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Research Background & Motivation

 Combinatorial Optimization (CO) is crucial in fields like transportation[1], logistics[2], 

and manufacturing[3].

[1] MacZ. Transportation - 575184[EB/OL]. [2025-02-21]. Available: https://sc.macz.com/pic/575184.html.
[2]  Thailand Translation. Logistics Image[EB/OL]. (2017-10) [2025-02-21]. Available: https://thailandtranslation.net/wp-content/uploads/2017/10/logistic-1.jpg.

[3] Yingluo. Advances in Combinatorial Optimization Applications[EB/OL]. Plasway, 2025-02-21[2025-02-21]. Available at: https://yingluo.plasway.com/news/120277.html.
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Research Background & Motivation

 Traditional exact and heuristic solvers have limitations in scalability and adaptability.

 Neural Combinatorial Optimization (NCO) methods offer a data-driven alternative but 

demand high computational resources.

 An important issue for NCO is the reduced robustness when the training and test data 

distributions differ.



Challenges for NCO

 High storage and computational costs due to large-scale training datasets.

 NCO models often struggle with robustness when facing distribution shifts 

between training and testing.

  The need for an efficient training strategy that maintains performance while using 

limited resources.
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RWD and Coreset Construction

 RWD: Definition and its invariance to rigid transformations.

Definition 1 (Wasserstein distance under rigid transformations, RWD)

Let 𝜇 = σ𝑖=1
𝑛 𝑎𝑖𝛿𝑥𝑖

, 𝜈 = σ𝑗=1
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𝑛  are their weight vectors and 𝑥𝑖 𝑖∈[𝑛] , 
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⊂ ℝ𝑑are their locations. Then, the value of RWD between 𝜇 and 𝜈 is 
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Where 𝚷 𝐚, 𝐛 ≔ {𝐏 ∈ ℝ+
𝑛×𝑛 ∣ 𝐏𝟏 = 𝐚, 𝐏𝑻𝟏 = 𝐛} is the coupling set, 𝐸 𝑑  is the Euclidean group on ℝ𝑑, 

and 𝑒: ℝ𝑑 → ℝ𝑑 is the rigid transformation.

Alternative metrics: Wasserstein distance, Gromov-Wasserstein distance, …

Intuitions: The solutions to CO problems such as TSP remain invariant under rigid 

transformations such as translation, rotation, and reflection.



RWD and Coreset Construction

 What is coreset?

 A small-size weighted proxy of the original dataset.

 Preserves the value of an objective function evaluated on the full dataset.

 Saves computational and storage resources.

Definition 2 (Coreset)

Let 0 < 𝜖 < 1 and ℓ be a loss function. Let 𝒬 ⊂ 𝒫(ℝ𝑑) be a set of measures with weight function 
𝑊𝒬: 𝒫 ℝ𝑑 → ℝ+. Let σ𝜇∈𝒬 𝑊𝒬 𝜇 = 1. Then, a weighted set 𝒮 with weight function 𝑊𝒮 is an 𝜖-coreset 

of 𝒬 if 
ℓ 𝒮, 𝜃 ∈ 1 ± 𝜖 ⋅ ℓ 𝒬, 𝜃  for all 𝜃 ∈ Θ.



RWD and Coreset Construction

 Based RWD, design a coreset method. 

 Theoretical guarantee: Under a Lipschitz continuous loss function, the coreset approximates 
the full dataset’s objective within a (1 ± 𝜖) factor.

  The resulting tree structure  is retained for later use in the inference phase.



Accelerate Coreset Construction with Merge-and-Reduce

 Introduce the merge-and-reduce framework: partition the data into blocks and 

process them in parallel.

 This approach reduces the time complexity of coreset construction and supports 

streaming data scenarios.



Efficient Framework for NCO methods

 Training Phase: Replace the full dataset with the small-size coreset 𝒮, saving 
computational and storage resources.

  Inference Phase: Align test instances with the coreset using the pre-constructed tree 
𝒯 to quickly find the closest representative.



Experimental Results (TSP)

 Datasets: TSP100 (2D & 3D instances), TSPLIB, etc.

 Metrics: Tour length and runtime.

 Comparisons: The coreset method outperforms uniform sampling, particularly under 

distribution shifts.

 Results:

 Comparable performance with reduced sample sizes.

 Robustness to distribution shifts.

 Better generalization to larger problem sizes (e.g., TSP200, TSP500, TSP1000).



Experimental Results (TSP-2D)



Experimental Results (TSP-2D)



Experimental Results (TSP-3D)



Experimental Results (TSP-3D)

Please refer to the original article for more 

experimental and technical details.



Conclusion and Future Work

 Contributions:

 A coreset construction method and its acceleration

 Efficient Framework for NCO methods

  Future Work:

 Extend the approach to other optimization problems with graph structures.

 Explore enhanced alignment and acceleration strategies for high-dimensional data.
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