutralityBitCount; ++i) {
999 o = (z & 1);

1000 for (j = 0; j < c; ++j) {
1001 if (((result[i >>> 3] >>> (i & 7)) & 1) == o) {
1002 return true;
1003 }
1004 ++i;
1005 }
1006 --i;
1007 ++z;
1008 }
1009 }
1010
1011 return false;
1012 }
1013
1014 /**
1015    * Returns <code>true</code> if the given individual <code>in</code> is
1016    * success, else <code>false</code>.
1017    *
1018    * @param in
1019    *          The individual to check.
1020    * @param length

12



TunableModel.java

1021    *          the number of bits in the byte array <code>in</code>
1022    * @return Returns <code>true</code> if the given individual
1023    *         <code>in</code> is correct, else <code>false</code>.
1024    */
1025 public boolean isSuccess(final byte[] in, final int length) {
1026 int i, ffc;
1027
1028 ffc = this.functionalObjectiveFunctionCount;
1029
1030 for (i = 0; i < ffc; ++i) {
1031 if (this.functionalObjectiveFunction(in, length, i) > this.minimumFitnessToSuccess) {
1032 return false;
1033 }
1034 }
1035
1036 return true;
1037 }
1038
1039 /**
1040    * Returns <code>true</code> if the given funvtional objectives
1041    * <code>objectives</code> lower then
1042    * <code>minimumFitnessToSuccess</code>, else <code>false</code>.
1043    *
1044    * @param objectives
1045    *          The individual to check.
1046    * @return Returns <code>true</code> if the given individual
1047    *         <code>in</code> is correct, else <code>false</code>.
1048    */
1049 public boolean isSuccess(final double[] objectives) {
1050 int i, ffc;
1051
1052 ffc = this.functionalObjectiveFunctionCount;
1053
1054 for (i = 0; i < ffc; ++i) {
1055 if (objectives[i] > this.minimumFitnessToSuccess) {
1056 return false;
1057 }
1058 }
1059
1060 return true;
1061 }
1062
1063 /**
1064    * Call this methode after changing some settings to recalculate all
1065    * internal values.
1066    */
1067 public void recalculateInternalValues() {
1068 if (this.phenotypeLengthChanged || this.testcasesChanged) {
1069 if (!this.noiseSetDirect) {
1070 this.internalNoiseDifficultyLevel = (int) ((this.phenotypeLength >> 1) * (this.noiseDifficulty
1071 }
1072
1073 if (!this.incompletenessSetDirect) {
1074 this.internalIncompletenessDifficultyLevel = (int) ((this.phenotypeLength >> 1) * (this.incomp
1075 }
1076
1077 this.generateTestcases(this.testCaseCount,
1078 this.internalNoiseDifficultyLevel,
1079 this.internalIncompletenessDifficultyLevel);
1080 }
1081
1082 if (this.neutralityLevelChanged || this.phenotypeLengthChanged) {
1083 if (!this.neutralitySetDirect) {
1084 this.mu = (int) Math.round(this.neutralityDifficultyLevel) + 1;
1085 }
1086 }
1087
1088 if (this.epistasisLevelChanged || this.phenotypeLengthChanged) {
1089 if (!this.epistasisSetDirect) {
1090 this.eta = (((int) (this.epistasisDifficultyLevel) * 2) * 2) + 1;
1091 }
1092
1093 if (this.eta < 22) {
1094 this.generateEpistasisMapping();
1095 }
1096 }
1097
1098 if (this.ruggednessLevelChanged || this.phenotypeLengthChanged) {
1099 if ((this.ruggednessDifficultyLevel == 0)
1100 && !this.ruggednessSetDirect) {
1101 this.gamma = 0;
1102 } else {
1103 int max;
1104 int lastRugged;
1105
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1106 max = (this.maximumFitness * (this.maximumFitness + 1)) / 2;
1107 max -= this.maximumFitness;
1108 if (!this.ruggednessSetDirect) {
1109 lastRugged = (this.maximumFitness / 2);
1110 if (this.maximumFitness % 2 != 0) {
1111 lastRugged *= ((this.maximumFitness / 2) + 1);
1112 } else {
1113 lastRugged *= (this.maximumFitness / 2);
1114 }
1115
1116 if (this.deceptive) {
1117 this.gamma = (int) ((this.ruggednessDifficultyLevel / 10d) * (max - (lastRugged + 1)))
1118 + (lastRugged + 1);
1119 } else {
1120 this.gamma = (int) ((this.ruggednessDifficultyLevel / 10d) * lastRugged);
1121 }
1122 }
1123 }
1124
1125 this.generateRuggednessMapping(this.gamma, this.maximumFitness);
1126 }
1127
1128 this.phenotypeLengthChanged = false;
1129 this.testcasesChanged = false;
1130 this.neutralityLevelChanged = false;
1131 this.epistasisLevelChanged = false;
1132 this.ruggednessLevelChanged = false;
1133 }
1134
1135 // --------------------------------
1136
1137 /**
1138    * Returns the number of testcases.
