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Overview of our OPTFM framework

« Combinatorial Optimization (CO) problems are NP-hard and often modeled as graphs
with complex, heterogeneous structures. Existing methods are task-specific and lack
generalization.

« Qur goal: Build a foundation model that learns universal representations for variables,
constraints, and entire instances — enabling zero-shot transfer to unseen problems.
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Zero-shot Performance on Downstream Tasks
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| SCIP | RL-LNS | Pretrain:GCN | Pretrain:SGFormer | Pretrain:OPTFM | Gurobi
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