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Iaşi, Romania

ogh@infoiasi.ro

Henri Luchian
Faculty of Computer Science
“Al. I. Cuza” University of Iaşi
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Faculty of Computer Science
“Al. I. Cuza” University of Iaşi
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ABSTRACT
The aim of this paper is to show that exploiting knowledge
extracted from the optimization process is important for the
success of an evolutionary solver. In the context of NK fit-
ness landscapes, we identify two causes for the difficulty of
an optimization problem: the intrinsic combinatorial diffi-
culty and the random-search hybridization. We apply these
concepts for the royal road fitness landscape. Experimen-
tal results indicate that Integrated-Adaptive Genetic Algo-
rithms (IAGA) are particularly suited for tackling random-
search hybridization. A learn-as-you-go system aimed at a
fine-grained adaptation of operators behavior increases the
solving power and convergence speed of IAGA. We conclude
that the royal road problem is actually being “royal” not
for the traditional GA, but for a class of adaptive genetic
algorithms.

1. INTRODUCTION
Knowledge is a terrible thing to waste. Disregarding much
potentially useful information on how or why the improve-
ment of solutions takes place is no longer a viable option for
modern genetic algorithms.

There are many areas within a genetic algorithm which may
benefit from the exploitation of search-derived knowledge.
For example, the number of times an operator is to be ap-
plied may not have one optimal value which is appropriate
during the entire run of the genetic algorithm. Also, the
specific way in which an operator works may also need to
be adapted as evolution progresses. The important issue is
not however finding the appropriate settings for a particu-
lar state during the optimization process, nor for the entire
run for a particular problem instance, and neither for all the
instances of a particular problem. To avoid having to start
over the tedious process of parameter tuning each time a
new problem is tackled, one would prefer employing a sys-
tem which adapts itself to the particularities of the problem

at hand.

Whenever an adaptive system is used, it is important to es-
tablish its capability of contributing to the success of the
optimization process. In this paper we address this issue in
the context of NK fitness landscapes. It has been shown that
it is easy to construct via a stochastic method an NK fitness
landscape in which finding the optimum is an NP-complete
problem. It has also been proven that particular cases of
NK fitness landscapes (“royal road” included) can be solved
polynomially. Despite of this, the royal road problem has a
long standing record for being difficult for GAs. In trying
to identify the causes, we evince two aspects of problem dif-
ficulty: intrinsic combinatorial difficulty and random-search
related difficulty.

We show how the problem of finding the optimum in a par-
ticular case of NK fitness landscapes can be transformed into
the NP-hard problem of finding the maximal stable set in
a graph. Using this transformation we show that the royal
road problem has a trivial intrinsic combinatorial difficulty
and attribute its proven difficulty to its hybridization with
random-search.

The royal road problem is used to provide a tunable de-
gree of random search hybridization for an easy to analyze
NK fitness landscape. We experiment on it using the gen-
eral adaptive framework provided by Integrated-Adaptive
Genetic Algorithms (IAGA) [17]. We add to IAGA a learn-
as-you-go system which allows operators to further adapt
themselves by inspecting the immediate results of their ap-
plications (IAGA+). IAGA improves on the traditional GA,
while IAGA+ improves on IAGA in terms of how fast a so-
lution is found. Also, the more relevant adaptation we use,
the harder are the problem instances which can be actually
solved. Experimental results compared on problems with
the same intrinsic combinatorial complexity indicate that
the adaptive systems employed are useful in tackling the
complexity caused by random-search hybridization.

1.1 Related Work
Adaptive parameter control methods are classified as deter-
ministic, adaptive and self-adaptive [5]. Deterministic sys-
tems adjust some GA parameter values according to a fixed,
predefined law [2]. Adaptive control uses feedback from the
search process in order to find out how the parameter values
are to be changed [14], [23]. Self-adaptive control attaches



to chromosomes additional information which provides some
guidance to the operators [3].

