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The outbreak of  
reasoning models



" If you place n points in the euclidian plane, what is the maximum 
number of pairs of points that can be exactly distance 1 apart? "

P. Erdös Unit Distance Problem

Conjecture:  ?n1+o(1)

https://patrimoine.ihp.fr/item/3601

Before 2022 After 2022
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YES 

• To guide Large Language Models (LLMs) 
• by hinting 
• by discussing  
• by building environments  

• To review the generated proofs

Are humans still useful?
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Can it be automated?
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Formalizing mathematics
Write definitions:  
Peano natural numbers 

Write functions: 
addition 

Write lemmas, 
and prove them using 
tactics
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Specialized models
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Category    Subcategory    Test    Valid 

IMO                         20       20 
AIME                        15       15 
AMC                         45       45 
Other       Algebra         88       88 
            Number Theory   68       68 
            Induction        8        8 

Total                      244      244

One morning each member of Angela's family drank an 8-ounce mixture of co!ee with milk. 
The amounts of co!ee and milk varied from cup to cup, but were never zero.  
Angela drank a quarter of the total amount of milk and a sixth of the total amount of co!ee. 
How many people are in the family? 

mathd_numbertheory_227
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Fig. 1. Translations of MiniF2F to Rocq, experimental results. For stages 2 and 3 we
indicate the number of attempts in parenthesis.

– Stage 2: Multi-turn with errors. The model can interact up to three times
with the theorem provers. Each new try incorporate the previous unsuccessful
attempts and the error messages. In this stage we used Claude 3.5 Sonnet
and o1 mini.

– Stage 3: Refined prompt. We focus on Claude 3.5 Sonnet. The prompt is
refined to address common errors related to complex numbers, finite sums or
products, prime numbers, the floor function, and typing issues. We increase
the number of attempts to 6, and then 24.

Results The cumulative results of each round are presented in Figure 1. We
observe that with basic one-shot prompting, we translate 68% of the dataset
requiring the use of the most advanced model o1. Stages 2 and 3 illustrate that the
LLM can leverage successfully previous attempts. At the end of our experiments
only 10 theorems (2% of the dataset) remains untranslated.

To validate our results, we asked an expert to compare the Rocq translations
with the original Lean formalizations of a random sample of 50 theorems. The
expert found 6 discrepancies, but after inspection, the Rocq translation is also a
correct formalization of the informal natural languages description of the problem.

Discussion We successfully used state-of-the-art LLMs to translate the MiniF2F
dataset to Rocq. However, while the translations are valid Rocq statements, it is
possible that the resulting formalization makes the proof more challenging than
in the other proof assistants. We leave for future work a complete audit of all
the theorems by experts Rocq users to mitigate this issue, but we believe that
our work is a already a significant step forward.

J. Viennot, G. Baudart, E. Gallego Arias, M. Lelarge

Can general models write in Rocq?
MiniF2F dataset
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+ 
Reinforcement Learning
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Agents
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What are agents?

Goal

LLM agent: 
• reasons 
• plans 
• uses tools (browser, 

code editor, super-
vises databases, ...)

Action Observation

Classical LLM: 
• one question = one answer 
• no internal state 
• no e!ects outside of the conversation 

LLM agent: 
• one goal leads to a sequence of actions 
• maintains context overtime 
• creates files, writes code,  

searches on the web, ...



Agents on Putnam 2025Numina-Lean-Agent

Claude Code

Numina-Lean-MCP
Lean-LSP-MCP LeanDex

Informal Prover Discussion Partner

/-- The sum of the first n squares formula -/
theorem sum_of_squares (n : ℕ) :
(∑ i in Finset.range (n + 1), (i : ℚ)^2) =
n * (n + 1) * (2 * n + 1) / 6 :=

/-- The sum of the first n squares formula -/
theorem sum_of_squares (n : ℕ) :
(∑ i in Finset.range (n + 1), (i : ℚ)^2) =
n * (n + 1) * (2 * n + 1) / 6 := by

induction n with n ih
· simp
· rw [Finset.sum_range_succ, ih]

field_simp
ring

Simplify rational expressions with polynomials

Prove the sum of squares formula for the first n
natural numbers: 0² + 1² + 2² + ... + n² =
n(n+1)(2n+1) / 6

Detailed Proof:
1. Base Case: n = 0 Left-Hand Side (LHS) = 0² = 0.
Right-Hand Side (RHS) = [0(0+1)(2*0+1)] / 6 = (0
* 1 * 1) / 6 = 0. LHS = RHS. The base case holds.
2. Inductive Hypothesis (IH) Assume that…

The ring tactic is failing. What’s missing?

Apply field_simp first. You need to clear the
denominators before ring can solve the polynomial.

