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Abstract

Large Language Models (LLMs) have recently emerged as
powerful tools for autoformalization. Despite their impres-
sive performance, these models can still struggle to produce
grounded and verifiable formalizations. Recent work in text-
to-SQL, has revealed that LLMs can be sensitive to para-
phrased natural language (NL) inputs, even when high de-
grees of semantic fidelity are preserved (Safarzadeh, Oroo-
jlooyjadid, and Roth 2025). In this paper, we investigate
this claim in the autoformalization domain. Specifically, we
evaluate the robustness of LLMs generating formal proofs
with semantically similar paraphrased NL statements by mea-
suring semantic and compilation validity. Using the formal
benchmarks MiniF2F (Zheng, Han, and Polu 2021) and Lean
4 version of ProofNet (Xin et al. 2024), and two modern
LLMs, we generate paraphrased natural language statements
and cross-evaluate these statements across both models. The
results of this paper reveal performance variability across
paraphrased inputs, demonstrating that minor shifts in NL
statements can significantly impact model outputs.

Introduction

Recent research has shown progress in autoformalization,
defined as the translation of natural language (NL) mathe-
matical statements into formal proofs. By combining mod-
ern large language models (LLMs) with symbolic theo-
rem provers such as Isabelle (Nipkow, Paulson, and Wen-
zel 2002) and Lean (de Moura et al. 2015), there is hope
for making formal mathematical verifications accessible to
anyone who can articulate a problem in NL. Closing the gap
between a novice understanding of math and formal proofs,
changing how knowledge could be authored and verified.
Despite these recent advances, using LLMs for autofor-
malization remains far from a verifiable and trusted sys-
tem that is deployable in practice. Currently, these systems
often generate formal statements that could be syntacti-
cally valid but remain unverifiable, logically inconsistent, or
completely wrong. Things like unintended insertions, omis-
sions, misinterpretations, or hallucinations demonstrate not
only errors in translation but deeper failures of foundational
model integrity. This is especially important in a domain like
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mathematics, where correctness is an absolute requirement,
and where one small error can undermine the reliability of
the entire generated proof chain.

These errors can erode trust and limit adoption into real-
world applications. To adopt LLM autoformalization into a
serious workflow, we must first validate that these systems
produce correct outputs and be able to explain why its cor-
rect. Without this necessary interpretability and explainabil-
ity, the future of machine assisted formal reasoning risks be-
coming a black-box system, which experts typically hesi-
tate to adopt. Only by embedding explainability and inter-
pretability at the core of these systems and benchmarks can
we help ensure that the future of autoformalization enhances
without obscuring our understanding of the system.

Related Work

Recent research has reported that linguistic variations can
lead to significant performance degradation in the text-to-
SQL domain, stating “This problem underscores the sensi-
tivity of current models and the need for more resilient solu-
tions” (Safarzadeh, Oroojlooyjadid, and Roth 2025). This
begs the question of whether such sensitivity extends to
other domains that also rely on LLMs as their core com-
ponent.

In the domain of mathematics, the concept of autofor-
malization using LLMs was first demonstrated by (Wu
et al. 2022), where LLMs were used to formalize natural-
language mathematical statements into Isabelle/HOL. Since
then, impressive progress has been made in advancing auto-
formalization techniques. Building on these advances (Yang
et al. 2023) developed LeanDojo, which provides unified in-
frastructure and datasets for training and evaluating LLMs
on formalization tasks in Lean. Similarly (Jiang et al. 2022)
introduced Thor, demonstrating how LLMs can be inte-
grated with automated theorem provers to solve formal
proofs in Isabelle.