According to [18], most efforts on parameter control are fo-
cused on adapting only a few elements of the genetic al-
gorithm at a time. Systems which adapt a wider range a
parameters within a GA are however exhibiting some at-
tractive properties: [13], [22].

NK fitness landscapes were introduced by Kaufmann [15]
and have been since extensively studied [1]. The decision
problem associated to this fitness landscape is NP-complete,
thus its study can provide valuable insight into the behavior
of any optimization procedure which tackles such type of
problem [10].

1.2 Paper Outline
In section 2 we present the NK fitness landscapes and the
royal road function as a particular case; we informally show
how the problem of finding the optimum in an NK fitness
landscape can be translated into the problem of finding the
maximal stable set in a graph. Using this transformation
we dissociate the difficulty of a problem into its intrinsic
combinatorial complexity and the one caused by random-
search hybridization. Section 3 presents the architecture of
integrated-adaptive genetic algorithms (IAGA). We propose
an extension to this framework called IAGA+, which uses
a “learn-as-you-go” module aimed at atomically improving
operators (subsection 4.3). In section 4 the traditional GA,
IAGA and IAGA+ are run against royal road problems with
identical combinatorial difficulty, but an ever increasing de-
gree of random-search hybridization. Section 5 conjectures
that adaptive systems are particularly suited for managing
random-search related problem difficulty and gives hints on
further study. To facilitate replication and application to
other real-world problems, the source code we used for this
paper will be made freely available on the authors’ web page.

2. BACKGROUND
NK fitness landscapes are fitness functions on bitstring of
N genes, (X1 . . . XN ), parametrized to allow interactions be-
tween K-uples of genes so as to make them tunably “rugged”.
One way of formulating such fitness function is given below:

F (X) =
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where f represents the number of fitness components and K

the (fixed) number of genes affecting the fitness component
Fi (i ∈ {1 . . . f}). The genes which affect a given fitness
component are said to form a neighborhood.

It has been proven by Weinberger that the NK optimiza-
tion problem with random neighborhood is NP-complete
for K ≥ 3. However, when adjacent neighborhoods are con-
sidered, the problem is solvable in O(2KN) steps, and thus
is in P [24].

Let us consider a particular form for fitness components Fi,
which gives 1 if Xji
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fit a given pattern pi and

0 otherwise. Such a pattern (or schema) pi has fixed values
on positions ji
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and the “don’t care” symbol “∗”
elsewhere. In the remainder of the paper we will discuss in

(A)

chromosome: X1 X2 X3 X4 X5 X6 X7 X8

pattern 5: * * 1 * * 1 * 0

pattern 4: * * * 1 * * 1 1

pattern 3: 0 * * * 1 1 * *

pattern 2: * * 1 0 1 * * *

pattern 1: 1 0 0 * * * * *

(B)

pattern 1

pattern 2

pattern 3pattern 4

pattern 5

Figure 1: (A) Patterns defining an NK fitness
landscape. (B) Associated pattern conflict graph
(“essence graph”).

the context of such pattern-based fitness components. Fig-
ure 1 (A) contains a series of patterns which can be used to
define such an NK fitness landscape. Some patterns agree
on the same value for all their defined positions, while oth-
ers are in conflict. In order to maximize the resulting fitness
function F one must find an assignment for the gene values
which maximizes the number of fit patterns.

In figure 1 (B) the patterns are modeled as graph nodes and
pattern conflicts are represented graph edges. Thus, the
problem of finding the optimum in this type of NK fitness
landscape can be reformulated as to finding the maximal
stable set in a graph. We call this problem the “essence
problem” of an NK fitness landscape.

Although the maximum stable set problem is NP-hard [7],
there are classes of graphs for which this problem can be
solved in polynomial time. Examples of such classes are
perfect graphs [11] and K1,3-free graphs [19]. Such proper-
ties induce what we call “intrinsic combinatorial difficulty”
of the associated NK fitness landscape problem.

