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ABSTRACT
The Traveling Salesman Problem (TSP) is a well-known Nondeterministic
Polynomial-time (NP)-hard problem in combinatorial optimization. Solving TSP
instances optimally using backtracking algorithms guarantees accuracy but incurs
significant computational costs, especially for medium-scale problems. Little
attention has been given to predicting the computational workload of TSP solvers
based on backtracking using artificial intelligence. The precise estimation of resource
usage is a complex and challenging issue due to the high variability of heterogeneous
optimization problems. This article proposes a method for predicting the
computational cost of solving the TSP using a backtrack solver through a machine
learning approach. We propose a machine learning framework for estimating the
computational effort required to solve TSP instances using backtracking techniques.
Synthetic datasets are generated where each instance includes engineered features.
Supervised machine learning models are proposed, tuned, and evaluated using
various methods to estimate the computational cost for the TSP accurately. Results
illustrate that among the 12 machine learning models of different classes, the
regression models perform better. These models achieve a predictive accuracy of
99%, demonstrating strong consistency with actual results. The results also validate
the potential of artificial intelligence (AI), focusing on the computational demands of
optimization problems like TSP. We propose a machine learning framework that can
be applied to optimization problems for intelligent solver selection, runtime
estimation, and resource-aware scheduling.

Subjects Algorithms and Analysis of Algorithms, Artificial Intelligence, DataMining andMachine
Learning, Optimization Theory and Computation, Scientific Computing and Simulation
Keywords Backtracking algorithms, Computational cost prediction, Machine learning regression,
Resource-aware optimization, Traveling salesman problem

INTRODUCTION
Combinatorial optimization problems lie at the heart of numerous real-world applications
in logistics, operations research, telecommunications, and transportation (Silva, Ribeiro &
Gomes, 2023; Ali et al., 2016). As an NP-hard problem, the Traveling Salesman Problem
(TSP) is among the most extensively studied and challenging. The computational effort
needed to find the optimal solution increases exponentially with the number of cities. It is
often impossible to solve TSP instances optimally using traditional algorithmic
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approaches, such as backtracking. In large, unrestricted solution spaces, it leads to resource
inefficiencies and long execution times (Kool et al., 2022).

Machine learning (ML) has recently revolutionized combinatorial optimization,
particularly in predicting computational workload in backtracking algorithms for the
Traveling Salesman Problem (TSP) (Ahmad, 2025). This development has coincided with
advances in traditional optimization methods. Machine learning excels in pattern
recognition, predictive modeling, and adaptive behavior, making it a natural candidate for
improving combinatorial optimization workflows. By learning from historical
problem-solving data, machine learning models can predict algorithmic behavior,
computational demands, and search strategies. This capability enables them to reduce
unnecessary computations and boost efficiency without sacrificing effectiveness (Telikani
et al., 2021). Combining traditional optimization and artificial Intelligence (AI) can predict
solver workload and behavior without running the algorithm. The benefits include better
resource planning, adaptive algorithm selection, and accurate runtime estimation. Using
machine learning to forecast the computational workload of a backtracking-based solver is
a novel approach to optimizing solver performance in the TSP, especially in
resource-constrained environments. This research bridges the gap between algorithmic
rigor and data-driven prediction models by combining combinatorial optimization with
AI (Zhou et al., 2025).

Recent advancements in neural combinatorial optimization (NCO) have significantly
enhanced solutions for routing and the TSP. Research conducted by Sui et al. (2025) and
Alanzi & Menai (2025) offers comprehensive frameworks for learning-based TSP solvers,
emphasizing generalizable neural models that outperform traditional heuristics. Scalable
deep learning architectures, including Transformer-based models and graph neural
networks such as LEHD (Wu et al., 2024) and GLOP (Ye et al., 2024), demonstrate
adaptability to various problem sizes by including hierarchical and attention mechanisms.
Furthermore, reinforcement learning-based non-autoregressive frameworks such as
Graph-based Diffusion Solvers for Combinatorial Optimization (DIFUSCO) (Sun & Yang,
2023) and diffusion-based solvers (Wang et al., 2025) facilitate fast path finding through
parallel inference and improved scalability. The incorporation of these improvements
places the current study at the forefront of AI-driven combinatorial optimization.

Deep learning (DL) techniques can address the Traveling Salesman Problem (TSP) by
deriving data-driven heuristics rather than relying on predefined rules. Graph Neural
Networks (GNNs), Pointer Networks, and Transformers capture spatial and relational
dynamics among nodes, facilitating scalable, near-optimal solutions for large datasets
(Alanzi & Menai, 2025). Recent hybrid models that combine deep learning with classical
methods, such as the Lin-Kernighan-Helsgaun (LKH) algorithm, improve solution quality
and efficiency (Li, Tu & Xu, 2024). DRHG, LocalEscaper, and diffusion-based methods can
manage tens of thousands of nodes and exhibit generalization (Li et al., 2025; Wen et al.,
2025). The work (Lyu, Islam & Yu, 2024) introduces a scalable supervised learning
technique for the TSP utilizing “anchors” to represent local node interactions. This strategy
enhances accuracy and accelerates performance on extensive TSP situations by integrating
these predictions with conventional solvers. Deep learning-based algorithms are adaptable,

Xie et al. (2026), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.3516 2/20

http://dx.doi.org/10.7717/peerj-cs.3516
https://peerj.com/computer-science/


rapid, and of superior quality for complex combinatorial optimization tasks such as the
TSP.

Deep learning for the Traveling Salesman Problem and vehicle routing encompasses
three distinct yet complementary domains. Neural combinatorial optimization (NCO) for
the vehicle routing problem (VRP) and the traveling salesman problem (TSP) substitutes
manually designed rules with learn policies or components and can be integrated with
exact solvers; for instance, a scalable learning-plus-integer linear programming (ILP)
framework enhances the performance of large capacitated vehicle routing problems
(CVRP) while maintaining feasibility and practical constraints (Fitzpatrick, Ajwani &
Carroll, 2024). Scalable models that accommodate various sizes and distributions employ
architecture-level plug-ins to maintain consistent attention and align decoding with the
statistics of each instance. This facilitates generalization across sizes and distributions for
both TSP and VRP without necessitating extensive retraining (Xiao et al., 2025).
Reinforcement-learning, non-auto regressive (NAR) solvers decouple sequential decoding
to construct pathways concurrently with minimal delay while maintaining tour validity. A
new TNNLS study indicates that a reinforcement learning-trained non-auto regressive
architecture can expedite TSP inference while maintaining competitive quality
(Xiao et al., 2024).

