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ABSTRACT

Reliable autoformalization remains an elusive goal even in the era of large lan-
guage models (LLMs). Even the best LLMs struggle to translate natural language
into formal constructs in languages like Lean. High-quality data for formal the-
orem proving has been a key bottleneck given the resource costs associated with
manual curation and validation of these translations. On these lines, we intro-
duce INDIMATHBENCH, a human-verified benchmark designed to evaluate math-
ematical theorem proving, curated using an Al-powered human-assisted pipeline
for formalizing natural language problems in Lean. INDIMATHBENCH is com-
posed of 312 formal Lean4 theorems paired with their corresponding informal
problem statements, sourced from Indian Mathematics Olympiads. Our pipeline
uses category-based retrieval and a self-debug loop with feedback from a sym-
bolic checker to generate candidate formalizations. Multiple such formalizations
are generated using an ensemble of LLMs. These formulas are presented with
a summary to the human through an interactive dashboard. The dashboard en-
ables efficient validation and repair by the human. We analyze the performance
of several state-of-the-art models on INDIMATHBENCH, which will facilitate fur-
ther research on automated theorem proving. INDIMATHBENCH is available at
https://github.com/prmbiy/IndiMathBench.

1 INTRODUCTION

The formalization of mathematics, expressing informal reasoning in precise, machine-verifiable
logic, has been a long-standing goal in computer science and mathematics. A related task, aut-
oformalization, seeks to automatically translate informal mathematical statements and proofs into

formal representations (Wu et al., [2022; |Agrawa
vances in large language models and theorem-pro

I et al., [2022a} |Gadgil et al., [2022)). Despite ad-
ving frameworks such as Lean (Moura & Ullrich}

2021)), progress remains limited by the scarcity of paired informal—formal data.

Existing benchmarks for formal theorem prov-
ing are few and narrow in scope. The largest
Lean 4 benchmarks with Olympiad-level prob-
lems, MINTF2F (Zheng et al., 2022), drawn
from AIME, AMC, and IMO exams, and Put-
namBench (Tsoukalas et al., 2024}, from the
Putnam Competition cover only a small frac-
tion of the available competition mathematics,
totaling roughly a thousand problems. This
limited scale restricts comprehensive evalua-
tion of model generalization and reasoning ca-
pabilities.
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Moreover, as these popular sources increas-
ingly appear in large-scale pretraining corpora
(Jiang et al.| [2024), creating contamination that

Figure 1: A sample problem from INMO 2014
with its formalization in Lean 4

obscures genuine reasoning ability. Producing new benchmarks is further constrained by the high
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manual effort required: experts must formalize, annotate, and verify each problem in Lean, a process
that is both time-consuming and resource-intensive (Yu et al., 2025). As a result, progress in ATP
evaluation depends on developing scalable, high-quality, human-verified formal benchmarks.

To address these challenges, we introduce INDIMATHBENCH , a benchmark for automated theorem
proving built from Indian Mathematical Olympiad problems. Our benchmark contains 312 problems
spanning diverse mathematical domains, geometry, algebra, number theory, and combinatorics, each
paired with human-verified Lean 4 formalizations. A sample problem from INDIMATHBENCH is
shown in Figure We conducted systematic human verification of all formalizations, ensuring
high-quality ground truth for reliable evaluation.

Our key contributions are:

* A novel Lean 4 benchmark for formal theorem proving, created using LLM-assisted for-
malization and human verification.

* A Visual Studio Extension to improve human-AlI collaboration for Lean annotations.

* A formalization framework employing category-based retrieval and self-debug loop with a
Lean validator, and an ensemble of LLMs.

* An evaluation of frontier foundation models on their autoformalization capabilities.

2 RELATED WORK

Formal Theorem Proving Benchmarks. The evaluation of automated theorem proving systems
relies critically on curated formal benchmarks, yet existing resources remain limited in scale, di-
versity, and representativeness. The MINIF2F benchmark (Zheng et al., [2022), based on AMC,
AIME, and IMO competitions, and PutnamBench (Tsoukalas et al.|[2024), derived from the Putnam
Competition, have become standard datasets for assessing Olympiad competition-level mathemat-
ical reasoning in Lean 4. More recent benchmarks such as ProofNet (Azerbayev et al., 2023) and
FormalMath (Yu et al.|[2025) focus on undergraduate or textbook-style mathematics, providing com-
plementary but less challenging problem domains. While these resources have advanced systematic
evaluation, they remain narrow in both mathematical coverage and cultural scope, largely reflect-
ing Western curricula and competition traditions, where the focus is relatively less on geometry and
combinatorics style problems, and more towards analysis, algebra and number theory. Recent efforts
like FrontierMath (Collaboration, 2024) extend evaluation toward research-level problems but reveal
extremely low model success rates, underscoring the substantial gap between current benchmarks
and the diversity of human mathematical reasoning, but doesn’t support Lean.

Autoformalization. Autoformalization aims to translate informal mathematical language into
machine-verifiable formal logic (like Lean). Recent advances in large language models have sub-
stantially improved the ability to generate structured formal statements directly from natural lan-
guage (Wu et al., [2022; |Agrawal et al., 2022b)). Despite these advances, fully automated approaches
continue to struggle with semantic consistency, complex mathematical reasoning, and the domain
gap between natural language and formal specifications (Zheng et al., |2022; Welleck et al., 2022;
Kirtania & Iyer, [2025). Current methods struggle to preserve precise semantic details when translat-
ing natural-language problems into Lean, particularly in advanced domains, limiting the availability
of reliable formal reasoning benchmarks.

Another challenge is the evaluation of these autoformalization systems. Syntactic approaches like
BLEU score (Papineni et al.,|2002) do not consider the semantic distance between generations. Re-
cent methods like Generalized Tree Edit Distance (GTED) (Liu et al., [2025a) computes structural
similarity through operator trees, while Bidirectional Extended Definitional Equivalence (BEq) (Liu
et al.l 2025b) provides neural-symbolic equivalence checking. Both report high correlation with
human evaluations. Other methods include combining certainty and similarity scores through con-
trastive learning (Lu et al., |2024) or provide standardized quality assessment based on human repair
effort on a correction effort scale (0-4) (Jiang et al., 2023)). However, scalable evaluation remains
challenging, with manual expert verification being costly but necessary for establishing reliable
ground truth.

Human-AI Collaboration in Formalization. As human verification remains a necessity, other
Lean4 benchmarks like MINTF2F, PutnamBench and ProofNet use completely manual annotation
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Figure 2: Overview of approach for creating IndicMath dataset: Human is assisted by a multiple LLM anno-
tators. Each LLM generation is conditioned on the natural language and documentation, and goes through a
validation check by Lean. Errors are provided as feedback in subsequent iterations. The final generations from
all LLMs are summarized by an LLM in a dashboard to help optimize annotation efficiency.

for robust formalizations, the process is costly and non-scalable. However, the formalization of
research-level mathematics increasingly relies on human-Al collaboration that combine automated
translation capabilities with human expertise in both competition mathematics and theorem proving
languages (Cohen et al., 2023} [Yu et al., |2025). Process-supervised approaches use formal sys-
tem feedback to improve translation quality while reducing annotation requirements. These hybrid
methodologies outperform pure automation by combining human expertise for conceptual insights
with Al capabilities for pattern recognition and verification.

3 INDIMATHBENCH

INDIMATHBENCH contains 312 formalized problem

statements from Indian Olympiad problems. Each prob- gggerfg; Y Cougg
lem consists of an informal problem and an informal Algebray 92
proof (in English) of an Olympiad math problem, a Lean4 Set Theory & Combinatorics 45
theorem corresponding to that problem, and any nu- Number Theory 77
merical solution where applicable. The informal prob- Total 312

lems are compiled directly from the Regional Mathemat-
ical Olympiad (RMO) and Indian National Mathematical Table 1: Problem distribution by topic do-
Olympiad (INMO) examinations in India. Table [I] gives main in INDIMATHBENCH.

the number of problems covering various mathematical

domains namely geometry, algebra, number theory, and combinatorics. Figure [2]describes the over-
all human-AI collaborative procedure for formalization.