1139    *
1140    * @return Returns the number of testcases.
1141    */
1142 public int getTestCaseCount() {
1143 return this.testCaseCount;
1144 }
1145
1146 /**
1147    * Sets the number of Testcases.
1148    *
1149    * @param p_testCaseCount
1150    *          The new number of testcases.
1151    */
1152 public void setTestCaseCount(final int p_testCaseCount) {
1153 this.testCaseCount = p_testCaseCount;
1154 this.testcasesChanged = true;
1155 }
1156
1157 /**
1158    * Returns the number of wrong positions in each testcase on a scale from
1159    * 0 - 10.
1160    *
1161    * @return Returns the number of wrong positions in each testcase on a
1162    *         scale from 0 - 10.
1163    */
1164 public double getNoiseDifficultyLevel() {
1165 return this.noiseDifficultyLevel;
1166 }
1167
1168 /**
1169    * Sets the noise level of difficulty.
1170    *
1171    * @param p_noiseDifficultyLevel
1172    *          The new level of difficulty. Possible values are 0 - 10!
1173    */
1174 public void setNoiseDifficultyLevel(final double p_noiseDifficultyLevel) {
1175 if (p_noiseDifficultyLevel < 0d) {
1176 this.noiseDifficultyLevel = 0d;
1177 } else if (p_noiseDifficultyLevel > 10) {
1178 this.noiseDifficultyLevel = 10d;
1179 } else {
1180 this.noiseDifficultyLevel = p_noiseDifficultyLevel;
1181 }
1182
1183 this.noiseSetDirect = false;
1184 this.testcasesChanged = true;
1185 }
1186
1187 /**
1188    * Returns the number of wrong positions in each testcase.
1189    *
1190    * @return Returns the number of wrong positions in each testcase.
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1191    */
1192 public int getInternalNoiseDifficultyLevel() {
1193 return this.internalNoiseDifficultyLevel;
1194 }
1195
1196 /**
1197    * Sets the number of wrong positions in each testcase.
1198    *
1199    * @param p_internalNoiseDifficultyLevel
1200    *          The new number of wrong positions in each testcase.
1201    */
1202 public void setInternalNoiseDifficultyLevel(
1203 final int p_internalNoiseDifficultyLevel) {
1204 this.internalNoiseDifficultyLevel = p_internalNoiseDifficultyLevel;
1205
1206 this.noiseSetDirect = true;
1207 this.testcasesChanged = true;
1208 }
1209
1210 /**
1211    * Returns the number of wrong positions in each testcase.
1212    *
1213    * @return Returns the number of wrong positions in each testcase.
1214    */
1215 public int getEpsylon() {
1216 return this.getInternalNoiseDifficultyLevel();
1217 }
1218
1219 /**
1220    * Sets the number of wrong positions in each testcase.
1221    *
1222    * @param p_epsylon
1223    *          The new number of wrong positions in each testcase.
1224    */
1225 public void setEpsylon(final int p_epsylon) {
1226 this.setInternalNoiseDifficultyLevel(p_epsylon);
1227 }
1228
1229 /**
1230    * Returns the number of incompleted positions in each testcase on a
1231    * scale from 0 - 10.
1232    *
1233    * @return Returns the number of incompleted positions in each testcase
1234    *         on a scale from 0 - 10.
1235    */
1236 public double getIncompletenessDifficultyLevel() {
1237 return this.incompletenessDifficultyLevel;
1238 }
1239
1240 /**
1241    * Sets the number of incompleted positions in each testcase.
1242    *
1243    * @param p_incompletenessDifficultyLevel
1244    *          The new level of difficulty. Possible values are 0 - 10!
1245    */
1246 public void setIncompletenessDifficultyLevel(
1247 final double p_incompletenessDifficultyLevel) {
1248 if (p_incompletenessDifficultyLevel < 0d) {
1249 this.incompletenessDifficultyLevel = 0d;
1250 } else if (p_incompletenessDifficultyLevel > 10d) {
1251 this.incompletenessDifficultyLevel = 10d;
1252 } else {
1253 this.incompletenessDifficultyLevel = p_incompletenessDifficultyLevel;
1254 }
1255
1256 this.incompletenessSetDirect = false;
1257 this.testcasesChanged = true;
1258 }
1259
1260 /**
1261    * Returns the number of incompleted positions in each testcase.
