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Abstract

Automated theorem proving (ATP) bench-
marks largely consist of problems formalized
in MathLib, so current ATP training and evalu-
ation are heavily biased toward MathLib’s def-
initional framework. However, frontier math-
ematics is often exploratory and prototype-
heavy, relying on bespoke constructions that
deviate from standard libraries. In this work,
we evaluate the robustness of current ATP
systems when applied to a novel definitional
framework. We introduce TAOANALYSIS-
BENCH, an undergraduate-level benchmark
derived from the exercises and definitional
frameworks given in Terence Tao’s Analysis I,
which formalizes analysis by constructing core
mathematical concepts from scratch, without
relying on standard Mathlib definitions, as
well as by mixing from-scratch and Math-
Lib constructions. For fair evaluation, we
build an agentic pipeline that automatically ex-
tracts a compilable, self-contained local envi-
ronment for each problem. To isolate the ef-
fect of definitional frameworks, we addition-
ally translate every problem into a mathemat-
ically equivalent Mathlib formulation, yield-
ing paired TAOANALYSISBENCH-MATHLIB
statements for direct comparison. While state-
of-the-art ATP models perform capably within
the MathLib framework, performance drops
by an average of 2.18x on the definitionally
equivalent Tao formulation. This indicates that
the main bottleneck is limited generalization
across definitional frameworks rather than task
difficulty. TAOANALYSISBENCH thus high-
lights a gap between benchmark performance
and applicability, and provides a concrete foun-
dation for developing and testing provers bet-
ter aligned with research mathematics.
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Figure 1: Tao’s Analysis I constructs several mathemat-
ical structures in LEAN from scratch, often using for-
mulations that diverge significantly from their equiv-
alents in MathLib. TAOANALYSISBENCH provides
mathematically equivalent MathLib counterparts, and
reveals a substantial degradation in model performance
when navigating Taos specific definitional framework.

1 Introduction

Applying large language reasoning models
(LLMs) to formally verifiable programming
languages like Lean 4 has emerged as a critical
frontier for advancing the mathematical reasoning
abilities of Al. Accordingly, several recent works
have focused on training specialized automated
theorem proving (ATP) LLMs to reason in Lean
and have achieved high solve rates on formalized
benchmarks, such as MiniF2F (Lin et al., 2025c;
mbution.
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Figure 2: Agentic framework for automatically extracting a compilable, self-contained local environment from
a formalized textbook. The construction of references and dependencies for each exercise is performed using
the JiXia tool. An agentic harness, equipped with a file-lookup tool and a Lean verifier, then iteratively builds a

compilable, self-contained local environment.

Ren et al., 2025; Wang et al., 2025; Zheng et al.,
2022).

Current Lean datasets for training and evaluat-
ing ATP models (Wang et al., 2025; Xin et al.,
2024; Ren et al., 2025; Lin et al., 2025b,c; Xin
et al., 2025) are built almost entirely within
the definitional framework of MathLib (Zheng
et al., 2022; Tsoukalas et al., 2024; Azerbayev
et al., 2023; AI-MO, 2025; Gao et al., 2025),
the largest and de facto standard mathematical li-
brary for Lean 4 (Community, 2025). However,
exploratory mathematical research often ventures
beyond the boundaries of MathLib and requires
problem-specific definitions and constructions to
prototype concepts and guide proofs (Tao, 2023;
Degenne et al., 2025; Harbor-Collins and Hulse,
2025). This introduces a distribution shift between
the definitional framework used in public SOTA
ATP model training and the frameworks to which
they are applied. As such, current benchmarks of-
fer limited insight into whether ATP models can
generalize to novel definitional frameworks.

We introduce TAOANALYSISBENCH, the first
benchmark designed to measure ATP robustness
beyond MathLib by targeting generalization to
a novel definitional framework. TAOANALYSIS-
BENCH is grounded in 600 exercises from Ter-
ence Tao’s Lean formalization of Analysis I (Tao,
2025a). This formalization develops core concepts
of analysis from first principles rather than rely-
ing on standard MathLib definitions, and in some
cases combines from-scratch constructions with
MathLib components.

