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Abstract. Different meta-heuristics (MHs) may find the best solutions
for different traveling salesman problem (TSP) instances. The a priori
selection of the best MH for a given instance is a difficult task. We
address this task by using a meta-learning based approach, which ranks
different MHs according to their expected performance. Our approach
uses Multilayer Perceptrons (MLPs) for label ranking. It is tested on
two different TSP scenarios, namely: re-visiting customers and visiting
prospects. The experimental results show that: 1) MLPs can accurately
predict MH rankings for TSP, 2) better TSP solutions can be obtained
from a label ranking compared to multilabel classification approach, and
3) it is important to consider different TSP application scenarios when
using meta-learning for MH selection.

Keywords: meta-learning, label ranking, multilayer perceptron, travel-
ing salesman problem.

1 Introduction

The Traveling Salesman Problem (TSP) is a classic optimization problem, which
is formally defined by means of a weighted graph G = (V,E), in which V = {v1,
v2, ..., vn} is a set of vertices and E = {〈vi, vj〉: vi,vj ∈ V } is a set of edges. Each
vertex vi ∈ V represents a city and each edge 〈vi, vj〉 ∈ E connects the vertices
vi and vj . The cost of travel from vi to vj is given by the weight value of the
edge 〈vi, vj〉. The best solution for a TSP instance involves finding the minimal
cost tour visiting each of n cities only once and returning to the starting city [1].

It is difficult to find the best solution for several TSP instances, since this
problem belongs to the class of problems known as NP-complete [16]. The TSP
complexity is factorial with the number of cities, thus exhaustive search methods
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present a high computational cost even for small TSP instances. For example,
there are approximately 1.22× 1017 feasible solutions for a TSP with 20 cities.

Good solutions for TSP can be quickly found by different meta-heuristics
(MHs) — e.g., Genetic Algorithms [13], and Ant Colony [5]. MHs are search
methods that try to escape from local optima through of interaction between
local improvement procedures and higher level strategies [8]. Each MH has its
own bias which makes it more suitable for a particular class of instances [25].
Thus, given the large number of available MHs, there can be a MH that is the
best for a new TSP instance.

Recently, a meta-learning approach addressed the problem of recommending
MHs for new TSP instances as a multilabel classification task [14]. However,
when multiple MHs are recommended, no guidance is provided concerning the
order in which they should be executed. In this work, we address this problem
by using a label ranking approach [4] to predict a ranking of MHs, according
to their expected performance. Additionally, previous approaches do not distin-
guish between different TSP scenarios. Here we separately investigate two im-
portant scenarios: when the salesperson (re-)visits current customers and when
the prospects are visited for the first time.

The remainder of this paper is organized as follows. Section 2 provides a brief
background on meta-learning for algorithm selection and on label ranking. The
adaptation of MLPs to learn label rankings is discussed in Section 3. Practi-
cal application scenarios of interest are described in Section 4. Based on such
scenarios, the experimental setting is detailed in Section 5, and the results are
reported in Section 6. Finally, the conclusions are presented in Section 7.

2 Meta-Learning and Label Ranking

The selection of the best algorithm for a given problem has been dealt with
in Machine Learning (ML) with meta-learning [2]. Meta-learning studies how
learning systems can increase in efficiency through experience and how learning
itself can become flexible according to the domain or task under study [24].

Studies that relate ML and optimization problems are recent [20]. Concern-
ing the TSP, a meta-learning approach to recommend MHs [14] classifies TSP
instances according to the solutions obtained by a set of MHs. As the best solu-
tion for a given TSP instance may be achieved by more than one MH, multilabel
classification techniques are applied. In [19], MLP-based models are induced to
predict the search effort that each algorithm will need to find the best solution.

The induction of a meta-learning model to select MHs for the TSP is illus-
trated in Figure 1. TSP properties (meta-features) are calculated to a set of TSP
instances. Each instance corresponds to one meta-example in the meta-data. A
meta-example is labeled by the performance of different MHs when applied to
TSP instance. The meta-data is used by a ML technique to induce a meta-model.

In this work, meta-learning is addressed as a label ranking task [7]. 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, ..., λm},
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Fig. 1. Meta-learning approach to select meta-heuristics for the TSP

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. A survey on label ranking is presented in [23].

3 Training MLPs for Label Ranking

Since MLPs presented a good performance on a similar problem [19], we use
them to rank MHs in this study. In a meta-learning context to rank labels,
the input values of the MLP [18] are meta-feature values for a TSP instance.
The output layer of the MLP produces a ranking of MHs for this TSP instance.
The MH identified in the top position (i.e., rank 1) is the most promising one
for this instance.

It is worth noting that the back-propagation algorithm is guided by a regres-
sion error measure (e.g., mean squared error) rather than a ranking accuracy
measure (e.g., Spearman’s correlation coefficient). However, by using a single
network to learn the ranks of all labels, the weights to the output layer represent
patterns that are specific to the corresponding label. On the other hand, given
that there is a single set of weights to the hidden layer, they represent patterns
in the data that are common to all the labels and act as latent features.