1262    *
1263    * @return Returns the number of incompleted positions in each testcase.
1264    */
1265 public int getInternalIncompletenessDifficultyLevel() {
1266 return this.internalIncompletenessDifficultyLevel;
1267 }
1268
1269 /**
1270    * Sets the number of wrong positions in each testcase.
1271    *
1272    * @param p_o
1273    *          The new number of wrong positions in each testcase.
1274    */
1275 public void setO(final int p_o) {
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1276 this.setInternalIncompletenessDifficultyLevel(p_o);
1277 }
1278
1279 /**
1280    * Returns the number of incompleted positions in each testcase.
1281    *
1282    * @return Returns the number of incompleted positions in each testcase.
1283    */
1284 public int getO() {
1285 return this.getInternalIncompletenessDifficultyLevel();
1286 }
1287
1288 /**
1289    * Sets the number of wrong positions in each testcase.
1290    *
1291    * @param p_internalIncompletenessDifficultyLevel
1292    *          The new number of wrong positions in each testcase.
1293    */
1294 public void setInternalIncompletenessDifficultyLevel(
1295 final int p_internalIncompletenessDifficultyLevel) {
1296 this.internalIncompletenessDifficultyLevel = p_internalIncompletenessDifficultyLevel;
1297
1298 this.incompletenessSetDirect = true;
1299 this.testcasesChanged = true;
1300 }
1301
1302 /**
1303    * Returns the neutrality level of difficulty on a scale from 0 - 10.
1304    *
1305    * @return Returns the neutrality level of difficulty on a scale from 0 -
1306    *         10.
1307    */
1308 public double getNeutralityDifficultyLevel() {
1309 return this.neutralityDifficultyLevel;
1310 }
1311
1312 /**
1313    * Sets the neutrality level of difficulty.
1314    *
1315    * @param p_neutralityDifficultyLevel
1316    *          The new level. Possible values are 0 - 10
1317    */
1318 public void setNeutralityDifficultyLevel(
1319 final double p_neutralityDifficultyLevel) {
1320 if (p_neutralityDifficultyLevel < 0d) {
1321 this.neutralityDifficultyLevel = 0d;
1322 } else if (p_neutralityDifficultyLevel > 10d) {
1323 this.neutralityDifficultyLevel = 10d;
1324 } else {
1325 this.neutralityDifficultyLevel = p_neutralityDifficultyLevel;
1326 }
1327
1328 this.neutralitySetDirect = false;
1329 this.neutralityLevelChanged = true;
1330 }
1331
1332 /**
1333    * Returns the number of bits which are merged to 1 bit.
1334    *
1335    * @return Returns the number of bits which are merged to 1 bit.
1336    */
1337 public int getInternalNeutralityDifficultyLevel() {
1338 return this.mu;
1339 }
1340
1341 /**
1342    * Sets the number of bits merged by neutrality to 1 bit.
1343    *
1344    * @param p_internalNeutralityDifficultyLevel
1345    *          The new number of bits merged to 1 bit.
1346    */
1347 public void setInternalNeutralityDifficultyLevel(
1348 final int p_internalNeutralityDifficultyLevel) {
1349 this.mu = p_internalNeutralityDifficultyLevel;
1350 this.neutralitySetDirect = true;
1351 this.neutralityLevelChanged = true;
1352 }
1353
1354 /**
1355    * Returns the number of bits which are merged to 1 bit.
1356    *
1357    * @return Returns the number of bits which are merged to 1 bit.
1358    */
1359 public int getMu() {
1360 return this.getInternalNeutralityDifficultyLevel();

16



TunableModel.java

1361 }
1362
1363 /**
1364    * Sets the number of bits merged by neutrality to 1 bit.
1365    *
1366    * @param p_mu
1367    *          The new number of bits merged to 1 bit.
1368    */
1369 public void setMu(final int p_mu) {
1370 this.setInternalNeutralityDifficultyLevel(p_mu);
1371 }
1372
1373 /**
1374    * Returns the epistasis level of difficulty on a scala from 0 - 10.
1375    *
1376    * @return Returns the epistasis level of difficulty on a scala from 0 -
1377    *         10.
1378    */
1379 public double getEpistasisDifficultyLevel() {
1380 return this.epistasisDifficultyLevel;
1381 }
1382
1383 /**
1384    * Sets the epistsis level of difficulty.
1385    *
1386    * @param p_epistasisDifficultyLevel
1387    *          The new epistasis level. Possible values are 0 - 10.
