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Background and Motivation

Travelling Salesman 
Problem

Combinatorial Optimization (CO): finding an 
optimal object from a finite set of objects, where 
the set of feasible solutions is discrete or can be 
reduced to a discrete set. 


For example, TSP: Given a complete weighted 
graph, find the shortest Hamiltonian cycle (a cycle 
that visits each vertex exactly once) in the graph.

What does this paper do?

Modular Framework for ML4TSP Solvers

Empirical Investigations

BackGround: 

• Learning and search elements are often interleaved with each 

other, and common designs among existing learning-based 
solvers may manifest in varying implementations, making their 
effects and contributions less transparent, let alone their 
intricate interplay. 


• The lack of crisp analysis of the whole ML4CO system hinders 
the determination of the role of learning and the establishment 
of desirable principles for learning designs.

• This study utilizes TSP as a major case study, with 
adaptations for other CO problems, dissecting established 
mainstream learning-based solvers to outline a 
comprehensive design space.


• We present ML4TSPBench, which advances a unified modular 
streamline incorporating existing technologies in both learning 
and search for transparent ablation, aiming to reassess the role 
of learning and discern which parts of existing techniques 
are genuinely beneficial and which are not.


• This further leads to the investigation of desirable principles of 
learning designs and high-level paradigms and the 
exploration of concepts guiding method designs.


• Leveraging the findings, we propose enhancements to 
existing methods to compensate for their missing attributes, 
thereby advancing performance and enriching the library.


• The strategic decoupling and organic recompositions yield a 
factory of new TSP solvers, where we investigate synergies 
across various method combinations and pinpoint the optimal 
design choices to create more powerful ML4TSP solvers.


• It facilitates and offers a reference for future research and 
engineering endeavors.

• Training: Given instances and their (optional) labels e.g. reference solutions, 
the training stage involves different learning functionalities and training 
objectives to exploit the effective heuristics from data.


• Solving: Given instances, the solving stage follows a construction-refinement 
pipeline whereby a complete (feasible) solution is generated first then it is 
improved through the improvement-based search. The construction is based 
on the intermediate predictions produced by the trained model, and learning-
based search is optionally applied to improve prediction quality by updating 
the parameters of the model or the intermediate predictions.

• Q1. How does learning benefit testing stage problem solving?

• Q2. What are the desirable design principles for ML4TSP methods?

• Q3. Which combination can enhance solving performance?

Q1. Learning Generally Improves Solving with 
Compatible Search Algorithms

• Overall, there exists a positive correlation between learning quality and 
problem-solving performance. However, the introduction of a more robust 
search mechanism tends to mitigate the advantages of neural predictions.


• Once the learning loss surpasses a certain threshold (e.g., less than 0.003 for 
the distribution objective), the efficacy of translating improvements in neural 
predictions into enhancements in problem-solving quality may diminish.

Q2. Desirable Design Principles that Benefits 
ML4TSP Solving
• Joint Probability Estimation Helps Capture Variable Correlations

• Proposed Node-wise normalization

• Symmetry Solution Representation Introduces Equivalence Awareness

• Online Optimization Complements Generalization Capability

• Search Friendliness Contributes to Learning-Search Synergy

Q3. Streamlining the ML4TSP Design Space 
Discovers More Powerful Solvers

• Evaluation of Heuristic Search with Proposed MCTS Variants

• Recomposing to the Optimal


