
A Gestalt Genetic Algorithm: Less details for better search

Christophe Philemotte
cphilemo@iridia.ulb.ac.be

Hugues Bersini
bersini@ulb.ac.be

IRIDIA - CoDE
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ABSTRACT
The basic idea to defend in this paper is that an adequate
perception of the search space, sacrificing most of the preci-
sion, can paradoxically accelerate the discovery of the most
promising solution zones. While any search space can be ob-
served at any scale according to the level of details, there is
nothing inherent to the classical metaheuristics to naturally
account for this multi-scaling. Nevertheless, the wider the
search space the longer the time needed by any metaheuristic
to discover and exploit the “promising” zones. Any possibil-
ity to compress this time is welcome. Abstracting the search
space during the search is one such possibility. For instance,
a common Ordering Genetic Algorithm (o-GA) is not well
suited to efficiently resolve very large instances of the Trav-
eling Salesman Problem (TSP). The mechanism presented
here (reminiscent of Gestalt psychology) aims at abstracting
the search space by substituting the variables of the prob-
lems with macro-versions of them. This substitution allows
any given metaheuristic to tackle the problem at various
scales or through different multi-resolution lenses. In the
TSP problem to be treated here, the towns will simply be
aggregated into regions and the metaheuristics will apply
on this new one-level-up search space. The whole problem
becomes now how to discover the most appropriate regions
and to merge this discovery with the running of the o-GA
at the new level.

Categories and Subject Descriptors
I.2.8 [Problem Solving, Control Methods, and Search]:
Heuristic methods

General Terms
Algorithms, Design, Experimentation
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1. INTRODUCTION
From macrocosm to microcosm, all biological systems are

hierarchically structured in levels. They are often described
as being more than the sum of their parts. We discussed
in previous papers this key question often neglected: ”for
who or for which other observing system” [2, 18]. This
is also the fundaments of Gestalt theory, as established by
Max Wertheimer, Wolfgang Kölher and Kurt Koffka [1]. In
Gestalt thinking, the perception is a combination of indi-
vidual sensations, in which the environment is perceived in
terms of its structure, through related macroscopic proper-
ties.

According to the Intrinsic Emergence concept [23, 3, 3], a
complex system is mechanically observed by a functional
device which is intrinsically defined by the system itself.
Through this mechanical device, macroscopic and functional
information are reintroduced in the process of the system.
As in Gestalt theory, the system presents some form of in-
ternal feedback of the whole i.e “a whole perceived by some-
thing else but able to act on itself”. Intrinsic Emergence and
Gestalt psychology are very related concepts. Some authors
[2, 18, 19, 20] have proposed a concrete interpretation of this
concept in the EC framework: alterating of the perception
of the search space in a useful way. It is done by considering
only some of the details of the search space and by creating
indivisible macroscopic genes, a “Gestalt”.

In biology, cluster of genes and the processes that transmit
them through inheritance have been noticed for many years.
In 1959, Demerec and Hartman wrote: “regardless of how
the gene clusters originated, natural selection must act to
prevent their separation” and “the mere existence of such
arrangements shows that they must be beneficial, conferring
an evolutionary advantage on individuals and populations
which exhibit them” [8]. In the last decades, with the boom
of bioinformatics, the biologists have got the means to focus
on and to more deeply investigate the importance of gene
clustering in natural evolution. This mechanism could be
interesting in EC framework just as the Darwin’s evolution
model was the starting point of EC.

In EC, several works have be done in this conceptual vein
[2, 18, 19, 20, 7, 6, 26]. In this paper, we aim at developing
a new version of the Observer Algorithm ([18, 19, 20]) but
still persisting with this same conceptual framework. In
particular, we will apply it to the TSP which is indeed a
very well suited application to illustrate the whole idea. We
warn the reader that the goal is to better understand this
kind of mechanism and not to propose another best known
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algorithm to tackle the TSP. We still are at the beginning
of our investigation of this idea.