In recent years, backtracking-based TSP solvers have improved, but it remains
challenging to accurately predict the computational effort required to solve an instance.
Current solvers process each problem instance identically. However, they do not consider
how characteristics of TSP instances, such as city distribution, inter-city distances, and
topological complexity, can affect computation time, search effort, and pruning quality. A
lack of workload predictability leads to inefficient resource allocation and suboptimal
solver performance, particularly in large-scale or resource-constrained environments
(Löffler & Hofstedt, 2024; Saud & Rasid, 2025). Most current approaches provide little to
no predictive insight into the algorithm’s internal behavior across instance types. Without
greater insight, combinatorial solver developers and users cannot make informed decisions
about runtime or system-level settings before execution. Bengio, Goodfellow & Courville
(2017) established that ML can enhance algorithm design, adaptively selecting heuristics
and improving solver efficiency by learning from instance features and algorithmic traces
(Lombardi & Milano, 2018). Recent studies show how ML models, especially ensemble
learners such as Random Forest, are highly practical for workload and runtime prediction
in TSP and related problems, delivering robust and interpretable results even across
diverse problem types (Goerigk & Kurtz, 2025).

Recent studies show that integrating ML with combinatorial optimization leads to more
accurate workload estimates and more innovative resource allocation strategies. Recent
research shows that data-driven models aid heuristic design, runtime estimate, and
adaptive solver selection. This research indicates that machine learning and combinatorial
optimization are harmonizing. However, much research has focused on search-space
exploration or heuristic guidance. However, this work is among the first to use supervised
learning to predict pre-execution costs in backtracking-based TSP solvers. This approach
connects algorithmic and predictive perspectives. Frameworks utilizing Random Forests,
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Extreme Gradient Boosting (XGBoost), and Graph Neural Networks can capture complex
relationships between problem structure and computational effort, enabling pre-execution
algorithm selection and solver tuning (Cappart et al., 2023). In particular, neural network
and meta-learning architectures have been shown to generalize well to unseen TSP
instances, addressing long-standing issues of scalability and adaptability (Kotary et al.,
2021; Qiu, Sun & Yang, 2022). However, systematic reviews highlight remaining
challenges, recent systematic reviews emphasize critical challenges: insufficiently diverse
benchmarks, limited validation across solver variants, and ongoing concerns about
interpretability and uncertainty estimation in predictive models. These gaps underscore
the need for research that rigorously evaluates multiple ML approaches on rich,
trace-driven data and explores generalization across topological configurations
(Garmendia et al., 2024; Teso et al., 2022).

The literature confirms that ML-driven workload estimation delivers significant
advantages for large-scale TSP instances and backtracking solvers (Zhou et al., 2025). The
field’s rapid progress includes hybrid ML-optimization pipelines, innovative graph-based
models, and systematic efforts to integrate predictive analytics with combinatorial
optimization workflows. These trends set the stage for this research, which systematically
compares multiple ML models to address pressing gaps in generalization and resource
planning (Dunka, 2022). This article provides a machine learning framework to accurately
predict the computational effort of backtracking-based TSP solvers before execution.

This study proposes a machine learning framework to accurately estimate the
computational workload of backtracking-based TSP solvers before execution. This directly
addresses the identified gap. The first step is to create a large dataset of hundreds of
synthetic TSP instances of various sizes and structures. The resolution of these instances
uses three backtracking variants, v3o and v4u, each with different heuristic ordering and
pruning strategies. We record detailed internal metrics that measure solver dynamics, such
as event counts, pruning rates, and patterns of search-space exploration. These metrics can
be used to train linear baselines, tree ensembles, boosting methods, and neural networks
(Haris et al., 2024). The study demonstrates that predictive models can accurately predict
workload characteristics, including execution time, backtracks, and solution quality. This
is achieved through careful feature engineering, model tuning, and performance
evaluation. The findings indicate that linear regression and XGBoost are particularly
effective in capturing the nonlinear relationships between problem structure and algorithm
effort. These models are accurate and generalizable across solver versions. The main
contributions of this work are:

. We developed a comprehensive dataset of 1,500 TSP instances from various topologies
and complexity levels. Multiple backtracking variants (v3o and v4u) were employed to
solve each instance, and detailed internal metrics were recorded to characterize the
solvers’ behavior, search dynamics, and pruning effectiveness.

. Two backtracking-based solvers were implemented with different bounding strategies
and heuristics, and their impact on computational work and solution quality was
compared. This benchmarking supports analysis under various constraints.
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. Created a complete machine learning pipeline using solver trace-derived engineered
features. Regression models with linear, ensemble, kernel, and neural architectures were
trained to predict workload before solver execution.

. Evaluated model performance using error metrics and generalization tests. The results
show that models such as linear regression and ensemble learners performed better,
providing valuable insights into algorithm selection, resource planning, and the
deployment of real-world solvers.

The rest of the article is organized as follows: ‘Methodology’ presents the proposed
methodology; ‘Results and Discussion’ presents the results and discussion with evaluation
metrics; and ‘Conclusion’ concludes the research work.

METHODOLOGY
This study presents a machine-learning-based methodology for predicting the
computational workload of a backtracking-based TSP solver. Figure 1 illustrates the
methodology flow chart for this research, from data collection to workload estimation for
the optimization problem. The methodology is as follows: problem instance generation,

Figure 1 Research methodology for workload estimation.
Full-size DOI: 10.7717/peerj-cs.3516/fig-1
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algorithmic solving via backtracking, feature extraction, predictive modeling, and
performance evaluation.

Problem definition and parameterization
Each instance of the TSP was rigorously defined using structured parameters to enable
workload prediction (Alanzi & Menai, 2025). The number of cities (nodes) directly affects
computational space because the number of possible routes grows factorially with the
number of cities. In this study, the number of cities was systematically varied to reflect
problem complexities ranging from simple to highly complex. The second defining
parameter is the cost matrix, which captures inter-city distances and forms the
optimization objective function. The cost matrices were generated synthetically using
random numerical distributions to produce realistic, computationally meaningful values.
To preserve the TSP’s canonical structure, all problem instances were limited to visiting
each city once and returning to the starting point. Each instance also had a predefined
execution timeout to limit excessive computation time and simulate real-world resource
constraints. These parameters created diverse, well-defined TSP instances that reflect
realistic computational challenges (Böther et al., 2022).

Synthetic dataset creation
TSPLIB is a widely recognised benchmark set; nonetheless, it is lacking in detailed solver
metrics and controlled variability for workload forecasting. A synthetic dataset was
generated to ensure topological variety and document backtracking and pruning
tendencies for machine learning research. To generate a large set of TSP instances for
empirical analysis, a Python-based synthetic dataset generator was created based on
defined problem parameters. The generator automatically generated 1,500 unique problem
instances with different city counts, cost structures, and configurations. Controlled
randomization ensured high variability and mathematical validity during the generation
process. The resulting dataset encompasses a range of computational behaviors and
problem topologies suitable for training and evaluating predictive models. To ensure
compatibility with the Java-based backtracking solver and machine learning components,
each instance was formatted in a standardized structure. Standardization ensured
consistency across the experimental pipeline, enabling data transfer between problem
generation, algorithm execution, and model training. Automated generation and strict
formatting protocols create a robust dataset for modeling the relationship between TSP
instance characteristics and computational workload during backtracking-based solution.

