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Introduction

Metaheuristic optimization algorithms are general optimization strategies suited
to solve a range of real-world relevant optimization problems. Many metaheuristics expose parameters that allow to tune the effort that these algorithms are
allowed to make and also the strategy and search behavior [1]. Adjusting these
parameters allows to increase the algorithms’ performances with respect to different problem- and problem instance characteristics. The difficulty in exposing
parameters of metaheuristics is that these parameters need to be set and should
be adjusted for good performance. Also, choosing a reasonable default value is
not an easy task for algorithm developers. The purpose of this work is, on the
one hand to explore the effect of parameter settings and provide more suited
default values, and on the other hand to introduce a new method to use fitness
landscape analysis (FLA) for the prediction of algorithm parameterization. An
overview of fitness landscape analysis is given in [6]. The scope of such a study
can in general be extended to any algorithm and problem combination, but this
paper is restricted to the robust taboo search (RTS) when applied to problem
instances of the quadratic assignment problem library (QAPLIB). With a similar intention [2] used fitness landscape analysis to choose the best algorithm to
solve instances out of the BBOB benchmark set. In [7] a study was made that
predicted the hardness of a problem instance using FLA fingerprints.
1 This technical report represents material published in Computer Aided Systems Theory EUROCAST 2013. EUROCAST 2013. Lecture Notes in Computer Science, vol 8111. The
original source of the publication is available at https://link.springer.com/chapter/10.
1007/978-3-642-53856-8_37. The final publication is available at link.springer.com.
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Quadratic Assignment Problem
The quadratic assignment problem (QAP) can be described by an N ×N matrix
W with elements wik denoting the weight between facility i and facility j and
an N × N matrix D with elements dxy denoting the distance between location
x and location y. The goal is to find a permutation π with π(i) denoting the
element at position i so that the objective given in equation (1) is achieved [5].
min

N X
N
X

wik ∗ dπ(i)π(k)

(1)

i=1 k=1

The permutation is a feasible representation and is interpreted as assigning
exactly one facility to exactly one location.
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Robust Taboo Search

Tabu search is a metaheuristic that was introduced by Glover [4] and which
was studied by many others including Taillard who introduced the robust taboo
search (RTS) variant [8]. The search strategy of tabu search incorporates a
short term memory which remembers and forbids to revert moves that have
been previously made. A tabu tenure parameter governs the time a certain
move should not be undone. Additionally, a parameter called aspiration tenure
was introduced in robust taboo search. Instead of picking the best move in each
iteration, the algorithm would pick a move it has not made for a certain time.
A move in RTS consists of a swap of two elements in the permutation. This is
interpreted as exchanging the location between two facilities i and j.

2.1

Parameter Impacts

The parameters mainly affect the balance between exploration and intensification. A high tabu tenure would augment diversification as moves are kept tabu
for a longer time and cannot be undone. The search is thus not allowed to return
to previously visited solutions. A small tabu tenure on the other hand would
allow the search to remain in a smaller depression of the search space leading
to an intensified search in a smaller part. On the other hand a small aspiration
tenure would lead to a higher diversification. This parameter controls the time
after which not the best non-tabu move is made, but one that diversifies the
search by performing moves that have not been made previously. The shorter
these times are, the more diversifying moves will be made. As can be seen in
Figure 1 when the tabu tenure is low and the aspiration tenure is high the search
intensifies, meaning it will often return to a very similar solution. If the tabu
tenure is set to a higher value the search is going to diversify to a larger degree.
However, the aspiration tenure has a much bigger influence on the search. The
effect of the tabu tenure is barely noticeable when the aspiration is set to a low
value. The effects become more obvious when we also take into account the
diversity with respect to the solution quality as indicated in Figure 2. It can
be seen that the most diverse setting also visits worse solutions than any other
setting.
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Aspiration Tenure

Figure 1: Showing the similarity of all solutions along the trajectory of RTS
applied to the els19 instance. The plots show the similarity matrix of permutations in the trajectory against each other. The darker the pixels in the matrix
the more similar two permutations are. The Hamming distance has been used
to determine permutation similarity.
Tabu Tenure
Low (25)
High (200)
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Parameter Estimation