We develop a series of agentic pipelines to pack-
age each problem with a self-contained, compil-
able local environment extracted from the formal-
ized textbook. We also construct a paired control:
for each Tao-style problem, we construct a mathe-

matically equivalent MathLib formulation, which
we title TAOANALYSISBENCH-MATHLIB. This
paired representation isolates the effect of defini-
tional frameworks from the difficulty of each prob-
lem, enabling a direct evaluation of impact on
model performance.

We evaluate several state-of-the-art (SOTA)
ATP models and two frontier models on this paired
evaluation. We find that performance on TAO-
ANALYSISBENCH drops by an average 2.18x
for SOTA models and 1.94x for frontier models
on the same problems in TAOANALYSISBENCH-
MATHLIB. The observed gap implies that training
in the MathLib definitional framework does not
reliably transfer to unfamiliar definitional formal-
izations, even when the underlying mathematics is
equivalent. We believe TAOANALYSISBENCH ex-
poses a key hurdle towards applying public SOTA
ATP models to research mathematics, and pro-
vides a concrete testbed for aligning future prover
models with real-world mathematical workflows.

Our main contributions are as follows:
(1) We propose TAOANALYSISBENCH and
TAOANALYSISBENCH-MATHLIB, which to-
gether constitute the first Lean benchmark
targeting generalization beyond MathLib via a
new definitional framework using undergraduate-
level Analysis. (2) We point out the limitations
of small specialized ATP models: they do not
generalize well to bespoke definitions and are sub-
stantially less capable than agentic frameworks.
(3) We introduce a series of pipelines that auto-
matically extract self-contained, compilable local
environments for problems from a large, formal-
ized project and provide equivalent formalizations
in MathLib syntax, which enables scalable, high-
fidelity generation of mathematically grounded
training data for future models.
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Figure 3: Translation pipeline for converting exercises from Tao’s definitional framework to MathLib’s. Rewriting
and equivalence checking ensure that TAOANALYSISBENCH-MATHLIB is compilable and mathematically equiv-
alent, followed by expert verification for additional assurance.

2 Benchmark Construction

Research in mathematics often requires introduc-
ing novel definitions and constructs that are not yet
in formalized Lean libraries. Characterizing the ef-
ficacy of public ATP models in unfamiliar Lean en-
vironments requires formalized definitional frame-
works distinct from MathLib, but in a mathemati-
cally familiar setting. We specify the second crite-
rion to control for mathematical difficulty: for suf-
ficiently difficult mathematics, a model may know
a result exists but not how to prove it. In practice,
much formalization is done post hoc, and hence
we expect models to have access to the latter in
natural language.

Tao’s Lean formalization of Analysis I defines
many standard mathematical objects using custom
inductive types or structures for pedagogical clar-
ity, adopts naming schemes that differ from Math-
Lib conventions, and organizes definitions within
section- and subsection-level namespaces. Addi-
tionally, some concepts are defined as fields of
larger structures rather than as standalone defini-
tions. As a result, even mathematically elemen-
tary statements may become out-of-distribution to
models trained primarily on MathLib-style Lean
code. See Appendix A.7 for a detailed breakdown
of the overlap between the MathLib and Analysis
I definitional frameworks.

To compare model capabilities on the two def-
initional frameworks, we construct twin versions
of the problem set used in the benchmark: TAO-
ANALYSISBENCH and TAOANALYSISBENCH-
MATHLIB. TAOANALYSISBENCH consists of for-
malized textbook problems and provides all rele-
vant definitions and references necessary to cor-
rectly state the problem in a fully compilable, in-
context environment. This setting is designed to

assess how well models function on non-MathLib
formalizations when contextual information is pro-
vided. TAOANALYSISBENCH-MATHLIB consists
of MathLib-syntax formulations of the same exer-
cises, enabling an in-distribution evaluation that
isolates mathematical difficulty from representa-
tional mismatch.

2.1 TAOANALYSISBENCH

2.1.1 Minimal Compilable Environment

Constructing a benchmark that preserves the ex-
act textbook formalizations while producing a self-
contained compilable Lean snippet presents signif-
icant technical challenges for current LLMs. We
construct an agentic pipeline as well as custom
tools to automate the construction of the TAO-
ANALYSISBENCH problem set. As shown in Fig-
ure 2, our data aggregation pipeline consists of
three stages: retrieval of constructions required for
compilation for each problem, construction of the
compilable environment, and compilation verifica-
tion.

