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Abstract—Several optimization methods can find good solu-
tions for different instances of the Traveling Salesman Problem
(TSP). Since there is no method that generates the best solution
for all instances, the selection of the most promising method for
a given TSP instance is a difficult task. This paper describes
a meta-learning-based approach to select optimization methods
for the TSP. Multilayer perceptron (MLP) networks are trained
with TSP examples. These examples are described by a set of
TSP characteristics and the cost of solutions obtained by a set
of optimization methods. The trained MLP network model is
then used to predict a ranking of these methods for a new TSP
instance. Correlation measures are used to compare the predicted
ranking with the ranking previously known. The obtained results
suggest that the proposed approach is promising.

Keywords-Algorithm selection, meta-learning, traveling sales-
man problem, multilayer perceptron network.

I. INTRODUCTION

Optimization problems may be found in several application
domains, like transport, engineering, manufacturing, planning
and economics [1]. The value of the optimal solution to an
optimization problem is provided by the minimum (or maxi-
mum) value of an objective function given a set of constraints.
A solution to an optimization problem is represented by a
combination of values for the variables of the problem without
violating the constraints [2]. A classic example of optimization
problem is the well-known traveling salesman problem (TSP).
A TSP instance can be informally posed as: given a set of cities
along with the cost of travel between each pair of them, find
the cheapest way of visiting all cities and then return to the
initial city [3]. A TSP instance may be represented by a graph,
which can facilitate the identification of some properties such
as symmetry and level of connectivity. An instance of TSP is
symmetric if the travel cost between any adjacent cities is the
same independently of starting point, and is strongly connected
if there is at least one connection for each pair of cities [2].

Exhaustive search methods may have a high computational
cost when searching for the best solution for many instances of
TSP. Strongly connected instances with n cities have (n− 1)!

possible routes and n mathematical operations are processed
for each route. For example, the cost of all routes of a strongly
connected TSP with 50 cities could require 1064 operations,
which would be concluded only after 1045 centuries if a
computer with a processing capacity of one million operations
per second is used.

This high computational cost can be significantly reduced
by using heuristics. Heuristics can quickly find good local
solutions, although not necessarily the global optimum solu-
tion. However, heuristics may be too problem-specific. This
limitation can be overcome by meta-heuristics, which try to
avoid local optimum values by using more general strategies
to look for promising regions in the search space. Several
meta-heuristics have found good solutions to the TSP, such as:
Tabu Search (TS) [4], Greedy Randomized Adaptive Search
Procedure (GRASP) [5], Simulated Annealing (SA) [6] and
Genetic Algorithms (GA) [7].

Although different meta-heuristics have been successfully
applied to instances of TSP, each meta-heuristics has a bias,
which makes it more suitable for a group of instances [8].
Therefore, for every new TSP instance, the most promising
meta-heuristic should be selected. This issue is a typical
algorithm selection problem, originally presented by Rice [9].
In an ideal scenario, in which the resources (time, memory,
processor, etc.) are unlimited, the best alternative would be
to run all the meta-heuristics available and choose the one
with the best solution. However, this alternative is often not
feasible in practice due to its high computational cost. In
this study, we investigate the use of meta-learning to induce
a predictive model able to suggest the best meta-heuristics
for new instances of TSP. Given this context, the main
contributions of this paper are: (i) investigation of the use
of meta-learning for metaheuristic selection, particularly for
the TSP; (ii) presentation of a new set of meta-features; (iii)
study the recommendation of a ranking of the best algorithms
for new TSP instances; (iv) comparison of three meta-learning
approaches through experiments.



The remainder of this paper is organized as follows. Section
II briefly describes meta-learning in the context of algorithm
selection. Some related works are discussed in Section III. To
introduce the notation adopted, a brief description of the TSP
is contained in Section IV. The experimental settings and the
main results are detailed in Section V. Finally, the conclusions
are presented in Section VI.