From a cognitive perspective, a human perfecly follows
this Gestalt approach when engaged in some form of TSP.
For instance, Krolak has noticed that human builds some
cluster of towns to resolve the problem [15] and does not
take into consideration all details when finding the shortest
path for a car trip. He first considers some regions as a
whole, and performs the task at this level of abstraction.
Afterwards, he focuses on the details and eventually refines
the path. The Observer Algorithm (OA) to be presented
and discussed in this paper behaves in a very similar way,
improving an o-GA through the use of high-level perception
of the search space: a Gestalt GA.

As in the Intrinsic Emergence concept, the observer is
defined as a process that first builds, then evaluates and fi-
nally improves some lenses. The lenses alter the way the
o-GA is observing the search space while exploring and ex-
ploiting it. The quality of these lenses is computed from
the performance of the o-GA optimization. As a result of
this evaluation, new lenses are proposed and supplied to the
next run of the o-GA. OA and o-GA act simultaneously and
in a very cooperative way.

In Section 2 and 3, we introduce both the TSP and o-
GA. Section 4 describes the generic algorithm idea adopting
the Gestalt framework. Section 5 explains the particular
encoding that is required by this algorithm and its effect
on the TSP. In Section 6, the intertwining between the o-
GA and the OA is detailed. The obtained results on two
particular instances of TSP (dsj1000 and p654) taken from
the TSPLIB are shown and discussed in Section 7.

2. TSP
In combinatorial optimization, the TSP is certainly one

of the most studied, popular and representative problem. It
is easy to state, to comprehend and typical of many real-
world applications: finding the shortest tour trough a set
of towns which have to be visited exactly once. Since it is
a NP-hard problem [12], most of the efforts have been fo-
cused on the design of algorithms that can find satisfactory
solutions in a decent time. Roughly, two families of algo-
rithms are typically applied: local search and global search
algorithms. Local search methods such as or-Opt or Lin-
Kernighan (LK) rely on problem-specific knowledge [16, 17,
21]. It is no more the case for many global search meth-
ods, like EC, Ant Colony Optimization, Neural Networks, or
Simulated Annealing, which want to remain as blind as pos-
sible to preserve their universal character. Whenever they
are confronted by a very wide search space, complete blind-
ness is definitely something to recover from. As a matter of
fact, the current state-of-the-art methods to efficiently deal
with TSP testify for this weakness and most of the global
search methods are outperformed by their local search coun-
terparts. The current best performing algorithms somewhat
hybridize global and local search methods [24, 25].

3. O-GA
One of the most popular global search method applied

to TSP is GA. It is well known that the performance of
GA strongly depends on the way the problem is encoded
in the individuals to be evolved [22]. While in GA the bi-
nary string representation is commonly used, it is not well

suited to the TSP and generally not to ordering problems.
This representation implies some kind of repairing processes
which somewhat goes against the basic principles of GA. In
the case of the TSP, the path representation [13] is the most
simple and natural encoding driving to satisfactory perfor-
mances. More complex representations like graphic image
[14] allow for a considerable improvement in the results. Yet
these complex representations are less flexible than the path
representation.

Many crossover operators have been designed for solv-
ing the kind of combinatorial problems for which solutions
are just permutations. They range from general operators
such as the Partially Match Crossover (PMX) [13] to more
problem-specific operators such as the Edge Recombination
Crossover (ERX) [5]. In general, the most successful oper-
ators are combined further with local search methods. For
instance, the Distance-Preserving Crossover (DPX) coupled
to the LK method is one of the state-of-the-art crossover
successfully applied to the TSP [11]. Inversion or mutation
operators can as well be improved by the integration of some
problem-specific methods or remain very unspecific.

4. A GESTALT TYPE OF ENHANCEMENT
In [19, 20], the authors have suggested an algorithm to im-

prove the exploration process of a Simple GA (SGA). This
algorithm allows the presence of masks to hide many de-
tails of the search space so as to accelerate the discovery
of promising solution zones. A classical GA was applied
on this new, abstracted and reduced search space, and in-
deed allowed the expected acceleration during the discovery
process. The new algorithm they proposed was applied to
the Hierarchical IF-and-only-iF problem (HIFF) and exper-
iments demonstrated a considerable improvement with re-
spect to the basic Simple GA. The whole exercise can sim-
ply be stated as trying to find for each problem the right
observer. By skipping many details and drastically reduc-
ing the search space, an observer can allow a most rapid
and efficient traveling though the original search space. If
this is the general idea and remains a widely applicable one,
any problem may still have its own unique and ideal way
to define and optimize the observer. In our original experi-
ments like in the experiments to follow, a double GA is used:
one in the original search space and one in the space of the
observers that observe this search space.