1388    */
1389 public void setEpistasisDifficultyLevel(
1390 final double p_epistasisDifficultyLevel) {
1391 if (p_epistasisDifficultyLevel < 0d) {
1392 this.epistasisDifficultyLevel = 0d;
1393 } else if (p_epistasisDifficultyLevel > 10d) {
1394 this.epistasisDifficultyLevel = 10d;
1395 } else {
1396 this.epistasisDifficultyLevel = p_epistasisDifficultyLevel;
1397 }
1398
1399 this.epistasisSetDirect = false;
1400 this.epistasisLevelChanged = true;
1401 }
1402
1403 /**
1404    * Return the number of bits, which mapped as 1 block to another block of
1405    * the same length. This mapping is one-to-one.
1406    *
1407    * @return Return the number of bits, which mapped as 1 block to another
1408    *         block of the same length. This mapping is one-to-one.
1409    */
1410 public int getInternalEpistasisDifficultyLevel() {
1411 return this.eta;
1412 }
1413
1414 /**
1415    * Sets the number of bits, which mapped as 1 block to another block of
1416    * the same length. This mapping is one-to-one.
1417    *
1418    * @param p_internalEpistasisDifficultyLevel
1419    *          The new number of bits.
1420    */
1421 public void setInternalEpistasisDifficultyLevel(
1422 final int p_internalEpistasisDifficultyLevel) {
1423 this.eta = p_internalEpistasisDifficultyLevel;
1424
1425 this.epistasisSetDirect = true;
1426 this.epistasisLevelChanged = true;
1427 }
1428
1429 /**
1430    * Return the number of bits, which mapped as 1 block to another block of
1431    * the same length. This mapping is one-to-one.
1432    *
1433    * @return Return the number of bits, which mapped as 1 block to another
1434    *         block of the same length. This mapping is one-to-one.
1435    */
1436 public int getEta() {
1437 return this.getInternalEpistasisDifficultyLevel();
1438 }
1439
1440 /**
1441    * Sets the number of bits, which mapped as 1 block to another block of
1442    * the same length. This mapping is one-to-one.
1443    *
1444    * @param p_eta
1445    *          The new number of bits.
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1446    */
1447 public void setEta(final int p_eta) {
1448 this.setInternalEpistasisDifficultyLevel(p_eta);
1449 }
1450
1451 /**
1452    * Returns the ruggedness level of difficulty on a scala from 0 - 10. If
1453    * <code>deceptive</code> is <code>true</code> this returns the deceptive
1454    * level of difficulty on a scala from 0 - 10.
1455    *
1456    * @return Returns the ruggedness level of difficulty on a scala from 0 -
1457    *         10. If <code>deceptive</code> is <code>true</code> this
1458    *         returns the deceptive level of difficulty on a scala from 0 -
1459    *         10.
1460    */
1461 public double getRuggednessDifficultyLevel() {
1462 return this.ruggednessDifficultyLevel;
1463 }
1464
1465 /**
1466    * Sets the ruggedness level of difficulty. If <code>deceptive</code> is
1467    * <code>true</code> this sets the deceptive level of difficulty.
1468    *
1469    * @param p_ruggednessDifficultyLevel
1470    *          The new level. Possible values are 0 - 10.
1471    */
1472 public void setRuggednessDifficultyLevel(
1473 final double p_ruggednessDifficultyLevel) {
1474 if (p_ruggednessDifficultyLevel < 0d) {
1475 this.ruggednessDifficultyLevel = 0d;
1476 } else if (p_ruggednessDifficultyLevel > 10d) {
1477 this.ruggednessDifficultyLevel = 10d;
1478 } else {
1479 this.ruggednessDifficultyLevel = p_ruggednessDifficultyLevel;
1480 }
1481
1482 this.ruggednessSetDirect = false;
1483 this.ruggednessLevelChanged = true;
1484 }
1485
1486 /**
1487    * Returns <code>true</code> if and only if the ruggednessmapping is
1488    * deceptive, else returns <code>false</code>.
1489    *
1490    * @return Returns <code>true</code> if and only if the ruggednessmapping
1491    *         is deceptive, else returns <code>false</code>.
1492    */
1493 public boolean isDeceptive() {
1494 return this.deceptive;
1495 }
1496
1497 /**
1498    * Set deceptive <code>true</code> if the ruggednessmapping of your
1499    * problem is deceptive, else set this <code>false</code>.
1500    *
1501    * @param p_deceptive
1502    *          <code>true</code> if the ruggednessmapping is deceptive, else
1503    *          <code>false</code>.
1504    */
1505 public void setDeceptive(final boolean p_deceptive) {
1506 this.deceptive = p_deceptive;
1507
1508 this.ruggednessLevelChanged = true;
1509 }
1510
1511 /**
1512    * Returns the internal ruggedness level of difficulty.
