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Abstract

To solve hierarchical problems, one must be
able to learn the linkage, represent partial so-
lutions efficiently, and assure effective nich-
ing. We propose the hierarchical Bayesian
optimization algorithm which combines the
Bayesian optimization algorithm, local struc-
tures in Bayesian networks, and a powerful
niching technique. Additionally, we propose
a class of hierarchically decomposable prob-
lems, called hierarchical traps, which are de-
ceptive on each level. The proposed algo-
rithm is shown to scale up subquadratically
on all test problems. Empirical results are in
agreement with recent theory.

1 INTRODUCTION

Genetic algorithms (GAs) (Holland, 1975; Goldberg,
1989) combine short partial solutions to form solu-
tions of higher order. New solutions undergo selection
and the process is repeated until the entire solution
is formed. However, fixed, problem-independent, re-
combination operators have shown to perform quite
poorly on problems with interactions among the vari-
ables spread across the solutions (Thierens & Gold-
berg, 1993; Pelikan, Goldberg, & Cantú-Paz, 1998).
Moreover, the hierarchical nature of the optimization
process has earned only little attention and it has been
assumed that genetic algorithms do this automatically.

The purpose of this paper is to show that competent
genetic algorithms which succeeded in solving prob-
lems of bounded difficulty on a single level quickly, ac-
curately, and reliably, can be extended to solve prob-
lems that are hierarchical in their nature. We focus
on the Bayesian optimization algorithm (BOA) (Pe-
likan et al., 1998) using decision graphs to represent
the conditional probabilities of the model used to rep-
resent promising solutions (Pelikan et al., 2000).

There are three major issues one must address to suc-
ceed in solving difficult hierarchical problems: linkage
learning, niching, and efficient representation of the
model. Linkage learning ensures powerful recombina-
tion. Niching and efficient representation of the model
ensure preservation of alternative partial solutions that
are assembled to form solutions of higher order. We
propose the hierarchical Bayesian optimization algo-
rithm which addresses the three aforementioned issues
by combining the Bayesian optimization algorithm, lo-
cal structures in Bayesian networks, and a powerful
niching technique. Hierarchical BOA is able to solve
problems that are not only hierarchical, but that also
mislead the algorithm toward some inferior optimum
on each level. Additionally, we design a class of hi-
erarchical test problems which require both efficient
linkage learning and niching, and perform a number of
experiments to show that hierarchical BOA is able to
solve the problems efficiently. Due to their deceptive
nature, the proposed problems are called hierarchical
deceptive traps.

The paper starts by describing BOA, which uses
Bayesian networks to model promising solutions and
generate the new ones. Section 3 discusses the use of
niching in genetic and evolutionary algorithms. Hier-
archical BOA is described in Section 4. Test problems
tackled in our experiments are presented in Section 5.
Section 6 provides and discusses the results of our ex-
periments. Section 7 concludes the paper.

2 BAYESIAN OPTIMIZATION
ALGORITHM

By applying recombination and mutation, GAs are
manipulating a large number of promising partial so-
lutions. However, fixed, problem independent, recom-
bination and mutation operators often result in infe-
rior performance even on simple problems. Without
knowing where the important partial solutions are and



designing problem specific operators that take this in-
formation into account, the required number of fit-
ness evaluations and population size grow exponen-
tially with the number of decision variables (Thierens
& Goldberg, 1993).

That is why there has been a growing interest in link-
age learning which studies methods that are able to
learn where the important interactions in the prob-
lem are and use this information to combine solutions
more effectively. One of the approaches to linkage
learning is based on using probability distributions to
model promising solutions found so far and generat-
ing new solutions according to the estimated distribu-
tion (Mühlenbein & Paaß, 1996; Pelikan, Goldberg,
& Lobo, 2000). Probability distributions can cap-
ture variables which are correlated and the ones which
are independent. This can subsequently be used to
combine the solutions in more effective manner. An
overview of methods based on this principle is beyond
the scope of this paper and can be found in Pelikan,
Goldberg, and Lobo (2000) and other related papers.