We propose here an extended and more solid form of the
algorithm presented in [19] and applied on the HIFF prob-
lem. For sake of clarity, we will expose this new extended
version on the TSP problem. Now despite this precise choice
of this very familiar problem, we hope the readers will ac-
cept that the basic idea of this space-abstracting observer
is a very general one that can easily be transposed to any
metaheuristic and for any optimization problem (see Figure
1). Here, this notion of observer is considered in a more
precise way. The notion rather consists in a process which
both observes and then evaluates how well a given meta-
heuristic performs in the search space. Let’s suppose that
a given step of the algorithm, some lenses exist that allow
to observe the search space with much less precision. The
classical optimization goes on but over the search space per-
ceived through these lenses. Afterwards, the quality of these
lenses is assessed on the basis of the performance of this op-
timization. Based upon these evaluations, a new generation
of lenses is proposed and the complete sequence is repeated
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Figure 1: Let’s suppose that a given step of the al-
gorithm, some lenses exist that allow to observe the
search space with much less precision. The classical
optimization goes on but over the search space per-
ceived through these lenses. Afterwards, the quality
of these lenses is assessed on the basis of the per-
formance of this optimization. Based upon these
evaluations, a new generation of lenses is proposed
and the complete sequence is repeated again up to
find the most adequate lenses.
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Figure 2: The cities (a) are grouped into regions (b).
The search is then operated at this new level.

again up to find the most adequate lenses. In general, these
lenses can be viewed as Grouping Templates (GT) which are
applied on the encoding of the problem at hand. In the spe-
cific case of the TSP, the cities are regrouped into regions,
and the restriction of the search space is explained by a
search over the possible permutations of the regions instead
of the cities (see Figure 2). The complete algorithm merges
two different searches: one over the lenses spaces and one
over the original search space. The search over the definition
of the lenses is guided by evaluations provided by the search
executed using these lenses over the original search space.
In [19, 20], the Observer mainly supervises the given meta-
heuristic and always restarts the experiments from the same
observation. In this paper, the Observer mechanism acts all
along the given metaheuristic searches for good candidate
solutions and at fixed time intervals.

The first step evaluates the quality of the lenses (i.e. a
GT) according to the candidate solutions found after some
generations of the metaheuristic. The lens is rewarded on
the basis of its assistance to the task of the metaheuristic.
The way this evaluation is computed is discussed in the fol-
lowing. The second step builds new lenses on the basis of the

Algorithm 1 The new Observer Algorithm

initialize lenses population
initialize solutions population
while not Stop-Condition do

if some lenses are obsoletes then
evaluate the lenses efficiency
build new lenses w.r.t. their efficiency
alter the solutions population

end if
operate the given metaheuristic on the solutions popu-
lation

end while

previous ones and their respective quality. The third step
closes the loop by applying the new lenses to the candidate
solutions populations and the complete sequence is repeated
again. Through each lens, the metaheuristic perceives the
search space in a complete new way. Some parts will not be
viewed as a juxtaposition of candidate solutions. They are
viewed as a whole, i.e. a macroscopic candidate solution.
The effect of the lenses is thus to make the metaheuristic
operating in another manner. The metaheuristic operates
while adopting a multi-scale perception of the search space.
It is very reminiscent of Gestalt psychology.

5. GROUPING TEMPLATE
A second optimization process is performed in the space

of possible GTs. In previous works, the authors proposed
to generate the GTs randomly [2], or evolutionarily [18, 19,
20]. The GT were encoded as a mask for computing the as-
signment of each gene to each group [18, 19, 20]. This strat-
egy had an important drawback: not all possible grouping
schemes could be represented. Here, we propose to consider
the GTs search as a grouping problem and therefore to apply
a Grouping Genetic Algorithm (GGA).

