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Vehicle routing problems (VRPs)
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❑ VRPs are fundamental NP-hard Combinatorial Optimization Problems, essential in logistics, public 

transportation, and operations research.

❑ Due to their complexity, solving VRPs becomes increasingly difficult and time-consuming as the problem 

size grows, which poses significant challenges for traditional exact and heuristic algorithms. 
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VRP: Problem formulation
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Neural Combinatorial Optimization (NCO) 
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❑ Constructive neural solvers are commonly employed for solving VRPs using a Markov Decision Process 
(MDP) and incorporate a Transformer-based encoder-decoder framework as their policy network.

❑ Encoder captures node features, while the Decoder generates a tour 𝜋 based on the extracted features and 
the action history of node selections. 

❑ Constructive NCO process can be factorized into a 

chain of conditional probabilities as: 

where 𝐩 represents the policy 
parameterized by 𝜃, and 𝑙 
represents the number of actions 
taken to complete the tour. 
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Neural Combinatorial Optimization (NCO) 
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Method Ideas

POMO [1] A strong baseline NCO model based on Attention model with heavy encoder 
and light decoder.

 LEHD[2] An NCO model with light encoder and heavy decoder for robust large-scale 
generalization of VRPs.

ELG [3]
Effectively balances exploration and exploitation by combining local topological 
strategies based on expert knowledge with guidance from neural networks, 
making it adaptable to different scales of VRPs. 

FunSearch[4], EoH [5] Translating high-level heuristic ideas, referred to as “thoughts” into executable 
code via LLMs, effectively integrating the strengths of both LLMs and EC.

[1] Kwon et al. POMO: Policy optimization with multiple optima for reinforcement learning. In Advances in Neural Information Processing Systems 33 
(NeurIPS 2021)
[2] Luo et al. Neural Combinatorial Optimization with Heavy Decoder: Toward Large Scale Generalization. In Advances in Neural Information 
Processing Systems 36 (NeurIPS 2023)
[3] Gao et al. Towards Generalizable Neural Solvers for Vehicle Routing Problems via Ensemble with Transferrable Local Policy. In Proceedings of the 
Thirty-Third International Joint Conference on Artificial Intelligence (IJCAI 2024)
[4] Romera-Paredes, Bernardino, et al. Mathematical discoveries from program search with large language models. Nature 2024
[5] Liu, F. et al. Evolution of Heuristics: Towards Efficient Automatic Algorithm Design Using Large Language Model. In Forty-first International 
Conference on Machine Learning (ICML 2024). 
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Our contributions
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❑ Propose a new LLM-guided attention bias for model fine-tuning to enhance the generalization 
capabilities of neural combinatorial optimization models. This attention bias is automatically designed by 
LLMs, which are used to augment any attention-based NCO models for better performance on 
large-scale problems. 

❑ Develop an efficient fine-tuning process that leverages training on instances of varying sizes. This 
method improves the model’s flexibility and solution quality by incorporating LLM-generated attention 
bias, allowing effective generalization to larger and more diverse problem instances without altering 
their architecture. 

❑ Our proposed method can achieve state-of-the-art performance in solving the TSP and CVRP across 
various scales and also generalizes well to solve real-world TSPLib/CVRPLib problems. 
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Attention Bias for Constructive Neural Solver 
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Attention Bias for Constructive Neural Solver 
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Attention Bias via LLM design
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❑ To effectively design attention bias, we harness the capabilities of LLMs with evolutionary search to 

generate and refine attention bias automatically.
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Attention Bias via LLM design
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Attention Bias via LLM design
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� Select parent heuristics from the current population to create offspring heuristics. 
� Request LLM to produce a novel heuristic along with its related code implementation. The 

offspring heuristics are generated by using five evolution prompt strategies as exploration 
and modification operators.

� The new heuristics are then evaluated on a set of evaluation instances to determine their 
fitness value. 

� Add the new heuristic to the current population if both the heuristic and its code are valid. 
� Select the top 𝑁 heuristics from the current population to form the new population for the 

next generation. 
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Attention Bias via LLM design
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Initialization prompt

Evolution prompt



© Copyright FPT Software AI Center – Confidential

Model fine-tuning
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Model fine-tuning
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❑ We utilize the REINFORCE (Williams 1992) algorithm with shared baseline to estimate the gradient of 
the loss:

where 
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Main results

20



© Copyright FPT Software AI Center – Confidential

Results on TSPLib and CVRPLib 
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Ablation study
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Effects of attention bias Effects of fine-tuning strategy 
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Ablation study
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Effects of diverse scales for Fine-tuning 

Effects of different LLMs
• We used GPT-4o mini, Llama, Mixtral, and Gemma. All experiments are conducted under identical 

settings on the TSP problem to ensure a fair comparison. 
• Our experimental results indicated that integrating LLM-generated attention bias consistently 

improves the performance of NCO models. 
• Among the evaluated models, GPT-4o mini achieves the best performance, demonstrating superior 

generalization and solution quality compared to the other LLMs.
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Conclusion
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■ Propose a new LLM-guided attention bias for model fine-tuning to enhance the generalization capabilities of neural 
combinatorial optimization models. This attention bias is automatically designed by LLMs, which are used to augment 
any attention-based NCO models for better performance on large-scale problems. 

■ Develop an efficient fine-tuning process that leverages training on instances of varying sizes. This method improves 
the model’s flexibility and solution quality by incorporating LLM-generated attention bias, allowing effective 
generalization to larger and more diverse problem instances without altering their architecture. 

■ Our proposed method can achieve state-of-the-art performance in solving the TSP and CVRP across various scales 
and also generalizes well to solve real-world TSPLib/CVRPLib problems. 

Our contributions:

Future directions:

■ We could explore diverse LLM architectures, adapt to VRPs with complex constraints and other 
combinatorial optimization problems to improve scalability and efficiency, enhance interpretability for 
decision support, and benchmark against traditional heuristics to expand the applicability and 
effectiveness of LLM-powered neural solvers. 



CONTACT US 
FPT Software AI Center,

10 Pham Van Bach Street, Dich Vong Hau Ward,

Cau Giay District, Ha Noi City, Vietnam

 

Contact Person: Dr. Hoang Thanh-Tung

Email: htt210@gmail.com

 

26