Let us consider adjacent, non-overlapping neighborhoods for
the genes contributing to each fitness component Fi. If every
pattern pi has only 1-s on the defined positions, we obtain
a formulation of the “royal road” problem [20]. For this
problem, the associated pattern conflict graph has no edges.
To solve this “essence problem”, one must find the maximal
stable set in a graph with no edges, which is trivial! In the
next subsection we sketch an explanation for the proven dif-
ficulties encountered by optimization methods when tackling
this type of problem.

2.1 Intrinsic Difficulty and

RandomSearch Hybridization



pattern 1 pattern 2 pattern 3
1 * * * 1 * * * 1
11 ** ** ** 11 ** ** ** 11
111 *** *** *** 111 *** *** *** 111

Figure 2: Example of random-search hybridiza-
tion for the patterns (pattern 1, pattern 2, pattern
3). Resulting NK fitness landscape is increasingly
harder, but the essence problem remains the same.

We have shown how finding the optimum in an NK fitness
landscape can be translated into finding the maximal stable
set in the “essence graph”. This graph encapsulates the
intrinsic combinatorial difficulty of the problem of finding
the optimum in the NK fitness landscape. Any algorithm
which finds the solution in an NK fitness landscape cannot
be more efficient than the best algorithm which finds the
maximal stable set in the essence graph.

However, the problem of finding the optimum in an NK
fitness landscape can be made significantly harder from a
practical viewpoint, while its essence problem remains un-
changed (and thus does not increase in difficulty). For the
sake of simplicity we show how this can be done for the
royal road problem, but a similar transformation can be per-
formed on any pattern-based NK fitness landscape (which
may additionally exhibit some pattern conflicts). Let us
consider the following patterns: (1**, *1*, **1) which, as
shown above, create a NK fitness landscape whose essence
graph has no edges. For any individual pattern we can ex-
pand the values on fixed positions into an arbitrary larger
sequence of fixed positions, such that the pattern-conflict
relationships are preserved. An example of this process is
illustrated in figure 2: we call it random-search hybridization

of a problem.

Random-search hybridization can be used to increase the
difficulty of a (potentially easy) problem by simply enlarging
the search space. Subsection 2.2 gives more insight into the
dependency between the population size and the dimension
of the search space.

2.2 Randomsearch hybridization and popu

lation size
Theoretical results to guide population sizing in GAs are
few and somewhat difficult to apply in practice. Two meth-
ods have been described by Goldberg. In the first one [8] the
population is sized for optimal schema processing, and in the
the second one [9], optimization was performed for accurate
schema sampling. Goldberg’s work indicate that the opti-
mal size for binary-coded strings grows exponentially with
the length of the string. Reeves [21] tried to identify lower
bounds for population size in GAs. The principle adopted by
him was that every possible point in the search space should
be reachable from the initial population by crossover only.
Reeves concluded that the minimal population size depends
on the alphabet cardinality and the string length. For larger
alphabets, the minimal population sizes are substantial even
for short strings.

As the degree of random-search hybridization increases, it

becomes intractable to create a population so large that
all patterns can be synthesized via crossover. Thus, using
some form of mutation(s) becomes a necessity. All oper-
ators (whether unary, binary or multi-ary) may also have
destructive effects. In this context, the event of synthesiz-
ing a pattern is not to be treated lightly (“find and forget”):
it is important to capitalize on the occasional “luck” and
learn to do quickly something that could potentially take
very long to happen again.

More importantly, one must take into account the impor-
tance of negative experience. Whenever an operator de-
stroys a pattern, it is relevant to learn that (rather than to
“destroy and forget”). It can be argued that copies of the
pattern can be found within other individuals, but this may
well not happen in a bounded population exploring a large
search space. After all, everybody wants to avoid making
the same mistakes again and again.

We argue that to “find and forget” and to “destroy and
forget” can cause GA’s poor performance, at least when
random-search hybridization is involved. Our experiments
show that these issues can be competently [16] addressed by
an evolutionary system which uses broad adaptive mecha-
nisms.