4 Recommendation Scenarios

Previous approaches [19,14] have considered a single scenario: the recommenda-
tion of MHs for instances in which the salesperson revisits current customers.
We consider an additional scenario in which the meta-learning approach is used
to recommend MHs for instances that contain new customers. To illustrate these
scenarios, consider that a company visits clients in different cities and, for sim-
plicity, that there exists only one client in each city. Thus, the recommendation
scenarios investigated in our experiments are as follows:

Revisiting customers scenario. The clients in the new instance are a subset
of the ones that have been previously visited. Given instances concerning dif-
ferent subsets of the set of cities (e.g., {New York, Washington DC, Boston,
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Philadelphia}), we would like to know the most promising MH in order to
define a route to visit another subset of those cities (e.g., {New York, Boston,
Philadelphia}). The intersection between the cities in different instances is
non-empty.

Prospect visits scenario. All clients on the new route have never been visited
in previous routes. Given instances concerning different subsets of the set of
cities (e.g., {New York, Washington DC, Boston, Philadelphia}), we would
like to know the most promising MH in order to define a route to visit a
different set of cities (e.g., {Edinburgh, London, Liverpool, Bristol}). The
intersection between the sets of cities in new and old instances is empty.

5 Experimental Setup

A predictive ability of a learning model depends on the significant amount of
instances used to train it [22]. We generated several TSP subproblems from
benchmark instances extracted from the TSPLIB library [17].

Let P = {p1, ..., pk} be the set of real TSP instances extracted from the
TSPLIB library. A set of subproblems Si = {si,1, ..., si,z} can be generated
from pi ∈ P . Thus, the meta-data is a set of meta-examples XP = {x1,1, ...,
x1,z, ..., xk,1, ..., xk,z}, where each xi,j corresponds to si,j that represents the
j-th subproblem generated from the i-th instance of the real TSP, pi. For each
scenario, the TSP subproblems were generated as follows.

Revisiting customers scenario: 1000 TSP instances were generated from 10
TSP files, P = {d1655, fl1400, fnl4461, nrw1379, pcb3038, pr2392, rat783,
rl1889, u1817, vm1748}. From each pi ∈ P , 10 subproblems were generated for
each of ten different quantities of cities (10, 20, ..., 100), resulting in Si = {si,1,
..., si,100}.

Prospect visits scenario: 300 TSP instances were generated from 30 TSP files,
P = {a280, berlin52, bier127, ch130, d1655, d15112, eil101, fl417, fl3795,
fnl4461, kroA200, kroB100, kroC100, kroD100, kroE100, linhp318, lin318,
nrw1379, p654, pcb3038, pr2392, rat783, rd400, rl1889, rl11849, ts225, tsp225,
u1817, usa13509, vm1748}. The cities of each pi ∈ P were randomly distributed
into 10 equal-sized sets. Each set of cities was used to generate a subproblem
si,j that belongs to Si = {si,1, ..., si,10}.

Five MHs have been used in our experiments: Tabu Search (TS) [9], GRASP
(GR) [6], Simulated Annealing (SA) [15], Genetic Algorithms (GA) [13], and
Ant Colony (AC) [5]. The following parameter settings were used: TS: tabu list
size = 2; number of iterations with no improvement of the current solution = 2;
GR: number of iterations = 10; level of randomness and greedy search = 0.5; SA:
initial temperature = 1; acceptance rate of neighbor solution = 0.9; cooling rate
= 0.01; GA: PMX [10] as the crossover operator; population size = 20; mutation
rate = 5%; elitism selection; AC: number of ants = 5; pheromone evaporation
rate = 0.5; pheromone influence = 1; heuristic information influence = 1.

These parameter values were chosen after performing some preliminary exper-
iments — just to ensure that every MH could find a reasonable solution for the
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TSP instances in hand. Our goal was not to optimize the performance of each
MH or promote any particular MH. Instead, we focus on the prediction of the
ranking of MHs, with particular emphasis on how the user can take advantage
of that ranking to get better solutions for TSP instances.

As these MHs are stochastic, every MH was run 30 times (with same process-
ing time and different initial seeds) for each TSP instance. The average cost of
the route of the 30 solutions was used as performance of each MH to compose
the ranking of MHs.

Our MLP-based meta-learning models were trained with the standard back-
propagation algorithm 1 and ten-fold cross-validation methodology [12]. We used
14 neurons in the input layer which correspond to 14 meta-features based on the
measurements of edges and vertices proposed in [14]. The output layer has five
neurons that identify the ranks of the five MHs for the TSP instance provided in
the MLP input. The best configuration of the hidden layer is problem-dependent
[12]. Therefore, we used the default number of hidden neurons proposed in [11].
For the multilabel classification, we use the binary classification method that
has also been successfully applied to classify instances of TSP [14].