Backtracking for TSP
This study addresses the TSP using two variants of backtracking algorithms, v3o and v4u.
These models differ in their node generation strategies and pruning methods. Each
approach explores the space of Hamiltonian cycles by incrementally building tours from a
fixed starting point and evaluating partial solutions with heuristic or bound-based criteria
to decide whether to continue expansion. The overall objective is to minimize the total
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length of the Hamiltonian tour that visits each city exactly once and returns to the origin
(Yousefikhoshbakht, 2021; Kowalik et al., 2023).

The TSP is modeled as follows. Let G ¼ V ; Eð Þ be a complete undirected graph, where
V ¼ f0; 1; . . . ; n� 1g is the set of cities and E contains weighted edges with distances
dij � 0 for all i; j 2 V , and dii ¼ 0. A tour is a permutation p ¼ p0;p1; . . . ; pn�1ð Þ of the
cities such that p0 ¼ 0 (fixing the origin). The total travel distance, including the return to
the start, gives the cost of the tour as:

CostðpÞ ¼
Xn�2
i¼0

dpipiþ1 þ dpn�1p0 : (1)

The algorithm maintains a search tree where each node represents a partial tour
Ts ¼ p0;p1; . . . ;pkð Þ, with an associated cost Ls equal to the sum of distances along this
partial path. The remaining unvisited cities are stored in a set Rs ¼ V=Ts, and Bs ¼ dpk;p0
represents the cost to return to the origin. The key to effective pruning lies in estimating
the minimum additional cost required to complete the tour from any given node
(Yousefikhoshbakht, 2021).

In the v3o model, the algorithm employs a heuristic candidate-selection approach based
on the nearest-neighbor principle. At each search node, the remaining cities are ordered by
increasing distance from the last-visited city, prioritizing the exploration of nearer cities.
This heuristic ordering can help find high-quality complete tours early in the search
process. However, v3o does not apply any global bounding technique to limit the search
space. Pruning is used only when a complete tour is found whose cost exceeds the current
best (incumbent) solution. Formally, if C� is the cost of the incumbent solution, a
completed node s is discarded if:

Ls þ Bs � C�: (2)

Because incomplete paths lack lower bounds, the v3o model may end up exploring
many suboptimal regions of the search tree, especially in large-scale instances (Weinand
et al., 2022). The v4u model builds upon v3o by introducing a global bounding function
based on the Minimum Spanning Tree (MST) heuristic. Like v3o, it uses an ordered
candidate list that prioritizes cities closer to the current location. However, in v4u, each
partial node computes a bound on the minimal additional cost required to complete the
tour. This bound consists of three components: the weight of an MST spanning the
unvisited cities, the cost to connect the last-visited city to an unvisited city, and the cost to
return from the unvisited cities to the starting city. The bound is formally defined as:

boundðsÞ ¼ MSTðRsÞ þmin
v2Rs

dpkv þmin
v2Rs

dvp0 : (3)

This equation allows the algorithm to prune entire subtrees when the projected tour cost
Ls þ bound sð Þ exceeds the incumbent C�. Pruning is applied more aggressively, even for
partial tours, even on partial tours:

Ls þ bound sð Þ � C�: (4)
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The inclusion of bounding helps eliminate paths that cannot possibly yield an optimal
tour, making the search significantly more efficient than v3o, mainly when reasonable
incumbent solutions are found early due to the ordered traversal. In contrast, the v4u
model adopts the same MST-based bounding technique as v4u but removes the ordering
heuristic for selecting candidates. That is, instead of sorting cities in Rs by their distance to
the current city, it explores them in an arbitrary order. The lack of ordering means that
optimal or near-optimal tours may not be discovered early, delaying the improvement of
the incumbent and reducing the likelihood of early pruning. However, v4u still uses the
exact bound computation:

boundðsÞ ¼ MSTðRsÞ þmin
v2Rs

dpkv þmin
v2Rs

dvp0 : (5)

The pruning rule remains:

Ls þ bound sð Þ � C�: (6)

The main advantage of v4u is that it decouples pruning from ordering, offering a
different trade-off. Although it may perform less well at finding good incumbents early, it
retains the strong bounding capability to exclude unpromising regions of the search space.
This can be beneficial in scenarios where ordering is unreliable or adds computational
overhead (Morrison et al., 2016). Together, these models demonstrate the progression in
TSP-solving strategies from basic ordered backtracking (v3o) to unstructured search with
strong global pruning (v4u). The comparative analysis of these models sheds light on the
roles of heuristic guidance and mathematical bounding in efficient combinatorial
optimization. Algorithm 1 presents the backtracking solver algorithm.

Feature engineering
To support this study, a specialized dataset of TSP instances was created, focusing on
capturing detailed solver behavior using a backtracking algorithm. A total of 1,500
problem instances were generated through a custom Python-based solver. For each
example, a set of quantitative metrics was collected to characterize the algorithm’s
performance and internal operations. Importantly, the data were collected from two
distinct versions of the solver (v3o and v4u), yielding two complementary datasets for
comparative machine learning analysis. For each version, the recorded features include the
total number of events executed (evts), the number of explicit backtracking steps taken
(backtrackEvts), the number of potential backtracks avoided through pruning
(pruneBacktrackEvts), and the number of pruning events where infeasible paths were
eliminated (pruneEvts). Additionally, the number of optimization improvements to the
current best solution (strengthenEvts) was tracked, along with the total time required to
solve each instance (time), the final optimized tour length (objective), and a binary label
indicating whether a given step resulted in further exploration of the search space (expand
Event).

After collecting the raw data, a series of preprocessing and feature engineering steps
were conducted to prepare the datasets for machine learning applications. Initially, all
incomplete or null records were removed to maintain data quality. Continuous variables,
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particularly time and objective, are standardized (e.g., using z-score normalization) to
mitigate scale differences and enhance algorithmic performance. Discrete values were
encoded using label encoding. Each dataset was further enriched through expert-driven
feature construction. Derived attributes, such as ratios of key event metrics (e.g., backtrack-
to-prune), were created to better reflect solver dynamics. Descriptive statistics, including
mean, median, and standard deviation, were computed for key metrics to capture
distributional characteristics across problem instances. Furthermore, spatial features were
introduced based on the proximity matrix for each TSP instance, including the average,
minimum, and maximum distances between cities.