The first stage is to retrieve constructions refer-
enced in the formalization of the exercise. Indi-
vidual textbook exercises depend on a nontrivial
subset of previously defined formalized theorem:s,
lemmas, definitions, and notation, often spread
across multiple subsections. We approach this by
first retrieving only the definitions strictly required
to faithfully compile each exercise. We use the
JiXia static Lean analysis tool (frenzymath, 2024)
to recursively retrieve all references of a bench-
mark problem.! These references are provided in
the context-construction prompt for each problem,
along with the file of origin to ground the context

'We extend JiXia to support retrieval of structure decla-
rations in addition to constants and theorems.
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Model TAOANALYSISBENCH TAOANALYSISBENCH-MATHLIB
Pass@128 (%) Pass @128 (%) Ratio
Kimina-Prover-8B 30/600 5.00 40/600 6.70 1.33x
Goedel-Prover-V2-8B 31/600 5.20 86/600 14.30 2.77x
DeepSeek-Prover-V2-7B 72/600 12.00 146/600 24.30 2.03x
Goedel-Prover-V2-32B 41/600 6.83 88/600 14.67 2.15x
Pass@32 (%) Pass@32 (%) Ratio
Goedel-Prover-V2-8B
(w/ Self-Correction) 81/600 13.50 198/600 33.33 2.47x
Goedel-Prover-V2-32B
(w/ Self-Correction) 108/600 18.00 249/600 41.50 2.31x

Table 1: Model performance on TAOANALYSISBENCH and TAOANALYSISBENCH-MATHLIB. Experi-
ments here use FP8. Results from experiments using FP16 can be found in Table 10.

construction to a fixed set of definitions. This mit-
igates model tendencies to hallucinate or reformu-
late statements.

The second stage is constructing the compil-
able environment. We introduce a file-lookup tool
into the agent that allows the model to retrieve
source files, enabling access to the local structure
required to faithfully reconstruct compilable Lean
environments for each problem.

The third stage is compilation verification. We
introduce a Lean-Compilation tool that provides
the model with a local Lean environment in which
to test the compilation of the generated context for
each benchmark problem. The tool returns either
a success message or the stack trace in the event of
failed compilation attempts to improve the agent’s
ability to debug failures.

2.1.2 Analysis I-Tagged and Enhanced
Compilable Environment

To allow for a fair comparison with the MathLib
definitional framework, we enhance the minimal
compilable environment provided in the previous
stage. We provide an annotation of the Analy-
sis I lean companion with tagging for search tac-
tics. Incorporating this tagging into the verifica-
tion environment allows the model to use tagged
statements tagged to advance the proof state. We
also re-introduce statements from the parent mod-
ule of each problem to provide additional context.
To this end, we construct an agentic pipeline, as
shown in Figure 5, that consists of two stages: text-
book tagging and environment enrichment.

The first stage is annotating textbook modules
with tactic tags. We nest an agentic pipeline within

the larger pipeline that itself consists of two agents:
an annotator agent and a verifier agent. The anno-
tator agent is provided a build-validate-strip tool
that iteratively builds the project and strips break-
ing tag attributes to ensure that the module com-
piles cleanly. The verifier agent provides a review
of the annotations for each module and provides
feedback to the annotation agent.

The second stage is enriching the minimal com-
pilable environment. To allow access to the tagged
version of the textbook constructed in the first
stage, we use downstream agents to add annotated
textbook module imports and statements from the
exercise’s parent module to the minimal compil-
able environments. The resulting context consists
of imports of all relevant modules, de-duplicated
statements from the parent module, and the min-
imal compilable environment, and the exercise.
Similar to prior pipelines, we provide the enrich-
ment agent with a lean verification tool to verify
environment compilation. Lastly, a reviewer agent
provides a pass to verify that statements have been
copied faithfully and do not introduce trivial clo-
sures to the new environment.

The result of this pipeline is a tagged version
of the Analysis I lean companion and the final ver-
sion of TAOANALYSISBENCH environments that
together allow search tactics to function in gener-
ated proofs in the novel definitional framework.