Diversity and Breadth. Compared to existing benchmarks like MINIF2F (Zheng et al., 2021),
which include a wide selection of high-school and early undergraduate mathematics problems (pri-
marily from AMC, AIME, and IMO), the INDIMATHBENCH focuses on problems from the Indian
Mathematical Olympiad system. These problems are drawn from national and regional competi-
tions in India, and are restricted to the high-school curriculum, covering algebra, number theory,
geometry, and combinatorics. Unlike MINIF2F, which incorporates problems involving topics such
as inequalities, calculus, or matrix algebra, INMO/RMO problems exclude calculus and typically
avoid higher-level abstractions.

Despite this narrower domain scope, INMO problems in particular demonstrate high internal di-
versity and depth. Many problems involve multi-step reasoning, uncommon constructions, and non-
standard techniques. For example, geometric problems often require diagrammatic insight combined
with multiple auxiliary constructions, while number-theoretic questions tend to involve clever use
of parity, bounding, or invariant arguments.

Problem Domains. INDIMATHBENCH problems are traditionally sourced from a fixed set of topics:
algebra, euclidean geometry, elementary number theory, and combinatorics. Calculus, set theory,
and linear algebra are not part of the official syllabus. This restriction makes the benchmark more



uniform in scope, but allows for deeper exploration of problem-solving within each domain. For ex-
ample, geometry problems frequently involve classical triangle centers (e.g., orthocenter, centroid)
or cyclic quadrilaterals, which require nontrivial formalization in Lean. Geometry problems which
are often under-represented by other datasets due to lack of representation in exams and the lack of
support in the Lean + Mathlib ecosystem (Song et al.,[2025). INDIMATHBENCH tackles these chal-
lenges head on by sourcing data geometry problem rich data and formalizing them without using
euclidean coordinate representation.

Formalization Effort. The formalization was done over the course of a month by two annotators
with prior experience in using Lean for formal proof writing. Every annotation was double checked
by the other human annotator. In case of disagreements over the style or correctness of the annota-
tions, the annotators discussed the theorem and came to a final answer. A common code style was
followed to make the entire problem be represented within a single theorem statement as possible,
and use similar constructions for similar concepts across the benchmark. Al was used extensively
throughout the process and we discuss that in depth in Section

Some problems (36%) in our set require solving for a value (rather than proving a statement). For
these cases, we rephrase the problems to prove for the particular solution similar to prior works like
MINIF2F, i.e. re-frame “solve Question Q for Solution X as a “prove Question Q iff Solution X”.
An example for such problem can be seen in Appendix [C] Each problem is expressed as a Lean
theorem with the proof term replaced by sorry. In Lean, sorry is a placeholder that allows
incomplete proofs to compile. There are other ways to formalize the problem in

4 AUTO-FORMALIZATION APPROACH

We present a scalable approach for using general-purpose LLMs to accelerate human annotation in
the formalization of mathematical problems. This approach, which we used to create INDIMATH-
BENCH, is general-purpose and built for reusability. Algorithm [I] presents the complete pipeline
from natural language problem statements to a final human annotation dashboard.

4.1 AUTOMATED FORMALIZATION GENERATION

In our initial evaluations of for autoformalization, the main deficiency observed was the poor quality
of formulas written in custom formal languages. Models often hallucinate non-existent imports,
mix syntax from other theorem provers (including Lean 3), and produce ill-formed code. Providing
access to library snippets and documentation as feedback notably improves formula correctness,
especially for geometry problems where mathlib lacks many competition-level constructs. This
inability to consistently follow formal syntax motivates a structured process with documentation
access and iterative feedback.

Algorithm [T] presents the pseudocode for our overall pipeline from problem to human-evaluable
dashboard, comprising three key steps: (a) category-based retrieval, (b) iterative refinement with
compiler feedback, and (c) multi-model ensemble generation with comparative analysis. All
prompts can be found in Appendix [C.3}

Step 1: Category-based Retrieval. LLMs often fail to import correct modules or use proper
notation in Lean. To mitigate this, we augment prompts with automatically curated mathlib docu-
mentation. As described in Procedure PreProcess (Algorithm [I)), each problem in the dataset
‘P is labeled, using an LLM with human verification, into each one of the four categories listed in
Table [I We sample 25% of problems per category and use a Claude Sonnet 4-based agent with
bash access to the mathlib repository. The agent explores relevant library code and extracts key
definitions and formulas, forming a static context for each category. This context anchors the model
with domain knowledge within each category, preventing hallucinations and syntax errors.

Step 2: Iterative Refinement with Error Feedback. Figure 2] illustrates our main formaliza-
tion loop (Procedure Formalize). For each problem p, the LLM generates a formal theorem f
conditioned on the corresponding static context. For “solve”-type problems, we also provide the so-
lution and ask the LLM to generate a verifying theorem. The output is then compiled in Lean 4 via
ValidateInLean; any parse or type errors are extracted and fed back to the model for correction.
This refinement continues for up to six iterations, yielding syntactically valid Lean formalizations
for 95.3% of problems.



Algorithm 1 LLM-Based Autoformalization of Mathematical Problems

1: procedure FORMALIZE(p, Model) 1: procedure PREPROCESS(P, Categories)
2: > p: problem description in NL. ~ 2: > P is a set of problems
3 ctat < p.Cat.Ctxt 3: for all p € P do
4: f < MODEL(p, ctat) 4: p.Cat < Label(p, Categories)
5: fori =1to 6 do 5: end for
6: errors <— VALIDATEINLEAN( f) 6: for all cat € Categories do
7 if errors = () then 7: cat.Samples < Sample(P, cat)
8: break 8: cat.Ctxt < Retriever(cat.Samples)
9: end if 9: end for
10: feedback < PARSEERRORS(errors) 10: end procedure
11: f < MODEL(p, ctxt, f, feedback) 11: procedure POSTDISPLAY(p)
12: end for 12: F<«—{}
13: return f 13: for all model € ModelList do
14: end procedure 14: F.Add(FORMALIZE(p, model))
15: procedure MAIN(P, Categories) 15: end for
16: PREPROCESS(P, Categories) 16: summary <— MODEL(F,p)
17: POSTDISPLAY(p) forp € P 17: return F, summary
18: end procedure 18: end procedure
inmo_2013.1 «—Navigation :4’
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Figure 3: The Annotation Dashboard for the human expert to analyze various ranked options, modify
and validate the final entry.

Step 3: Multi-Model Ensemble and Comparative Analysis. Finally, as outlined in Proce-
dure PrepDashboard, each problem p is formalized by 12 state-of-the-art models (GPT, Claude,
and reasoning variants). This ensemble provides redundancy against model-specific errors, supports
comparative evaluation, and increases the likelihood of a correct formalization. The aggregated out-
puts are then summarized by GPT-5, which ranks models by correctness, completeness, and faith-
fulness to the problem statement. While this multi-model setup aids evaluation (Section [5.1)), the
same process can be used for multiple generations of a single model, analogous to self-consistency
(Wang et al.| 2023).

4.2 HUMAN-AI COLLABORATIVE ANNOTATION DASHBOARD

We develop a Human—AlI collaborative dashboard, as illustrated in Figure 3] that enables efficient
expert review of formalizations generated by large language models (LLMs). The interface consol-
idates all model outputs, validation results, and automated quality assessments into a single inter-
active workspace, allowing human annotators to efficiently evaluate and refine candidate formaliza-
tions.



The dashboard integrates compilation and diagnostic feedback similar to the VS Code Lean ex-
tension, allowing experts to compile any candidate directly and view precise error traces. It pri-
oritizes displaying verified results—those that successfully compile and satisfy basic correctness
checks—while still providing access to failed attempts for comprehensive analysis.