Figure 1. Overview of Numina-Lean-Agent, an agentic formal reasoning framework built on Claude Code and Numina-Lean-MCP. The
agent autonomously selects and invokes specialized reasoning tools to handle diverse queries.

score on Putnam-2025. These systems highlight the growing effectiveness of agentic proving systems. Despite their strong
performance, existing agentic proving systems exhibit several limitations: (1) They rely on task-specific reasoning pipelines
that are explicitly designed and often coupled with extensively trained formal provers, which can limit their extensibility to
new tools or domains. (2) Most systems are closed-source and provide limited implementation details, making it difficult for
the broader community to reproduce and extend their work.

In this paper, we propose a paradigm for building a formal math reasoner based on a general coding agent, which is motivated
by three reasons: (1) Coding agents provide a native interface for diverse proof engineering tasks beyond proving. (2) It
allows for the flexible replacement of underlying base models to enhance reasoning capabilities without any training. (3).
Integration of MCP enables the plug-and-play extension of specialized reasoning tools and the model can autonomously
invoke them based on the specific query. Following this paradigm, we propose Numina-Lean-Agent, which consists of
Claude Code and Numina-Lean-MCP for providing diverse reasoning tools. Specifically, Numina-Lean-MCP integrates
several core components. It includes Lean-LSP-MCP (Dressler, 2025) 2 for agentic interaction with the Lean theorem prover.
To provide relevant background knowledge, we develop LeanDex for semantic retrieval of related theorems and definitions
from Lean libraries such as mathlib. An Informal Prover (Huang & Yang, 2025) is used to generate detailed informal proof
solutions, while a Discussion Partner tool enables querying external language models to assist in reasoning and planning.
Together, these components make Numina-Lean-Agent a general and powerful formal mathematical reasoning system.

Using Claude Opus 4.5 (Anthropic, 2025) as the base model, Numina-Lean-Agent successfully solved all 12 problems in
the Putnam 2025, achieving state-of-the-art performance. This result matches the closed-source system AxiomProver and
surpasses Harmonic’s Aristotle (Achim et al., 2025) by two problems. We report all solutions along with their computational
costs and proof lengths in Section 3. Notably, on certain problems such as Problem-B1, Numina-Lean-Agent produced
remarkably concise proofs than AxiomProver and Seed-Prover 1.5. Beyond standard automated proving, Numina-Lean-
Agent serves as a general mathematical reasoning system, enabling mathematicians to engage in interactive ”vibe proving”.
We demonstrate this paradigm by collaborating with human experts to formalize the Brascamp-Lieb theorem, with the
details of the interactive process reported in Section 4.

2. Numina-Lean-Agent
2.1. Overview

As shown in Figure 1, Numina-Lean-Agent is an agentic formal theorem proving framework built upon Claude Code and
Numina-Lean-MCP. Functioning as an autonomous agent, it can dynamically select and invoke the appropriate reasoning

2https://github.com/oOo0oOo/lean-lsp-mcp

2
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What do  
agents need?

coq-lsp

Flèche >$-&

petanque / pytanque

rocq-mcp

LLM4Docq

Tacq

Crrrocq

Babel

NLIR



Interacting with Rocq 

• Document manager for Rocq 
• Incremental proof checking 
• Rocq state memoisation 
• Serialization / deserialization toolsTheorem Sn_le_Sm__n_le_m : forall n m, 

  S n <* S m -& n <* m. 

intros n m H. 
inversion H as [H0 | n' H0].  
-   apply le_n.

Decorated document

Rocq Interpreter

Flèche

next goal

next statestate code

edit

Editor / LSP

Editor / LSP

apply le_n.

Memoize states

Rocq document
in progress

User interface

• Flèche with the Langage Server  
Protocol 

• Add PL support to modern IDEs 
• Continuous real-time checking for  

rocq document

• Document edits are too expensive 
• Too many LSP communications  

per step 
• Direct access to proof state and  

tactic engine

• Tool integration with  
state-of-the-art LLMs 

• Expose multiple tools

Flèche 

coq-lsp Petanque

rocq-mcp
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Tacq:  
importance of context for LLMs
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Overview



Extracting notations in Rocq

!"

How to di!erentiate them?
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Rocq interpreterModified

[…]

Code

Interpreted  
notations

Code with  
notations replaced

. . .

Type-  
checking

. . .Type-checked 
code

Notations  
interpretation

19

Extracting notations in Rocq



MathComp: library of ~15,000 mathematical theorems in Rocq 
→ use LLMs to annotate the library

LLM4Docq: generating docstrings

20



MathComp: library of ~15,000 mathematical theorems in Rocq 
→ use LLMs to annotate the library

Results 
• 2 iterations over MathComp   
• 20,000 objects annotated  
• 600 annotations reviewed

82% 15% 3%
acceptable need improvement incorrect

48%32% 20%
inconsistenciestoo verbose missing elements

21

LLM4Docq: generating docstrings



• Pass@k:   k ∈ {1, 4, 8, 32}

probability of one success among k generated samples

Example: pass@4

tac1

tac2

tac3

tac4

tac1

tac2

tac3

tac4

• Configurations:       G   —   G + D + L   —   G + D & N   —   G + D & N + L

22

n : nat 
fact_div : 
n %| factorial n  

0 < n

Inductive nat : Set :" 
  | O : nat 
  | S : nat -$ nat. 