The MiniF2F benchmark (Zheng, Han, and Polu 2021)
introduced a dataset for Olympiad-level formal reasoning
enabling evaluation of LLM performance in proof synthe-
sis for formal languages such as Isabelle (Nipkow, Paul-
son, and Wenzel 2002). Additionally, ProofNet (Azerbayev
et al. 2023) expanded the scale and diversity of mathematical
problems, bridging undergraduate-level mathematics with
formal proofs to evaluate LLM’s performance in proof syn-
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Figure 1: Overview of the autoformalization robustness evaluation pipeline for MiniF2F(Isabelle/HOL) and ProofNet(Lean
4). Each formal system undergoes both forward (Formal—+NL) and reverse (NL—Formal) paraphrasing stages, using both
GPT-40-mini (OpenAl 2024) and Claude-3.7-sonnet (Anthropic 2025), with consistency evaluated via similarity metrics and

Pass@K accuracy.

thesis for Lean 3 code (de Moura et al. 2015). (Xin et al.
2024) later introduced a Lean 4 version of ProofNet.

Preliminaries

BLEU Evaluation. We adopt the BLEU formalization
used in Zheng, Han, and Polu (2021), this metric was origi-
nally proposed by Papineni et al. (2002). Given a reference
sequence r and a candidate sequence ¢, the BLEU score is
defined as:

N
BLEU = BP - exp <Z Wy, logpn> , (€))]

n=1

where p,, denotes the modified n-gram precision up to order
N, w, is the weight (typically w,, = %), and BP is the
brevity penalty:

BP 1, if Clen > Ten, ’
- exp(l - ’L) , otherwise. &

Clen

We follow the MiniF2F and ProofNet evaluation protocol by
computing sentence-level BLEU with smoothing (method 1
from NLTK) to account for sparse n-gram overlap in short
formal proofs.

Lexical Diversity. To quantify variation in word usage
across paraphrased and reference statements, we compute
lexical diversity as the type—token ratio (TTR) (Tweedie and
Baayen 1998):

V]

TTR = —, 3)

W
where |V| is the number of unique tokens and |W] is the
total number of tokens in the natural language statement.

Cosine Similarity. To measure semantic equivalence be-
tween the paraphrased and reference statements, we com-
pute the cosine similarity of their sentence embeddings:
. E(r)- E(c)
Simeos (7, €) = To=r = “)
LE@IIIIEE)]

where E(-) denotes the SBERT (Reimers and Gurevych
2019) embedding function.

Methodology

For our methodology we follow a two staged process to eval-
uate how well autoformalization performs when introduced
with paraphrased inputs (Figure 1). Each stage is context
independent, meaning that all LLM requests do not have
context to previous requests.

The first stage is where we generate the paraphrased NL
statements using two modern LLMs, GPT-40-mini (OpenAl
2024) and Claude-3.7-sonnet (Anthropic 2025). Each formal
statement from MiniF2F and ProofNet (Lean 4), is passed
as input to the LLMs, prompting them to translate the for-
mal proof into a NL statement that accurately captures the
logic of the proof (prompts defined in the Appendix). We
also perform a semantic similarity analysis on these para-
phrased NL statements and the corresponding ground truth
NL statement, which is defined in the results section of this
paper. This stage establishes the semantic validity of the
paraphrased NL statements before we evaluate the transla-
tion performance for NL—Formal.

The second stage is where we perform a Pass@K cross-
evaluation of GPT and Claude paraphrased NL statements.
Testing each models ability and sensitivity to handling vari-
ations of the original NL statement that are still semantically
similar. We pass GPT/Claude paraphrased NL statements to
both GPT/Claude models and evaluate their performance on



both BLEU accuracy and compilation accuracy. BLEU ac-
curacy is defined in the previous preliminaries section. Com-
pilation accuracy is defined by the successful execution of
the generated proof code (Isabelle/Lean 4) with the respec-
tive compilers.

Results
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Figure 2: MiniF2F (Isabelle): Panels show sentence length,
lexical diversity, and SBERT semantic similarity for GPT-
40-mini and Claude-3.7 paraphrasings.

We first create a baseline of the semantic similarity be-
tween the paraphrased NL statements and their correspond-
ing ground truth formal NL statements (Figure 2).