2.2 TAOANALYSISBENCH-MATHLIB

To isolate the effect of the mathematical difficulty
of the problems, we translate from TAOANAL-
YSISBENCH statements, written in Tao’s defini-
tional framework with in-context local definitions,
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TAOANALYSISBENCH TAOANALYSISBENCH-MATHLIB

Model
Pass@4 (%) Pass@4 (%) Ratio
GPT-5.5 (OpenAl, 2026) 123/600  20.5 216/600  36.0 1.76x
Claude-4.7-Opus (Anthropic, 2026) 85/600 14.2 183/600  30.5 2.15x%
Pass@1 (%) Pass@1 (%) Ratio
Agentic prover (GPT-5.5) 526/600  87.7 575/600  95.8 1.09x

Table 2: Model Performance on TAOANALYSISBENCH and TAOANALYSISBENCH-MATHLIB for fron-

tier foundation models.

Minimal-Compilable Enhanced
Model
Pass@128 (%) Pass@128 (%) Ratio
Kimina-Prover-8B 5/600 5.00 30/600 5.0 6.25 %
Goedel-Prover-V2-8B 28/600 4.70 31/600 5.20 1.11x
DeepSeek-Prover-V2-7B 57/600 9.50 72/600 12.0 1.26x
Goedel-Prover-V2-32B 38/600 6.30 41/600 6.83 1.16x

Table 3: Minimal-Compilable Environment v. Enhanced Environment.

into statements that use standard MathLib def-
initions, which we title TAOANALYSISBENCH-
MATHLIB. We build an agentic pipeline to per-
form this reformulation at scale shown in Figure 3,
followed by expert manual verification of the re-
sulting MathLib statements to ensure mathemati-
cal equivalence with their Tao counterparts. Our
pipeline consists of two stages: reformulation of
the TAOANALYSISBENCH exercise environment
to the MathLib definitional framework and equiv-
alence verification.

The first stage is the reformulation of the TAO-
ANALYSISBENCH exercises. To enable the model
to ground its translation in MathLib’s canonical
definitions and usage conventions, we enable web-
search to allow the model to retrieve authoritative
documentation and examples for core MathLib
constructs. We also explicitly restrict the model
from introducing new local definitions or notation
and require adherence to a fixed MathLib header,
ensuring consistency across translated problems.
The agent then verifies that the resulting reformu-
lation compiles using the Lean compiler tool.

The second stage is equivalence verification.
We provide the agent with a JiXia-based goal-state
extraction tool, which extracts the target proof
states for both the Tao and MathLib formulations
and grounds the comparison of their respective
proof obligations. The agent assesses whether the
two formulations are mathematically equivalent,
given their statements and target states.

The final output of this pipeline is
TAOANALYSISBENCH-MATHLIB, a MathLib-
based reformulation of TAOANALYSISBENCH
that preserves the mathematical intent of the
original textbook exercises while remaining
fully compatible with MathLibs definitional
framework.

2.2.1 Expert Manual Verification

To verify the quality of both versions of the bench-
mark, we had expert human annotators provide
determinations on whether the TAOANALYSIS-
BENCH faithfully retrieved the context for each
exercise, and whether each MathLib formalization
was mathematically equivalent to its Tao counter-
part. Each annotator had completed an equiva-
lent Analysis I course and had experience in for-
mal proving in Lean. Issues identified by anno-
tators in context retrieval helped us construct a fi-
nal agentic context retrieval pipeline that produces
correct context for 150 problems in TAOANALY-
SISBENCH. Human annotators identified 33 of-
ten subtle issues with the MathLib translations
and provided corrected versions of the problems.
These grades were then used as in-context exam-
ples to a strong reasoning LLM, which provided
the grades for the rest of the 450 examples. The
full protocol for this is provided in Appendix A.5.
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Figure 4: MathLib Coverage Distribution for TAOANALYSISBENCH. Left: overall distribution by MathLib cover-

age category. Right: chapter-wise coverage breakdown.