LLM Summaries. A distinctive feature is the inclusion of Al-generated summaries computed via
the summary variable in Procedure PrepDashboard. These summaries synthesize insights across
model generations, highlighting shared errors, missing conditions, and promising candidates. This
guidance allows experts to focus their attention on genuinely ambiguous cases rather than routine
validation, significantly reducing cognitive load. Annotators can also merge partial outputs—for
example, incorporating a missing condition from one formalization into another—to efficiently pro-
duce the final, correct formula. Figure[/|shows a direct example of such a speed up.

We release this dashboard as an open-source VS Code extension for broader community use. Beyond
our benchmark, it can support both informal-to-formal and formal-to-formal annotation tasks across
diverse languages, facilitating scalable and high-quality dataset creation.

Human Guarantee. Although the benchmark is constructed through an elaborate Al pipeline, all
312 theorems in INDIMATHBENCH are manually verified for both correctness and stylistic qual-
ity. Every theorem is rechecked by the other annotator. Annotators observed that many generated
formalizations, while valid Lean code, often omit important details of the original problems. Most
annotations required editing at varying levels. Appendix illustrates the necessity of human
oversight in creating robust benchmarks, showing an example where a minor error leads to an incor-
rect autoformalization.

4.3 ANNOTATOR EFFICIENCY STUDY

We conduct a small controlled study to evaluate the impact of LLM-generated candidates and group
comparison summaries on informal to formal annotation efficiency for our case. The study compares
three workflow settings:

1. Full System provides candidate generations, automated summary notes, and a human-in-the-loop
dashboard. This is our proposed system.

2. Masked Candidates provides the dashboard with all candidate generations, but model identities
are hidden and no summary notes are provided, simulating how much help multiple formaliza-
tions can give even without having an LLM group critique parts over a manual workflow.

3. Manual Formalization provides no LLM-generated content a-priori.

We asked a Lean formalization expert to formalize three 200
sets of 12 RMO problems each (one set from each of 2 hrs 52 mins
three consecutive years, for a total of 36 problems). This
design ensures consistent question styles within each set
while providing coverage across problems with similar
difficulty. A single annotator formalized three sets across
each workflow setting. The annotator is allowed full in-
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ternet and any Al Assistant access throughout every set- *
ting. We record the total time spent and the number of
problems successfully formalized for comparison. All 36 ° Sy cMasked - Manual
formalizations were independently double-checked by a
second annotator and verified to be correct. Figure 4: Annotation time for 12 RMO

Figure [] compares annotation times across the three problems under the three workflows

workflow variants. Manual formalization required an av-

erage of 14 minutes per problem, comparable to PutnamBench’s 25 minutes and MINTF2F’s 10
minutes. Using only multiple masked LLM-generated formalizations reduced this to 9 minutes per
problem (a 1.6x speed-up), primarily because the annotator no longer needed to construct problem
structures from scratch, and only verify and selectively edit partially correct generations. In contrast,
much of the manual effort was spent navigating the mathlib library. With the full system, the aver-
age time dropped further to 4 minutes per problem—3.5x faster than manual formalization and 2.2x
faster than the multi-generation variant. The annotator noted that when the top-ranked generation in



Model BEq GTED #GTED Compile uaeonet gemini2 510
Mean >0.9 Success
(312) (over 312) (312) (312) @ a0 v
Claude Opus 4 67 0.51 138 243
Claude Sonnet4 54 0.42 103 215 ’

Gemini2.5Pro 44 024 58 151 ‘
GPT5 36 048 124 235 )
03 (high) 30 046 119 205

GPTA4.1 33039 9 120

Table 2: Comparing models across BEq, GTED mean, Figure 5: Venn diagram for BEg-passing
# of samples with a GTED score >0.9, and compilation  problems for three different leading mod-
validity counts. GTED scores range from 0-1, higher ¢Js.

value meaning better similarity.

the summary contained errors, the summary usually identified them, and the correct fragment was
usually found in another generation. Figure[7illustrates this speed-up in practice using a direct case.

5 EXPERIMENTAL RESULTS

5.1 AUTOFORMALIZATION EVALUATION

Setup. As described in Sectiond.T] we generate candidate formalizations, given a natural language
problem statement, across 12 different general-purpose frontier LLMs. These include Claude Sonnet
4, Claude Opus 4, 03 (high), GPT-5, and Gemini 2.5 Pro, among others. Here, we aim to measure
how semantically close the generated formalizations are to the final human annotated formalizations.

Evaluation Metrics. Evaluating autoformalization quality presents unique challenges due to the
rigorous logical nature of formal mathematical statements, where seemingly minor syntactic varia-
tions can alter meaning. To provide a comprehensive assessment, we employ two complementary
evaluation metrics that have demonstrated high inter-annotator agreement with human evaluations.

* Bidirectional Equivalence (BEq) (Liu et al.| 2025b) evaluates logical equivalence by attempting
to prove each theorem using the other. Given two Lean 4 theorems in sorry-format, theorem A
and theorem_B, BEq employs a diverse set of heuristic and LLM-guided tactics to establish
proofs in both directions. The formalization is deemed correct only if both directional proofs
succeed, ensuring true logical equivalence rather than superficial syntactic similarity.

* Generalized Tree Edit Distance (GTED) (Liu et al., [2025a) measures syntactic similarity by
representing Lean theorems as operator trees and computing the normalized cost of transform-
ing the candidate theorem into the human-annotated ground truth. Scores range from 0O to 1 per
comparison, with higher values indicating greater structural correspondence.

These metrics are contrasting in their approach: BEq captures semantic equivalence through the
Lean proof engine’s logical reasoning capabilities, while GTED quantifies syntactic structural simi-
larity through tree transformations. This complementary evaluation framework provides both logical
validation and structural analysis, offering a complete assessment of autoformalization quality.

For our evaluation, we use Claude Sonnet 4 (temperature 0.7) with pass@1 for BEq calculations,
deviating from the original implementation’s use of InternL.M (Ying et al., 2024)). All other imple-
mentation details follow the original specifications.

Results. Table 2] depicts the models evaluated against the BEq and GTED metrics. The model
Claude Opus 4 does best across metrics. Figure [5|depicts the overlap on the benchmarks that Claude
Opus 4, Gemini 2.5 Pro and GPT-5 solve (based on BEq metric). This shows that the models have
certain complementary abilities and justifies our ensemble approach. In 160 of the 312 problems, at
least one generation passed the BEq check, i.e. for 51.2% of our dataset an LLM had formalized the
problem equivalent to ground truth annotation. Another notable detail is that among the three mod-
els, Claude Opus 4, Gemini 2.5 Pro and GPT-5, with a camulative BEq passing for 108 problems,
only 12 were from Geometry. This highlights the LLM’s difficulty with using Mathlib’s lacking



Success Rate pass@1

Lean Compilation Pass Rate

Model 7S (%) DoctFB (%) Model Sln%\e/:[gurn IOI'IM\];ns 10 l’[)\l;rns
Claude Opus 4 4.1 74.5

GPT-4.1 0/312 - -
GPT-5 30.5 71.4 .

03 (medium) 1/312 - -
Claude Sonnet 4 3.6 65.4

3 (high) 71 632 Claude Sonnet 4 1/312 4/312 -

0> (g : : Gemini 2.5Pro  0/312 12/312 -
Gemini 2.5 Pro 3.8 442

GPT-5 1/312 36/312  42/660

Table 3: The percent of Lean-validated
formulas generated by the different
models in zero-shot (ZS) setting and in
the setting with documentation (Doc)
and feedback (FB) loops.

Table 4: Success Rates, all pass@1, of various frontier
models on INDIMATHBENCH. Success Rates here re-
fer to Lean Verifiable proofs submitted by the models.
IMB: INDIMATHBENCH, PB: PutnamBench

support for Olympiad style geometry. Appendix |B|discusses specific insights from different models
in greater detail.

