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Combinatorial Optimization (CO)
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Routing Problems Scheduling Problems

The logistics industry is worth over 10 Trillion USD! (Statista, 2025)

Solution: Reinforcement Learning (RL)
➔ Better solutions than traditional methods
➔ Fast and scalable solvers
➔ Less or no reliance on manual design

Problem: CO is NP-hard!

Goal 🎯: finding an optimal set of actions from a finite set of discrete objects



Vehicle Routing Problems (VRPs)
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Vehicle Routing Problems (VRPs) are NP-hard combinatorial problems with impactful applications in the wild

CVRP example from PyVRP

Example: CVRP (Capacitated Vehicle Routing Problem) involves finding the shortest path for vehicles 
with limited capacities → There are many extensions to this problem!
 

https://pyvrp.org/


Motivation: Foundation Models
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- Train K models for K task
- Easy
- (-) Generalization
- (-) Cannot finetune easily to new tasks

- Train a single model for all tasks
- Needs more data and care
- (+) Superior generalization
- (+) Can efficiently finetune to new tasks



VRP Variants
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Ingredient 1: Environment
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- We create an environment that can handle any number of features

- With hardware acceleration (GPU)

- Even on the same batch 
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Ingredient 2: Unified Representation

Global Features

Node Features

capacity

is_open

x

y

demand

tw_early

tw_late

Mixer Model

Decoding

Latent 
Space

h

Capacity 
Encoder

Type 
Encoder

Location 
Encoder

Demand 
Encoder

Time
Window
Encoder

Idea💡: we can 
think of routing 
problems as a 
composition of 
features!



Ingredient 3: Model
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1. We use a modern architecture with a Transformer Encoder with Pre-Layer Normalization 
(as in Llama, DeepSeek…)

2. We model global features with ad-hoc Global Embeddings



Ingredient 4: Training
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1. We use Mixed Batch Training to stabilize multi-task learning
2. Multi-task Reward Normalization further stabilized different reward scales (different 

tasks)



Ingredient 5: Finetuning
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- Problem: we have a new attribute outside of initial set we need to “expand our dictionary” 
(linear projections to embedding space)

→  Efficient Adaptive Layers (EAL): simple 💡 
1. Initialize new layer with previous weights and append 0 to new attributes
2. Finetune, fast!



RouteFinder: Final Recipe
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Results: In-distribution
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→ RouteFinder (RF) variants achieve SOTA results among learning methods



Results: Out-of-Distribution 
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OOD generalization is better compared to models trained on single task variants!



Results: Training Stability
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Mixed Batch Training (MBT) greatly improves convergence speed by aggregating gradients 
from multiple tasks



Results: Efficiency 
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# models # num parameters # total training GPU time

POMO (Single Task x 16) 16 28.2M 16 days

RouteFinder (Multi-Task x 16) 1 2.3M 1 day

Instead of specializing a model for one task among 16, our Foundation Model trained on all tasks a 
single unified model and significantly save resources!



Results: Finetuning with EAL
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- Few-shot finetuning to unseen attributes
- Efficient Adaptive Layers (EAL) converge much faster than creating new layers [1] → model has learned 

transferable knowledge to new tasks
- Also, much better than finetuning a specialized single-task model!

[1] Lin, Z., Wu, Y., Zhou, B., Cao, Z., Song, W., Zhang, Y., & Jayavelu, S. (2024). Cross-problem learning for solving vehicle routing problems. IJCAI 2024



Latent Space Analysis
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RouteFinder learns more complex relationships across tasks !
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Thank you!

Star us on Github⭐ Join AI4CO 🤝