3. INTEGRATEDADAPTIVE GENETIC

ALGORITHMS
Integrated-adaptive genetic algorithms (IAGA) define a gen-
eral schema of a genetic algorithm which is able to dynam-
ically adapt both the rate and the behavior for each of its
operators. The rates of the operators are adapted based on
their recorded merits (the better an operator proves itself
to be, the more often will it get applied in subsequent gen-
erations). Also, the specific way in which operators work
co-evolves with the main GA population, such that presum-
ably better operator variants emerge.

It is instructive to present a comparison between IAGA and
parameter-less GAs [12]. These systems are both motivated
by the observation that from the user’s point of view the
setting of parameters is a far from a trivial task. However
similarities end here.

Parameter-less GAs prescribes the crossover rate and (at
least in the initial version) ignores mutation altogether. IAGA
explicitly acknowledges that in a real world GA there may be
more types of crossover operators and mutations operators.
The rates of these operators are not fixed, but adjusted ac-
cording to their proven performance. The crossover in the
parameter-less GA creates offspring according to a prede-
fined, fixed algorithm. In IAGA all operators are automati-
cally and flexibly customized in such way that they presum-
ably become suited for the particular state the optimization
process is in.

The techniques in parameter-less GAs can be applied only
for problems where specific mathematical properties can be
inferred. IAGA defines a framework which is compatible
with virtually any traditional GA that can be designed for
a given problem, only adding an extra-layer of adaptive-
ness. Everything else being equal, this layer adds a negligible
constant-time overhead per generation in order to perform



due adjustments to parameter values.

The population size is acknowledged by many as a critical
GA parameter [6]. The original definition of IAGA follows
the line of the traditional GAs in keeping the population
size constant, while the evolution of this parameter is the
strong point of parameter-less GAs. It would be interest-
ing to also add to IAGA a parameter size control compo-
nent; in this paper however we will be focusing on adapting
operator-related parameters as a tractable countermeasure
to random-search hybridization.

A real world GA may use several types of operators, whether
unary (mutations), binary (crossovers), or multi-ary [4]. Ev-
ery such operator consists in an algorithm (called operator

type) whose exact behavior is controlled by a specific num-
ber of parameters. Actual genetic operator are obtained by
assigning specific values to the parameters. These operator
are then used by the GA to create new offspring.

It is typical for a GA designer not to know beforehand which
parameter values will better suit the optimization process.
To explore the possible settings, IAGA uses a (small) popu-
lation of actual operator for each operator type. By letting
these actual operators compete for breeding better candi-
date solutions, the optimization procedure obtains feedback
on the on the effectiveness of various parameter settings.

Each actual operator has a specific rate which ultimately
results in the number of times the operator is applied in one
generation. Again, from a practical standpoint, it is virtu-
ally impossible to set them a priori to effective values. IAGA
is based on the idea that the operator rates should be up-
dated according to the efficiency the operators demonstrate
during the optimization process. This adaptive system is
called rate adaptive system (RAS).

Algorithm 1 gives a schematic overview of IAGA.

Algorithm 1 Integrated-Adaptive Genetic Algorithm
(overview)

initialize operators (parameters)
initialize main GA’s evolution (operator rates)
while not halting condition do

run the main GA for one generation
let Operator Adaptive System (OAS) adapt operators
let Rates Adaptive System (RAS) adapt operator rates

3.1 Rates Adaptive System — RAS
The rate adaptive system (RAS) aims at increasing the rates
of recently successful operators.

To each actual operator op involved in the optimization pro-
cess an information ρ(op) called reward is attached. Its pur-
pose is to record a glimpse of the experience acquired so far
during the evolution process regarding the effectiveness of
that operator. Recently acquired experience is to be treated
as more relevant than the old one, the importance of which
fades away gradually.

3.1.1 Performance Record

In order to have an estimate on how well an operator per-
forms during the most recent generation, a measure called
performance record is used. This measure is obtained during
the evolution process of the main GA and it is then used by
the RAS to adjust the rates of the operators. We present
below a domain-independent definition which can be used
with no modifications to various concrete applications.