5.2 INDIMATHBENCH TECHNIQUE EVALUATION - ABLATIONS

Ablation for Context and Feedback: We compare our Formalize procedure (Algorithm|[I)) against
a zero-shot baseline that generates Lean 4 formulas without additional context or iterative feedback.
Table [3] reports the percent of problems (312 total) successfully formalized (i.e., passing Lean val-
idation) for both approaches across multiple state-of-the-art language models. We note here that
this is only a syntactic notion of theorem correctness, which is necessary, but not sufficient, for full
correctness. The results demonstrate that error feedback and documentation retrieval consistently
improve success rates across all models. Claude models show particularly notable improvement,
starting with low initial compilation success but rapidly refining through available Lean environ-
ment knowledge and retrieval context. We use the documentation + feedback generations for our
final annotations and evaluations. Additional ablation details are provided in Appendix

5.3 AUTOMATED THEOREM PROVING EVALUATION

We measure the difficulty INDIMATHBENCH poses to frontier general purpose LLMs for formal
theorem proving, by testing them for completing the theorem statement with a valid proof. We eval-
uate success rate in single-turn and 10-turn settings with Lean compiler feedback. All results are
reported on pass@ 1 metric. We carry out these evaluations across the best frontier models available
to us, Claude Sonnet 4, GPT-5, GPT-4.1, 03 (medium), and Gemini 2.5 Pro, at default parameters.
In single turn mode, only one problem was solved (inmo_2015_5, requiring Mathlib’s pitot_theorem)
by Claude Sonnet 4, GPT-5, and 03 (medium) each, across the 312 strong INDIMATHBENCH. With
10 turns and iterative refinement in a ReAct (Yao et al.,2023) like procedure, GPT-5 achieves 36/312
(11%) on INDIMATHBENCH and 42/660 (7%) on PutnamBench, demonstrating comparable diffi-
culty between the two benchmarks. Notably, no geometry problems were solved by any model.
The multi-turn construction used here follows chain-of-thought based practices established in prior
systems (Chen et al., 2025} [Shen et al.l 2025} Ji et al.} 2025)). Detailed setup and results described in

Appendix [E|

6 CONCLUSION

We introduce INDIMATHBENCH, a new benchmark of human-verified Lean 4 formalizations for
Olympiad-level mathematics problems. The dataset is designed to evaluate the limits of large lan-
guage models in formal reasoning, where our comparative analysis shows that even frontier models
solve only a single problem in single-turn settings and reach just 11% success with iterative refine-
ment. These results highlight the substantial gap between current LLM capabilities and the rigor
required for formal mathematics, and the dataset complexity. To support progress in this direction,
we further present a structured annotation framework that leverages documentation retrieval, com-
piler feedback, and multi-model aggregation to streamline manual formalization. We release both
the dataset and an integrated VS Code dashboard extension as open resources to advance research
in neural theorem proving and autoformalization.
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A INDIMATHBENCH

Problem Domains. INDIMATHBENCH problems are traditionally sourced from a fixed set of
topics: algebra, euclidean geometry, elementary number theory, and combinatorics. Calculus, set
theory, and linear algebra are not part of the official syllabus. This restriction makes the bench-
mark more uniform in scope, while still allowing for deeper exploration of problem-solving within
each domain. However, the problems—especially from INMO—demonstrate remarkable internal
diversity and depth. For instance, geometry problems frequently involve classical triangle centers
(e.g., orthocenter, centroid) or cyclic quadrilaterals, which often demand nontrivial formalization in
Lean and combine diagrammatic insight with auxiliary constructions. Similarly, number-theoretic
questions tend to hinge on clever use of parity, bounding, or invariant arguments, reflecting the
benchmark’s emphasis on depth rather than breadth.

Underrepresented Domains. Domains like geometry, combinatorics, and counting are under-
formalized even in larger datasets (Zheng et al.l 2022} Tsoukalas et al., 2024} Song et al.| 2025}
Yu et al., 2025} [Ren et al., 2025). Another reason for selecting RMO and INMO for formalization
was their unique syllabus and domain compared to other exams around covered in literature.

RMO and INMO exams. The Regional Mathematics Olympiad and the Indian National Mathe-
matics Olympiad exams are held annually, and are used to select India’s most promising high-school
student. Students who pass the RMO qualify to take the INMO, which is a significantly more dif-
ficult national-level test. Students typically need to pass another exam before qualifying for RMO.
Around 7000 students qualify to write the RMO, and 1000 to write the INMO every year from all
over India.

A.1 EXAMPLE FORMALIZATIONS FROM INDIMATHBENCH

A.1.1 GEOMETRY PROBLEM FORMALIZATION

Consider the following problem statement:

In a triangle ABC, let D be a point on the segment BC such that AB + BD = AC + CD. Suppose
that the points B, C and the centroids of triangles ABD and ACD lie on a circle. Prove that AB =
AC.

Its formalization in INDIMATHBENCH:

variable {V : Typex} {P : Typex} [NormedAddCommGroup V]
[InnerProductSpace R V] [MetricSpace P] [NormedAddTorsor V P]

theorem inmo_2014_1 (A B C D : P)
(hD : 3t : ROt ANt<1 AN D= AffineMap.lineMap B C t)
(h_sum : dist A B + dist B D = dist A C + dist C D)
(h_concyclic : Concyclic {B, C,
centroid R {A, B, D} id,
centroid R {A, C, D} id})
dist A B = dist A C := by sorry

A.1.2 SOLVE TYPE PROBLEM FORMALIZATION

There are other methods of formalization which do not include explicitly mentioning the final answer
in case of solve type problems (Tsoukalas et al.l [2024), however we only support the question
conversion type formalization in this release.

Consider the following problem description.

Suppose n > 0 is an integer and all the roots of 2% + ax +4 — (2-2016™) = 0 are integers. Find
all possible values of a.

This is a problem that requires a solution. We assume a solution is given. For such cases, the formula
states that the given solution is actually correct.
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import Mathlib.Data.Int.Basic
import Mathlib.Algebra.Polynomial.Basic

open Polynomial

theorem inmo_2017_2 (n : N ) («a : Z )
(duvw: Z,
(X " 3 +Ca*« X +C (4 -2 % (2016 ~ n))
= (X-Cu » (X-Cv)  X-Cw)) >a=(-3:7Z) :=Dby
sorry

A.1.3 HIGH PRECISION REQUIRED IN FORMALIZATIONS

We list an example formalization where small differences in the theorem statement makes the en-
tire problem unprovable. The left was generated by multiple LLMs, and the right was the human
annotation after making the correction of using N+ to define positive natural numbers in Lean.

Natural numbers in the classical (informal) notation maths are denoted by the symbol N. Usually,
and in the context of this question, 0 is not included. However in Lean 4, N denotes the set of natural
numbers the begin with 0. This distinction plays an important role, since if m = n = 0, condition (b)
becomes “0 divides f(0) + f(0)”, which is undefined.

Such an error would not be bought up by the lean compiler and could slip by easily without careful
annotations.

Let N denote the set of all natural numbers and let f : N — N be a function such that
(a) f(mn) = f(m)f(n) for all m,n in N;

(b) m + n divides f(m) + f(n) for all m,n in N.

Prove that there exists an odd natural number k such that f(n) = nAk for all n in N.

import Mathlib import Mathlib
theorem inmo_2018_6 : theorem inmo_2018_6
vV (£ : N+ — N+), V (f : N —> N),
(Vmn : (Vmn :
N+, £f (m * n) = fm * £ n)— N, £f (m xn) = fm* £ n)—
(Vmn : (V m n
N+, (m+n) | (fm+ £ n))— N, m+n) | (fm+ £ n))—
(3 k : N, ks2=1A (3 k : N, k$2=1A
Vn: N+ fn=n"k) := by sorry Vn:N, £fn=n"k) := by sorry

B AUTOFORMALIZATION EVALUATION

Table 5] shows the BEq and GTED scores for all 12 models. Figure [6 shows the heatmap among
different models (y-axis) with respect to their GTED scores across the 312 comparisons, with a
lighter overall hue of what ratio of comparisons pass various thresholds (x-axis).

