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Abstract

Foundation Models (FMs) have demonstrated remarkable success in fields like

computer vision and natural language processing, yet their application to combinatorial

optimization remains underexplored. Optimization problems, often modeled as graphs,

pose unique challenges due to their diverse structures, varying distributions, and NP-

hard complexity. To address these challenges, we propose OPTFM, the first graph

foundation model for general combinatorial optimization. OPTFM introduces a scalable

multi-view graph transformer with hybrid self-attention and cross-attention to model

large-scale heterogeneous graphs in O(N) time complexity while maintaining semantic

consistency throughout the attention computation. A dual-level pre-training framework

integrates node-level graph reconstruction and instance-level contrastive learning,

enabling robust and adaptable representations at multiple levels. Experimental results

across diverse optimization tasks show that models trained on OPTFM embeddings

without fine-tuning consistently outperform task-specific approaches, establishing a new

benchmark for solving combinatorial optimization problems.

Key Insight & Architecture Overview

Why Foundation Models for CO?

Attention Backbone

Overview of our OPTFM framework
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• The First Graph Foundation Model proposed for Optimization

• Scalable multi-view graph transformer structure for MILP

• Dual-level self-supervised pre-training --- node-level & graph-level

Linear-scaling attention backbone

• Combinatorial Optimization (CO) problems are NP-hard and often modeled as graphs 

with complex, heterogeneous structures. Existing methods are task-specific and lack 

generalization.

• Our goal: Build a foundation model that learns universal representations for variables, 

constraints, and entire instances — enabling zero-shot transfer to unseen problems.

• Maintains O(N) complexity via linear 

attention across sizes;

• Layer-wise graph encoding

• Enable scale-transfer to over 10M 

nodes efficiently.

• Training time per graph with millions 

of nodes in several seconds.

Zero-shot Performance on Downstream Tasks

Dual-level training pipeline

• Node-level graph reconstruction

• Graph-level contrastive learning

• Random remove a% edges in each 

sub-graph;

• Reconstruct the sub-graph;

• Perform on the sub-graph (node) 

level, limiting the complexity.

• Pair-wise edge prediction;

• Perform on the graph-level, target on the graph embedding;

• On top of node-level pretraining;

• Complexity: O(K) depends on the sub-graph counts;

• Positive pairs: sub-graph sequences from the same graph;

• Otherwise the negative pairs;
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