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Abstract. Neural Combinatorial Optimization (NCO) has shown 
promising results in graph-based optimization problems, although its 
application to facility location problems remains limited. This work stud-
ies the use of NCO for the Generalized Regenerator Location Problem 
(GRLP), a network design problem where the objective is to minimize the 
number of active regenerators required to connect all demand nodes. A 
constructive algorithm guided by a Graph Neural Network (GNN) is pro-
posed, where the model is trained through Reinforcement Learning (RL) 
on generated GRLP instances and later combined with a local search 
phase. The method is compared with exact, heuristic, and metaheuristic 
approaches from the literature. The results show that the NCO approach 
is comp etitive with the state of the art and, in the largest instances,
obtains better constructive solutions than a Greedy Randomized Adap-
tive Search Procedure (GRASP) method using the same improvement
phase. Despite the explainability and hardware limitations associated
with these models, these results indicate that NCO algorithms can learn
better construction strategies than problem-specific heuristics without
the need for expert knowledge.

Keywords: Neural Combinatorial Optimization · Generalized 
Regenerator Location Problem · Reinforcement Learning ·
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1 Introduction 

The continuous advancement of Deep Learning has enabled new ways to address 
optimization problems through data-driven methods. Within this context, Neu-
ral Combinatorial Optimization (NCO) offers a new paradigm where artificial
neural networks are trained to autonomously discover and execute strategies
to solve optimization problems [1]. The NCO process includes a learning phase, 
where the network adjusts its parameters via supervised or Reinforcement Learn-
ing (RL), and an inference phase, where the trained model solves new instances.
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This framework enables the model to autonomously extract the underlying prob-
lem structure and learn effective solving po licies directly from data, eliminating
the reliance on manually engineered heuristics.

Given that many combinatorial optimization problems can be naturally rep-
resented as graphs, Graph Neural Networks (GNN) [13] have become popular 
within the NCO framework. These architectures are well-suited for this domain 
because they can extract meaningful information from both the ov erall topology
of the instance and the specific features embedded within its elements.

To date, most NCO research has focused on the Traveling Salesman Prob-
lem and similar routing problems [1]. While recent efforts have extended these 
methodologies to scheduling and ranking [8,9], the application of NCO to other 
combinatorial domains remains largely unexplored [4]. Motivated by this gap, 
this work aims to expand NCO research into Facility Location Problems, a family 
of problems that has received limited attention but presents a strong potential for 
NCO. These problems are particularly well-suited for GNN-based approaches, as 
their c ustomer-facility network structure can be naturally represented as graphs,
allowing the models to extract relevant information and learn solution policies.

A prominent and challenging example within this family is the Generalized
Regenerator Location Problem (GRLP) [3], a relevant optimization task in the 
design of telecommunications and optical networks. The G RLP extends the clas-
sical Regenerator Location Problem (RLP) [2], which aims to minimize the num-
ber of located regenerators while ensuring that every pair of nodes in a network 
can communicate without exceeding the maximum allowed distance. Specifically, 
while the RLP assumes that regenerators can be installed at any node and that 
all nodes must communicate with each other, the GRLP restricts the regen-
erator allocations to a specific subset of candidate nodes, and communication
requirements to a specific subset of terminal nodes. The remainder of this paper
is organized as follows. Section 2 reviews the related literature on both NCO 
and the GRLP. Then, Sect. 3 details the proposed NCO methodology applied 
to solve the GRLP. Section 4 describes the experimental setup and analyzes the 
computational results. Finally, the conclusions are summarized in Sect. 5. 