In a large experiment that involves 90 different combinations of tabu tenure
and aspiration tenure and 20 repetitions for each combination we estimated
the performance of RTS applied to the QAPLIB. We measured the number
of iterations it was necessary to reach the best known solution (as given in
the QAPLIB) as well as the deviation to the best known quality in case the
best known solution was not discovered. In the results it was observed that
the aspiration criteria depends to a certain degree on the problem dimension.
However, it was also observed that for certain instances the parameters need
to be set much higher or lower. In this work we attempt to find better models
for choosing this parameter by taking fitness landscape analysis (FLA) features
into account. These features describe a problem instance with respect to further
dimensions than just the problem size allowing us to come to a more informed
and hopefully better decision.
However, our goal in this case is to make use of as little FLA information as
possible. We aim to enhance models that can be solely based on the problem
size by adding another feature-dimension to each instance that results from
FLA studies. Often, the problem size is the only guidance one can exploit
when applying metaheuristics as it is a pregiven property of a concrete problem
instance. In this work we show how to improve those models by including
additional features.
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Figure 2: Plot of RTS progress applied to the els19 in the configurations mentioned in Figure 1. The plot shows the current quality at each iteration. The
amount of diversification with respect to the height in the fitness landscape
becomes obvious.

3.1

Fitness Landscape Measurements

As stated in [6] a fitness landscape F is composed of a solution space S and a
fitness function f : S → R that assigns a fitness to every solution candidate x ∈
S. Additionally, a fitness landscape contains a notion of connectivity X between
different solution candidates. This connectivity is often implicitly assumed in
the form of a neighborhood relation N : S → P(S), where P(S) is the power
set of S, or a distances function d : S × S → R that is used to compare solution
candidates. This connectivity gives rise to notions of locality inside the solution
space and, hence, inside the fitness landscape.
The measurements that we obtained from the fitness landscape stem from
a variety of different perspectives on that landscape. In particular, we used
sampling based techniques which can be, principally, obtained from any fitness
landscape. That considered data can be obtained from random walks in those
landscapes, as well as up-down walks. Random walks are sequences of solutions
s ∈ S obtained through randomly choosing among the available connections for
each solution s. The qualities f (s) that can be attributed to each solution s in
the sequence then form the so called quality trail which is used to calculate many
of the landscape properties. These properties, i.e. the autocorrelation coefficient
[3] measure the ruggedness of these landscapes and further properties such as
the steepness of local optima. The total list of features that we considered is
described in [6] in more detail.
Compensation for Problem Size
As was discussed previously, the connectivity that we considered in the QAP is
the so called swap-neighborhood. This neighborhood is well-suited to solve the
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quadratic assignment problem, however, as is typical for neighborhoods of combinatorial optimization problems, the amount of change to the representation is
a constant value that is independent of the representation size. For instance, in
the traveling salesman problem a 2-opt would exchange two edges, in the QAP
the swap exchanges two facilities. As the problem size grows this change in the
solution becomes relatively small and much of the representation, and thus of
the fitness, remains constant. The impression from walks on problems of bigger
size is thus that they appear to be much smoother. However, this smoothness
is only the result of a smaller relative change to the solution.
As we want to find additional features besides the problem size, we strive
to compensate for this effect. To do so we will perform multiple changes at
once for larger problem sizes, thus sampling from the steps that we consider to
be adjacent. We want to keep the amount of change to the representation a
constant relative to the problem size. This results in FLA values that are much
less correlated to the problem size.
Algorithm 1 Post-processing of the performance data to find significantly well
performing parameters.
procedure Postprocessing(data)
. per run: instance, parameter,
performance
instances ← group lines in data by instance
for inst in instances do
parameters ← group runs in inst by parameter
upper ← length(parameters)
ranked ← sort parameters by mean performance
p ← ANOVA(parameters)
if p < 0.01 then
. post-hoc analysis with Holmes adjustment
adj ← 1
for i ← ranked.worst to ranked.best do
p̂ ← TTEST(ranked.i, ranked.best)
if p̂ > 0.01/adj then
. Insignificant result
upper ← i
end if
adj ← adj + 1
end for
Write inst and smallest parameter from ranked.best to
ranked.upper
end if
. No significant difference
end for
end procedure