To enable robust machine learning modeling and evaluation, both datasets, v3o and
v4u, were partitioned into training and validation subsets. Each was structured to be
compatible with standard machine learning frameworks, ensuring efficient integration into
predictive modeling pipelines. This comprehensive, version-specific data generation
provides a rich foundation for analyzing and comparing solver behavior across different
versions. It facilitates the development of accurate, data-driven models of TSP solution
strategies.

Model development
The selected machine learning models encompass a diverse range of learning paradigms,
including linear, tree-based, ensemble, and neural approaches. This was executed to ensure
a just assessment of interoperability, complexity, and forecasting accuracy. These models
were created to estimate the computational workload of the backtracking-based TSP
solver. A wide range of regression algorithms was used to study various modeling

Algorithm 1 General backtracking method.

1: Input all parameters and data.
2: Set C distance 0
3: Set min distance 1
4: Verify that all cities have been explored and returned to the starting point.
5: if true then
6: if C distance <min distance then
7: min distance C distance
8: best path current path
9: Update gradients: r  qE=qx to minimize error
10: end if
11: end if
12: Apply Backtrack to
13: Backtrack to the preceding city.
14: Mark the current city as unexplored.
15: for each unexplored city do
16: if C distance <min distance then
17: Mark the city as explored.
18: Recursively continue exploration from this node.
19: end if
20: Return to the preceding city and backtrack.
21: Mark the city as unexplored.
22: end for
23: return min distance, best path, and collected feature metrics
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paradigms. These modeling paradigms included linear, parametric, non-linear, tree-based,
and ensemble learning. Linear Regression, Ridge, and Lasso were used as interpretable
baselines. These models demonstrated how simple linear combinations of input features
could capture a significant amount of variance. These models also helped benchmark the
relative improvements of more complex architectures.

To model non-linear feature interactions and decision boundaries, tree-based learners
were used. The Decision Tree Regressor models hierarchical splits in the data using an
interpretable structure in an easy-to-interpret framework. However, the Random Forest
Regressor, an ensemble of decision trees, was chosen for its bagging, which reduces
variance and improves prediction stability (Thiyagalingam et al., 2022). Gradient boosting
methods, such as XGBoost, LightGBM, and CatBoost, were selected for their ability to
capture complex patterns through iterative refinement and regularization (Szczepanek,
2022). This makes them useful for high-dimensional, structured data. Each of these
boosting models provides distinct algorithmic advantages, such as XGBoost’s regularized
objective function and sparsity-aware algorithm, LightGBM’s histogram-based feature
binning for efficiency, and CatBoost’s built-in support for categorical variables and
ordered boosting strategy.

The analysis also included kernel-based models to evaluate their capacity to model
non-linear relationships by mapping data to higher-dimensional spaces. K-Nearest
Neighbors (KNN) was assessed for its simplicity and local approximation, while the
Multi-Layer Perceptron (MLP) utilized a neural network to learn from complex
interactions involving multiple features. The stacking ensemble model utilized Random
Forest and XGBoost as base learners and Ridge Regression as the meta-learner (Ramesh &
Kumaresan, 2025). This stacked framework was designed to leverage the complementary
strengths of individual models and enhance generalization by mitigating model-specific
biases. All models were trained using 80% of the data, with the remaining 20% reserved for
validation (Hussain & Haris, 2019).

Hyperparameter tuning was conducted methodically to ensure balanced and uniform
evaluation across all models. Each model was statistically optimized using scikit-learn’s
GridSearchCV, which utilized a grid search with 10-fold cross-validation. To find the best
configurations, the number of estimators, maximum tree depth, learning rate,
regularization strength, and neural network architecture were varied. This exhaustive
search ensured that every model was fairly evaluated, with sufficient training opportunities
to learn from the data without overfitting.

Python was the primary programming language used for model development in the
pipeline. Scikit-learn, XGBoost, LightGBM, and CatBoost were also utilized. In this
environment, dataset generation and preprocessing were seamlessly integrated, and the
target workload labels were implemented in Java. The Spyder IDE was used for
experimentation, visualization, and result management throughout the research process to
ensure transparency, modularity, and reproducibility. Table 1 summarizes the
hyperparameter configurations for each model.
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EXPERIMENTS AND ANALYSIS
In this section, we present the effectiveness of our proposed method for predicting the
computational cost of the Backtracking solver for TSP. Our implementation is executed on
a Windows PC with the following specifications: Intel Core i9-13900HX (24 cores, 2.2
GHz), RTX 4090 (12 GB GPU), and 32 GB RAM. We applied our method in the following
steps. A corpus of synthetic Traveling Salesman Problem (TSP) designed to reflect
real-world scenarios. is generated. Each instance was solved via two backtracking
processes, and metrics such as the execution time and resource usage were recorded. The
efficacy of a machine learning model depends on the quality of the features used during
training and on the extraction of these features for learning. Models were trained using the
extracted and engineered features. To ensure optimal performance, the models are
fine-tuned using the feature-engineered datasets. The trained models were rigorously
evaluated to establish their robustness and reliability.

Evaluation criteria
Model performance was assessed using standard regression metrics. Let
y ¼ fy1; y2; . . . ; yng be the actual values and ŷ ¼ fby1; by2; . . . ; byng the predicted values:
Adjusted R2:

R2
adj ¼ 1� 1� R2ð Þ n� 1ð Þ

n� p� 1

� �
: (7)

Root Mean Squared Error (RMSE):

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Xn
i¼1

yi � byið Þ2
s

: (8)

Mean Absolute Error (MAE):

MAE ¼ 1
n

Xn
i¼1

yi � byij j: (9)

Table 1 Hyperparameter settings for each regression model.

Model Hyperparameters with values

Linear regression fit intercept=True, normalize=‘deprecated’

Ridge alpha=1.0, solver=‘auto’, fit intercept=True

Lasso alpha=1.0, max iter=1,000, tol=0.0001

Decision tree max depth=None, min samples split=2, min samples leaf=1, criterion=‘squared error’

Random forest n estimators=100, max depth=None, min samples split=2, max features=‘sqrt’

Gradient boosting n estimators=100, learning rate=0.1, max depth=3

XGBoost n estimators=100, learning rate=0.1, max depth=3, colsample bytree=1.0

LightGBM n estimators=100, learning rate=0.1, num leaves=31, max depth=-1, subsample=1.0

CatBoost iterations=1000, learning rate=0.03, depth=6, l2 leaf reg=3.0

KNN n neighbors=5, weights=‘uniform’, leaf size=30

MLP hidden layer sizes=(100,), activation=‘relu’, solver=‘adam’, LR=0.0001

Stacking estimators=(‘rf’, ‘xgb’), final estimator=Ridge(), cv=5

Xie et al. (2026), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.3516 11/20

http://dx.doi.org/10.7717/peerj-cs.3516
https://peerj.com/computer-science/


Mean Relative Error (MRE):

MRE ¼ 1
n

Xn
i¼1

yi � byi
yi

���� ����: (10)

Symmetric MAPE (SMAPE):

SMAPE ¼ 100
n

Xn
i¼1

yi � byij j
yij j þ byij jð Þ=2: (11)

Accuracy within Tolerance: Percentage of predictions within �10% of actual values:

Acc10% ¼ 1
n

Xn
i¼1

I
yi � byi
yi

���� ���� < 0:10� �
� 100: (12)

These metrics jointly capture both absolute and relative error, distributional behavior,
and the model’s ability to generalize across prediction intervals (Chicco, Warrens &
Jurman, 2021).