II. META-LEARNING TO SELECT ALGORITHMS USING
MULTILAYER PERCEPTRON NETWORKS

Meta-learning allows the induction of knowledge, which can
be used to select the most promising algorithms for a given
problem. It can be applied to different problem domains, such
as machine learning (ML) or optimization [10].

In meta-learning, the data built from a group of previously
processed problems are called meta-data. Each example in
the meta-data is associated with one problem instance and
has input meta-features and target meta-features. Input meta-
features are original problem characteristics considered to be
relevant to describe the instances. Target meta-features usually
represent the performance obtained by a set of methods when
applied to this problem. The examples described by input
meta-features and target meta-features constitute the meta-
data. In this work, classification algorithms use the meta-data
to induce a classifier to predict, for a new problem instance, the
most promising optimization methods. The reader interested in
more details about meta-learning may consult [10].

The proposed approach of using meta-learning in the selec-
tion of meta-heuristics for the TSP is illustrated in Figure 1.
Basically, the induction of a meta-learning model is divided
into two phases. First, meta-data are extracted from a set of
TSP instances through the measurement of a set of selected
TSP properties, i.e. the meta-features, and the performance
values obtained by different meta-heuristics when applied
to each instance. The use of a set of meta-features that
contain information about the performance of meta-heuristics
to the problems is essential to the success of a meta-learning
approach [10]. In the second phase, a predictive model is
induced by multilayer perceptron (MLP) networks [11] to
predict the most promising meta-heuristics through a ranking.

Here, the problem is addressed as a label ranking task. In
label ranking, the learning problem is to map the instances x
from a dataset X to rankings �x (total strict orders) over a
finite set of labels L = {λ1, ..., λc}, where λi �x λj means
that, for instance x, label λi is preferred to λj . A ranking over
L can be represented by a permutation as there exists a unique
permutation τ such that λi �x λj iff τ (λi) < τ (λj), where
τ (λi) denotes the position of the label λi in the ranking [12].
For more details about label ranking can be found in [13].

MLP networks are frequently applied to nonlinear problems.
A MLP network has one input layer, one or more hidden
layers and one output layer [11]. The architecture of the
MLP network used for meta-heuristics selection is illustrated
in Figure 2. The input values are the meta-feature values
for a TSP instance. The output layer produces a ranking
of optimization methods for this TSP instance. The method

Fig. 1. Meta-learning process in the selection of algorithms for TSP.

identified in the top position (i.e., rank 1) is the most promising
for this instance. The prediction of the rank associated with
each method is conducted by a non-linear regression function,
which is a way to estimate the conditional expectation of the
dependent variable, keeping the independent variables fixed
[14].

Fig. 2. MLP network architecture for algorithm selection.

In this work, each TSP instance is mapped to a rank-
ing of meta-heuristics that are identified by labels set L =
{TS, GRASP, SA, GA}. For modeling the ranking learning
problem, three MLP approaches were used. The first, called
direct linear regression (DLR), uses a MLP with four neu-
rons in the output layer, which identify the relative values
corresponding to solutions of the metaheuristics for a TSP
instance x submitted to a MLP input (Figure 3a). Based on
the output values of the MLP, the order of the labels �x

for the instance x is identified. The second approach, called
single regression model (SRM ), also uses a MLP with four
outputs, but they indicate the position of the meta-heuristics in
a ranking of recommendation (Figure 3b). Finally, in the third
approach, called multiple regression model (MRM ), based
on the strategy for predicting the ranking classifiers [15], four
models of MLP with one output neuron each (Figure 3c)
are used to predict the position of a meta-heuristic in the
ranking. The quality of the predictive model is measured by
the correlation between the predicted and desired rankings.



Fig. 3. MLP network architectures for meta-heurı́stic selection to TSP.

