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Our Goal: Bridge this gap
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{ Three Key Components of Prover Agent

I Lemma Generation via Informal Reasoning ' 2 Formal Proof Construction Guided by 3 Final Proof Synthesis Guided by

» Generate auxiliary lemmas Informal Reasoning and lterative Feedback Verified Lemmas and lterative Feedback

O Specific cases
O Potentially useful intermediate facts

» Not limited to subgoals of predefined
proof sketch

» Leverage the stronger mathematical ability  » Consider overall proof using the lemmas
of the informal LLM o Use only the verified lemmas

» Construct a formal proof using an » Allows bottom-up strategy construction

O Key difference from prior approachs informal proof as a guide even when the full plan isn't initially clear
» e.g. Problem: Show that n? + an is even > Iteratively refine the proof based on O Prior work: top-down approach requiring the
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« Mirrors how human mathematicians O Akin to how humans improve their understanding Lean feedback
typically work based on feedback

< Experimental Setup & ————————————— < Performance on Olympiad-Level Problems <
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Small Language Models . .
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InternLM2.5-StepProver + BFS + CG (Wu et al., 2024) Tree search 7B 256 X 32 X600  65.9%
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 State-of-the-art performance among methods using SLMs X Proof strategy is unclear 15 evet hpets
v/ High success rate under low sample budget X The details cannot be worked out sufficiently

 Better performance than prior work through coordination

The full reasoning trace can be found in the appendix of our paper.
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