The Bayesian optimization algorithm (BOA) (Pelikan,
Goldberg, & Cantú-Paz, 1998) uses Bayesian networks
to model promising solutions and subsequently guide
the exploration of the search space. In BOA, the first
population of strings is generated randomly with a uni-
form distribution. The initial population can be biased
to the regions that we are interested in. From the cur-
rent population, the better strings are selected. Any
selection method can be used. A Bayesian network
that fits the selected set of strings is constructed. Any
metric as a measure of quality of networks and any
search algorithm can be used to search over the net-
works in order to maximize/minimize the value of the
used metric. Besides the set of good solutions, prior
information about the problem can be used in order to
enhance the estimation and subsequently improve con-
vergence. New strings are generated according to the
joint distribution encoded by the constructed network.
The new strings are added into the old population, re-
placing some of the old ones.

The next subsection describes basic principles of learn-
ing and utilization of Bayesian networks. Subse-
quently, local structures that can be used to make the
representation of the model more efficient are discussed
and a simple greedy algorithm for network construc-
tion is briefly described.

2.1 BAYESIAN NETWORKS

A Bayesian network (Pearl, 1988) is a directed acyclic
graph with the nodes corresponding to the variables in
the modeled data set (in our case, to the positions in

solution strings). Mathematically, a Bayesian network
encodes a joint probability distribution. A directed
edge relates the variables so that in the encoded dis-
tribution, the variable corresponding to the terminal
node is conditioned on the variable corresponding to
the initial node. More incoming edges into a node re-
sult in a conditional probability of the corresponding
variable with a conjunctional condition containing all
its parents. The network encodes independence as-
sumptions that each variable is independent of any of
its antecedents in ancestral ordering given its parents.

To encode the conditional probabilities corresponding
to the nodes of the network, one can use a simple
probability table listing probabilities of all possible in-
stances of a variable and its parents. However, the size
of such a table grows exponentially with the number of
parents of the variable even though many probabilities
of higher order may be the same. To solve hierarchical
problems, it is essential to be able to represent condi-
tional probabilities by structures that are polynomial
in the order of interactions. While the order of inter-
actions can be as high as the size of the problem, the
number of corresponding alternative partial solutions
must be polynomial in their order to allow efficient and
reliable exploration. The next subsection presents al-
ternative ways to represent conditional probabilities in
the model which allow a more compact representation
of the local densities in the model.

2.2 LOCAL STRUCTURES IN BAYESIAN
NETWORKS

One simple extension of the probability table is a de-
fault table (Friedman & Goldszmidt, 1999). In the de-
fault table, only some instances of the variable and
its parents are listed together with the correspond-
ing probabilities. The remaining probabilities are ob-
tained from the default entry which is simply an aver-
age of the remaining (unlisted) probabilities.

One can use more complex local structures, such as
decision trees (Friedman & Goldszmidt, 1999) or deci-
sion graphs (Chickering, Heckerman, & Meek, 1997).
Each internal node of a decision tree or graph cor-
responds to some variable. Children (successors) of
each internal node correspond to disjoint subsets of
values the variable can obtain. For binary variables,
each non-leaf node can have exactly two children where
each child corresponds to one of the values zero and
one. In case of bigger alphabets, there are more pos-
sibilities. A decision graph allows different parents to
have the same child. This makes the structure both
more general and expressive than decision trees. In
hierarchical BOA we use decision graphs. However,
there is only little difference between the performance



using decision graphs and trees. Since trees are sim-
pler to interpret we used only decision trees in our
experiments.

Using local structures can reduce the space we need
to represent the model. Additionally, it can refine the
model building by using smaller operators and make
the model more general for some data sets. One can
encode interactions of a high order without having to
consider exponentially many instances and probabili-
ties. Please, see Pelikan et al. (2000) for more details
on using decision graphs in the BOA.

2.3 LEARNING BAYESIAN NETWORKS

To construct the network, a simple greedy algorithm
is usually used. This algorithm performs simple graph
operations that improve the quality of the current net-
work the most, starting from an empty network or a
network from a different source. To measure quality of
each network, various scoring metrics can be used. Re-
cently, we have used the Bayesian-Dirichlet metric, the
minimum description length (MDL) metric, and a met-
ric which is a combination of the Bayesian-Dirichlet
and MDL metric. For more details on the network con-
struction and scoring metrics for simple Bayesian net-
works and for networks with local structures, see Pe-
likan et al. (1998) and Pelikan et al. (2000). The
next section discusses various approaches to niching.
Subsequently, hierarchical BOA is described.