III. RELATED WORKS

In recent years, meta-learning has been successfully applied
to the selection of algorithms in various types of problems
[10]. The meta-learning method described in [16] helps users
to select Machine Learning (ML) algorithms for a given
dataset. To that end, it takes into account the values of some
meta-features, computed from available datasets, and then
identifies and selects the dataset most similar to the one at
hand. The final recommendation is then performed through
the ranking of the ML algorithms for that selected dataset.

The idea of applying regression to meta-learning problems
was first addressed in [17], where the error of a ML algorithm
is predicted by using the meta-features defined in the STAT-
LOG project. The authors evaluate several regression models
to determine under what circumsntances a particular classi-
fication algorithm is applicable. Similarly, in [15] regression
models is also used in the task of meta-learning, but to estimate
the predictive accuracy of a classifier.

Although the research on meta-learning has been mainly
focused on the selection of ML algorithms, some studies apply
meta-learning in other areas such as optimization. In [18], the
SATzilla approach selects optimization algorithms that solve
examples of this type of problem. ML models are used to make
predictions on the algorithms runtime for a particular problem.
Such predictions are based on the meta-features of similar
examples. In [19], a meta-learning model based on multilayer
perceptron (MLP) networks is used to select optimization algo-
rithms for the quadratic assignment problem. A meta-learning
approach to recommend algorithms for TSP is described in
[20], where TSP instances are classified according to the
solutions obtained by a set of meta-heuristics. As the best
solution for a given TSP instance may be achieved by more
than one meta-heuristic, multi-label classification techniques

are applied. Another work that applies meta-learning to the
TSP is described in [21]. The meta-features are generated from
two-dimensional location information of the cities. An MLP-
based model is used to predict the effort that every available
algorithm will need to find the best solution. Then, it assigns
each instance to the most efficient algorithm.

MLPs have also been used for learning other types of
rankings — usually in the Web search domains [22]–[24].
However, studies on recommendation algorithms for the TSP
by means of ML techniques are recent [20], [21]. Our paper
presents an approach to ranking learning based on MLPs that
can recommend the most promising optimization methods for
given TSP instances.

IV. THE TRAVELING SALESMAN PROBLEM

Formally, a Traveling Salesman Problem (TSP) is defined
by a graph G = (V, E), in which V = {1, 2, ..., n} is a set
of vertices and E = {〈i, j〉: i,j ∈ V} is a set of edges. Each
vertex i ∈ V represents a city of the problem and each edge
〈i, j〉 ∈ E connects the vertices i and j. The cost of travel from
the city i to city j is indicated by the value cij associated with
the edge 〈i, j〉. If cij = cji ∀ 〈i, j〉 ∈ E, the TSP instance is
symmetric. If ∃ 〈i, j〉 ∈ E for each pair of vertices (i,j), the
TSP instance is strongly connected. The best solution to a TSP
is given by the Hamiltonian cycle of minimum cost. A cycle
is Hamiltonian if all cities are visited only once and the route
ends at the starting city [3].

Good TSP solutions can usually be obtained by means of
meta-heuristics. In particular, they can provide solutions close
to the optimal one and with relatively low computational cost.
There have been several studies to improve existing meta-
heuristics (e.g., [25], [26]), as well as papers that compare the
performance of different algorithms for the TSP [27]–[29]. In
our work, four well-known meta-heuristics (TS, GRASP, SA,
and GA) are used to illustrate the performance of our meta-
learning model.

V. EXPERIMENTS

To evaluate the proposed approach, a set of TSP exam-
ples have been used for learning models induced from three
approaches of MLP described in Section II. The ranking pre-
dicted for an instance is evaluated by measuring its correlation
to the known ranking for that instance. The quality of each
model is the average rate correlation calculated in all meta-
data instance.

A. Experimental setup

The correct prediction of a learning model depends, among
other factors, on the availability of a significant amount of
examples for training. Given that a larger number of TSP
instances is not available, 2000 instances symmetric and
strongly connected were generated from 10 files (d1655,
fl1400, nrw1379, pcb3038, pr2392, rl1889, u1817, vm1748,
fnl4461 and rat783) available in the TSPLIB library [30].
The file name indicates the number of cities involved in
the problem (e.g. d1291 is a TSP with 1291 cities). For



each file, 200 different subproblems were generated from 100
cities selected randomly, keeping the original values of costs
between the cities.