B.1 MODEL FAILURE MODES IN AUTOFORMALIZATION

Based on empirical evaluation using INDIMATHBENCH, a benchmark of 312 formally verified
Lean4 theorems from Indian Mathematical Olympiad problems, we analyze systematic failure pat-
terns across major model families in autoformalization tasks.

B.1.1 ANTHROPIC CLAUDE MODEL FAMILY

The Claude 4 series demonstrates the strongest overall performance in autoformalization met-
rics, with Claude Opus 4 achieving the highest BEq score (67/312) and compilation success rate
(243/312).
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Model BEq GTED #GTED Compile

Mean >0.9 Success
(312) (over 312) 312) (312)
Claude Opus 4 37 0.51 138 243
Claude Sonnet 4 36 0.42 103 215
Gemini 2.5 Pro 35 0.24 58 151
Claude Sonnet 3.7 32 0.29 64 171
Claude Sonnet 3.5 31 0.27 63 162
GPT-5 31 0.48 124 235
03_high 29 0.46 119 205
04-mini 29 0.32 73 165
GPT4.1 25 0.39 90 120
03-mini 21 0.35 84 142
GPT-40 10 0.27 59 101
ol-mini 7 0.34 79 44

Table 5: Comparing all 12 models across BEq, GTED mean, # of samples with a GTED score >0.9,
and compilation validity counts.

claude-opus-4

gpt-5

03_high

23ey Sse2INS

o
B claude-sonnet-4
41 ‘--------
03-mini ----------
gemini-2.5-pro ----------

TED Th reshold

Figure 6: Heatmap for GTED based on thresholds. Better models see a lighter hue.

Claude Opus 4. Claude Opus 4 leads across multiple evaluation metrics with 67 BEq-passing for-
malizations and 0.512 mean GTED score, representing the current state-of-the-art in mathematical
autoformalization. Characteristic strengths and limitations:

* Superior Semantic Accuracy: Achieves highest BEq logical equivalence with ground truth for-
malizations

» Compilation Reliability: 77.9% of generations compile successfully in Lean4

* [terative Refinement Capability: Shows dramatic improvement from 17 to 310 successful compi-
lations when provided with error feedback and knowledge base access

* Domain-Specific Challenges: Particularly struggles with geometry problems, contributing only 6
of 67 successful formalizations

Sample Claude Opus 4 autoformalization which is also semantically correct:

theorem inmo_2014_2 (n : N)
Even ((Finset.sum (Finset.range n)
fun i => |[(n : R) / ((1{ + 1) : R)]) + |Real.sgrt n|) := by
sorry
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Claude Sonnet 4. Demonstrates consistent performance with 54 BEq successes and more con-
servative formalization approaches, showing strong baseline capabilities with room for refinement.
Characteristic strengths and limitations:

» Strong Improvement with Support. Only 15 successful compilations without assistance, increases
to 272 successful compilations with knowledge base and feedback

o Structural Similarity: Achieves 0.419 mean GTED score, indicating reasonable syntactic accuracy

B.2 OPENAI GPT MODEL FAMILY

The GPT series shows varied performance across different model variants, with GPT-5 achieving
moderate success but significant challenges in zero-shot scenarios.

GPT-5. Despite being a one of the best general purpose model, GPT-5 achieves only 36 BEq suc-
cesses, demonstrating the complexity of mathematical formalization tasks. Performance analysis:

* Strong Zero-Shot Compilation: 127 successful compilations without assistance, highest among all
models

* Knowledge Base Responsiveness: Improves to 297 successful compilations with documentation
and feedback

» Semantic Gaps: Despite compilation success, only 11.5% achieve BEq semantic equivalence with
ground truth

* High Structural Similarity: 0.475 mean GTED score suggests good syntactic understanding

GPT-4.1. Shows the weakest overall performance among evaluated models, particularly in zero-
shot scenarios. Performance analysis:

* Poor Zero-Shot Performance: Only 58 successful compilations without assistance
* Limited Semantic Understanding: 33 BEq successes despite reasonable compilation rates
* Lowest Mean GTED: 0.392 structural similarity score indicates syntactic challenges

B.3 OPENAI O-SERIES MODELS

The 03 reasoning model demonstrates interesting patterns, showing strong zero-shot compilation
but moderate semantic accuracy.

03 (High Reasoning). Achieves balanced performance with distinctive reasoning-based approach
to formalization. Performance analysis:

* Strong Zero-Shot Reasoning: 92 successful compilations without documentation
» Improvement with Context: Increases to 263 successful compilations with knowledge base
» Semantic Accuracy Challenges: Only 30 BEq successes despite compilation strength

* Reasoning Overhead: Sometimes refuses to formalize when uncertain, as evidenced by responses
stating inability to find solutions

B.4 GOOGLE GEMINI

Gemini 2.5 Pro shows the weakest performance among frontier models, despite known for being
very good at informal mathematical reasoning (Huang & Yang| 2025 [Varambally et al.| |2025),
particularly struggling with Lean4-specific syntax and mathematical library integration.

Gemini 2.5 Pro Demonstrates significant challenges across all evaluation metrics with only 44
BEq successes. Performance analysis:

* Poor Zero-Shot Performance: Only 16 successful compilations without assistance
* Limited Improvement Capacity: Increases to only 184 compilations with full support system
* Lowest Semantic Accuracy: 14.1% BEq success rate among successful compilations
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o Structural Understanding Gaps: 0.236 mean GTED score indicates fundamental syntactic chal-
lenges

Gemini 2.5 Pro’s performance highlights how mathematical reasoning and formal notation in Lean
are two different tasks.

B.5 CROSS-FAMILY UNIVERSAL PATTERNS

B.5.1 ZERO-SHOT VS. ASSISTED PERFORMANCE GAP

All model families show dramatic performance improvements when provided with domain-specific
knowledge base and iterative error feedback, with improvement ratios ranging from 2.3x (GPT-5) to
18.2x (Claude Opus 4).

B.5.2 THEOREM PROVING VS. FORMALIZATION GAP

Despite varying formalization capabilities, all models achieve nearly identical theorem proving per-
formance on single turn, with only Claude Sonnet 4, GPT-5, and O3 (medium) successfully proving
a single theorem (inmo_2015_5) that relies on existing Mathlib theorems. However, over multiturn,
GPT-5 gives performance better than many finetuned (for Lean notation) models over PutnamBench
(Lin et al.} 2025; Wang et al., |2025).

B.5.3 GEOMETRY DOMAIN CHALLENGES

Across all model families, geometry problems present the greatest formalization challenge. Among
108 successful BEq formalizations from the top three models (Claude Opus 4, Gemini 2.5 Pro,
GPT-5), only 12 originated from geometry problems, indicating systematic difficulties with spatial
reasoning and coordinate-free geometric formalization.

B.5.4 COMPILATION VS. SEMANTIC CORRECTNESS

A consistent pattern emerges where compilation success significantly exceeds semantic correctness
across all families. Claude Opus 4’s 77.9% compilation rate yields only 21.5% semantic accuracy,
highlighting the challenge of generating syntactically valid but semantically incorrect formaliza-
tions. Example of a half incomplete formalization that passes Lean compiler:

—-— Typical geometry problem requiring complex formalization:
theorem triangle_centroid_property (A B C D : P)
(hD : 3t : R, 0 <t At <1 AD-=AffineMap.lineMap B C t)
(h_sum : dist A B + dist B D = dist A C + dist C D)
(h_concyclic : Concyclic {B, C,
centroid R {A, B, D} id,
centroid R {A, C, D} id})
dist A B = dist A C := by sorry
—— All models struggle with geometric abstractions like centroids and
concyclic points

B.6 IMPLICATIONS FOR MATHEMATICAL Al DEVELOPMENT

The empirical findings reveal that current autoformalization capabilities remain limited despite ad-
vances in general reasoning. The consistent pattern of strong compilation performance coupled with
weak semantic accuracy suggests that models can learn Lean4 syntax but struggle with mathematical
meaning preservation. The dramatic improvement from iterative feedback indicates that human-Al
collaborative approaches may be more promising than fully automated formalization for complex
mathematical domains.