3 NICHING

The purpose of niching in genetic and evolutionary
optimization is twofold: (1) discovery of multiple solu-
tions of the problem and (2) preservation of alternative
solutions until one can decide which solution is better.
In some real-world applications it is important to find
multiple solutions and let the expert or experiment de-
cide which of the solutions is the best after all. The
reason for preserving multiple alternative solutions is
that on some difficult problems one cannot clearly de-
termine which alternative solutions are really on the
right track until the optimization proceeds for a num-
ber of generations. Without niching the population is
a subject to genetic drift which may destroy some al-
ternatives before we find out whether or not they are
the ones we are looking for.

There are three general approaches to niching: fitness-
sharing, selection-based, and island models. The fol-
lowing paragraphs briefly discuss each approach. It
is beyond the scope of this paper to give a complete
overview, and we refer the reader to the extended ver-
sion of this paper (Pelikan & Goldberg, 2001).

The first approach modifies the fitness landscape be-
fore the selection is performed. Fitness sharing (Gold-
berg & Richardson, 1987) is based on this idea. In
fitness sharing, the location of each individual is set to
either its genotype or phenotype. The neighborhood
of each individual is defined by the sharing function.
An individual shares a niche with any individual that
is within a certain range from its location. The effect
may decrease with the distance and completely van-
ishes for distances greater than a certain threshold.

The second approach modifies the selection itself to
take into account the fitness as well as the genotype
or the phenotype instead of using the fitness as the
only criterion. In preselection of Cavicchio (1970) the
offspring replaced the inferior parent. This scheme
was later generalized by De Jong (1975) who proposed
crowding. In crowding, for each new individual a sub-
set of the population is first selected. The new indi-
vidual then replaces the most similar individual in this
subset. Harik (1994) proposed the restricted tourna-
ment selection as an extension of De Jong’s crowding.
RTS proceeds just as crowding; however, the individ-
ual replaces the closest individual from the selected
subset only if it is better in terms of fitness. There-
fore, RTS introduces selection pressure and can replace
the selection operator.

The third approach is to isolate several groups of in-
dividuals rather than to keep the entire population in
one location. The location of each individual does not
depend on its genotype or phenotype. The individ-
uals can migrate between different locations (islands
or demes) at certain intervals and allow population at
each location to develop in isolation. There are two
reasons why spatial separation should be desirable in
genetic and evolutionary computation. One reason is
that in nature the populations are actually divided in
a number of subpopulations that (genetically) interact
only rarely or do not interact at all. Another reason
is that separating a number of subpopulations allows
an effective parallel implementation and is therefore
interesting from the point of view of computational
efficiency.

Some related work studies the preservation of diver-
sity from a different point of view. The primary goal
of these techniques is not the preservation of multiple
solutions or alternative search regions, but the avoid-
ance of premature convergence. Various techniques for
niching were also proposed in the area of multiobjec-
tive optimization. These methods are not applicable to
single-criterion optimization and therefore we do not
discuss them in this paper.

The BOA uses the set of selected solutions to learn a
model of promising solutions. Fitness sharing would



affect the fitness and subsequently also the model con-
struction. That is why it is desirable that we use a
different niching method in the BOA. Spatial separa-
tion can be directly encoded in the probabilistic model
by using mixture distributions or models with hidden
variables. A simple method based on mixture models
to reduce negative effects of symmetry in the problem
on the BOA was proposed in Pelikan and Goldberg
(2000a). However, to solve hierarchical problems, we
must deal with a number of niches that can be expo-
nential in the number of variables. Even though this
implies exponentially sized populations, one can use
the fact that the model itself preserves diversity quite
well by that it makes many independence assumptions
and uses these to generate new solutions. Only little
extra pressure toward diversity preservation is then re-
quired. That is why we used the restricted tournament
selection to incorporate niching into hierarchical BOA.
Since the technique is used as a replacement technique
and not as a primary source of selection pressure, we
called the method restricted tournament replacement.

4 HIERARCHICAL BOA

As it was discussed above, hierarchical BOA uses
Bayesian networks to learn the linkage. To efficiently
represent partial solutions, local structures are used
to represent local densities in the model. The remain-
der of this section describes restricted tournament re-
placement (RTR) used in hierarchical BOA to ensure
effective niching.