All 2000 instances were submitted to the meta-heuristics:
Tabu Search (TS) [4], Greedy Randomized Adaptive Search
Procedure (GRASP) [5], Simulated Annealing (SA) [6] and
Genetic Algorithms (GA) [7]. The settings of each algorithm
were: TS: size of the tabu list = 3; number of iterations
with no improvement of the current solution = 2; GRASP:
number of iterations = 50; α = 0.6; SA: β = 0.9; t0 = 1;
α = 0.01; GA: partial mapped crossover (PMX) [31] as the
crossover operator; maximum number of individuals in the
population = 128; tournament selection; mutation rate = 5%;
elitism selection. The selection of the parameters of the meta-
heuristics was done taking into account that the goal of this
work is not to optimize the performance of each meta-heuristic
but to predict the ranking of the meta-heuristics. Therefore
the parameters selection was based on a few preliminary
experiments, just to ensure that each meta-heuristic could find
a reasonable solution.

These meta-heuristics are stochastic and can provide differ-
ent results after each run. Thus, for each TSP instance, every
meta-heuristic was run 50 times (with different initial seeds),
producing 50 solutions for each of them. The performance of
each meta-heuristic was estimated by the best solution of those
50 runs. The same processing time was adopted as a stopping
criterion for each of those 50 runs. The solutions for each
instance were transformed into relative performance for the
composition of a ranking of meta-heuristics. This ranking was
used as the target meta-features by the meta-learning models in
the SRM and MRM approaches. For the DLR approach, the
target meta-features were represented by the solutions obtained
by the meta-heuristics. Table I shows the relative frequency
of the ranking of meta-heuristics. The most common ranking
(GA, SA, GRASP and TS) was observed in 38.5% of the
examples. This ranking majority is used in Section V-B as a
reference for measuring the quality of the results of meta-
learning models. For instance, the arbitrary choice of GA
provides the best solution in 74.3% of TSP instances.

The identification of the most relevant properties of a set of
problems is another key factor to improve the predictive ability
of a meta-learning system. For the instances of TSP illustrated
in this paper, some inherent properties of the corresponding
graphs were transformed into meta-features. These properties
are based on simple measurements and are extracted from the
costs associated with edges and vertices. While the edge cost is
easily identified in the graph, the vertex cost (ci) is defined as
the ratio between the sum of the costs of the edges associated
with the vertex and the number (n) of edges connected to it:

ci =

∑n
j=1 cij

n
(1)

Table II lists the 14 meta-features used to describe the TSP
examples. The first seven meta-features are relative to the cost
of vertices and the rest are related to the costs of edges. The
meta-features Vnumber and Enumber indicate respectively the

TABLE I
RELATIVE DISTRIBUTION OF RANKINGS OF META-HEURISTICS.

1o. 2o. 3o. 4o. Frequence(%)
GA SA GRASP TS 38.50
GA SA TS GRASP 19.95
GA GRASP SA TS 10.50
SA GA GRASP TS 9.90
GRASP GA SA TS 7.10
SA GA TS GRASP 5.50
GA TS SA GRASP 3.65
GRASP SA GA TS 1.60
GA TS GRASP SA 1.15
TS GA SA GRASP 0.55
GA GRASP TS SA 0.55
GRASP GA TS SA 0.50
SA GRASP GA TS 0.20
TS SA GA GRASP 0.10
GRASP TS GA SA 0.10
TS GRASP SA GA 0.05
TS GA GRASP SA 0.05
SA TS GA GRASP 0.05

number of cities and edges involved in the problem; Vlowest

and Vhighest inform, respectively, the lowest and highest cost
of vertice; Similarly, Elowest and Ehighest represent the value
of the edge of lower cost and greater, respectively; Values
on the main statistical measures (mean, standard deviation
and median) are obtained by the meta-features: Vmean, Vsd
and Vmedian for the vertices and Emean, Esd and Emedian

for the edges; Finally, the meta-features Vlower and Elower

capture the sum of the Vnumber lower costs of vertex and edge,
respectively. The meta-features identified as {F8, ..., F14} and
meta-feature F1 are the same as those used in [20].