For each application of an actual operator, the following
types of events are considered. Absolute improvement, when
an offspring has a better fitness than the best fitness from the
previous generation. Improvement, when an offspring has a
better fitness than all of its parents, but not one which makes
it an absolute improvement. Plateau walk, when no offspring
is either better than the best of the parents, nor worse than
the worse parent. Worsening, when some offspring has a
worse fitness than the worse parent and no offspring is better
than all parents.

The performance record of an operator is an uple comprised
of the number of each of the events above generated by that
operator during one generation. In order to perform rate
adjustments, the operators are ordered according to 4-step
strategy described below. Since some operators may be ap-
plied more times than others during one generation, one has
to take into account relative frequencies of a specific event
type, and not absolute frequencies.

Operators which yield relatively more absolute improvements
are considered to be better. A tie with respect to the abso-
lute improvement rate is broken via the improvement rate:
again, more is better. If there is still a draw, the operator
that worsens relatively fewer candidate solutions is to be
preferred. The fourth rule is that operators which poten-
tially waste computational time producing relatively more
plateau walks are to be discouraged.

3.1.2 RewardsBased Rate Adaptation
The reward-based rate adaptation is designed to increase
the rate of operators with better performance records.

Suppose that the main GA is about to start generation t. By
applying the operators in use with their corresponding rates,
a new population is obtained. After generation t is com-
pleted, each actual operator op has its performance record
updated. Let χ(op) denote the number of operators what
have a worse performance record than op.

Rewards are updated after each main GA generation accord-
ing to the formula (notations are explained below):

ρ(op)← δρ(op) + β + γχ(op) (2)

Here, δ is the diminish rate, measuring how strong the in-
fluence of past experience will be. The gain constant γ is
used for rewarding operators that are better than others
(the more operators one operator “defeats”, the more it will
be reinforced). The base constant β is used to make sure
that no operator will vanish altogether, thus having no more
chances of proving its worthiness. Note that δ and γ balance
the respective influences of older experience versus most re-



cent experience. Since we consider δ ∈ (0, 1), the influence
of past experience diminishes as it grows older. For our ex-
periments we have reached a reasonable balance with the
settings: δ = 0.8, β = 0.1, γ = 1.0.

The operator rates to be used for the next generation of
the main GA are then set proportionally to the new reward
values.

3.2 Operator Adaptive System — OAS
The operator adaptive system aims at creating ever better
instantiations of operator types by tuning their parameter
values. This process is guided by the experience gained dur-
ing evolution.

For each operator type, a (typically small) population of
assignments for its parameter values is defined. These as-
signments create actual operators which are directly used by
the main GA.

A domain independent strategy for adapting the parameter
values is to use a operator genetic algorithm (OGA) for each
operator type. The population of an OGA consists of chro-
mosomes which represent assignments (parameter values for
that operator type). The operators which act on such chro-
mosomes can be defined in a straightforward manner; we
provide the source code to clarify this.

OGA’s evaluation for a chromosome (parameter values for
an operator type) is the performance record of the instan-
tiated operator during the previous generation of the main
GA. Technically, it represents a side-effect of the run of the
main GA. The result is that the main GA and OGA-s are
interlaced, one generation in either of them providing data
for the next generation in the other. In effect, the OGA-
s and the main GA populations co-evolve in an integrated
system.

3.3 Integration of RAS and OASs
Figure 3 shows how main GA, RAS and OAS can be inte-
grated. Whenever a new operator variant is synthesized, it
inherits the reward from its parents (eventually as an aver-
age).

RAS and OGAs do not add significantly to the complexity
of the main GA: it is easy to design them to work in constant
time. Note that the evaluation step in OGAs consists of the
mere reading of the performance records given by the main
GA.

4. EXPERIMENTAL RESULTS

4.1 Overview
The goal of the experiments is to establish the role of adap-
tive systems in tackling an ever increasing degree of random-
search hybridization.