RESULTS AND DISCUSSION
To assess the predictive potential of different learning paradigms on TSP solver behavior,
12 diverse regression models were developed. These encompassed linear regressors,
tree-based algorithms, ensemble learners, and neural and kernel-based approaches, each
offering distinct functional capabilities and interpretive advantages. The final model suite
also included a meta-learning architecture using stacking to integrate complementary
predictions from base models.

The following results were obtained from the machine learning models. Tables 2 and 3
for all the machine learning models, including the Adjusted R2, RMSE, MAE, MRE,
SMAPE, and results within 10%. The evaluation metrics are divided into two classes of
evaluation, for Adjusted R2, where higher values indicate better performance (up to 10%
improvement preferred). In contrast, lower values indicate better performance for the

Table 2 Comparison of models on the v3o dataset.

Model Adjusted R2 RMSE MAE MRE SMAPE within10%

Linear regression 1.00 0.00 0.00 0.00 0.00 100.00

Ridge 1.00 0.00 0.00 0.00 0.00 100.00

Lasso 1.00 32.67 8.76 0.00 0.06 100.00

MLP 1.00 10,689.58 2,971.16 0.08 8.31 69.29

Gradient boosting 1.00 24,180.73 3,936.01 0.07 6.12 87.95

Random forest 0.99 26,836.26 3,980.19 0.01 0.73 99.32

Decision tree 0.99 40,386.72 4,949.67 0.01 0.94 99.09

XG boost 0.98 48,611.85 7,557.93 0.03 2.87 96.89

KNN 0.98 49,707.55 9,790.31 0.06 6.22 79.83

Stacking 0.98 45,342.75 14,332.89 3.86 109.21 22.97

Cat boost 0.97 57,953.47 9,543.07 0.25 20.20 52.09

Light GBM 0.87 124,969.06 21,465.01 0.12 8.09 88.25
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remaining metrics. Table 2 describes the results of the v3o backtracking model, whereas
Table 3 illustrates the results of the v4u model, which compares regression models for
Traveling Salesman Problem computational effort in backtracking-based TSP solving.
Model selection and validation are essential, while others underperform or lack
generalizability.

The Linear Regression and Ridge Regression models performed well, with an Adjusted
R-squared value of 1.00 and zero % error in RMSE, MAE, MRE, and SMAPE. Although
these results appear better, they may be due to overfitting or deterministic correlations.
The feature space may contain all the target-variable information, or the test cases may be
too close to the training data, reducing the model’s applicability to more complex or
undiscovered TSP situations. The Lasso Regression model with L1 regularization achieved
an adjusted R-squared value of 1.00 and a moderate error (RMSE = 32.67, MAE = 8.76),
demonstrating improved resistance to overfitting compared to the unregularized models.
The ensemble tree models, including XGBoost and Random Forest, show strong
generalization performance on unseen data. The Random Forest model achieved an
Adjusted R2 of 0.99, an MAE of 3980.19, indicating solid predictive accuracy, and 99.32%
correct predictions within 10% of the actual workload. Decision Tree models showed that
hierarchical splits can capture functional patterns in simpler instances, and hierarchical
feature splits can effectively solve most workload estimation problems, even in simple
scenarios. The ensemble XGBoost achieved 96.89% accuracy in predicting moderately
complex nonlinear relationships within 10%.

Neural network-based approaches, such as the MLP, exhibited higher error rates and a
significantly lower percentage of accurate predictions within 10% (69.29%). MLP
performance is sensitive to hyperparameters, especially under low-data or
low-feature-redundancy conditions. The high RMSE and MAE of KNN were likely due to
the potential for poor generalization of local structure in high-dimensional or irregular
feature spaces. The high SMAPE (109.21) and MAE (14,332.89) of the stacking model

Table 3 Comparison of models on the v4u dataset.

Model Adjusted R2 RMSE MAE MRE SMAPE within10%

Linear regression 1.00 0.09 0.01 0.00 0.00 100.00

Ridge 1.00 0.09 0.01 0.00 0.00 100.00

Lasso 1.00 0.48 0.19 0.00 0.05 100.00

MLP 1.00 324.84 52.01 0.01 0.69 99.85

Gradient boosting 0.81 594,202.19 37,589.35 0.35 17.33 73.41

Random forest 0.80 598,806.19 37,603.76 0.01 1.18 99.32

Decision tree 0.80 600,320.85 37,855.47 0.01 0.82 99.55

XGBoost 0.78 602,519.71 39,086.05 0.05 4.56 90.45

KNN 0.77 615,948.22 38,964.63 0.01 0.96 99.24

Stacking 0.61 642,065.89 43,977.66 1.39 58.20 22.65

Cat boost −0.06 749,618.08 74,115.37 4.83 123.65 4.17

Light GBM −4.16 896,236.91 89,069.24 2.84 16.07 78.79
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suggest that its base learners are overfitting. Light GBM, a well-known boosting technique,
showed the highest RMSE (124,969.06), the lowest Adjusted R2 (0.87), and a high SMAPE
(8.09), indicating poor predictive performance for workload estimation. CatBoost, which
performed well on other structured learning tasks, struggled with this dataset (Adjusted R2

= 0.97, SMAPE = 20.20) due to inadequate learning dynamics, misinterpretation of
categorical inputs, or incorrect assumptions about how categorical features are processed.

In backtracking-based TSP solvers, XGBoost and Random Forest were the most
effective methods for accurately estimating computing effort. These models offer strong
reliability for real-world workload-estimation applications, benefiting from their robust
prediction accuracy and resistance to overfitting.

Table 3 shows the evaluation of the v4u dataset. A clear performance difference was
observed between the models’ assessment of the v4u feature representation and the
previous v3o results. Once more, the results of the linear models Ridge, Lasso, and Linear
Regression were better (Adjusted R2 = 1.00, with zero or negligible error), demonstrating
that the data had strong linear correlations. However, concerns are raised about overly
simple target-feature relationships that do not generalize to unseen TSP instances, as
consistently high precision across both datasets may reflect overfitting or a lack of
generalizability.