TABLE II
META-FEATURES FOR TSP USED THE TRAINING OF THE META-LEARNING

ALGORITHM.

Code Meta-features Description
F1 Vnumber Number of vertex
F2 Vlowest The lowest cost of vertex
F3 Vhighest The highest cost of vertex
F4 Vmean Average of the vertex costs
F5 Vsd Standard deviation of the vertex costs
F6 Vmedian Median of the vertex costs
F7 Vlower Sum of the V vertices of lower costs
F8 Enumber Number of edges
F9 Elowest The lowest cost of edge
F10 Ehighest The highest cost of edge
F11 Emean Average of the edge costs
F12 Esd Standard deviation of the edge costs
F13 Emedian Median of the edge costs
F14 Elower Sum of the Vnumber edges of lower costs

Before using these meta-features as input parameters in
a meta-learning model, the value of each meta-feature was
normalized (A′

e) for each example of the set of meta-data using
Equation 2.

A′
e =

Ae −minAe

maxAe
−minAe

, (2)

where Ae is the value of the meta-feature in the example e;
minAe

and maxAe
represent the lowest and highest values,

respectively, of the same meta-feature in the meta-data.



The value of each target meta-features was normalized (S′
he)

for each example using Equation 3:

S′
he =

She∑q
r=1 Sre

, (3)

where She is the performance (solution value or rank) of the
meta-heuristic h on the example (i.e., TSP instance) e and q
is the number of candidate meta-heuristics.

Each example of the set of meta-data of TSP is described by
the normalized values of both meta-features and target meta-
features. By following the standard practice of manipulating
data in experiments with MLP network, the 2000 examples
were randomly distributed and stratified into three datasets:
training (60%), validation (20%) and test (20%). The first
dataset is used by the learning algorithm to induce the
predictor model; the second is to stop the training when a
threshold value is reached and the third is to test the model
generalization ability [32].

The MLP networks1 were trained with the backpropagation
algorithm [11] and cross-validation methodology [30] using
the following settings: 14 neurons in the input layer, in which
each neuron corresponds to a meta-feature extracted from the
TSP; 4 neurons in the output layer for DLR and SRM
approaches, and 1 output neuron for MRM approach. It is
well-known that the best configuration of the hidden layer
of an MLP is problem-dependent [32]. Therefore, we tried
configurations with a number of neurons from 2 to 36. The
configuration with the lowest mean squared error (MSE) on
the validation set was then applied on the test set.

B. Experimental results

In our first experiment, the best parameter setting for each
approach was identified from the performance of the MLP
networks in the validation set. Table III shows that the best
setting was quite different for each approach. The DLR
approach had the smallest error due to its target meta-features,
which represent the solution of the meta-heuristics. For each
TSP example on the set of meta-data, the normalized values
of the meta-heuristics solutions have become closer to each
other than the normalized values corresponding to the ranks
of the meta-heuristics.

TABLE III
LOWER VALUE OF MSE CALCULATED IN THE VALIDATION SET OF THREE

LEARNING APPROACHES USING MLP.