C EXPERIMENTAL SETUP

All  formalizations and experiments were conducted wusing the Lean theo-
rem prover, version 4.22. We relied on the mathlib library at commit
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Mathlib
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Mathlib
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: InnerProductGeometry.angle (A -, P) (C -, P) =
InnerProductGeometry.angle|(B -, P) (D -, 1=

BEST FORMALIZATION:

Collinear input format and angle usage syntax errors, easily fixable
by an annotator.

Figure 7: Minimal edits needed to fix a broken, but mathematically sound generation, as pointed out
by the LLM summary. Reducing human effort by a margin.

£858fcc3b49c546705ba7d79¢c58217e85aaa5£f0e to ensure reproducibility and con-
sistency across our proofs and auxiliary results.

Our computational environment consisted of:

e Hardware: 8-core CPU, 32 GB RAM
* OS: Windows 11 Pro (64-bit)

* Lean Toolchain: Installed via elan, with 1ake for project management

All proofs were compiled and verified using Lean’s native 1ake build system without additional
modifications to mathlib. The experiment scripts, proof files, and configuration details are pro-
vided in the supplementary material to facilitate full reproducibility.

C.1 IMPACT OF LLM NOTES

In this section we discuss the impact of LLM generated notes to reduce effort of annotation. While
our primary focus is on improving proof generation through activation steering, we observe an ad-
ditional benefit: the method can substantially reduce the human effort required for data annotation
and theorem formalization. Figure [7)illustrates a representative example where steering produces
mathematically sound code that requires only minimal corrections to become a valid formal proof.

In this example, the model generates a Lean theorem about geometric relationships in Euclidean
space. The initial generation contains two primary issues: incorrect collinear input formatting and
improper angle usage syntax. However, the mathematical reasoning underlying the proof is correct,
as confirmed by the model’s own natural language summary stating that “gpt-5 provides the cleanest
and most mathematically accurate formalization.” The required fixes are straightforward syntactic
corrections that can be applied by domain experts with minimal effort.

This pattern suggests that activation steering not only improves proof success rates but also gen-
erates ‘“near-miss” proofs that are closer to correctness than baseline outputs. Rather than produc-
ing completely invalid formal statements, steered models tend to generate mathematically coherent
structures with localized syntax errors. This property significantly reduces the annotation burden for
creating training datasets, as human experts can focus on lightweight editing rather than complete
theorem reconstruction.

The implications for scalable dataset creation are substantial. Traditional approaches to building
formal mathematics datasets require expert mathematicians to write complete formalizations from
scratch—a time-intensive process that limits dataset scale. Our approach enables a more efficient
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workflow: models generate candidate formalizations that capture the essential mathematical con-
tent, while human experts provide targeted corrections to syntax and edge cases. This collaborative
paradigm could accelerate the development of large-scale formal mathematics corpora needed to
train more capable theorem-proving systems.

We note that this benefit emerges naturally from our steering methodology rather than being explic-
itly optimized for. The fact that informal reasoning guidance leads to more structured, correctable
outputs suggests that the underlying activation patterns encode not just proof search strategies, but
also adherence to formal syntax conventions. This observation warrants further investigation in
future work focused specifically on human-AlI collaborative formalization workflows.

C.2 KNOWLEDGE BASE LEARNING PROMPT

C.2.1 SYSTEM MESSAGE

You are a mathematical documentation agent specializing in the Lean 4
Mathlib library. Your job is to explore the Mathlib repository and create
a concise, practical documentation summary focused on mathematical
formalization and theorem proving. You have been given access to a yet
unreleased version of this library, which you must go through and pick
out all relevant imports based on the type of problem the user is trying
to solve. The repository contains a comprehensive library of formalized
mathematics for Lean 4.
The repository will have file names and folder names representative of
its content.

Your every response must be a tool call.

The documentation will be used by new lean users, who will use it as a
guide to write all their imports, writing notations and rely solely on it
to make the correct imports.

WORKFLOW:
1. Use run_bash to explore the repository (ls, cd, cat, grep, find, etc.)
2. Take notes by writing to files in {working_directory}. You are
currently at this directory. Please do not make any changes outside of
this directory, or delete any existing file.

i. First read all the given examples, and create a list keywords
, such that each keyword is a concept that appears in any question.

ii. Keywords should also include common patterns like how to
express "point lies on line segment", "lines are parallel/perpendicular",
ratios and divisions of segments.
iidi. Add these keywords to your notes file, so you can refer to
them for completion later on.
iv. Understand the kind of problems the documentation needs to

deal with, and select what goes in accordingly.
3. When you have sufficient information, use final_submit with a complete
documentation string

EXPLORATION STRATEGY:

- Examine the main mathematical domains asked by the user

— Look for key theorem statements and their dependencies

- Pay attention to naming conventions and mathematical abstractions

— Use the given sample of examples to understand what parts to focus on

- Look for file names, folder names, documentation, examples, source code
to know their subject

- Focus on user-facing functionality

- Use {working_directory} for any notes (absolute paths since you’ll be
changing directories)
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- You decide when you have enough information to create the final
documentation

FINAL DOCUMENTATION FORMAT:
Organize your final output into exactly these 4 sections:

## 1. Installation & Import

- How different imports are situated in the mathlib file hierarchy

— Essential import statements for different mathematical domains

- Any setup requirements, like opening some namespace for certain symbols
, literals, notations or declarations.

## 2. Available Namepaces and Symbols

— Group related functionality together

- Since you will be given a field by the user, focus only on that and
related thing you see in the examples

- Important theorem statements in each subdomain

— Common mathematical objects and their properties

— Exhaustive list of all the functions avaliable for use

## 3. Minimal Usage Example

- Simple theorem statement (with sorry, ignore proofs)

— Basic mathematical definitions

— Make some imports, and open some namespaces and scopes

— All sample codes x*mustxx be complete and well explained, or else it
can confuse the readers on what a complete theorem code looks like

— Do not leave parts of example code as comments

- Give examples for the kind of stuff the reader will be dealing with
when trying to formalize the problem statement

— Lean has difficult type setups, so be sure to explain those with
examples

— Should work out of the box

## 4. Common Pitfalls & Gotchas

— Common mistakes when formalizing mathematics

- Type class resolution issues

— Mathematical notation vs. Lean syntax differences

## 5. Key Files Structure
- An ascii directory tree of all the important/related files and packages

If some concept appears even once in the examples, make sure to cover
that in your documentation. It should be xxcompletexx, don’t skip
concepts randomly.

Do not be afraid to make long if it needs to be.

Remember: Your goal is to create a practical cheat sheet that gets
developers productive quickly. It is okay if its long as long as we are
putting relevant information and are correct.

C.2.2 USER MESSAGE

‘Problem Description: I want to understand what all library modules are
‘available to me for autoformalizing *xSet Theory & Combinatorics=x
‘olympiad like problem statements into lean 4. I only care about
‘autoformalizing the theorem part, so things like tactics and everything
‘related to solving the problem are unnecessary. Only things relevant to
‘the theorem statement are useful. I am interested in:
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— All the necessary and relevant imports, their correct paths

- How to open the correct namespace or scope to use particular symbols or
literals in lean

- Examples of using them

— Other things to note

I’11 attach some examples of the type of questions I am trying to write

as a lean theorem.