2 Related Work 

As a generalization of the Regenerator Location Problem (RLP) [2], the GRLP 
is also a NP-hard problem [3]. Due to this computational complexity, exact 
mathematical models fail to scale on large instances, shifting the focus towards 
metaheuristics to find high-quality solutions within reasonable times. The prob-
lem was first introduced in [3] alongside a node-weighted directed Steiner forest 
formulation, a Branch-and-Cut algorithm, basic heuristics, and a generated pub-
lic benchmark. To overcome the scalability limits of exact approaches, a Greedy
Randomized Adaptive Search Procedure (GRASP) [12] was proposed, combin-
ing a randomized greedy constructive phase with a local search that removes 
redundant regenerators. After evaluating several greedy strategies, it was deter-
mined that the most effective constructive heuristic for this problem consists
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of iteratively selecting candidate locations that maximize the number of new 
connections between disconnected terminal nodes. More recently, an improved
Basic Variable Neighborhood Search (iBVNS) [11] further advanced the state-of-
the-art using dynamic neighborhoods. While a weighted variant of the problem 
(WGRLP) exists, which minimizes the total installation cost rather than the
number of regenerators [3,11], this work focuses only on the un weighted GRLP.

Following the literature, in this work, the GRLP is considered through its 
communication graph G =  (N, E),  where  N is the set of nodes and E contains 
the pairs of nodes that can communicate directly without requiring an interme-
diate regenerator. The node set is divided into candidate regenerator locations 
R and terminal nodes T ,  with  R ∩T = ∅ and R ∪ T = N . Terminal pairs that are 
not directly connected in G are denoted as Not Directly Connected (NDC) pairs 
and define the communications that must be supported by the selected regener-
ators. Therefore, a GRLP instance, denoted by I, contains the communication 
graph G, the candidate regenerator set R, the terminal set T , and the NDC set 
D  ⊆ T ×T . A solution is a subset S ⊆ R of active regenerators, and it is feasible
if every pair in D can be connected in G using active regenerators as interme-
diate support nodes. Finally, given a feasible solution, the objective function is
the number of active regenerators, F(S) = |S|, with the aim of obtaining the
minimum |S|, making the GRLP a minimization problem.

Figure 1 illustrates a small example of the problem. T he communication
graph, depicted in Fig. 1a, contains terminal nodes (depicted as squares), which 
define the required communications, and candidate regenerator nodes (depicted 
as circles), which can be activated to connect NDC pairs. Figure 1b  shows  one  fea-
sible solution obtained by activating a subset of candidate regenerators. Figure 1c 
shows an optimal solution with three active regenerators. Since the objective 
value in the GRLP is the number of selected regenerators, another optimal solu-
tion can be obtained by activating r5 and deactivating r4.

Fig. 1. Example instance and solutions for the GRLP.
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In parallel to traditional metaheuristics, Neural Combinatorial Optimization 
(NCO) trains deep neural networks, t ypically via RL, to act as solving heuris-
tics [7]. Graph Neural Networks (GNNs) [13] are particularly suitable for this 
framework to process problem instances directly from their graph representa-
tions. Early NCO approaches focused on constructing solutions for classic graph 
and routing problems such as the Minimum Vertex Cover, Maximum Cut, and
the Traveling Salesman Problem [5]. Recent research has evaluated the appli-
cability of these models [7,8], expanding NCO to other domains like s cheduling
and ranking [8]. Furthermore, the field has evolved to include Neural Improve-
ment models that guide local search operations [9], as well as strategies that take 
advantage of the fast inference of GNNs to optimize large-scale instances [10]. 

3 Methodology 

The objective of this work is to evaluate the performance of the constructive 
NCO approach applied to a new problem family different from the routing and 
ordering problems already studied in the literature. In particular, the aim is 
to study whether a GNN-based constructive policy can learn useful decision 
rules for the GRLP, and whether these rules remain effective when the model 
is evaluated on larger instances not u sed in the training process. The proposed
methodology uses the neural network as a constructive heuristic that sequentially
selects candidate regenerator locations until a feasible solution is obtained. This
constructive strategy is common in NCO [5]. 