Fixpoint factorial n :" 
  if n is n’.+1 then n * factorial n’  
  else 1.

Notation "m %| d" :" (dvdn m d) : nat_scope. 

Notation "m < n" :" (leq (S m) n) : nat_scope.

This is an inductive type 
representing the set of 
natural numbers, … 

This definition computes 
the factorial of a natural 
number, …

This notation provides a 
symbol for the 
divisibility relation … 

This notation represents 
the 'strictly less than' 
comparison …

Example:

Experiments
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Results

1. Bigger models benefit the most 
from additional context


2. Smaller models seem to lack 
sufficient ability to use the context


3. Qwen3 models: trained with 
mathematical and coding tasks 

→ may explain their overall good 
performance 

Is the generated tactic valid? 



Back to Putnam 2025: 
do models know their needs?



25https://tristan.st/blog/opus_4_6_formal_proofs
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MiniF2F-Rocq > 95% 



Figure 3: Subagent efficiency. Each bubble represents one subagent (141 total, filtered to those with
>10 tool calls). Position: tokens consumed vs. tool calls (both log scale). Size: duration. Color:
problem assignment.

Table 4: Token economics.

Category Tokens % Cost % Cost
Input <1M 0.0% $3 0.1%
Output 16M 0.9% $1,217 23.1%
Cache creation 72M 3.8% $1,345 25.5%
Cache read 1,809M 95.4% $2,714 51.4%

Total 1,897M 100% $5,279 100%

Sharp diminishing returns. The first 5 problems consumed a small fraction of total tokens; the
remaining 5 consumed the vast majority (Figure 2). Table 5 details the budget distribution across
difficulty groups.

Active time vs. wall-clock. Only 17.7h of the 51.6h wall-clock was active compute. The remaining
33.8h consisted of 7 inactivity gaps caused by API rate limits and user absence.

5 Discussion

The compile-first paradigm. On the Putnam 2025 problems considered here, the compile-first
strategy was sufficient: the compiler provides precise error messages, and the agent can write and
revise complete proof files in a single pass. Interactive stepping was only useful for debugging
specific subgoals, not for proof discovery. This aligns with our miniF2F findings: 81% of proofs
succeeded without any interactive tools. Whether this holds for more complex formalization tasks
involving large libraries remains an open question.

Cost efficiency. Prompt caching reduced costs by 5.6⇥. The sharp scaling wall, where unsolved
problems consume disproportionate resources, suggests that better difficulty estimation and early
termination could significantly improve cost efficiency.

Formalization quality matters: the A3 case. Problem A3 is a combinatorial game: two players
alternate moves and the player with no legal move loses. The initial autoformalization modeled

6
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Table 1: Per-problem results. Lines = lines of Rocq code. Time = wall-clock from experiment start to
successful compilation. 3 = exploited a loophole in the A3 formalization (later fixed by the agent).
Bold None = fully constructive (zero axioms).

Problem Status Lines Time Axioms Domain
A1 3 305 51m classical Number theory
A2 3 308 1h 33m Reals Real analysis
A3 3 110 1h 07m None Combinatorics
A4 3 531 4h 58m Reals Linear algebra
A5 7 2294 – – Enum. combinatorics
A6 3 897 19h 56m None Number theory
B1 3 570 1h 48m Reals Geometry
B2 3 513 5h 13m Reals Real analysis
B3 3 439 15h 21m None Number theory
B4 3 414 3h 46m None Combinatorics
B5 3 1455 46h 01m None Number theory
B6 7 1160 – – Analysis

2.3 Experimental Protocol

The Putnam 2025 problems were autoformalized from Numina’s [Project Numina, 2025] and Ax-
iom’s [Axiom Math, 2025] Lean versions, combined with natural-language statements from the
Putnam archive [Kedlaya]. Each problem is a standalone .v file containing definitions and a Theorem
putnam_2025_XX : ... Admitted. stub.

The experiment ran on a Docker container with Rocq 9.0, the rocq-mcp server, and large math libaries
(Coquelicot [Contributors, b], math-comp [Contributors, c], and math-comp-analysis [MathComp
Analysis Contributors]) installed. Web search was disabled. The user prompt was:

Launch an agent team with an expert mathematician, an expert computer scientist,

an expert in formal verification (Coq/Rocq), and a devil’s advocate. Your goal is to

solve the 12 theorems in this directory.