The setup is similar to that of [17], but there are some signif-
icant differences. We do not consider the royal road patterns
to consist exclusively of 1-s, because this adds an unjustified
distortion of the results in favor of the adaptive system. In-
deed, it is straightforward for a mutation operator to learn
that globally setting 0-s into 1-s is a good thing. The issue

MUT1

MUT2

MUT3

XOVER1

XOVER2

XOVER3

operators
operator
rewards

operator
rates

performance
records

step 1
Update rates from
existing rewards

step 3
Update rewards from
performance records

Evolution procedure

main GA
current population

main GA
new population

step 2
Update performance records
while new population evolves
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step 4.1 OAS(MUT)

step 4.2 OAS(XOVER)

Tune operator parameters

based on performance records

Figure 3: Integration of the main GA, RAS and
OAS. This example assumes the existence of only
two types of operators MUT and XOVER. For each
type of operator, we depict three actual operators
which are used by the main GA to create offspring.

is not however that this is easy to learn, but instead easy to
guess.

In order to make the results relevant for our purpose, in this
paper we apply IAGA to a modified royal road problem; the
patterns of the target chromosome are not entirely made of
1-s, but contains some 0-s. Since it is no longer possible to
learn globally, per chromosome, which is the preferred way
of changing the value of any gene, we will use a mutation
operator which is configurable per-locus. Thus, an instance
of this operator type tries to evolve optimal probabilities
of mutating genes for each locus of the chromosome. This
obviously larger search space for parameter values poses new
problems which we evince during the experiments.

We propose a system called learn-as-you-go which addresses
the need for further exploitation of the search-derived infor-
mation. Thus, the OAS does not rely solely on performance
records, but also on the information which can be extracted
from each individual application of an operator. We call this
extended framework IAGA+.

We present comparative results of the traditional GA (TGA),
IAGA and IAGA+ for problems royal-road problems which
have 4, 8 and 16 patterns. This corresponds to essence prob-
lems of finding the maximal stable set in a stable graph with
the given number of nodes. We perform random-search hy-
bridization for each of these problems, setting the pattern
sizes to 2, 4, 8 and 16. Compared to the royal road problem
definition in [20] which uses a chromosome of length 64, the
hardest problem we tackle has a significantly larger search
space: 216·16 = (264)4.



All experiments carried out used for the main GA a popula-
tion of 500 individuals and a rank based selection. Regard-
less of the setup, the same number of chromosome evalua-
tions is performed and the count of offspring obtained via
genetic operators is the same (although which operators get
actually applied may differ due to the adaptive processes
involved). Each run was halted after 10000 generations
were completed or when the optimal solution was found,
whichever came first.

4.2 Genetic operator types
We use two types of genetic operators, called mutation-flex+

and crossover-flex.

For a royal road problem with N bits, the mutation-flex+

operator has 2 · N + 1 parameters. The first parameter, a,
controls how many of the loci are considered for mutation.
For each locus i ∈ 1 . . . N we consider two parameters pi

01

and pi
10. Parameter pi

01 gives the probability that the gene
in the locus i considered for mutation is flipped into 1, if its
value is 0. Parameter pi

01 has the dual meaning. This opera-
tor has the ability of discovering the “perfect” mutation for
this problem: mutating each gene in a parent to its correct
value in the offspring. However this ability is only potential,
since the operator has no a priori knowledge on how this can
be achieved. It is the responsibility of the adaptive system
to tune the parameter values according to the experience
derived from actual search space exploration.

The operator type crossover-flex has one parameter, the
number of cutting points. We do not make any assump-
tion on what is the appropriate number of cutting points
(between 1 and N − 1) and let the adaptive system reach
this decision.

4.3 “Learn As You Go” with IAGA+

The big number of parameters of the mutation-flex+ opera-
tor type creates bottlenecks when used with IAGA. Our ex-
periments have shown that is difficult for the OAS to adapt
this operator effectively, because the associated parameter
search space is relatively vast compared to the experience an
operator can earn. This lead us to evince a crucial knowl-
edge which can also be extracted during the optimization
process: namely how (or why) improvements and worsen-
ings occur.