3.1 Graph Neural Network 

The neural model used in this work is based on the GNN paradigm, origi-
nally introduced to extend neural learning to data represented by graphs [13]. A 
GNN associates a state or embedding with each node and updates these embed-
dings by exchanging information through the edges of the graph. After several 
message-passing layers, each node representation contains information about its 
attributes, its neighborhood, and progressively larger parts of the graph. This 
mechanism is appropriate for the GRLP because the quality of selecting a can-
didate regenerator depends not only on the node itself, but also on its relation
with terminal nodes, NDC pairs, and other candidate locations.

In our proposal, each node receives a 4-dimensional feature vector represent-
ing relevant information of the nodes for the neural model. These dimensions 
encode the following features: 1) whether the node belongs to R or T ,  2)  the  
normalized incidence of the node in NDC pairs, 3) the normalized communication 
degree, and 4) whether the node is currently active in the solution. Each edge 
is represented by one scalar feature indicating adjacency in the communication
graph. The architecture used in the experiments is an edge-aware graph trans-
former with an attention decoder. The implementation is based on the public
NCO Library (NCOLib)1 , which provides an NCO framework to solve optimiza-
tion problems. The configuration considered in this work uses a node embedding
1 https://github.com/TheLeprechaun25/NCOLib. 
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dimension of 128 and includes encoder layers, attention heads, a feed-forward 
multiplier, a dropout regularization process, an auxiliary global node for the
GNN, and logit clipping.

This representation has two relevant advantages for NCO. First, it is invari-
ant to the input order. The same neural functions are applied to every node 
and edge, and the information received from neighbors is aggregated through 
permutation-invariant operations. Second, the GNN models are not restricted 
to a fixed number of nodes. Traditional neural network architectures require 
fixed-size inputs. In contrast, GNNs are invariant to input size thanks to the 
fact that the learnable parameters in this architecture are shared across nodes, 
edges, and message-passing layers, rather than being associated with a specific 
input position. This size invariance p roperty allows a single model trained on
instances of a specific size to process and solve instances of any size, effectively
generalizing the learned policy to much larger networks. This capability is highly
relevant in combinatorial optimization, where instances from the same problem
vary in size while preserving the same relational structure.

3.2 Neural Combinatorial Optimization Algorithm 

The algorithm proposed in this work to solve the GRLP combines metaheuris-
tic components with a GNN policy trained through RL. The GNN guides the 
constructive phase, while classical improvement mechanisms are used a fter con-
struction to refine the solution. Let θ be the trained parameters of the GNN. The
constructive algorithm, detailed in Algorithm 1, starts with an empty solution 
and iteratively adds one candidate regenerator from R until the solution becomes
feasible (lines 2–6). At each iteration, the procedure NodeFeatures(I, S) builds 
the input representation used by the GNN (line 3), described in Sect. 3.1, includ-
ing which candidate regenerators are already active. The GNN, using the given 
parameters θ, returns a vector of positive values p =  (pv)v∈R\S , where each value 
pv is the probability assigned by the G NN to the inactive node v as the next
possible decision, based on the policy learned during training (line 4). 

Algorithm 1. NCO(I, θ) 
1: S ←  ∅  
2: while not Feasible(I,  S) do 
3: X ← NodeFeatures(I,  S) 
4: p ← GNNθ(I,  X,  S) 
5: S ← S ∪  {  RandomWeighted(p)}
6: end while
7: return S

Then, one regenerator r ∈ R \ S is sampled according to these probabilities 
and added to the solution with the RandomWeighted(p) method in line 5.  This  
stochastic step allows the same trained model to generate different solutions for
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the same instance. After each addition, the algorithm checks whether the current 
set S is feasible according to the definition of the GRLP instance (line 2), and 
the first feasible solution obtained is returned (line 7). 

Once a feasible solution is constructed, an Improvement Phase (IP) is applied 
to refine it using two sequential methods from the literature [12]. First, a cleaning 
procedure identifies and removes redundant active regenerators. Subsequently, 
a first-improvement local search explores swap moves that replace two active
regenerators with a single inactive candidate while maintaining feasibility.

