OptProver: Bridging Olympiad and Optimization through Continual Training in Formal Theorem Proving
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Takeaway: OptProver adapts an Olympiad-level step prover to undergraduate optimization by learning from verifier-confirmed search traces, then uses preference optimization to suppress valid but unhelpful tactics.
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Why not naive fine-tuning? Why step-level proving? Why preference learning?
Optimization proofs rely on domain-local definitions, convexity syntax, and algorithmic reasoning Search observes intermediate proof states and Lean diagnostics, so local feedback can improve lemma SFT learns valid tactics, but validity is not the same as utility. Preference data ranks verified proof-path
patterns that shift the tactic prior away from Olympiad proof search. choice, unfolding, rewriting, and tactic sequencing. actions above invalid or stagnant sibling branches.
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" Existing provers perform well on competition-style mathematics, but optimization = Search filters statements into tactics that are both correct and discoverable by the
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Ablation and Category-Level Gains
Observation. Naive SFT on textbook-style optimization data degrades OptBench performance relative _ \/_ DeepSeek-Prover-V2-7B 14.25 18.75
to the base prover, even after sequence-perplexity filtering. SFEFYERE=71E i Goedel-Prover-V2-8B  12.50 19.75 Where the gain comes from PW-DPO hyperparameter
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OptBench: 400 undergraduate optimization problems spanning basic facts, convex analysis, and OptP El+PW-DPO 36.25 54'25 fee(_jb_aCk_'S crucial for BFS P@32 36.36 44.44 16.67 +=1.00 36.00 54.00
algorithmic proofs. Expert-iteration traces have lower perplexity than textbook-style proofs and ptProver (El+PW- ) ' ' optimization proofs; whole-proof El P@32 49,59 60.00 40.97
better match the prover’s tactic distribution. OptProver (EI+PW-UAPO) 37.75 55.25 generation remains brittle in this PW-UAPO P@32 55.37 62.22 48.61 T=1.08 36.25 54.25
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= Usefulness: proof-path actions beat stagnant valid siblings in the same search tree. the model with domain-local updates
0.2 = Stability: PPL weights soften high-perplexity updates and protect general-domain definitions and rewriting conventions.
behavior. Mechanism. Standard DPO penalizes rejected actions uniformly. OptProver instead separates
0.0] . — . '“‘.rﬂﬂ_a_?)o invalid tactics from valid-but-stagnant tactics, then pushes probability mass toward verified, efficient

_ proof-path actions under the same search budget.
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