RTR localizes the replacement in hierarchical BOA by
selecting a sub-set of the original population for each
new offspring and letting the offspring compete with
the most similar member of this subset. If the new
offspring is better, it replaces the corresponding in-
dividual. The measure of similarity can be based on
either the genotype or the phenotype. In our experi-
ments, we used Hamming distance to measure similar-
ity. Since the generation of a probabilistic model in the
BOA does not encourage using a steady state genetic
algorithm, we incorporate niching in the replacement
step of a traditional BOA.

It is important to set the size of the subsets that are
selected to incorporate each new individual into the
original population. The size of these subsets is called
a window size. A window size should be proportional
to the number of niches. We have tried a number of
settings on various difficult problems. A window size
proportional to the size of the problem yielded the best
performance.

A window size proportional to the size of the problem
can be supported by the following argument. For cor-

rect decision making on a single level, the population
size must grow proportionally to the problem size (Pe-
likan, Goldberg, & Cantú-Paz, 2000). To maintain a
certain number of niches, one must lower-bound the
size of each niche by a certain constant. Therefore, a
population size proportional to the problem size al-
lows for maintenance of the number of niches pro-
portional to the problem size. The number of niches
that RTR can maintain is proportional to the win-
dow size. Therefore, the window size growing linearly
with the size of the problem is the strongest niching
one can afford without increasing population sizing re-
quirements.

5 TEST PROBLEMS

In order to analyze the performance of hierarchi-
cal BOA on difficult hierarchical problems, most test
problems are hierarchical. The remainder of this sec-
tion describes test problems used in our experiments.

5.1 HIERARCHICALLY
DECOMPOSABLE FUNCTIONS

Hierarchically decomposable functions (HDFs) (Wat-
son, Hornby, & Pollack, 1998; Pelikan & Goldberg,
2000b) are a subclass of general additively decom-
posable functions (Pelikan, Goldberg, & Cantú-Paz,
1998). HDFs are defined on multiple levels where the
input to each level is based on the solutions found on
lower levels. The fitness contribution of each building
block is separated from its interpretation (meaning)
when it is used as a building block for constructing
the solutions on a higher level. The overall fitness is
computed as the sum of fitness contributions of each
building block.

In spite of bounded difficulty of HDFs on each level, a
hierarchical function can contain interactions of order
equal to the size of the problem. Bounded difficulty
on each level of the hierarchy makes HDFs solvable in
polynomial time even though the problem is very dif-
ficult when viewed on a single level. It is important
to note that hierarchical problems of bounded diffi-
culty are a strictly more difficult class of problems than
problems of bounded difficulty on a single level.

A hierarchically decomposable function is defined by
its structure in the form of a tree with one-to-one map-
ping between the leaves and the variables in a problem,
and two sets of functions: (1) the interpretation func-
tions and (2) the contribution functions. The structure
defines which blocks of interpretations to interpret to
the next level and how, and which blocks contribute
to the overall fitness on this level. The interpretation
functions define how we interpret solutions from lower



levels to become inputs of the contribution and inter-
pretation functions on a higher level. The contribution
functions define how much do blocks of interpretations
on each level contribute to the overall fitness.

The difficulty of hierarchical functions depends on the
underlying structure as well as the contribution and in-
terpretation functions. The hierarchical if-and-only-if
(HIFF) function (Watson et al., 1998) uses the “if and
only if” function on each level. More difficult functions
have been proposed (Goldberg, 1997; Goldberg, 1998;
Pelikan & Goldberg, 2000b), where functions deceive
the algorithms to a local optimum on each level. Only
at the top level it becomes clear which optimum is the
global one.

In this paper, only simple structures such as balanced
binary and ternary trees are used. The contribution
of each subfunction on each level is scaled so that the
contributions on all levels are of the same magnitude.

5.1.1 Hierarchical If-and-Only-If (HIFF)

The structure of the HIFF is a balanced binary tree.
By height(x) we denote the distance from the node
x in the tree to one of its descendant leaves. Since
the tree is balanced, the height is well-defined. Each
leaf contributes to the fitness by 1. Each parent node
x contributes to the overall fitness by 2height(x) if and
only if the interpretations of its children are both either
0 or 1. Otherwise, the contribution is 0. The two
symbols are interpreted to their parent on the next
level as 0 in case they are both 0’s, 1 in case they are
both 1’s, and ’-’ otherwise. As input, the leaves of the
tree get the input string with no change.