In this work, multiple solutions are constructed for the same instance, apply-
ing the improvement phase to each one of them, and the best ov erall solution is
returned, following a multi-start approach similar to the GRASP [6]. 

3.3 Reinforcement Learning 

The GNN parameters are trained using RL, since the objective is not to predict 
a fixed label for each node, but to learn a sequence of constructive decisions 
that leads to good solutions. Each training episode consists of generating GRLP 
instances, constructing solutions with the current policy, computing the objec-
tive value of the obtained solutions, and updating the parameters of the model 
according to the quality of these solutions. In this setting, the learned policy is
the probability distribution over the next regenerator to activate, defined by the
logits returned by the GNN model during the constructive process.

The RL algorithm used to train the model is REINFORCE [14]. For each 
training instance I, the current policy constructs several stochastic solutions. 
Since the GRLP is a minimization problem, the reward is defined from the 
objective value with opposite sign, receiving higher rewards for solutions with 
fewer active regenerators. For each instance, the average reward of the generated 
solutions is used as a baseline b(I). The effective learning signal for each sampled 
solution is the difference between its reward and this average baseline, R(S) −
b(I). To formalize this, the parameters θ of the neural model are optimized by
minimizing the loss function defined in Eq. 1, 

L(θ|I)  =  ES∼pθ(·|I) [−(R(S) − b(I)) ln pθ(S|I)] (1) 

where pθ(S|I) represents the probability of generating the solution S under the 
current policy, and E denotes the expectation over the solution space [10]. Since 
evaluating all possible solutions is computationally infeasible, this expectation 
is approximated in practice by the empirical mean of the sampled construc-
tions. If the reward is above the baseline, minimizing this loss increases the 
log-probabilities of the selected actions along that constructive trajectory. If 
the reward i s below the baseline, the update decreases the probability of that
sequence. This is done by applying backpropagation to update the GNN param-
eters using a gradient-based optimizer.

A generator of training instances is required due to the limited number of 
benchmark instances and the need of the neural model for a large number of
different examples during training. The generator must also produce instances
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with structural properties similar to the benchmark instances used in the final 
comparison. Otherwise, the model would learn a policy adapted to a different 
distribution of graphs and the results would not represent the target problem 
family. Although the GNN representation allows the model to generalize to any 
possible instance, the best performance is expected on instances with similar 
characteristics to those observed during training. For this reason, an analysis of 
the benc hmark instances was carried out before defining the training generator
with the objective of reproducing the main structural characteristics of the public
GRLP instances. The resulting generator follows the same general principles
described in the literature for creating GRLP benchmark instances [3]. 

4 Experimental Results 

The objective of our experimentation is to evaluate the performance of the pro-
posed NCO approach. All the experiments were executed on servers equipped 
with NVIDIA A100-SXM4 GPUs with 80 GB of RAM and AMD EPYC 9655P 
limited to 32 CPU core processors and 32 GB o f RAM. The training and infer-
ence phases of the proposal were implemented in Python 3.10 and carried out
on the GPU environment. Following the literature [12], the improvement phase 
was implemented in Java 25 and  executed  on  the  CPU.  The 300 public GRLP
instances introduced in the literature [3]  are  used2 . This dataset is divided into 
two groups based on their node sizes: Set 1 with sizes |N |  ∈  {50, 75, 100, 125, 150} 
and Set 3 with |N |  ∈  {175, 200, 300, 400, 500}. Since Set 2 consists of WGRLP 
instances, it is not used in this work. Both groups use the same candidate regen-
erator percentages, p (%), with p ∈ {25, 50, 75}, providing 10 different instances
for every combination of network size and regenerator percentage.