Approach MSE Number of neurons in the hidden layer
DLR 8.562× 10−5 3
SRM 6.414× 10−3 19
MRM 7.307× 10−3 25

Next, we evaluated the best settings identified for each
approach on the test dataset to measure the capacity of
generalization of the models induced. The quality of pre-
diction of these models was estimated using two measures

1They were implemented in R software using the default values of the
neuralnet package.

of correlation: Spearman coefficient (SC) [33] and weighted
Goodman-Kruskal coefficient (WGK) [34]. The first measure
is basically the sum of squared rank errors and can be seen
as the equivalent of normalized mean square error. For label
ranking, the second measure is being used as a complement
to SC since WGK correlates two sequences considering the
magnitude of the values contained in them, calculating not
only the trend of values but also the rate of variation of
them. For these two measures, result +1 indicates a perfect
correlation between the two sequences compared and -1 means
that the sequences are completely discordant.

The MLPs performance measured by SC and WGK in
each of the three learning approaches is shown in Tables IV
and V, respectively. To assess the quality of the results, we
compare the approaches proposed with suitable baselines. The
performance of these methods serves as reference values (third
column). The reference method used in this work consists
of the most frequent ranking on the whole dataset. Since
the semantic of the target meta-features is different in DLR
approach, the magnitude of values is different in the desired
ranking for this approach. Therefore, the reference value for
WGK is different for DLR. The values presented in the fourth
column of both tables indicate the degree of superiority of the
meta-learning models in relation to a default prediction model
whose performance is estimated by the reference value.

TABLE IV
PERFORMANCE OF THE META-LEARNING MODELS MEASURED BY

SPEARMAN COEFFICIENT.

Approach SC Reference value (R) (SC-R)/R
DLR 0.821 0.790 0.039
SRM 0.833 0.790 0.054
MRM 0.826 0.790 0.046

TABLE V
PERFORMANCE OF THE META-LEARNING MODELS MEASURED BY

WEIGHTED GOODMAN-KRUSKAL COEFFICIENT.

Approach WGK Reference value (R) (WGK-R)/R
DLR 0.811 0.752 0.078
SRM 0.835 0.648 0.289
MRM 0.760 0.648 0.173

The results shown in the tables indicate that the meta-
learning models have a lower error rate in predicting the rank-
ing of meta-heuristics for the TSP instances when compared
with the standard recommendation of the majority ranking.
Furthermore, these results suggest that the performance of the
learning model was higher in the model (SRM ) induced by
the MLP model with 4 outputs, as shown by the values in
the fourth column of Tables IV and V. In the DLR approach,
learning the values of the solutions generated by optimization
methods is more complex and has the disadvantage of being
first necessary to order the values predicted before recom-
mending the meta-heuristics for the user. The MRM approach
has the cost of implementing as many networks as the number
of meta-heuristics available to be applied to a given TSP and



its performance was lower because there was no exchange of
information between multiple networks.

VI. CONCLUSIONS

We presented an approach based on meta-learning to recom-
mend meta-heuristics for Traveling Salesman Problem (TSP)
instances. In particular, meta-learning models are induced
by using multilayer perceptron (MLP) networks, which are
trained from TSP instances for which the respective solutions
of a set of meta-heuristics are a priori known. Our experi-
mental evaluation shows that the proposed approach allows
a suitable estimation of the ranking of the meta-heuristics
for a given TSP instance. More precisely, the values for the
correlation measures between predicted and known rankings
show that our approach can provide better results than the
majority-based ranking. As an additional contribution, we
also introduced new meta-features, which can be seen as
properties extracted from the graphical representation of the
TSP instances. The identification of appropriate meta-features
is essential to the success of a meta-learning system. In future
work, we are going to investigate the extraction of different
meta-features, such as those used in [21], in order to hopefully
improve the prediction ability of our meta-learning model.
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Inspired Heuristics on the Traveling Salesman Problem”. In Proceedings
of the 6th International Conference on Parallel Problem Solving from
Nature, pp. 661–670, London, UK, 2000. Springer-Verlag.

[28] D. Johnson and L. McGeoch. “Experimental Analysis of Heuristics for
the STSP”. In Local Search in Combinatorial Optimization, pp. 369–
443. Wiley & Sons, 2001.
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