A B C Overall

Model

Pass@128(%) Pass@128(%) Pass@128(%) Pass@128(%)

TAOANALYSISBENCH
Kimina-Prover-8B 3/139 (2.2%) 2/349 (0.6%) 0/112 (0.0%) 5/600 (0.8%)
Goedel-Prover-V2-8B 24/139 (17.3%) 4/349 (1.1%) 0/112 (0.0%) 28/600 (4.7%)
DeepSeek-Prover-V2-7B 49/139 (35.3%) 8/349 (2.3%) 0/112 (0.0%) 57/600 (9.5%)
Goedel-Prover-V2-32B 32/139 (23.0%) 10/349 (2.9%) 0/112 (0.0%) 42/600 (7.0%)
GD-8B (w/ Self-Correction) 58/139 (41.7%) 21/349 (6.0%) 2/112 (1.8%) 81/600 (13.5%)
GD-32B (w/ Self-Correction) 71/139 (51.1%) 29/349 (8.3%) 8/112 (7.1%) 108/600 (18.0%)
TAOANALYSISBENCH-MATHLIB

Kimina-Prover-8B 7/139 (5.0%) 32/349 (9.2%) 1/112 (0.9%) 40/600 (6.7%)
Goedel-Prover-V2-8B 26/139 (18.7%) 58/349 (16.6%) 2/112 (1.8%) 86/600 (14.3%)
DeepSeek-Prover-V2-7B 50/139 (36.0%) 92/349 (26.4%) 4/112 (3.6%) 146/600 (24.3%)
Goedel-Prover-V2-32B 28/139 (20.1%) 58/349 (16.6%) 2/112 (1.8%) 88/600 (14.7%)
GD-8B (w/ Self-Correction) 67/139 (48.2%) 120/349 (34.4%) 13/112 (11.6%)  200/600 (33.3%)

GD-32B (w/ Self-Correction)

81/139 (58.3%)

144/349 (41.3%)

24/112 (21.4%)

249/600 (41.5%)

Table 4: Model Performance by MathLib Coverage Category. GD denotes Goedel-Prover-V2.

3 Experiments

3.1 Experimental Setup

We evaluate four public SOTA ATP mod-
els: DeepSeek-Prover-v2-7B (Ren et al., 2025),
Goedel-Prover-v2-8B (Lin et al., 2025¢), Goedel-
Prover-v2-32B (Lin et al., 2025¢), and Kimina-
Prover-8B (Wang et al., 2025). We use default
inference and decoding settings with a tempera-
ture of 1.0 and reasoning chains of up to 8192
tokens. We use Lean 4.26.0 for all experiments
mentioned (including Lean compiler tools). We
report pass@ 128 accuracy for a single end-to-end
(E2E) generation as the primary metric for each
model. We also include the pass@32 accuracy for
the self-correction setting for both Goedel-Prover-
v2 models, which allows the model to access feed-

back from a REPL-based lean compiler (See Ap-
pendix A.12 for details).

We also evaluate two frontier models: GPT-
5.5 (OpenAl, 2026) and Claude-4.7-Opus (An-
thropic, 2026). We report pass@4 accuracy for a
single E2E generation as the primary metric and
provide each model with its maximum reasoning
budget. We also report an agentic setting for GPT-
5.5 evaluated at pass@1 that provides the model
with a REPL-based lean compiler tool.

3.2 Main Results

Table 1 reports pass@128 results on TAO-
ANALYSISBENCH and TAOANALYSISBENCH-
MATHLIB. Although the two versions of the
benchmarks consist of mathematically equivalent
problem sets, all evaluated provers perform sub-
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stantially worse on the Tao formulations than on
the MathLib formulations. This consistent degra-
dation highlights the difficulty current provers face
under a shift in definitional frameworks.

The performance gap persists across ATP model
families, parameter scales, and inference configu-
rations, indicating a shared limitation rather than
model-specific deficiencies. On TAOANALYSIS-
BENCH, overall E2E performance on remains
low: the strongest result is achieved by DeepSeek-
Prover-V2-7B at 12.00%, while the largest model,
Goedel-Prover-V2-32B, reaches 6.83%. In con-
trast, on TAOANALYSISBENCH-MATHLIB, mod-
els under the E2E setting perform 2.18x bet-
ter. This uniform gap suggests that current pub-
lic ATPs consistently generalize poorly outside the
MathLib definitional framework on which they are
primarily trained and evaluated.