4.1 Training Results 

The training process is organized by the instance characteristics considered most 
relevant for the difficulty and average objective value: the number of nodes in 
the graph, n = |N |, and the percentage of candidate regenerators, p (%), with
respect to the total number of nodes. Following previous NCO methodologies for
constructive policies [7], the model is trained on instances with a fixed number 
of nodes, 50, and it is expected to generalize the learned strategies to larger 
instances. The first training stage uses instances with 25% candidate regenera-
tors, the second stage uses 50%, and the final stage uses 75%. This order allows
the model to learn from different ratios of candidate locations, ending with the
setting that usually produces more difficult constructive decisions [3]. 

The configuration of the GNN model was conducted through a grid search 
focused on the most relevant hyperparameters: learning rate, dropout, batch 
size and number of stochastic constructions, which defines how many different
solutions are sampled per training instance. The final hyperparameters were

2 https://drum.lib.umd.edu/items/aba073cf-991f-42f1-a009-d450d21fc289. 
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https://drum.lib.umd.edu/items/aba073cf-991f-42f1-a009-d450d21fc289
https://drum.lib.umd.edu/items/aba073cf-991f-42f1-a009-d450d21fc289
https://drum.lib.umd.edu/items/aba073cf-991f-42f1-a009-d450d21fc289
https://drum.lib.umd.edu/items/aba073cf-991f-42f1-a009-d450d21fc289
https://drum.lib.umd.edu/items/aba073cf-991f-42f1-a009-d450d21fc289
https://drum.lib.umd.edu/items/aba073cf-991f-42f1-a009-d450d21fc289
https://drum.lib.umd.edu/items/aba073cf-991f-42f1-a009-d450d21fc289
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selected based on the best mean objective value achieved across a validation 
subset of 20 out of the 300 instances from the public benchmark. The best 
configuration explored consisted of a learning rate of 0.0005, a dropout rate of 0.0 
(meaning that the model performs better without regularization), 10 stochastic 
constructions, and a batch size of 64. The final model was trained using this 
configuration for 100 epochs in each stage. Each epoch contains one training 
episode, where a batch of 64 generated instances is created and 10 stochastic 
constructive solutions are sampled for each instance. After every epoch, the
model is evaluated in the validation subset using the deterministic policy, where
the action with the highest probability is selected at each constructive step. The
entire training process of 300 epochs was completed in under 5.5 hours.

Figure 2 reports the mean objective value obtained in the validation subset 
after each epoch. Since the training procedure is based on RL, policy updates can 
produce abrupt changes in the decisions made by the model. For this reason, the 
final model used is not the model obtained at the last epoch, but the model that
achieved the best mean validation cost during the complete training process.

Fig. 2. Evolution of the mean validation objective value and best mean v alidation
objective value during training.

As  shown  in  Fig. 2, the validation value improves during the initial epochs, 
indicating that the model quickly learns useful constructive decisions in the first 
stage. However, after this initial improvement, the validation cost increases. A 
possible explanation is that the policy learned on instances with a low percentage 
of candidate regenerators does not transfer equally well to validation instances 
with larger percentages. However, when the second stage starts, the validation 
cost decreases sharply as the model adapts its policy to instances with a larger
percentage of candidate regenerators. After reaching the best validation value in
the last stage, the model does not improve further and the training and validation
cost oscillates around a similar range, showing that the model has converged.
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4.2 Comparison with Previous Approaches 

This section reports the performance of the constructive NCO algorithm imple-
mented with the trained GNN model and the improvement phase, denoted as 
NCO+IP. This algorithm performs 10 iterations generating 10 different construc-
tive solutions, applying the improvement phase to eac h of them, and reporting
the best overall solution found. The comparison includes the mathematical model
from the original GRLP study [3], denoted as MILP. In addition, the iBVNS [11], 
currently the most recent and competitive method proposed for the GRLP, is 
included. The comparison also considers a previous GRASP metaheuristic [12], 
since its constructive methodology is conceptually very similar to the proposed 
NCO approach. However, this last method only reports detailed r esults for the
largest instances with 400 and 500 nodes, and therefore it is analyzed separately.