Our results with MiniF2F (Isabelle) using both GPT-40-
mini and Claude-3.7-sonnet for paraphrasing, we observe
consistent and high cosine similarity distributions relative to
the ground truth NL statements (64-72%). Indicating that the
paraphrasing step largely preserves semantic meaning even
across the diversity of the benchmark.

For ProofNet (Lean 4) (Figure 3), when using both
GPT-40-mini and Claude-3.7-sonnet for paraphrasing, we
also observe high cosine similarity distributions relative to
the ground truth NL statements (62-78%). Indicating once
again that the paraphrasing step preserves semantic mean-
ing. However, we do observe a more loose clustering around
the centroid for lexical diversity and sentence length, indi-
cating that the Formal—NL translation for Lean 4 seems to
introduce more lexical diversity.

These results help us confirm that the paraphrasing stage
maintains a high semantic equivalence across both models

tested while still providing linguistic variations to the state-
ment. This helps ensure that our subsequent variations in for-
malizations stems less from semantic meaning drift but more
from the LLMs sensitivity to the linguistic differences in the
paraphrased statements. In other words, the LLMs are given
semantically equivalent paraphrased statements and we test
if the autoformalization step remains invariant.
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Figure 3: ProofNet (Lean 4): Panels show sentence length,
lexical diversity, and SBERT semantic similarity for GPT-
40-mini and Claude-3.7 paraphrasings.

Pass @K Evaluation

The Pass@K results in Table 1 reveal clear cross-model de-
pendencies between the paraphraser and the formalization
model. While both models exhibit improved average BLEU
and compilation performance when using paraphrased in-
puts, the magnitude and direction of these improvements ap-
pear to be sensitive to the paraphrase source.

MiniF2F: Isabelle/HOL Our results from the MiniF2F
benchmark experiments reveal clear variability in perfor-
mance across paraphrased inputs (Figure 4). First, when
GPT-40-mini is used as the formalization model, GPT-
paraphrased inputs lead to higher BLEU for all K and com-
pilation scores for Pass@{1,2,5} compared to the ground-
truth and Claude-paraphrased inputs. When the GPT para-
phrases are evaluated by Claude-3.7-sonnet, the seman-
tic fidelity (BLEU) remains strong, while compilation ac-
curacy is stronger at Pass@{1,2} but less pronounced at
Pass@{5,10} and having the lowest Pass@10 score for the
Claude formalization experiments. However, if we just look
at the BLEU scores for the GPT-paraphrased NL statements,



we see across the board, for all K, they are the highest.

Conversely, Claude-paraphrased inputs exhibit stronger
generalization effects for compilation accuracy. The model
achieves 70.9% Pass@ 10 compilation, which is the highest
score across all configurations. Interestingly, BLEU scores
for Claude paraphrases lag slightly behind GPT paraphrases,
implying that while Claude’s phrasing improves logical
structure and compilation validity, it sometimes departs fur-
ther from the distributions of the reference statement. When
evaluated by GPT-40-mini, these same paraphrases retain
moderate BLEU similarity and display good compilation ac-
curacy at Pass@{5,10}.
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Figure 4: MiniF2F (Isabelle) autoformalization cross-
evaluation results. Pass@K accuracy is reported for K €
{1,2,5,10} across semantic (BLEU) and syntactic (Com-
pilation) metrics. Results are shown for both formalization
models: Claude-3.7-Sonnet and GPT-40-mini.

ProofNet: Lean 4 Our results from the ProofNet (Lean
4) benchmark experiments also reveal variability in perfor-
mance across paraphrased inputs (Figure 5). First, the mag-
nitude of both BLEU and compilation changes is more pro-
nounced than with our Isabelle experiments. When GPT-
4o-mini is the formalization model, both paraphrased in-
puts improve BLEU over the ground-truth NL statements
across all K. However, compilation accuracy for GPT-4o-
mini declines slightly under paraphrasing, indicating that
subtle syntactic shifts may have been introduced that af-
fect executability in Lean 4’s strict type system. These find-
ings highlight that paraphrasing can sometimes succeed with
meaning preservation but does not always lead to syntactic
validity.