Examples: Samples of the kind of questions whose autoformalization I’11
be doing:
- All the 7-digit numbers containing each of the digits 1, 2, 3, 4, 5, 6,
7 exactly once, and not divisible by 5, are arranged in the increasing
order. Find the 2000-th number in this list.
- Prove that the number of triples $(A, B, C)$ where $A, B, C$ are
subsets of $\{1, 2, \ldots , n\}$ such that $A \cap B \cap C = \emptyset$
, SA\cap B \neqg \emptyset$, $B\cap C\neg \emptyset$ is $7°n - 2\cdot 6°n
+ 5°n$.
- Let $S = \{1, 2, \ldots , n\}$ and let $TS$ be the set of all ordered
triples of subsets of $S$, say $(Al, A2, A3)$, such that $A1l \cup A2 \cup
A3 = SS$. Determine, in terms of $n$, S$\sum_{ (Al,A2,A3)\in T} |Al \cap A2
\cap A3|$ where $|X|$ denotes the number of elements in the set $X$.
— There are 100 countries participating in an olympiad. Suppose \(n\) is
a positive integer such that each of the 100 countries is willing to
communicate in exactly \(n\) languages. If each set of 20 countries can
communicate in at least one common language, and no language is common to
all 100 countries, what is the minimum possible value of \(n\)?
- A box contains answer 4032 scripts out of which exactly half have odd
number of marks. We choose 2 scripts randomly and, if the scores on both
of them are odd number, we add one mark to one of them, put the script
back in the box and keep the other script outside. If both scripts have
even scores, we put back one of the scripts and keep the other outside.
If there is one script with even score and the other with odd score, we
put back the script with the odd score and keep the other script outside.
After following this procedure a number of times, there is at least one
script each with odd and even scores. Find, with proof, the number of
scripts with odd scores among the three left.
- The set \( X \) of \( N \) four-digit numbers formed from the digits 1,
2, 3, 4, 5, 6, 7, 8 satisfies the following condition: for any two
different digits from 1, 2, 3, 4, 5, 6, 7, 8 there exists a number in \ (
X \) which contains both of them. Determine the smallest possible value
of \( N \).
- For any natural number $n$, $(n \geg 3)$, let $f(n)$ denote the number
of non-congruent integer-sided triangles with perimeter $n$ (e.g., S$f(3)

= 15, $f(4) = 0$, S$S£(7) = 2$). Show that
(a) $£(1999) > £(1996)53;
(b) $£(2000) = £(1997)s.

- Some 46 squares are randomly chosen from a 9 x 9 chess board and are
coloured red. Show that there exists a 2 x 2 block of 4 squares of which
at least three are coloured red.
— A Magician and a Detective play a game. The Magician lays down cards
numbered from 1 to 52 face-down on a table. On each move, the Detective
can point to two cards and inquire if the numbers on them are consecutive
The Magician replies truthfully. After a finite number of moves the
Detective points to two cards. She wins if the numbers on these two cards
are consecutive, and loses otherwise. Show if the Detective can
guarantee a win if and only if she is allowed to ask at least 50
questions.
- Let $S$ be a finite set of positive integers. Assume that there are
precisely 2023 ordered pairs $(x, y)$ in $S \times S$ so that the product
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$xy$ 1s a perfect square. Prove that one can find at least four distinct
elements in S so that none of their pairwise products is a perfect
square.

Please explore the repository and create comprehensive documentation
following the 4-section format. Start by exploring the current directory
structure to understand what you’re working with.

Your working directory is {working_directory}. Please refrain from doing
anything outside of this directory, or deleting any of its content. You
may create your notes file here if you want to.

C.3 FORMALIZATION PROMPTS
C.3.1 INITIAL GENERATION PROMPT

We omit the solution part for problems without a solution.

You are an expert at writing Lean code. Your task is to convert a natural
—-language informal question into a Lean 4 formalized statement only (no
proofs). Work entirely from first principles and axioms —-- do xxnotx*x
assume or derive the proof.

**Output formatxx (and nothing else):
‘YYlean

Problem {problem[’id’]}:
{problem[’informal_question’]}

Solution (for context - incorporate the necessary details into the
theorem statement, but do x*notx+ include a proof):
{solution}

C.3.2 ITERATIVE REFINEMENT PROMPT

Your previous Lean formalization failed to compile. Here are the
compilation errors:

{lean_error}

Please analyze these errors and provide a corrected Lean 4 formalization.
Use the following format:

<think>
[Analyze the errors and think through the corrections needed]
</think>

<answer>
‘Y‘lean
[Your corrected Lean code here]

AURNRY

</answer>
Focus on:

1. Fixing syntax errors
2. Ensuring correct type annotations
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‘3. Using proper Lean 4 syntax
‘4. Making sure all variables and constants are properly defined

YRR

‘Make sure the lean code is formatted in ‘‘‘lean <code> in the <answer

‘> block properly.

D ABLATION RESULTS

Table[6]gives the full overview of different models across their Lean4 notation and autoformalization
capabilities. A successful compile check here does not represent a sematic correctness in terms of
formalization.

Lean Compilation Pass Rate

Model Zero Shot Documentation
(%) + Feedback (%)
Claude Opus 4 4.1 74.5
GPT-5 30.5 71.4
Claude Sonnet 4 3.6 65.4
03 (high) 22.1 63.2
o4-mini 15.6 51.0
Claude Sonnet 3.5 9.6 49.0
Claude Sonnet 3.7 8.9 48.8
Gemini 2.5 Pro 3.8 44.2
GPT-4.1 13.9 31.7
GPT-40 12.7 29.1

Table 6: The number of Lean-validated formulas generated by the different models in zero-shot
setting and in the setting with documentation and six refinement feedback loops.

E AUTOMATED THEOREM PROVING METHOD

In this section we describe the details of how we score different frontier models on our benchmark.
We measure the Success Rate metric for evaluation. A problem is considered successfully solved
when the theorem prover completes the lean snippet by replacing only the sorry statement with a
valid proof that compiles completely. We report all our numbers at pass@ 1 metric.

Methods. Recently, many sophisticated application layer scaffolds present promising results for
automated theorem proving (Varambally et al., 2025} |Chen et al.,[2025). However, we use only two
simple methods for proving to form a baseline:

1. Single Turn (ST): The prompt [E.T] asks the LLM to complete the lean 4 proof without making
any changes to the theorem statement. The response to this query is logged is checked against a
Lean compiler for verification.

2. Multi(10) Turn (MT): We ask the model again to complete the proof in Lean 4, but provide
it with error feedback (including warnings that prevent use of sorry) from the Lean compiler.
The model has 10 turns of trials to prove the theorem. We end the agentic loop at any given turn
if a code successfully compiles. This is a standard scaffold used by many prior systems (Chen
et al.,[2025; [Shen et al., 20255 Ji et al., [2025). The prompts are listed in

Setup. We evaluate automated theorem proving capacity over the current top five models across
different families available to us for Single Turn mode, and the current top three chat models from
GPT, Gemini, and Sonnet series for Multi Turn. We also evaluate the best performing model, GPT-5,
over PutnamBench using the same scaffold. to compare difficulty across the two sets.

Results. Table [/| summarizes the overall automated theorem proving (ATP) results. In the single-
turn setting, only one common problem was solved by each of Claude Sonnet 4, GPT-5, and 03
(medium). The solved problem involved a short proof relying on an existing mathlib lemma,
pitot_theorem, underscoring the current limitations of LLMs in generating complete, logically
consistent proofs in Lean without iterative reasoning.
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Success Rate (pass@1)

Model Single Turn 10 Turns 10 Turns
INDIMATHBENCH INDIMATHBENCH PutnamBench

GPT-4.1 0/312 - -

03 (medium) 1/312 - -

Claude Sonnet 4 1/312 4/312 -

Gemini 2.5 Pro 0/312 12/312 -

GPT-5 1/312 36/312 42/660

Table 7: Success rates (pass@1) of various frontier models on INDIMATHBENCH. Success rates
refer to Lean-verifiable proofs. IMB: INDIMATHBENCH, PB: PutnamBench.

In contrast, the 10-turn setting shows a marked improvement across most models, particularly for
Gemini 2.5 Pro, which performed poorly in autoformalization but demonstrates much stronger itera-
tive reasoning capability. Gemini 2.5 Pro appears to benefit significantly from multi-turn refinement,

likely due to its strength as an informal mathematical reasoner (Huang & Yang), [2025}, [Varambally
2025) capable of progressively correcting Lean syntax and proof strategy errors.