The algorithms from the literature could not be re-executed under the same 
hardware conditions, since their source codes are not publicly available. In addi-
tion, the corresponding publications do not provide the full disaggregated results 
for every individual instance. For this reason, the comparison uses the aggregated 
values reported in the original studies and compares them with the aggregated 
results obtained by the method proposed in this work. It is important to note 
that the computational times were obtained under different computational envi-
ronments. Two metrics are used throughout the experiments. The first one is
the objective function value, denoted by F , which corresponds to the objective
function of the best solution found by each algorithm for each instance. The
second metric is the computational time, reported as T(s), which corresponds to
the total execution time in seconds required by each algorithm for an instance.

Table 1 shows the results aggregated by instance size. The column NCO 
reports the NCO algorithm described in Algorithm 1 without the improvement 
phase (IP). Additionally, the best results are highlighted in bold. Note that the 
NCO method is excluded from this highlighting, as its execution times are lower
due to the omission of the improvement phase.

The results show that the NCO+IP method is competitive with the best 
methods from the literature, although there is still room for improvement. The 
exact method obtains optimal or near-optimal solutions in the smaller instances. 
However, from n = 300 onward, the time limit is reached, and for n = 400 
and n = 500 the reported objective values degrade as expected from an exact 
approach. The NCO+IP method, instead, keeps a stable behavior across the 
full benchmark and scales better in the larger instances. In addition, this NCO 
method obtains almost the same aggregated objective value as the e xact method.
The iBVNS obtains most of the best objective values, reaching the best aggre-
gated quality with an average F value of 12.37. The proposed NCO+IP method
remains close to this value, leaving a clear but limited margin for improvement
with respect to the current state of the art.

Regarding computational time, the exact method shows the worst scalability, 
increasing from less than one second for the smallest instances to the 1-hour time 
limit in the largest ones. The iBVNS scales well, although its time increases
noticeably for n = 400 and n = 500. The NCO approach shows a different
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Table 1. Computational results aggregated b y instance size.

Instance MILP IBVNS NCO+IP NCO 

n F T(s) F T(s) F T(s) F T(s) 
50 6.33 0.17 6.33 0.00 6.33 0.11 8.80 0.11 
75 8.13 1.40 8.13 0.07 8.17 0.24 11.83 0.22 
100 9.83 10.47 9.83 0.06 9.83 0.62 13.93 0.36 
125 11.37 94.33 11.37 0.71 11.63 0.77 16.47 0.50 
150 11.93 500.60 11.93 0.77 12.17 1.16 17.77 0.69 
175 12.83 1512.60 12.83 1.49 13.00 1.52 20.40 0.91 
200 13.40 2375.67 13.40 2.17 13.67 2.22 22.00 1.20 
300 14.83 3600.00 15.77 6.49 16.43 7.56 27.47 2.79 
400 18.63 3600.00 16.67 16.33 17.47 11.22 30.57 4.94 
500 19.63 3600.00 17.40 40.06 18.30 21.97 32.43 6.93
Aggregated 12.69 1529.52 12.37 6.81 12.70 4.36 20.17 1.86

behavior: once the model has been trained, inference is fast, and its time grows 
more moderately with the instance size. This is especially visible in the largest 
instances, where NCO+IP remains fast while still producing high-quality feasible 
solutions. However, it must be noted that this fast inference relies on GPU 
hardware to achieve maximum efficiency, unlike traditional algorithms that are 
typically executed on standard CPUs. The results s how that the average time 
of the constructive NCO alone is 1.86 seconds, while the complete NCO+IP 
method requires 4.36 seconds. This indicates that m ost of the computational
time of the algorithm comes from the improvement phase.

Table 2 focuses on the comparison with the GRASP method for the largest 
instances. This comparison is useful because both methods follow a similar res-
olution scheme: they generate constructive solutions following a random and 
greedy strategy, and then apply the exact same improvement procedure. The 
difference is that the GRASP c onstructive phase follows an expert-designed 
heuristic specific for this problem, whereas the proposed method uses a p olicy
autonomously learned by the GNN from generated training instances.