Neural networks (MLPs) also demonstrated remarkable performance on v4u, achieving
99.85% accuracy within a 10% error margin. This indicates that the feature set is
well-aligned with MLP’s capabilities; however, this may reflect overfitting rather than true
generalization. On v4u, however, ensemble methods such as LightGBM, Random Forest,
XGBoost, and Gradient Boosting showed a notable decline in performance. RMSE values
increased (e.g., despite excellent v3o results). For example, Gradient Boosting showed an
RMSE exceeding 594,000, and Adjusted R2 dropped to approximately 0.8 or lower. This
suggests that the non-linear structure needed for effective generalization by tree-based
models is absent from v4u features. Due to their high SMAPE and negative R2 values, Cat
Boost and Light GBM performed particularly poorly, indicating incompatibility with their
learning mechanisms. Random Forest and Decision Tree maintained high prediction
accuracy within 10% (99%), despite higher RMSE values within 10% (�99 percent),
suggesting localized prediction accuracy that is sensitive to outliers. Consistent with
previous findings, stacking once again failed to generalize effectively.

The v4u feature structure favors linear models but hinders the performance of more
complex ones. This highlights the importance of feature engineering that captures
non-linearities for accurate workload estimation in TSP solvers. The primary goal of this
method is to be practical, interpretable, and applicable, while providing clear guidelines for
resource allocation and algorithm selection.

Line plots of actual against projected values were used to compare the best and worst
machine learning models based on preset assessment parameters in Fig. 2. These models
were selected from the complete set of evaluated machine learning models. Figure 2
illustrates the performance of Linear Regression, Multi-Layer Perceptron (MLP),
CatBoost, and LightGBM. All models are evaluated based on how well they align with the
actual distribution of the target variable. Linear Regression and MLP appear to most
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closely match the actual values across all sample indices, indicating robust performance.
However, Cat Boost and Light GBM deviate significantly from the actual values, especially
for samples with high target values, indicating a lack of generalization in key areas.

Each model handles data complexity and outliers differently, which explains these
performance disparities. Linear Regression and MLP show greater extrapolation stability
when properly regularized and trained, allowing them to align with absolute values even
with extreme predictions. MLP’s non-linear modeling potential may help explain its high

Figure 2 Actual vs. predicted workload for the two best (Linear regression, MLP) and the two worst (Cat Boost, Light GBM) models on the v4u
dataset. Full-size DOI: 10.7717/peerj-cs.3516/fig-2
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predictive accuracy. However, CatBoost and LightGBM may struggle with highly skewed
or severely skewed target distributions in regression.

This is especially true if models are not calibrated to handle outliers. Tree-based models
often average predictions across weak learners, which can suppress extreme values, unless
they are designed to incorporate such variance. Additionally, poor training data in regions
with high target values may have caused underrepresentation in leaf nodes, skewing
predictions toward the mean. Given this, model adjustment, resampling strategies, or
transformation approaches are needed to prevent performance degradation in specific
locations. Synthetic datasets for diverse TSP topologies have reduced problem diversity,
while specific configurations may fail to accurately reflect real-world variability. Future
research could enhance model generalization by using a broader range of diverse or
experimentally derived topologies.

Time comparison
Figure 3 compares training times between models in v3o and v4u, highlighting improved
computational efficiency, especially in v4u. Linear Regression, Ridge, and Lasso
maintained training times at 0.01 s. This demonstrates their efficacy in rapid model
deployment and resource environments.

The time for MLP training decreased from 0.36 to 0.13 s, indicating improved
optimization or hardware acceleration. Despite being ensemble-based, stacking also
reduced training time from 1.77 to 1.25 s, demonstrating v4u’s improved meta-model
architecture. CatBoost’s training time dropped from 1.32 to 0.03 s. This is an
order-of-magnitude improvement, indicating that v4u implemented framework-level
enhancements or more efficient categorical encoding. The increase from negligible to

Figure 3 Time comparison of all models on v3o vs. v4u. Full-size DOI: 10.7717/peerj-cs.3516/fig-3
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0.22 s is possibly due to a more detailed tree construction or preprocessing strategy.
Gradient Boosting, XGBoost, and LightGBM exhibited consistent training profiles across
both versions, indicating maturity and well-optimized implementations. v4u improves
training efficiency, especially for neural and ensemble-based models. Therefore, it is
well-suited for iterative experimentation and deployment at scale.

CONCLUSION
This study proposed a machine learning framework to predict the computational workload
required to solve instances of the Traveling Salesman Problem using backtracking
algorithms. Unlike traditional methods that treat each instance uniformly, our method
enables pre-execution workload estimation, which facilitates intelligent solver selection
and resource allocation. Two backtracking models, v3o and v4u, with different pruning
strategies and search behaviors, were implemented. A 1,500-problem synthetic dataset was
used to capture results from both solver datasets, including backtrack events, pruning
actions, and optimization steps. Thirteen regression models were developed and evaluated
using standard metrics, including R2, RMSE, MRE, SMAPE, and the percentage of
predictions within �10% of the actual values. Both solver datasets show that Random
Forest and XGBoost perform better. On the v3o dataset, the Random Forest algorithm had
an Adjusted R2 of 0.99, and 99.32% of predictions fell within a 10% margin of the actual
values. The XGBoost algorithm achieved an accuracy of 96.89%. Linear models achieved a
perfect score (Adjusted R2 = 1.00) in the v4u dataset, although their generalization to
unseen data remains under evaluation. MLP modeled feature-rich nonlinear dynamics
well on v4u, achieving 99.85% accuracy with a 10% margin of error. The findings
demonstrate that machine learning can estimate solver workload from structural instance
features, thereby bridging traditional optimization techniques with predictive modeling.
This method reduces computational overhead and supports data-driven, adaptive
combinatorial optimization decisions. The system demonstrated commendable
performance on synthetic datasets; however, incorporating real-world TSP examples could
enhance its adaptability and resilience. This would enhance its practical utility in
additional optimization fields. The novelty and effect of this study stem from its
data-driven approach that combines machine learning with backtracking-based TSP
solvers for pre-execution workload prediction. This approach advances intelligent solver
selection and resource optimization in combinatorial optimization research. Next, this
framework may be extended to include real-world TSP variants, dynamic feature
extraction, and application to more general NP-hard logistics, scheduling, and network
optimization problems.

ADDITIONAL INFORMATION AND DECLARATIONS

Funding
The authors received no funding for this work.

Xie et al. (2026), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.3516 17/20

http://dx.doi.org/10.7717/peerj-cs.3516
https://peerj.com/computer-science/


Competing Interests
The authors declare that they have no competing interests.