The GGA was originally proposed by Falkenauer [9]. By
an appropriate encoding and genetic operators, it is designed
to extend the range of GA applicability to grouping appli-
cations. In the rest of the chapter, we will show and explain
how the repartition of the cities in the possible regions is
indeed an instance of a grouping problem. The encoding
consists of two parts: the cities part and the regions part.
The cities part is composed of the n cities of the TSP (more
generally the n objects to be optimally grouped). The re-
gions part is a permutation of the k region labels which are
assigned to each city belonging to this region (see Figure 3).
For instance, if our problem consists in 10 cities labelled 0,
1, 2, 3, 4, 5, 6, 7, 8 and 9, a grouping template could be
defined (in the case of five regions labelled a, b, c, d and
e) as such abbceddeac : abedc i.e. a = {0, 8}, b = {1, 2},
c = {3, 9}, d = {5, 6} and e = {4, 7}.

The GGA operators act over the regions part of the chro-
mosomes and correspondingly modify the cities part. The
same Grouping operators as the one originally described by
Falkenauer in [9] will be used with small changes. We refer
to [9] for details about the original operators. The inversion
operator is not modified. The small changes mainly apply to
the heuristic of reassignment of the cities by indeed taking
profit of the spatial specificities of the problem. This heuris-
tic is used both by the mutation and the crossover operators.
Here, an unassigned city x is preferentially grouped with one
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Figure 3: An object view of the adapted encoding
of TSP solutions. A solution is associated to a GT.
The GT defines how the cities are grouped in the
solution. But it does not define the order into the
region or the order of the region. A city could be
considered as a simple city or a region.

of its spatial neighbors y (see Figure 4.c). The neighborhood
size is a parameter Sn. In the case of the mutation operator,
another change needs to be explained. If a mutation occurs,
the selected city could be assigned either to an exiting re-
gion or to a new region. The probability of the occurrence
is Pocc = NR/NC (NR is the number of regions, NC is the
number of cities) so that this probability increases with the
number of regions. The crossover and inversion operators
are always applied. The mutation is applied with a given
probability Pm.

The initialization of the population is realized in a uniform
random way. The selection of parents is a classic tournament
of size 2. The parents are recombined in order to produce
two new GTs. This low variability between two successive
generations aims at maintaining a sufficient diversity in the
GT population.

To be selected, the GTs are evaluated on the basis of the
performance of the associated solution population on which
they apply. Each GT acts on a restricted part of the whole
solution population. The size of the partition is fixed and
each GT applies on a subpopulation composed of a constant
number of individuals. The evaluation of one GT acting
over its own subpopulation is expressed as:

fGT =

q
fsol × min(fsol) , (1)

where fsol is the average of the individual fitness over the
solution population and min(fsol) is the minimum of the
individual fitness values. A GT should be as good as it
produces a population of average good quality with some
elites. The efficiency of a GT is indeed only dependent on
the quality of its associated subpopulation of solutions. The
TSP is a minimization problem and obviously the discovery
of the best GT is also one.

6. O-GA ENHANCED BY OA
For the experiments to be presented in this paper, this

whole Observation and Gestalt mechanisms have been grafted
to an o-GA. Right now, we are not at all running after the
best TSP algorithm but simply showing how this addition
facilitates the exploration of wide landscapes whatever basic
operators are engaged in this exploration. The Observer ad-
dition boils down to macroscopically sample the search space
in order to more rapidly discover promising zones. Due to
the addition of the GTs, o-GA does not operate directly at
the city level but rather at the region level (See Figure 4.a
and 4.b). The o-Ga can not look inside a region and so it can
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Figure 4: a) A possible tour T through eight cities.
b) A GT x defines four regions: I = {1, 2, 5}, II =
{6, 7, 8}, III = {3} and IV = {4}. This GT is applied
on the given plain tour T . The order in and of each
region is then defined. From this point, the intra-
order is fixed and can only be modified by new GT.
c) From the GT x and another one, we obtain a
new GT y. Our tour T is associated to this GT y.
The region IV is deleted. The city 4 is moved to
the region II. Because of its previous relative order
from the case b), the city 4 becomes a border city
of the region II. d) For another possible tour S and
the GT x, we can obtain other intra-order.