The results show that the GNN has learned a constructive policy that is 
more effective than the constructive heuristic used in the GRASP method for 
this problem. For n = 400, NCO+IP obtains better average objective values than 
GRASP in the three regenerator percentage groups. For n = 500, NCO+IP is 
also better in two of the three groups. I n the aggregated comparison, NCO+IP 
obtains F =  17.88,  compared  to  F =  18.08 for GRASP, with a very similar
reported time, 16.60 seconds and 16.38 seconds, respectively.

Since both methods use the exact same improvement phase after construc-
tion, the main difference is the strategy for constructing initial solutions. The 
GRASP construction is a problem-specific randomized heuristic designed using 
expert knowledge of the GRLP, while the GNN learns its constructive policy
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Table 2. Computational results for instance s izes 400 and 500.

Instance GRASP NCO+IP NCO 

n p  (%) F T(s) F T(s) F T(s) 

400 
25 20.90 6.85 20.70 11.88 31.50 5.15 
50 18.30 19.53 18.00 14.25 32.30 5.57 
75 13.90 4.62 13.70 7.54 27.90 4.08 

500 
25 23.40 18.25 23.00 25.89 37.20 8.13 
50 19.60 19.19 19.70 29.37 38.20 7.85 
75 12.40 29.82 12.20 10.64 21.90 4.82 

Aggregated 18.08 16.38 17.88 16.60 31.50 5.93 

autonomously through RL. Without requiring expert information about the 
problem, the model optimizes its decisions using self-generated rewards. This 
result shows a relevant advance of the NCO approach because the neural model 
is able to extract useful information and learn a better constructive strategy 
that outperforms a hand-designed metaheuristic from the literature. However, 
a notable disadvantage of NCO models is their lower explainability. Given that 
metaheuristics use problem-specific knowledge, it is straightforward to identify 
how they construct and improve solutions. In contrast, while there exist tech-
niques to study the interpretability of neural networks, the d ecision-making pro-
cess in deep learning models remains significan tly more difficult to analyze.

Overall, these results are promising for an initial NCO approach to the GRLP. 
The proposed NCO algorithm does not yet outperform the strongest iBVNS 
method, and there is still room for improvement in both training and inference. 
However, the G NN is able to learn a constructive policy that obtains better con-
structed solutions than t he problem-specific constructive heuristic of t he GRASP
from the literature.

5 Conclusions 

This work explores the application of Neural Combinatorial Optimization (NCO) 
to the Generalized Regenerator Location Problem (GRLP). The proposed app-
roach introduces a constructive algorithm guided by a Graph Neural Network 
(GNN) trained via Reinforcement Learning (RL). B y evaluating stochastic con-
structions on generated instances, the model successfully learns an effective con-
structive policy for solving the problem.

Computational results demonstrate that the proposed constructive NCO 
method is competitive with state-of-the-art algorithms. Although it does not 
surpass the strongest iBVNS method, it obtains high-quality solutions and out-
performs the analogous GRASP metaheuristic from the literature. This high-
lights the main advantage of the p roposed approach: while traditional algorithms
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rely heavily on manual design and expert knowledge, the neural model learns a 
resolution policy autonomously without requiring problem-specific information. 
Outperforming the constructive scheme of a classical metaheuristic confirms that 
GNN-based models c an autonomously extract structural patterns to build better 
solutions, proving their value in the field of com binatorial optimization.

Despite these promising results, some limitations remain. The performance 
of the model relies on the quality of the training distribution and requires GPU 
hardware for efficient inference. Furthermore, the learned neural policy lacks 
the straightforward explainability of traditional heuristics, making it difficult 
to analyze the reasons behind its decisions. Future work will focus on exploring 
more diverse training strategies, improving inference efficiency, and incorporating 
interpretability tools to better understand the neural decision-making process. 
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