In contrast, Claude-3.7-Sonnet demonstrates slightly
stronger robustness and transferability across paraphrased
inputs. BLEU steadily increases from 20.58% (ground-
truth) to 29.25% under Claude paraphrasing, and compi-
lation accuracy rises sharply from 37.46% to 47.16% at
Pass@1, with gains persisting through Pass@10 (59.56 —
67.11). GPT paraphrased inputs also show notable improve-
ments.

Overall, the Lean 4 results reinforce the trend observed

in Isabelle: paraphrasing can meaningfully shift model per-
formance, and robustness to linguistic variation remains an
open challenge for current autoformalization systems.
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Figure 5: ProofNet (Lean 4) autoformalization cross-
evaluation results. Pass@K accuracy is reported for K €
{1,2,5,10} across semantic (BLEU) and syntactic (Com-
pilation) metrics. Results are shown for both formalization
models: Claude-3.7-Sonnet and GPT-40-mini.

Conclusion

Our results demonstrate that even when paraphrased state-
ments maintain a high semantic similarity to their ground
truth counterparts, current LLM-based autoformalization
systems exhibit sensitivity in both semantic fidelity and syn-
tactic validity. These results align with and extend the gener-
alizability of recent findings in the text-to-SQL domain (Sa-
farzadeh, Oroojlooyjadid, and Roth 2025), which similarly
report that LLMs are highly sensitive to minor linguistic per-
turbations while preserving semantic meaning. Thus, there
is a need for more robust autofomalization pipelines that can
mitigate this sensitivity to minor linguistic perturbations, en-
suring more consistent results.

Limitations

This paper performs a cross-evaluation of paraphrased NL
statements for two models, future research should expand
this to more models to see if the sensitivity to paraphrased
inputs persists, or if some models are more robust. Addi-
tionally, we perform an evaluation on semantically similar
paraphrased NL statements but this work does not explore
the results for low semantic similarity, ambiguous, or incon-
sistent proof requests. Finally, this work does not perform
a systematic evaluation of the semantic or compilation er-
ror categories, which could provide deeper insights into the
sensitivity of paraphrased inputs.



Table 1: Pass@K Evaluation for Autoformalization on ProofNet(Lean 4) and MiniF2F(Isabelle/HOL). We report both Pass@K
BLEU Accuracy (semantic fidelity) and Pass@K Compilation Accuracy (syntactic validity) across varying K values. Each

section corresponds to the LLM used for formalization.

Pass@K BLEU Accuracy (%)

Pass@K Compilation Accuracy (%)

Model / Setting

K=1 K=2 K=5 K=10 K=1 K=2 K=5 K=10

GPT-40-mini (Formalization Model)
Ground Truth NL—Isabelle 484 557 654 741 1230 20.08 31.56 36.07
GPT Paraphrased NL—Isabelle 831 939 1092 11.87 2090 2541 3484 37.30
Claude Paraphrased NL—Isabelle 4.77 536  6.32 7.00 13.93 2090 34.02 39.75
Ground Truth NL—Lean 4 10.12 10.78 11.50 1221 9.70 13.74 17.52 19.67
GPT Paraphrased NL—Lean 4 1510 16.00 1697 17.75 7.27 11.05 15.63 18.32
Claude Paraphrased NL—Lean4  15.36 16.06 17.50 1844 7.00 997 14.55 16.44
Claude-3.7-Sonnet (Formalization Model)