Algorithm 2 GGA Implementation of the Observer Algo-
rithm

initialize GT population
for all GT do

initialize its solutions subpopulation
end for
while not Stop-Condition do

if some GT are obsoletes then
evaluate each GT
select two GT parents with a tournament
apply crossover to these parents
replace the worst GT with the two generated children
mutate the two children with some probability
apply inversion to these children
mix the solutions pop of the selected GT parents
create two sol pop with and associate them to chil-
dren

end if
operate a tep of the given metaheuristic on the solutions
population

end while
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not modify the ordered sequence of cities constituting this
region. The GT creates a kind of barrier in the representa-
tion: a Gestalt encoding of the problem. This barrier offers
two ways of evaluating the quality of a given GT. Inside a
region, different order are possible (see Figure 4.b and 4.c).
The more orders we have, the more precise the sampling of
the quality of the corresponding region is. If independently
of such sequence, this region remains a good one, it is in-
deed an adequate macrovariable to build a new search on. If
the partition is good and all regions constitute an adequate
division of the search space, the genetic operators will bet-
ter operate because they won’t need to take all details into
account.

The o-GA uses overlapping populations, tournament se-
lection of size 2, PMX or ERX and swap adjacent loci mu-
tation. The population is uniformly initialized and associ-
ated to a population of different GTs, each GT dedicated
to one sub-part of the complete population. When follow-
ing a crossover operation, two GTs produce two new GTs,
their corresponding solutions populations are mixed in order
to generate two new solutions populations for the offspring.
This is akin to a migration of some candidate solutions to
the new sub-populations.

7. RESULTS
We have designed two different experiments. The first ex-

periment compares the deviation from the optimum of the
best found solution fitness δf = (fsol − fopt)/fopt in func-
tion of each algorithm, i.e. o-GA with PMX, o-GA with
ERX, and their versions coupled with the OA (see Figure
5 and 6). The computation time1 has been chosen as com-
putation effort measure because of the possible load that
OA implementation introduces. The number of trials is 50.
Only 600 seconds are given to algorithms to find the best
possible solution. The total size of the candidate solutions
population is 1000. The mutation rate for the o-GA and
OA is 0.2. The considered neighbor size Sn for the OA is
10. The worsts GTs become obsolete after 100 steps of o-GA
and are replaced by offspring. The initial GTs define only
two regions. The results are shown with boxplot defined by
non parametric statistics: minimum, first quartile, median,
third quartile and maximum. The tackled instances of TSP
are dsj1000 and p654 from the TSPLIB2. They have been
chosen for their cluster structure. The second experiment
gives us an perspective of one run of OA added to o-GA
with PMX for dsj1000 during 6000s. The evolution of δf is
plotted as a function of the computational time (see Figure
7).

The o-GA with PMX gives the worst results for both TSP
instances (see Figure 5 and 6). It quickly gets stuck in local
optima and it does not succeed in finding a better solution.
PMX is a generic crossover. Indeed, it is designed to be a
trade-off between the transmission of relative order, absolute
order and adjancy relations present in the parent permuta-
tions to offspring permutations. PMX is more flexible but
performs worse than crossover suited to a specific problem.
The obtained results are hence not surprising.

The o-GA with ERX gives the best central tendency for
both instances (see Figure 5 and 6). It performs well on TSP,

1The used machine is an iBook G4 rev.2005 1,40Ghz with
1GB of RAM. The operating system is a Gentoo Linux.
2http://www.iwr.uni-heidelberg.de/groups/comopt/software/TSPLIB95/
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Figure 5: Obtained results for the TSP instance p654

with the four algorithms, i.e. o-GA with PMX, o-
GA with ERX, and their versions coupled with the
OA. The x axis represents the deviation of the best
found solution fitness from the optimum fitness af-
ter 600 seconds of computation time. The y axis
indexes the four different algorithms. For each al-
gorithm, a boxplot is shown and represents two sta-
tistical measurements: one of central tendency and
second of statistical dispersion.
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GA(PMX)+OA: Four phases can be noticed. First,
a quick and drastic improvement in term of fitness.
Second, a slowly decreasing plateau during which
the OA is looking for good definition of the re-
gions. Third, a strong rupture. Fourth, a nearly
plateau very slowly decreasing to the optimum. o-
GA(ERX): A smooth exponential decrease.

and is one of the best known pure genetic crossover for tack-
ling TSP. ERX considers a solution as a tour of cities and is
defined over circular permutations. It aims at transmitting
adjancy relations from parents to offspring. The dispersion
is very small, and the algorithm behavior is then very repro-
ductible.