5.1.2 Hierarchical Trap Functions

Hierarchical traps use a balanced k-ary tree as the un-
derlying structure, where k ≥ 3. The interpretation
functions interpret blocks of all 0’s and 1’s to 0 and 1,
respectively, similarly to the HIFF. Everything else is
interpreted into ’-’.

Each contribution function is a trap function of order
k. A trap function is a function of unitation, i.e. its
value depends only on the number of ones in the input
string. See Figure 1 for a graph of the trap function of
order k. If there is a ’-’ in the input to this function,
it simply returns 0.

The values of fhigh and flow define the heights of the
two peaks. The trap function is fully deceptive when-
ever fhigh is greater than flow within some proportion
depending on the order k of the function. See Deb
and Goldberg (1994) for sufficient conditions of decep-
tion. If the function is deceptive or flow > fhigh, any
schemata of order lower than k bias the search to the
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Figure 1: Trap function of order k.

string all zeroes.

In both functions used in our experiments, the under-
lying structure is a ternary tree (k = 3) and the leaves
do not directly contribute to the overall fitness. For
all non-leaf nodes x of the first hierarchical trap ex-
cept for the root, the contribution is computed by a
trap with equal peaks fhigh = flow = 1 multiplied by
3height(x). The contribution of the root node is given
by a trap with fhigh = 1 and flow = 0.9 multiplied by
3height(root). In this fashion, the function biases the
search to the solution of all zeroes on each but the
top level. However, the optimum is in the string of all
ones. The top level is also deceptive which makes the
problem even harder. The above function is denoted
by H-Trap1 in further text.

In the second function the bias toward solutions with
many zeroes is made even stronger by making the peak
flow higher than the other peak everywhere except for
the root. To keep the global optimum in the string of
all ones, we set fhigh = 1 and flow = 1 + 0.1/k for all
non-root levels. This function is denoted by H-Trap2.

The HIFF function does not bias the search toward
either global optimum. Unlike the HIFF, both hier-
archical trap functions H-Trap1 and H-Trap2 bias the
search toward the solution with all zeroes on all levels.
However, the actual global optimum is in the string of
all ones. Therefore, the functions are very difficult to
solve and without effective linkage learning required
to preserve the local optima on each level and nich-
ing required to preserve alternative partial solutions
until solving the problem on the highest level, the al-
gorithm cannot reach the global optimum. For a more
detailed description of the test functions, see Pelikan
and Goldberg (2001).

5.2 BIPOLAR FUNCTION

The bipolar deceptive function of order 6 is con-
structed by concatenating a number of bipolar sub-
functions of order 6 (Deb, Horn, & Goldberg, 1992).
See Pelikan and Goldberg (2001) for a full definition of
the function. The bipolar function of size n has 2n/6



global and 20n/6 local optima. For n = 30, there are
32 global and 3, 200, 000 local optima.

6 RESULTS

To show how hierarchical BOA scales up on difficult hi-
erarchical problems, we performed tests on each func-
tion with varying problem size. For each problem size,
we required that the algorithm find the global opti-
mum in all 30 independent runs. The performance
was measured by an average number of fitness evalu-
ations until the optimum was found. The population
size was determined empirically to minimize the num-
ber of fitness evaluations until the optimum was found.
A window size was set to the problem size, i.e. w = n.
We used decision trees to represent conditional prob-
abilities in the model and construct the model. Prior
distribution of models was biased toward simpler mod-
els (Pelikan et al., 2000).

The results of our experiments on the HIFF and H-
Trap1 functions are shown in Figure 2. In all three
cases the algorithm scales up subquadratically. On
the left-hand side of the figure, the graphs in arith-
metic scale display the growth of the number of fitness
evaluations with respect to the size of the problem for
the HIFF and H-Trap1 problems. Results on H-Trap2
were within 8% of the results on H-Trap1 and due to
the lack of space we do not present them here (see Pe-
likan and Goldberg (2001)).

Theory of population sizing and time to convergence
for the BOA on separable problems of bounded dif-
ficulty (Pelikan et al., 2000) can be used to estimate
time to convergence of hierarchical BOA on hierarchi-
cal problems. Theory suggests that a single level of the
hierarchical problem can be solved in about O(n1.5) fit-
ness evaluations. The number of levels in all three hi-
erarchical problems grows as O(log n). Thus, the over-
all time to convergence should grow as O(n1.5 log n).
The fit is very good and matches also the slopes in the
log-log scaled graphs very accurately.