NL—Isabelle 6.35 730 9.06 1029 10.66 19.26 46.31 57.79
GPT Paraphrased NL—Isabelle 13.90 1524 1873 2025 1270 2049 47.13 53.28
Claude Paraphrased NL—Isabelle 10.25 12.12 14.56 15.68 8.20 16.39 54.92 70.90
NL—Lean 4 20.58 2337 2651 27.83 3746 46.09 55.52 59.56
GPT Paraphrased NL—Lean 4 2698 28.76 31.63 32770 4528 56.60 65.22 69.00
Claude Paraphrased NL—Lean4  29.25 3190 3446 3578 47.16 5498 61.99 67.11
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Appendix
Prompts for Autoformalization Evaluation

We provide the exact prompts used for our autofor-
malization experiments. These prompts were used with



GPT-4o0-mini/Claude—-3.7-sonnet for both direc- Prompt 5: NL. — Formal, Multiple Generation (Lean 4)

tions: (1) Natural Language to Isabelle/ Lean 4 Formaliza- System: You are a helpful assistant that translates between
tion (NL—Formal), and (2) Paraphrased evaluation (For- formal logic and natural language.

mal—NL—Formal). All generations were executed .Wlth User: Translate the following Natural Language (or LaTeX)
temperature = 0.0, top_p = 1.0, max tOkeHS' =500 (for s.lngle statement into exactly 10 clear, valid [Lean 4] theorems
generation), max tokens = 5000 (for multiple generations), that convey the same logical meaning without any addi-
no context between tasks in roundtrip. tional commentary or explanation. Requirements:

Prompt 1: Ground-Truth NL — Formal (Isabelle) 1. Output must be a Python list assigned to the output field

message.

2. The list must contain exactly 10 string elements (each
element is a valid [L.ean 4] translation), no more, no

System: You are a helpful assistant that translates between
formal logic and natural language.
User: Translate the following Natural Language statement

intoa [Isabelle] Formal Statement that conveys the ex- less.

act same logical meaning. Generate only the [ Isabelle] 3. Each element must:

Formal Statement, without any additional commentary or * Begin with "theorem’

explanation. * Be asingle, self-contained [Lean 4] statement

Natural Language Statement: [natural_s] ¢ Do not include import lines

Formal Statement: * Not include ’by’, ’sorry’, or *import’
Prompt 2: Ground-Truth Formal — NL (Isabelle/Lean . Encoie any necessary assumptions in variable names or
4) ypotheses

4. Make reasonable assumptions if the natural language

System: You are a helpful assistant that translates between statement is underspecified.

formal logic and natural language.

User: Translate the following [Isabelle/Lean 4]
statement into a clear natural language question that con- [[natural.s]
veys the exact same logical meaning. Generate only the nat-

ural language question written in LaTex, without any addi-

tional commentary or explanation.

Formal Statement: [formal_s]

Natural Language Statement:

5. Do not add any commentary or explanations.

Prompt 3: NL — Formal, Multiple Generation (Isabelle)
System: You are a helpful assistant that translates between
formal logic and natural language.

User: Translate the following natural language statement
into 10 clear [Isabelle] statements that conveys the ex-
act same logical meaning. Generate a numbered list of 10
unique [Isabelle] statements, without any additional
commentary or explanation.

Natural Language Statement: [natural_s]

Formal Statement: 1.

Prompt 4: Ground-Truth NL — Formal (Lean 4)
System: You are a helpful assistant that translates between
formal logic and natural language.

User: Translate the following Natural Language (or LaTeX)
statement into a clear, valid [Lean 4] theorem that con-
vey the same logical meaning without any additional com-
mentary or explanation. Requirements:
1. Output (Translated [Lean 4] statement) must be a
string assigned to the output field message.
2. Translated statement must:
* Begin with 'theorem’
* Be a self-contained [Lean 4] statement
* Do not include import lines
* Not include "by’, ’sorry’, or "import’
* Encode any necessary assumptions in variable names or
hypotheses
3. Make reasonable assumptions if the natural language
statement is underspecified.
4. Do not add any commentary or explanations.

[natural_s]