Claude Code (orchestrating Claude Opus 4.6) ran autonomously for approximately 3 days, with
human intervention limited to resuming sessions after container crashes and rate-limit pauses.

3 Results

The agent solved 10 of 12 problems, producing a total of 5,542 lines of verified Rocq code (Table 1).
However, the A3 proof exploited a loophole in the problem formalization rather than proving the
intended mathematical statement; it was later fixed by the agent in a separate session (see Section 5).
Five proofs are fully constructive (A3, A6, B3, B4, B5): they use no axioms. The remaining solved
proofs use standard mathematical axioms (classical logic, Dedekind Reals).

4 Analysis

4.1 How effective are the MCP tools?

Across the experiment, the agent made 12,427 tool calls. The MCP tools accounted for approximately
30% of all calls, with rocq_compile being the dominant verification method (Table 2).

Compile-first confirmed. Every successful proof was ultimately verified via rocq_compile or
direct coqc invocation. The compile-iterate loop (write proof ! compile ! fix errors ! repeat) was
the universal workflow. Across all problems, compile success rates ranged from 46% (A1) to 58%
(A3), with a median of ⇠50%, meaning roughly half of compilation attempts produced errors that the
agent then fixed.

rocq_auto_solve is insufficient for Putnam. Standard automation never solved a Putnam problem:
these require non-trivial mathematical insight, not tactic search. However, rocq_auto_solve

3

Results

https://github.com/LLM4Rocq/Putnam2025-Rocq
Figure 1: Cumulative problems solved over wall-clock time. Solid green segments indicate active
compute; dashed red segments indicate inactivity (API rate limits or user absence). Shaded regions
mark the 7 detected gaps (>30 min). The first 4 problems were solved within 2 hours; B5 was not
solved until 46 hours into the experiment.

Figure 2: Cumulative problems solved vs. cumulative tokens consumed (log scale). The first 5
problems required ⇠100M tokens; the last 5 required ⇠10⇥ more, illustrating sharp diminishing
returns on harder problems.

remains useful for simpler problems because it provides a fast, zero-cost baseline before engaging
the LLM: it solves 53/244 (22%) of miniF2F-Rocq test problems.

All proofs were double-checked with rocq_verify. All 10 solved proofs pass verification with
only standard axioms (classical logic, Dedekind Reals, functional extensionality). However, the
module sandbox caused false negatives on two problems (A3, B1) where custom inductive types
could not unify across the module boundary. A two-phase strategy was later added to rocq-mcp [team]
to handle this case.

4
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Targeting the remaining problems

• B6: solved when given the Lean proof  

• A5: lead to the creation of a  whole library: 
mathcomp-eulerian

• Claude Opus 4.6 / 4.7 + rocq-mcp 

• exact correspondence with sections 1.4 and 1.6 of 
Stanley's Enumerative Combinatorics 

• 33 files ≈ 17,600 lines  

• following the style of mathcomp, the biggest 
mathematical library in Rocq



Proof agent: 
impact of good examples
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Distillation by error recovery

Goal: limit the number of calls to big models
Distillation: transferring knowledge from a bigger model to a smaller one

Big  
model

Run 1:

Rocq compiler 
error

Database of  
reparations

Database of  
proofs

a$empts / reparations
proof 
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Distillation by error recovery

Goal: limit the number of calls to big models
Distillation: transferring knowledge from a bigger model to a smaller one

Run 2:

Rocq compiler 
error

a$empts / reparations

Database of  
reparations

Database of  
proofs

proof 

Small  
model
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Introduction to embedding models
Question: can models represent meaning? 

The meaning is implicit in LLMs 

• The mouse ate the ... 

• Learning about the probability = learning about the meaning 
• Inside LLMs: words = vectors          turn language into geometry 

king - man + woman ≈ queen

cheese 
cat choose the most probable

Embedding models make the meaning explicit  
= they return vectors representing the meaning of a sentence
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Retrieving relevant examples

Embedding modelTexts

[ -0.7   !  0.3 ]

[  0.1   ! -1.2 ]

[ -1.3   ! -0.1 ]

Vectors

</>

Rocq  
examples

</>

</>

Current  
a$empt

?

?

? Successful proofs:  
• natural language description of the 

problem 
• Rocq statement of the problem 

Reparation examples: 
• Rocq compiler error 
• failing tactic 
• proof up until the failing tactic
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Results

Models: 
• Big             
• Small          
• Embedding 

: Claude Opus 4.6 
: gpt-oss-120b (running on one H100 GPU) 
: Qwen3-Embedding-4B 

Run 1 on miniF2F-valid, run 2 on miniF2F-test 

5 successful proofs examples + 
5 reparation examples at each error



Thank you!

Contact: jules.viennot@gmail.com
GitHub: h$ps://github.com/LLM4Rocq