On top of the general mechanism of IAGA, we add a com-
ponent which aims at tuning the operators as they perform

their task of breeding new chromosomes in the main GA; it
can be seen as a kind of lamarckianism in operator behavior
evolution. The purpose of this extra-tuning is twofold: learn
how to avoid making the same mistakes again and again and
learn how to make yet more improvements from past pos-
itive experience. We call this type of tuning the behavior
of operators learn-as-you-go. IAGA with a learn-as-you-go
component is denoted by IAGA+.

This idea may be seen as similar in spirit to the overall
strategy of self-adaptive systems, but the two differ in a
subtle way. In self-adaptive systems, each chromosome re-
tains along with its genes, some additional information as
to how operators should interact with it. This idea allows
the individual to learn how to let operators modify it in or-

der to increase its survival chances. Whenever an individual
survives or passes genes, it also transmits its additional data
(which consists of operator hints) to its offspring. In contrast
to this, our proposal suggests that this type of knowledge
should be kept within the operators, not the chromosomes.
The first reason for this is that such a global knowledge
repository accounts for a wide range of experience, which
concerns the operator, not one chromosome. The second
reason has to do with the importance of negative experi-
ence. Suppose that, in a self-adaptive system, one operator
creates a considerably worse offspring. This negative infor-
mation will be of course recorded in the additional data car-
ried by that offspring, but, due to the selection mechanism
involved, it may simply get lost. Thus, when operating on
the same type of parent as the one lost, that operator may
make the same mistake, again and again, simply because the
negative information either disappears or is not reused.

We argue that by centralizing within the operator the knowl-
edge regarding each operator’s experience and effectiveness,
the GA can make more effective use of such knowledge.
Whenever this approach is practical for an arbitrary op-
erator type t, we denote the corresponding learn-as-you-go
system by LAYG(t).

We illustrate this approach with LAYG(mutation-flex+) for
the royal road problem. Let us consider a particular mutation-

flex+ instance which has the settings (pi
01, p

i
10), where i ∈

{1 . . . n}. At a given time, when this operator is applied
and yields the offspring chromosome c′ = (b′1 . . . b′n) from
the parent chromosome c = (b1 . . . bn), by altering the bits
with indexes i1 . . . il, where l ≤ n.

Whenever an (absolute) improvement is obtained (i.e. c′

has a greater fitness value than c), the parameter values of
mutation-flex+ are so that similar changes of the modified
bits become more probable in the future:

for all j ∈ {i1 . . . il} do
if bj = 0 then

increase p
j
01

else if bj = 1 then
increase p

j
10

Of course, whenever a worsening occurs, an analogous algo-
rithm is applied; in this case the corresponding probabilities
are decreased, making such changes less probable in the fu-
ture. Note how tuning adds to the effect of OAS.

There is a very interesting twist to this setup, related to
plateau walks. We initially considered plateau walks to be
neutral to this system. Therefore, when we took into ac-
count only improvements and worsenings, the mutation op-
erators tended to converge to do-nothing ones, leading to
deceiving results. This is caused by the fact that worsen-
ings are much more frequent than improvements, and con-
sequently the operators quickly learn that they are not sup-
posed to do damage. But in this context, obtaining a plateau
walk is a better thing than obtaining a worsening, which lead
us to the idea of reinforcing plateau walks as well.