1513    *
1514    * @return Returns the internal ruggedness level of difficulty.
1515    */
1516 public int getInternalRuggednessDifficultyLevel() {
1517 return this.gamma;
1518 }
1519
1520 /**
1521    * Stes the internal ruggedness level of difficulty.
1522    *
1523    * @param p_internalRuggednessDifficultyLevel
1524    *          The new internal level.
1525    */
1526 public void setInternalRuggednessDifficultyLevel(
1527 final int p_internalRuggednessDifficultyLevel) {
1528 this.gamma = p_internalRuggednessDifficultyLevel;
1529
1530 this.ruggednessSetDirect = true;
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1531 this.ruggednessLevelChanged = true;
1532 }
1533
1534 /**
1535    * Returns the internal ruggedness level of difficulty.
1536    *
1537    * @return Returns the internal ruggedness level of difficulty.
1538    */
1539 public int getGamma() {
1540 return this.getInternalRuggednessDifficultyLevel();
1541 }
1542
1543 /**
1544    * Stes the internal ruggedness level of difficulty.
1545    *
1546    * @param p_gamma
1547    *          The new internal level.
1548    */
1549 public void setGamma(final int p_gamma) {
1550 this.setInternalRuggednessDifficultyLevel(p_gamma);
1551 }
1552
1553 /**
1554    * Returns the number of functional objecitve functions.
1555    *
1556    * @return Returns the number of functional objecitve functions.
1557    */
1558 public int getFunctionalObjectiveFunctionCount() {
1559 return this.functionalObjectiveFunctionCount;
1560 }
1561
1562 /**
1563    * Sets the number of functions objective functions.
1564    *
1565    * @param p_functionalObjectiveFunctionCount
1566    *          The new number of functional objective functions. Must be
1567    *          greater than 1.
1568    */
1569 public void setFunctionalObjectiveFunctionCount(
1570 final int p_functionalObjectiveFunctionCount) {
1571 if (p_functionalObjectiveFunctionCount < 1) {
1572 this.functionalObjectiveFunctionCount = 1;
1573 } else {
1574 this.functionalObjectiveFunctionCount = p_functionalObjectiveFunctionCount;
1575 }
1576 }
1577
1578 /**
1579    * Returns the ruggedness mapping.
1580    *
1581    * @return Returns the ruggedness mapping.
1582    */
1583 public int[] getRuggednessMapping() {
1584 return this.ruggednessMapping;
1585 }
1586
1587 /**
1588    * Returns the epistasis mapping.
1589    *
1590    * @return Returns the epistasis mapping.
1591    */
1592 public int[] getEpistasisMapping() {
1593 return this.epistasisMapping;
1594 }
1595
1596 /**
1597    * Returns the bitlength of the phenotype.
1598    *
1599    * @return Returns the bitlength of the phenotype.
1600    */
1601 public int getPhenotypeLength() {
1602 return this.phenotypeLength;
1603 }
1604
1605 /**
1606    * Sets the bitlength of the phenotype.
1607    *
1608    * @param p_phenotypeLength
1609    *          The new bitlength.
1610    */
1611 public void setPhenotypeLength(final int p_phenotypeLength) {
1612 this.phenotypeLength = p_phenotypeLength;
1613
1614 this.phenotypeLengthChanged = true;
1615 }
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1616
1617 /**
1618    * Returns the bitlength of the phenotype.
1619    *
1620    * @return Returns the bitlength of the phenotype.
1621    */
1622 public int getN() {
1623 return this.getPhenotypeLength();
1624 }
1625
1626 /**
1627    * Sets the bitlength of the phenotype.
1628    *
1629    * @param p_n
1630    *          The new bitlength.
1631    */
1632 public void setN(final int p_n) {
1633 this.setPhenotypeLength(p_n);
1634 }
1635
1636 /**
1637    * Returns the correct byte value coded as integer.
1638    *
1639    * @return Returns the correct byte value coded as integer.
1640    */
1641 public int getSOLUTION_VALUE() {
1642 return this.SOLUTION_VALUE;
1643 }
1644
1645 /**
1646    * Returns the testcases.
1647    *
1648    * @return Returns the testcases.
1649    */
1650 public int[][] getTestCases() {
1651 return this.testCases;
1652 }
1653
1654 /**
1655    * Sets the test cases.
1656    *
1657    * @param p_testCases
1658    *          The new set of test cases.
1659    */
1660 public void setTestCases(final int[][] p_testCases) {
1661 this.testCases = p_testCases;
1662 }
1663 }
1664
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