Our evaluation of frontier foundation models in
Table 2, while not directly comparable, provides
context for the performance of SOTA ATP models.
Although these models are not explicitly trained
for formal theorem proving, they are effective at
using in-context information to solve unfamiliar
problems. This comparison allows us to assess
whether the Tao vs. MathLib performance gap
reflects issues specific to ATP specialization or a
broader difficulty posed by the Tao definitional
framework. As shown in Table 2, both GPT-5.5
and Claude-4.7-Opus exhibit significant perfor-
mance improvements on TAOANALYSISBENCH-
MATHLIB as compared to TAOANALYSISBENCH.

While E2E model performance tends to be
very low, we find that models evaluated under
settings that allow iterative refinement with ver-
ification offers significant performance improve-
ments under similar inference budgets and lower
pass rates. Goedel-Prover-8B and Goedel-Prover-
32B with self-correction improves 2.57x and
2.63x over end-to-end generation on TAOANAL-
YSISBENCH and 2.31x2.57x and 2.82Xx over
end-to-end generation on TAOANALYSISBENCH-
MATHLIB, respectively, with half the token bud-
get. The agentic setting with compilation tool for
GPT-5.5 improves 4.27x over end-to-end gener-
ation on TAOANALYSISBENCH and 2.66x over
end-to-end generation on TAOANALYSISBENCH-
MATHLIB with a quarter of the budget. Un-
der the self-correction setting, performance on
TAOANALYSISBENCH-MATHLIB was still 19.83
and 23.50 percentage points higher for Goedel-
Prover-V2-8B and Goedel-Prover-V2-32B with

self-correction, respectively. Under the agentic set-
ting with the compilation tool for GPT-5.5, perfor-
mance was 8.10 percentage points higher. TAO-
ANALYSISBENCH therefore exposes a clear gap
between in-distribution benchmark success and ro-
bustness to definitional variation.

4 Analysis

4.1 Environmental Enrichment Ablation

To provide a fair comparison between TAO-
ANALYSISBENCH and TAOANALYSISBENCH-
MATHLIB, we incorporate a two-stage process for
aggregating a compilable environment for each ex-
ercise. We first collect the minimal compilable en-
vironment that consists of all statements needed to
compile the exercise. We then enrich this environ-
ment with access to search-tactic-tagged textbook
modules and additional statements from the exer-
cise’s parent module. Table 3 shows the results
of this ablation. We observe a modest improve-
ment in the performance of each model, roughly 2
percentage points on average. However, Kimina-
Prover-8B shows a 6.25x improvement over the
minimal context, which indicates heavy reliance
on solver tactics to close proofs.

4.2 Coverage Analysis

To characterize each exercises relation to exist-
ing Mathlib content, we classify it into three cate-
gories: A: in Mathlib; B: in Mathlib but custom-
built; and C: not in Mathlib, following the tax-
onomy of the Mathlib coverage analysis of Taos
Analysis I exercises (Kirov, 2025). The category
definitions are summarized in Table 5. We per-
form this classification using an LLM-based agent
with GPT-5-Pro. For each exercise, the agent iden-
tifies the statement and any custom types, then
uses rg (ripgrep) to search a local MathLib clone
for candidate lemmas, returning matching lines.
Based on these results, it outputs the coverage cat-
egory, the matching MathLib lemma and file path
when applicable, and a one-sentence justification.
The aggregated outcomes are reported in Figure 4.

Table 4 reports performance by MathLib cover-
age category for four open-source provers on TAO-
ANALYSISBENCH and TAOANALYSISBENCH-
MATHLIB. The Tao—MathLib gap is strongly me-
diated by coverage category. Models perform best
on Category A problems, where statements are
directly supported by MathLib types and named
lemmas, but degrade sharply on Categories B and
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C. The gap is especially pronounced in Category
B: although the underlying results exist in Math-
Lib, the Tao formulation uses custom types or
definitions, reducing pass rates on TAOANALY-
SISBENCH to 0.6%-2.9%, compared with 9.2%—
26.4% on TAOANALYSISBENCH-MATHLIB. Cat-
egory C remains the hardest setting, with near-
zero performance on Tao formulations and only
marginal gains after MathLib translation. These
results support our central claim that current
provers are highly sensitive to definitional fram-
ing. They perform best when a problem can be
connected directly to existing MathLib knowledge,
but struggle sharply when equivalent mathematics
is presented through custom textbook formaliza-
tions. Results for proprietary and agentic models
are provided in Appendix A.6.