With LAYG in place however, one may wonder whether
the original OAS in IAGA becomes redundant or ineffec-
tive, since on one hand it also aims at improving operators,



Number of patterns: 4
pattern size TGA IAGA IAGA+

2 0 0 0
4 6.2 1.3 1.3
8 213 42.3 8.7
16 — 3465 1214.6

Number of patterns: 8
pattern size TGA IAGA IAGA+

2 3.6 1 1.5
4 76.9 3.9 5.6
8 1442.2 216.7 68.4
16 — 8329 1360.7

Number of patterns: 16
pattern size TGA IAGA IAGA+

2 17.6 3.4 3.9
4 304.5 42.2 30.6
8 — 857.4 258.3
16 — — 2537

Table 1: Average number of generations needed
to reach the solution for GA variants (“—” means
that no solution was ever found before 10000 gen-
erations). The number of patterns represents the
number of nodes in the essence graph, which ac-
counts for intrinsic combinatorial difficulty. Pattern
size accounts for random-search hybridization of the
essence problem.

but on the other hand, it has fewer clues on how to do this
effectively. We argue that the original OAS is to be kept,
since it becomes a very important tool of sharing knowledge
between operator variants.

4.4 Comparative results for various levels of

randomsearch hybridization
Table 1 gives the experimental results obtained by the tra-
ditional GA (TGA), IAGA and IAGA+ for the royal road
problem. We evince that adaptation is material in tackling
random-search induced difficulty on the same essence prob-
lem.

The traditional GA has been carefully tuned to achieve a
good performance. We used one-point crossover with a rate
of 0.5 and a mutation operator with a rate of 0.3; when
applied, the mutation operator changes a gene’s value with
0.025 probability. These settings may look arbitrary, but
this very fact evinces a shortcoming of this approach when
compared to adaptive systems. Nevertheless, our experi-
ments have shown that further tuning of these parameters
do not change the results in a fundamental way.

IAGA adds to TGA the RAS and OAS (and thus eliminates
the need for parameter tuning). IAGA+ adds to IAGA a
learn-as-you go system for the mutation-flex+ operator.

When the random-search hybridization is low (pattern size
is 2 or 4) there are little differences between the three ap-
proaches. We can even see that for the easiest problem (4
patterns of size 2) the process of randomly generating a pop-
ulation is enough to give rise to the solution. As the random-

search hybridization increases, the situation changes radi-
cally.

The population size (which is the same for all experiments) is
no longer a factor which, by sheer exploration, can produce
a solution very rapidly. Instead, hundreds of generations or
more are needed by the traditional GA to reach the solu-
tion. When the random-search hybridization prescribes a
pattern size of 8, the contribution of the adaptive systems
becomes significant. For the hardest problem which defines
16 patterns random-search hybridized to size 16, it is only
IAGA+ (that does not “find and forget”, nor “destroy and
forget”) which manages to find a solution.

5. CONCLUSIONS AND FUTURE WORK
Adaptation is the basic keyword of Holland’s pioneering
textbook on GAs. The GAs evolve solutions through adap-
tation of candidate solutions. The idea that elements of
the GA should also adapt is more and more widespread.
IAGA defines a framework which adds two elements to the
standard GA scheme: rate adaptive system and operator
adaptive system. IAGA+ builds on IAGA providing a learn-
as-you-go module which allow operators to directly adjust
themselves based on the results of their application.

Experimental results show that simply having adaptive el-
ements in a GA may not be sufficient. It is important to
design adaptive elements which have ability to adapt in a
way that suits the optimization process. When this ability
becomes too general, a greater degree of exploitation of the
search experience is needed. IAGA+ addresses this need,
showing significant performance improvements over IAGA
and traditional GA. It is likely that a conclusion can be
stated as: “The more relevant adaptation included in the
GA, the more problems can be actually solved”.

Our study may prove relevant for other problems which can
be reduced to an NK fitness landscape. This is not to imply
that precisely the design of the operators we used is appro-
priate for an arbitrary problem (which, for example, may use
chromosomes which encode integer or floating point values).
However, the framework provided by IAGA+ can be applied
on top of a traditional GA by creating custom components
specific for the problem at hand.

In this paper we investigated only the effect of random-
search hybridization on NK fitness landscapes which exhibit
no pattern conflicts. We intend to establish whether IAGA+

produces the same positive effects in tackling random-search
hybridized on problems with greater intrinsic difficulty. An-
other direction is to study the effect of an integrated popu-
lation size control mechanism.
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