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errors, up to 32 attempts

Every LLM call in a run uses the
evaluated model.

* Question. The semantic layer mathematicians use (analogies, generalizations, cross-
domain bridges) is implicit. Does supplying it at inference time help, for which models?

* MathKG. 364 Mathlib-verified theorems and definitions linked by 9,434 typed edges in 8
relation types, inferred by an LLM over all node pairs.

full_system: KG + Mathlib

Oracle: best mode per problem
= union of the four modes

Protocol: pass@32 with
sequential, error-guided
refinement

A matched 2x2 (general vs.
specialized, 8B vs. 32B) plus a
reference model.

, _ Results: three findings from the controlled ablation
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writes Lean 4 proofs with error-guided refinement (pass@32). Finding 1: Specialization dominates augmentation Finding 2: Augmentation is capability-conditioned

* Ablation. 4 augmentation modes x 5 models: general vs. Lean-specialized provers at 8B and = rover onh = | [ sotved. miniFaF Qwen3 | Qwen3 | Goedel | Goedel | Sonnet
32B, plus Sonnet 4.6, on miniF2F (and two harder benchmarks for Sonnet). 80 | mmm with_ke 5 %8 ’ 8B 328 8B 328 4.6
o _ge . . o . - . I with_mathlib ] ? _ _ B _
* Specialization dominates augmentation. Lean fine-tuning adds 33-38 points of solve rate S | mmfull_sysiem ) s KG helps? (kg - PO) 2 14 | +14 3 7
in every mode; no augmentation mode adds more than 3. 3 323 s Mathlib helps? (ml-PO)| -2 0 -1 -2 6
C 40 _ ~ ~ ~
* Augmentation is capability-conditioned. KG context helps 8B models and hurts 32B 3 Synergy? (full - best) +1 16 14 27 +7
models and Sonnet. 00 L. =i Best fixed mode full |PO/ml| KG PO full
 The modes are complementary. Picking the best mode per problem solves 6-58% more oL HEm inlin

\ \
Goedel-8B

Sonnet 4.6 Scale sets the sign. KG context

helps at 8B (+2, +14) but hurts at
32B (-14, -3) and Sonnet (-7).

Specialization sets the
magnitude. The Lean-tuned
model gains more than its
general base at both scales.
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