Author Contributions
. Juan Xie conceived and designed the experiments, performed the computation work,
prepared figures and/or tables, and approved the final draft.

. Zhan Jingchun performed the experiments, analyzed the data, prepared figures and/or
tables, and approved the final draft.

. Zhu Xunlin performed the experiments, authored or reviewed drafts of the article, and
approved the final draft.

Data Availability
The following information was supplied regarding data availability:

All data, Java code for the solver, and the machine learning models used in this study are
available at GitHub and Zenodo: https://github.com/littlerabitt110/RtoP.

ZHAN JINGCHUN. (2025). littlerabitt110/RtoP: RtoP New (RtoPNew). Zenodo.
https://doi.org/10.5281/zenodo.17847230.

REFERENCES
Ahmad A. 2025. Optimizing the traveling salesman problem using machine learning and

predictive algorithms. Journal of Computer Science Application and Engineering (JOSAPEN)
3(1):1–5 DOI 10.70356/josapen.v3i1.46.

Alanzi E, Menai MEB. 2025. Solving the traveling salesman problem with machine learning: a
review of recent advances and challenges. Artificial Intelligence Review 58(9):267
DOI 10.1007/s10462-025-11267-x.

Ali H, Haris M, Hadi F, Ahmadullah S, Shah Y. 2016. Solving traveling salesman problem
through optimization techniques using genetic algorithm and ant colony optimization. Journal
of Applied Environmental and Biological Sciences 6(4):55–62
DOI 10.7551/mitpress/1290.003.0005.

Bengio Y, Goodfellow I, Courville A. 2017. Deep learning. Vol. 1. Cambridge, MA, USA: MIT
Press.

Böther M, Kißig O, Taraz M, Cohen S, Seidel K, Friedrich T. 2022. What’s wrong with deep
learning in tree search for combinatorial optimization. ArXiv DOI 10.48550/arXiv.2201.10494.

Cappart Q, Chételat D, Khalil EB, Lodi A, Morris C, Veličković P. 2023. Combinatorial
optimization and reasoning with graph neural networks. Journal of Machine Learning Research
24(130):1–61.

Chicco D, Warrens MJ, Jurman G. 2021. The coefficient of determination R-squared is more
informative than SMAPE, MAE, MAPE, MSE and RMSE in regression analysis evaluation. Peerj
Computer Science 7(3):e623 DOI 10.7717/peerj-cs.623.

Dunka V. 2022. AI for predictive load forecasting in edge-to-cloud architectures: a multi-tier
resource optimization framework. Essex Journal of AI Ethics and Responsible Innovation
2:281–287.

Fitzpatrick J, Ajwani D, Carroll P. 2024. A scalable learning approach for the capacitated vehicle
routing problem. Computers & Operations Research 171:106787 DOI 10.1016/j.cor.2024.106787.

Xie et al. (2026), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.3516 18/20

https://github.com/littlerabitt110/RtoP
https://doi.org/10.5281/zenodo.17847230
http://dx.doi.org/10.70356/josapen.v3i1.46
http://dx.doi.org/10.1007/s10462-025-11267-x
http://dx.doi.org/10.7551/mitpress/1290.003.0005
http://dx.doi.org/10.48550/arXiv.2201.10494
http://dx.doi.org/10.7717/peerj-cs.623
http://dx.doi.org/10.1016/j.cor.2024.106787
http://dx.doi.org/10.7717/peerj-cs.3516
https://peerj.com/computer-science/


Garmendia AI, Cappart Q, Ceberio J, Mendiburu A. 2024. Marco: a memory-augmented
reinforcement framework for combinatorial optimization. ArXiv
DOI 10.48550/arXiv.2408.02207.

Goerigk M, Kurtz J. 2025. Data-driven prediction of relevant scenarios for robust combinatorial
optimization. Computers & Operations Research 174:106886 DOI 10.1016/j.cor.2024.106886.

Haris M, Yusoff Y, Zain AM, Khattak AS, Hussain SF. 2024. Breaking down multi-view
clustering: a comprehensive review of multi-view approaches for complex data structures.
Engineering Applications of Artificial Intelligence 132(26):107857
DOI 10.1016/j.engappai.2024.107857.

Hussain SF, Haris M. 2019. A k-means based co-clustering (KCC) algorithm for sparse, high
dimensional data. Expert Systems with Applications 118(5):20–34
DOI 10.1016/j.eswa.2018.09.006.

Kool W, van Hoof H, Gromicho J, Welling M. 2022. Deep policy dynamic programming for
vehicle routing problems. In: International Conference on Integration of Constraint
Programming, Artificial Intelligence, and Operations Research. Cham: Springer, 190–213.

Kotary J, Fioretto F, Van Hentenryck P, Wilder B. 2021. End-to-end constrained optimization
learning: a survey. ArXiv DOI 10.48550/arXiv.2103.16378.

Kowalik P, Sobecki G, Bawoł P, Muzolf P. 2023. A flow-based formulation of the travelling
salesman problem with penalties on nodes. Sustainability 15(5):4330 DOI 10.3390/su15054330.

Li K, Liu F, Wang Z, Zhang Q. 2025. Destroy and repair using hyper-graphs for routing.
Proceedings of the AAAI Conference on Artificial Intelligence 39(17):18341–18349
DOI 10.1609/aaai.v39i17.34018.

Li M, Tu S, Xu L. 2024. Generalizing graph network models for the traveling salesman problem
with lin-kernighan-helsgaun heuristics. In: Luo B, Cheng L, Wu Z-G, Li H, Li C, eds. Neural
Information Processing. Singapore: Springer Nature Singapore, 528–539.

Lombardi M, Milano M. 2018. Boosting combinatorial problem modeling with machine learning.
ArXiv DOI 10.48550/arXiv.1807.05517.

Lyu Z, Islam MZ, Yu AJ. 2024. A scalable and adaptable supervised learning approach for solving
the traveling salesman problems. IEEE Transactions on Intelligent Transportation Systems
25(11):17092–17104 DOI 10.1109/tits.2024.3410691.

Löffler S, Hofstedt P. 2024. A constraint-based savings algorithm for the traveling salesman
problem. In: International Conference on Machine Learning, Optimization, and Data Science.
Cham: Springer, 203–217.

Morrison DR, Jacobson SH, Sauppe JJ, Sewell EC. 2016. Branch-and-bound algorithms: a survey
of recent advances in searching, branching, and pruning. Discrete Optimization 19:79–102
DOI 10.1016/j.disopt.2016.01.005.

Qiu R, Sun Z, Yang Y. 2022. DIMES: a differentiable meta solver for combinatorial optimization
problems. Advances in Neural Information Processing Systems 35:25531–25546.