6 Experimental Evaluation

We compute the Spearman coefficient (rS) [21] for every pair of 〈predicted, ideal〉
(vectors of) ranking and then we average the results. These results are compared
to a baseline (the average ranking over the whole dataset [3]). In order to analyze
if the performance difference between the proposed approach and baseline is
significant, results of the statistical t-test are presented.

Top-N strategy [3] was used to compare the results of our ranking-based ap-
proach with the multilabel approach. This strategy evaluates the ranking of MHs
by assessing the compromise between the quality of the solutions (cost of the
routes) and the cost to obtain them (run time). The quality of the solutions
provided by the top-N MHs is given by the best solution among those generated
by all MHs. The cost is computed as the sum of the run times of those MHs.
As the multilabel classification model does not suggest a ranking of MHs, its
average performance is identified by a single point in figures 2a and 2b.

6.1 Experimental Results

Considering rS as measure to evaluate the predictive models performance, our
meta-learning based approach provided good ranking predictions. In particular,
average scores r̄S = 0.96 and r̄S = 0.93 were obtained for the scenarios: revisiting
customers and prospect visits, respectively, whereas the baseline model obtained
r̄S = 0.89 and r̄S = 0.83, respectively. By applying the t-test to compare the r̄S
values, p-values of 7.15×10−42 and 2.61×10−12 were obtained for the respective
scenarios. These results show that at the 95% confidence level, the performance
of the proposed model is significantly better than the baseline model.

1 Using the default values of the nnet package (R programming language).
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Fig. 2. Normalized average cost of the route versus normalized average runtime for the
strategy of running the Top-N MHs for two real-world scenarios

It is hard for the meta-learning approach to achieve significantly higher ac-
curacy than the baseline when predicting the most frequent rankings of MHs.
These rankings are usually the most similar to the average ranking. The gain
of meta-learning becomes clear in the least frequent rankings. In the revisiting
customers scenario, the label ranking approach was better than the baseline on
six of the seven rankings that were observed only once. For all the different rank-
ings of MHs observed in the prospect visits scenario, the label ranking approach
presented r̄S > 0.6, while the baseline model achieved this performance in 43%
of those rankings.

Figure 2 shows the results for the Top-N strategy. In both scenarios, the Top-1
MH recommended by label ranking model provided a better solution than the
Top-1 MH suggested by baseline model. The results for the revisiting customers
scenario (Figure 2a) show that it is necessary run the Top-2 MHs indicated by
the baseline to obtain a solution as good as those provided only by the Top-1 MH
of the label ranking. The main advantage of using meta-learning model is the
time required to obtain the solution. The time to run the MH, which is in the top
position recommended by the meta-learning model, is 50% lower than the time
to run the MHs in the first two positions of the baseline ranking. The average
solution of the MHs recommended by the multilabel classification is worse than
the solution generated by the Top-1 MH of our model. This is due to the fact
that the MHs classified for some instances are not the best ones.

For the prospect visits scenario, the strategy of running the Top-1 MH sug-
gested by the proposed approach provided a better solution compared to that
obtained after processing the four most promising (Top-4) MHs from the base-
line ranking — see Figure 2b. The average solution of the MHs ranked by
the baseline model is worst for this scenario, in relation to the previous sce-
nario, due to the increase in the number of different rankings observed in the
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meta-data. The multilabel classification model recommends MHs whose solutions
are as good as those provided by Top-1 MH suggested by the label ranking.
However, every MH recommended by multilabel classification must be performed
to indicate the solution for a given instance, requiring a longer processing time.

The model based on label ranking allows the user to obtain a good solution by
running only the Top-1 MH. In practical situations where the user has enough
time to run the other recommended MHs, even better solutions can be obtained.

7 Final Remarks

In this study, we addressed the problem of choosing the best MH for a given
instance of the TSP. We use a meta-learning approach, which consists of learning
a model that relates the properties of the TSP instances with the performance
of MHs. We use an adaptation of the MLP for label ranking. Our results show
that it is possible to predict the ranking of MHs and that, by following the
recommendations in the rankings, it is possible to obtain good quality solutions
when compared to simpler selection strategies. In particular, the comparison with
a multilabel classification approach to the same problem additionally shows the
advantage of addressing the problem as a label ranking task.

We consider two different scenarios: re-visiting customers, in which the new
instances which we want to select the algorithms for share cities with the in-
stances in the training meta-data; and prospect customers, in which the cities in
new instances are new. Our results indicate that the latter type of scenario is
harder to learn. This is expected because, in the re-visiting customers scenario,
we cannot really say that the test instances are independent from the training
instances because they share parts of their structure. However, since both sce-
narios may be true in practice, our work shows that it is important to investigate
them separately. As future work, we will investigate new meta-features, following
different approaches, such as adapting subsampling landmarkers [2].
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