On the right-hand side, the log-log scaled graphs in-
cluding the slopes between neighboring points are
shown. A linear function in this scale is a polynomial
of the degree equal to the slope of the curve. To show
that the number of fitness evaluations grows at most
polynomially with the problem size, the points must
lie on a straight line. In our experiments, we see that
the slopes in fact decrease with the problem size. This
is the effect of the logarithm in the expected number
of fitness evaluations.

The simple genetic algorithm with fixed crossover is
not able to optimize hierarchical functions without
making sure that interacting genes are close to each
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Figure 3: Number of copies of different global optima
of the bipolar function. There are 32 optima in this
function and all 32 are multiply represented at the end
of the run.

other. Under the assumption of tight linkage, the sim-
ple genetic algorithm with good niching should work
quite well. The algorithm presented in Watson (2000)
is able to solve the HIFF problem even for interacting
genes spread throughout the strings. However, Wat-
son’s algorithm requires O(n2 log n) fitness evaluations
for a problem of size n which is more than is required
by our algorithm.

To show the ability of hierarchical BOA to discover
multiple optima, we also performed a single run on a
bipolar function of size n = 30 with a sufficiently big
population and recorded the number of copies of each
global optimum in the population (see Figure 3). We
have performed a number of experiments with varying
parameters with a very similar result. The algorithm
was able to discover and maintain all global optima
which soon took over the entire population. However,
the optima were not equally distributed, ranging from
about 1.27% to about 5.53% of the population. This
confirmed the intuition that, unlike fitness sharing, the
methods based on crowding are not very sensitive to
the fitness values. They are able to maintain a number
of alternatives but the total space occupied by each
alternative is not proportional to its fitness.

7 CONCLUSIONS

The paper takes another important step toward in-
creasingly competent genetic algorithms by providing
an algorithm that is able to solve problems on a single
level as well as multiple levels. It emphasizes the im-
portance of solving separable problems on a single level
by showing that we need not modify much to success-
fully move from a single level to hierarchies. To solve



10000

20000

30000

40000

50000

60000

70000

80000

90000

25 50 75 100 125 150 175 200 225 250

Fi
tn

es
s 

ev
al

ua
tio

ns

Problem size

Experiment
Best fit

(a) HIFF: Arithmetic scale.

1000

10000

100000

100

Fi
tn

es
s 

ev
al

ua
tio

ns
 (l

og
-s

ca
le

)

Problem size (log-scale)

Slope=1.87

Slope=1.84

Slope=1.78

Slope=1.74

(b) HIFF: Log scale.

0

25000

50000

75000

100000

125000

150000

175000

200000

225000

25 50 75 100 125 150 175 200 225 250

Fi
tn

es
s 

ev
al

ua
tio

ns

Problem size

Experiment
Best fit

(c) H-Trap1: Arithmetic scale.

10000

100000

100

Fi
tn

es
s 

ev
al

ua
tio

ns
 (l

og
-s

ca
le

)

Problem size (log-scale)

Slope=1.96

Slope=1.86

(d) H-Trap1: Log scale.

Figure 2: Results on the hierarchical functions.

hierarchically decomposable problems quickly, accu-
rately, and reliably, a combination of niching, linkage
learning, and efficient representation of partial solu-
tions is necessary.

To learn the linkage, hierarchical BOA uses Bayesian
networks to model promising solutions and to generate
the new ones. To efficiently represent partial solutions,
decision graphs are used to represent local densities in
a model. To assure powerful niching, the restricted
tournament replacement is used.

Separable deceptive problems of bounded difficulty are
extended to multiple levels. The designed hierarchical
trap problems that are deceptive on each level are in-
tractable by local search methods and can be used as
a benchmark for other optimization algorithms. Hier-
archical BOA can solve these problems very efficiently
and reliably and it scales up subquadratically with the
problem size. Population sizing and convergence the-
ory can be used to approximate the behavior of the
algorithm both on single-level and hierarchical prob-

lems.

Hierarchical BOA should be applicable to real-world
problems without problem specific knowledge ahead
of time. This takes us closer to the promised land of
robustness, that has long been associated with GAs
but rarely delivered.
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