Overall, GPT-5 achieves the best performance, solving 11% (36/312) of the problems in INDI-
MATHBENCH and 7% (42/660) in PutnamBench. This result places GPT-5 (10-turn, pass@1) at the
#5 position on the PutnamBench leaderboard, surpassing several fine-tuned models evaluated with
much larger sampling budgets (e.g., pass@thousands). Considering that PutnamBench is widely
regarded as a highly challenging benchmark (Tsoukalas et al.} [2024), and INDIMATHBENCH offers
a similarly difficult yet a fresher uncontaminated test set. These results also indicate meaningful
progress in the theorem-proving capabilities of general-purpose LLMs like GPT-5.

08m 20s

06m 40s

5 API Call Time

05m 00s
1 03m 20s

N I I I I I l I l
00m 00s . .
1 2 3 4 5 6 7 8 9 10

Turn Number

GPT.

Figure 8: Mean GPT-5 API call times per turn on INDIMATHBENCH. The gradual decline in time
per turn may indicate reduced reasoning load in later iterations, as the model refines existing proofs
based on prior feedback rather than generating them from scratch.

GPT-5 performance analysis. We use GPT-5 in thinking mode, which employs an internal router
to dynamically allocate reasoning effort based on the complexity of each problem. In the multi-turn
setting, the average total reasoning time across all 10 turns is 32 minutes for INDIMATHBENCHand
28 minutes for PutnamBench. Notably, we also observe several instances where individual GPT-5
calls exceed 30 minutes, reflecting the model choosing to spend substantial computational effort for
complex theorem-proving tasks.

03’s graceful surrender. Roughly 25% of 03’s attempts resulted in what can be considered a grace-
ful failure—cases where the model recognized its inability to find a satisfactory proof and chose
to stop rather than produce incorrect or speculative reasoning. As illustrated in the example below,
such behavior suggests an emergent form of epistemic humility: the model appears aware of the
limits of its reasoning and opts to terminate the attempt cleanly instead of hallucinating a proof.
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03 (medium) quits on furnishing a final answer

Reasoning:

I was unable to discover (within the time available) a satisfactory infinite family of integer
triples satisfying ) ) )

'ty +2°=(z-y)(y—2)(z — 7).
Hence I cannot at this moment supply a complete Lean proof of the required proposition.

Answer:
—no code

Interestingly, in a few exploratory trials where o3 is asked to provide informal (non-Lean) math-
ematical solutions for the same problems, it is often able to produce somewhat correct reasoning
and answers. While these observations were not collected systematically, they hint that the model’s
refusal behavior may be tied specifically to the formal proof generation setting rather than a lack of
underlying mathematical understanding.

E.1 SINGLE TURN ATP PROMPT

You are an expert Lean 4 theorem prover. Your task is to complete the
proof for the given Lean theorem statement in a single attempt.

The theorem statement is:
‘Y‘lean
{custom_formalization}

AN

**xYour taskxx: Provide a complete Lean 4 proof for this theorem statement

+**x0Output formatxx (you must follow this exactly):

<reasoning>

[Your detailed reasoning about the proof approach and strategy]
</reasoning>

<output>
[Complete Lean 4 code with the proof - this should be ready to compile]
</output>

Provide your best single attempt at solving this theorem. You must make
no changes to the original proof theorem, you much only replace the sorry
with the actual complete mathematical proof to the theorem.

E.2 MULTI TURN ATP PROMPTS

Initial prompt:

You are an expert Lean 4 theorem prover using Mathlib 4. Your task is to
complete the proof for the given Lean theorem statement.

You have {MAX_TURNS} turns to solve this theorem. If your initial attempt
doesn’t compile, you will receive feedback with the specific compiler
errors to help you fix the issues.

CRITICAL REQUIREMENTS:

— Use ONLY current Mathlib 4 syntax and APIs (NOT Lean 3)
- NO sorry statements allowed - provide complete proofs
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- Verify all function names exist in current Mathlib

— Handle type coercions explicitly

- Use modern Lean 4 tactic syntax

— You are only allowed to change the sorry statement to the actual proof
and the import headers if required. No other changes allowed.

- You must directly solve the theorem given to you. No manipulating the
theorem statement or assumptions. Everything must be derived from what
you have.

— You are not allowed to use tactics like ‘native_decide' to solve
counting problems by default. You ss*must** solve it logically step by
step only by replacing the sorry.

- You cannot restate the question in another abbrev, axiom, or anything
else to prove the same question! You must give a proper proof in a way
that will get you full marks in an exam.

— The solution xxconnot** be a restatement of a question. Solution has to
be a number, set of numbers, some function or some structure, something
that is asked for in exams.

The theorem statement is:
‘Y‘lean
{custom_formalization}

AN

+**xYour taskxx: Provide a complete, compilable Lean 4 proof for this
theorem statement.

Before writing the proof, analyze:

1. Required Mathlib imports and namespaces

2. Key lemmas, theorems, and tactics needed
3. Type constraints and coercions required

4. Step-by-step proof strategy

**x0Output formatx* (you must follow this exactly):

<reasoning>

[Your detailed reasoning about the proof approach, required imports, key
lemmas, and strategy]

</reasoning>

<output>

[Complete Lean 4 code with the proof - this should be ready to compile

without errors]

IMPORTANT: Do NOT include markdown code block markers ('‘‘lean or ‘'') 1in
your output. Provide only the raw Lean code.

</output>

Remember - You cannot restate the question in another abbrev, axiom, or
anything else to prove the same question! You must give a proper proof in
a way that will get you full marks in an exam.

Provide your best attempt at solving this theorem with a complete, valid

proof.

Feedback Prompt:

‘Your previous Lean 4 proof attempt had compilation errors. Please fix
‘these errors and provide a corrected version.

The original theorem statement is:
‘YYlean
‘{custom_formalization}
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The Lean compiler reported these errors:
ANR N

{validation_errors}
‘““{last_turn_reminder}

**Your taskxx: Fix these specific errors and provide a corrected,
compilable Lean 4 proof.

Analyze the errors carefully:

1. Check if you’re using correct Mathlib 4 API functions
2. Verify type constraints and coercions

3. Ensure proper tactic syntax

4. Fix any naming or import issues

Remember, you are not allowed to change the theorem statement. It is
imperative you solve what is given exactly.

*xOutput format+* (you must follow this exactly):
<reasoning>

[Your analysis of the errors and how you’re fixing them]
</reasoning>

<output>

[Corrected complete Lean 4 code - this should compile without errors]
IMPORTANT: Do NOT include markdown code block markers (‘'‘‘lean or ‘‘') in
your output. Provide only the raw Lean code.

</output>

26




	Introduction
	Related Work
	IndiMathBench 
	Auto-Formalization Approach
	Automated Formalization Generation
	Human-AI Collaborative Annotation Dashboard
	Annotator efficiency study

	Experimental Results
	Autoformalization Evaluation
	IndiMathBench  Technique Evaluation - Ablations
	Automated Theorem Proving Evaluation

	Conclusion
	IndiMathBench
	Example formalizations from IndiMathBench
	Geometry problem formalization
	Solve type problem formalization
	High precision required in formalizations


	Autoformalization Evaluation
	Model failure modes in Autoformalization
	Anthropic Claude Model Family

	OpenAI GPT Model Family
	OpenAI o-Series Models
	Google Gemini
	Cross-Family Universal Patterns
	Zero-Shot vs. Assisted Performance Gap
	Theorem Proving vs. Formalization Gap
	Geometry Domain Challenges
	Compilation vs. Semantic Correctness

	Implications for Mathematical AI Development

	Experimental Setup
	Impact of LLM Notes
	Knowledge Base Learning Prompt
	System Message
	User Message

	Formalization Prompts
	Initial Generation Prompt
	Iterative Refinement Prompt


	Ablation Results
	Automated Theorem Proving Method
	Single Turn ATP Prompt
	Multi Turn ATP Prompts