The o-GA with ERX coupled with OA provides the sec-
ond worse central tendency and a large dispersion for both
instances (see Figures 5 and 6). In this case, OA clearly
degrades the power of ERX. The adjancency relation is ade-
quate to the city level but it is not suited to the region level.
Its interpretation of the permutation of region becomes un-
relevant at this level.

The o-GA with PMX coupled with OA provides the sec-
ond best central tendency, a wide dispersion and the best
minimum for both instances (5 and 6). This time, OA pro-
vides good results with the PMX. The interpretation of the
PMX is still valid at the region level. Absolute order, rela-
tive order and adjancy relations are relevant properties w.r.t.
the regions definition (i.e. the GTs). The wide dispersion
of results makes our approach not so much reproductible
as ERX is. This is a clue for improving the cooperation be-
tween OA and the helped algorithm. It is clear that the cho-
sen implementation uses many different evolutionary tech-
niques. We have to better understand the role of the sym-
biose between the macroscopic and microscopic level. The
only way for designing a better implementation of OA.

For the second experiment, we have chosen a representa-
tive run of the o-GA with PMX coupled with OA and of
the o-GA with ERX on the dsj1000 TSP instance. The ob-
tained results with this run are close to the central tendency.

With the corresponding seed, we have run it again but for
a longer time, i.e. 6000 seconds. We can notice four phases
(see Figure 7). At first, the used regions are big. o-GA
with PMX can quickly converge to a first promising area in
the search space. This drastically improves the candidate
solutions. In a second phase, OA begins to look after good
regions definition. This takes about 1500s. Afterwards, a
big rupture occurs. This means that the OA finds a bet-
ter way to help the o-GA in its processing and provides to
the o-GA a good perception of the search space. In a last
phase, the couple of algorithms perform with more difficul-
ties. The minimization becomes slower. This behavior tell
us that the refining process of OA is not good. The assign-
ment of a city to a new city occurs with the probability Pocc.
By analizing the obtained regions, we have noticed that re-
gions are only maded of two cities on average. This is linked
to the previously given probability. It is a clue to improve
the refining process of our OA implementation. For the o-
GA with ERX run, the candidate solutions are improved
following a smooth exponential decrease. The final plateau
is slightly worse than the results obtained during the run of
the o-GA with PMX coupled with OA. These final results
make us confident into the proposed OA. Because of the
duration for finding a good region, we have to run longer
our experiments. The comparison will be more precise with
other algorithms.

8. CONCLUSION
This work is motivated by linked concepts such as Gestalt

theory, Intrinsic Emergence, and facts of biological genes
cluster. In this framework, we suggest a new design of the
OA which is described in [19]. We add this version to o-GA
to tackle TSP. TSP is chosen for well illustrating this Gestalt
GA. With OA, a city could be considered as a city or a re-
gion. o-GA then perfoms at a different level of abstraction.
The new design includes different techniques: naive coop-
erative coevolution between GT and solution tour, a new
encoding of GT and a GGA to optimize the region defini-
tion (i.e. GT).

The obtained results are good and show an improvement
when a generic crossover like PMX is used. From these
results, we have exposed some if the weakness of our design
such as the refining process. These experiments encourage
us in this conceptual approach.

But behind this small experimental and descriptive in-
vestigation of this Gestalt algorithm, we have underlined
the role that leveled structure could play in nature inspired
metaheuristic such as EC. The Intrinsic Emergence concept
modelizes the information flow through the barrier between
the parts and the whole. And the obtained results provide
good confidence in its realization by OA.
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