Ramesh V, Kumaresan P. 2025. Stacked ensemble model for accurate crop yield prediction using
machine learning techniques. Environmental Research Communications 7(3):035006
DOI 10.1088/2515-7620/adb9c0.

Saud MNM, Rasid MM. 2025. Adaptive hybrid differential evolution particle swarm optimization
algorithm for optimization distributed generation in distribution networks. Jurnal Teknologi
(Sciences & Engineering) 87(2):203–216 DOI 10.11113/jurnalteknologi.v87.19769.

Silva C, Ribeiro R, Gomes P. 2023. Algorithmic optimization techniques for operations research
problems. In: Proceedings of the Computational Methods in Systems and Software. Cham:
Springer, 331–339.

Xie et al. (2026), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.3516 19/20

http://dx.doi.org/10.48550/arXiv.2408.02207
http://dx.doi.org/10.1016/j.cor.2024.106886
http://dx.doi.org/10.1016/j.engappai.2024.107857
http://dx.doi.org/10.1016/j.eswa.2018.09.006
http://dx.doi.org/10.48550/arXiv.2103.16378
http://dx.doi.org/10.3390/su15054330
http://dx.doi.org/10.1609/aaai.v39i17.34018
http://dx.doi.org/10.48550/arXiv.1807.05517
http://dx.doi.org/10.1109/tits.2024.3410691
http://dx.doi.org/10.1016/j.disopt.2016.01.005
http://dx.doi.org/10.1088/2515-7620/adb9c0
http://dx.doi.org/10.11113/jurnalteknologi.v87.19769
http://dx.doi.org/10.7717/peerj-cs.3516
https://peerj.com/computer-science/


Sui J, Ding S, Huang X, Yu Y, Liu R, Xia B, Ding Z, Xu L, Zhang H, Yu C, Bu D. 2025. A survey
on deep learning-based algorithms for the traveling salesman problem. Frontiers of Computer
Science 19(6):196322 DOI 10.1007/s11704-024-40490-y.

Sun Z, Yang Y. 2023. DIFUSCO: graph-based diffusion solvers for combinatorial optimization.
Advances in Neural Information Processing Systems 36:3706–3731.

Szczepanek R. 2022. Daily streamflow forecasting in mountainous catchment using XGBoost,
lightGBM and CatBoost. Hydrology 9(12):226 DOI 10.3390/hydrology9120226.

Telikani A, Tahmassebi A, Banzhaf W, Gandomi AH. 2021. Evolutionary machine learning: a
survey. ACM Computing Surveys (CSUR) 54(8):1–35 DOI 10.1145/3467477.

Teso S, Bliek L, Borghesi A, Lombardi M, Yorke-Smith N, Guns T, Passerini A. 2022. Machine
learning for combinatorial optimisation of partially-specified problems: regret minimisation as a
unifying lens. ArXiv DOI 10.48550/arXiv.2205.10157.

Thiyagalingam J, Shankar M, Fox G, Hey T. 2022. Scientific machine learning benchmarks.
Nature Reviews Physics 4(6):413–420 DOI 10.1038/s42254-022-00441-7.

Wang M, Zhou Y, Cao Z, Xiao Y, Wu X, Pang W, Jiang Y, Yang H, Zhao P, Li Y. 2025. An
efficient diffusion-based non-autoregressive solver for traveling salesman problem. ArXiv
DOI 10.48550/arXiv.2501.13767.

Weinand JM, Sörensen K, San Segundo P, Kleinebrahm M, McKenna R. 2022. Research trends
in combinatorial optimization. International Transactions in Operational Research
29(2):667–705 DOI 10.1111/itor.12996.

Wen J, Li Y, Selman B, He K. 2025. LocalEscaper: a weakly-supervised framework with regional
reconstruction for scalable neural tsp solvers. ArXiv DOI 10.48550/arXiv.2502.12484.

Wu X, Wang D, Wen L, Xiao Y, Wu C, Wu Y, Yu C, Maskell DL, Zhou Y. 2024. Neural
combinatorial optimization algorithms for solving vehicle routing problems: a comprehensive
survey with perspectives. ArXiv DOI 10.48550/arXiv.2406.00415.

Xiao Y, Wang D, Li B, Chen H, Pang W, Wu X, Li H, Xu D, Liang Y, Zhou Y. 2024.
Reinforcement learning-based nonautoregressive solver for traveling salesman problems. IEEE
Transactions on Neural Networks and Learning Systems 36(7):13402–13416
DOI 10.1109/tnnls.2024.3483231.

Xiao Y, Wang D, Wu X, Wu Y, Li B, Du W, Wang L, Zhou Y. 2025. Improving generalization of
neural vehicle routing problem solvers through the lens of model architecture. Neural Networks
187(4):107380 DOI 10.1016/j.neunet.2025.107380.

Ye H, Wang J, Liang H, Cao Z, Li Y, Li F. 2024. GLOP: learning global partition and local
construction for solving large-scale routing problems in real-time. Proceedings of the AAAI
Conference on Artificial Intelligence 38(18):20284–20292 DOI 10.1609/aaai.v38i18.30009.

Yousefikhoshbakht M. 2021. Solving the traveling salesman problem: a modified metaheuristic
algorithm. Complexity 2021(1):6668345 DOI 10.1155/2021/6668345.

Zhou F, Lischka A, Kulcsar B, Wu J, Chehreghani MH, Laporte G. 2025. Learning for routing: a
guided review of recent developments and future directions. ArXiv
DOI 10.48550/arXiv.2507.00218.

Xie et al. (2026), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.3516 20/20

http://dx.doi.org/10.1007/s11704-024-40490-y
http://dx.doi.org/10.3390/hydrology9120226
http://dx.doi.org/10.1145/3467477
http://dx.doi.org/10.48550/arXiv.2205.10157
http://dx.doi.org/10.1038/s42254-022-00441-7
http://dx.doi.org/10.48550/arXiv.2501.13767
http://dx.doi.org/10.1111/itor.12996
http://dx.doi.org/10.48550/arXiv.2502.12484
http://dx.doi.org/10.48550/arXiv.2406.00415
http://dx.doi.org/10.1109/tnnls.2024.3483231
http://dx.doi.org/10.1016/j.neunet.2025.107380
http://dx.doi.org/10.1609/aaai.v38i18.30009
http://dx.doi.org/10.1155/2021/6668345
http://dx.doi.org/10.48550/arXiv.2507.00218
https://peerj.com/computer-science/
http://dx.doi.org/10.7717/peerj-cs.3516

	From recursion to prediction: modeling backtracking effort in TSP with machine learning
	Introduction
	Methodology
	Experiments and analysis
	Results and discussion
	Conclusion
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