3.2

Modeling Parameters

We performed a large parameter variation experiment in which we divided the
parameter space into a total of 90 different configurations. Each configuration
was evaluated 20 times on each of the problem instances to account for stochastic
variance of the algorithms’ results.
Given the obtained performance data and the FLA fingerprint information
we want to find models that would indicate how to parameterize the robust
5
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taboo search. To do so the problem of choosing a good parameter value is
transformed to a machine learning problem where the goal is to take the input
values and find a model that would result in the specified output. We thus
aim to find models with a better correlation between the estimated parameters
and those that have been observed to work well in the experiments. More
specifically, we examined a regression-based approach as well as a classificationbased approach to represent our machine learning problem. We then aim to solve
these problems using simple linear techniques and compare the models that we
obtain using only problem size with models that we obtain using problem size
and FLA fingerprint information.
In order to proceed with this task the performance data first has to be processed. It contains many measurements from the execution of the algorithm
on the problem instances, however, we would like to know for each problem instance the best parameter that we should choose. For this purpose we perform a
hypothesis test for the performance measurements on every problem instance to
find out if a certain parameterization is significantly better than other parameterizations. In reality however, we will often obtain a group of parameters that
are significantly better to the rest and thus make an a priori choice in which
we use the smallest parameters in the insignificant group. The post-processing
procedure is given as pseudo code in Algorithm 1.

Figure 3: A scatter plot showing problem size vs average down-walk length. For
larger problem sizes these two values are not correlated anymore.
The inputs for our parameters constitute the fingerprint information described above. The target however is different in the approaches that we investigated. In the regression-based approach the goal is to find models that would
exactly predict the value of the parameter given the fingerprint information.
Whereas in the classification-based approach the parameter values are categorized into low and high values, and those that are deemed insignificant by the
hypothesis test. The goal is to find models that are able to predict the correct
category for each problem instance. When doing regression we would get an
exact value of a parameter that we should choose, while in classification we just
know that the parameter should be set, e.g. high, but have to come up with a
reasonable value ourselves.
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Figure 4: Comparison of the standard model that would set the aspiration
tenure according to the problem size only and the improved model that takes
into account the average down-walk length. The difference in test error is an R2
of 0.338 vs 0.416 resulting from a 3-fold crossvalidation on 89 problem instances.
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Results

Using the problem size as well as at most one other fitness landscape characteristic we found improved models when using the average down-walk length.
This information gives an insight into the depth of the fitness landscape, if it
contains rather steep holes or is rather flat. In Figure 3 a scatter plot between
the problem size and this value is shown.
If we are going to reason about this result, it would indicate that there should
be different parameter settings for very rugged problem instances in contrast to
those that are rather flat. If we examine the linear regression models more
closely, it is visible that the down-walk length has a negative influence which
means that instances which allow larger down-walks tend to be solved better if
more aspiration is being used. This would mean that instances which require
a lot of steps to also get out of the local optima should use more aspiration.
The tabu search using only the tabu list thus is not enough to really explore the
landscape in those problems. We used 3-fold crossvalidation and calculated the
test error by applying each of the folds’ models on their respective test data.
Comparing the regression and the classification results in Figure 4 and Table 1, we see that in both cases the improved models are able to make slightly
better predictions. In the classification example the instances where there was
no significant difference between the results could be better classified. Those
are problem instances that may be very easy and thus can be solved with all
parameter settings equally well or may be very hard and cannot be solved with
any parameter setting.

5

Conclusions

We showed that fitness landscape measurements can be used to enhance the
models that we use to predict the parameter values of metaheuristic algorithms.
In the classical approach only the problem size would be considered as a guidance, as well as implicit expert knowledge by those who apply the algorithms.
We can use FLA to account for some of that implicit knowledge by learning
about the different fingerprints of problem instances. The improved models
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Table 1: Results from applying linear-discriminant analysis to the classification
problem using only the problem size on the left vs using the problem size and
the average down-walk length on the right.
Actual
Predicted Low Insig.
High Total
Low
38
2
9
Insig.
0
12
1
High
2
0
20
Accuracy 95% 85.7% 66.7% 70%
Actual
Predicted Low Insig. High Total
Low
36
0
7
Insig.
1
14
1
High
3
0
22
Accuracy 90% 100% 73.3% 75%
are not difficult to implement and will require some sampling before they can
be applied. Additionally, in conducting such studies we can learn more about
the algorithm’s behavior. There is potential that we can use FLA measures
even in problem overarching analysis as we are able to make these fingerprints
universally comparable for different problems.
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