5 Related Works

5.1 Formal Mathematical Benchmarks

Early benchmarks for ATP models involved large-
scale extraction of theorems and complementary
proofs from MathLib (Yang et al., 2023). How-
ever, the standard for benchmarking formal rea-
soning capabilities has become high-school-level
competition math exam problems, such as the In-
ternational Math Olympiad (Trinh et al., 2024;
Luong and Lockhart, 2025; OpenAl, 2025; Yu
et al., 2025; Hubert et al., 2025). Competition-
style benchmarks such as MINIF2F (Zheng et al.,
2022), AIME (AI-MO, 2025), and Putnam-
Bench (Tsoukalas et al., 2024) aggregate competi-
tion problems from past years and are widely used
as standard evaluation targets for end-to-end prov-
ing performance. Other datasets focus on translat-
ing from informal language to formal languages:
ProofNet (Azerbayev et al., 2023), the HER-
ALD dataset (Gao et al., 2025), and Lean Work-
book (Ying et al., 2024) provide natural-language
statements (and often proofs) with mathematically
equivalent formalizations, enabling evaluation of
both auto-formalization and proof search. More
recent efforts expand topical coverage beyond con-
test mathematics (Liu et al., 2025; Jiang et al.,
2025; Ren et al., 2025).

5.2 Automated Theorem Proving

Automated theorem proving in Lean has evolved
rapidly, with earlier approaches leveraging
inference-time strategies (Yang et al., 2023; Lin
et al., 2025a; Xin et al., 2025) and more recent

approaches using LL.Ms for end-to-end generation
(Ren et al., 2025; Lin et al., 2025c; Wang et al.,
2025). Inference-time strategies such as best-first
or expert-iteration search established strong
performance on standard benchmarks (Xin et al.,
2025). Subsequent approaches that incorporated
synthetic data generation and reinforcement learn-
ing further improved the state-of-the-art (Dong
and Ma, 2025). The DeepSeek-Prover-V2 (Ren
et al., 2025), Kimina-Prover (Wang et al., 2025),
and Goedel-Prover-V2 model (Lin et al., 2025¢)
families adopt iterative self-improvement loops
that bootstrap from successful proofs and sub-goal
decompositions. However, these pipelines rely
largely on MathLib formalizations, raising open
questions about robustness and generalization
under shifts in underlying definitions and formal
representations.

6 Conclusion

Our work identifies a concrete limitation of cur-
rent public LLM-based ATP models. We observe
that strong performance on Mathlib-formulated
problems does not reliably transfer to definition-
ally equivalent formalizations outside the Math-
Lib framework. Across model families and scales,
accuracy degrades substantially when core math-
ematical concepts are reintroduced through alter-
native definitions. Our analysis of the impact of
context features and manual evaluation of the re-
sults indicate that this gap is due more to sen-
sitivity to novel formulations in TAOANALYSIS-
BENCH than to increased mathematical difficulty
over TAOANALYSISBENCH-MATHLIB.  This
poses an acute problem because much of ex-
ploratory mathematics takes place in novel defi-
nitional frameworks that are distinct from Math-
Lib. By isolating the effects of changing defi-
nitional frameworks, TAOANALYSISBENCH and
TAOANALYSISBENCH-MATHLIB show that exist-
ing ATP benchmarks conflate general mathemati-
cal ability with familiarity with a specific defini-
tional framework. We believe that TAOANALYSIS-
BENCH, TAOANALYSISBENCH-MATHLIB, and
our agentic pipelines will provide useful tools for
future research into public ATP models that can be
useful to research mathematics.
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Limitations

While TAOANALYSISBENCH intentionally fo-
cuses on undergraduate-level analysis drawn from
Taos Analysis I in order to isolate the effect of
unfamiliar definitional frameworks while control-
ling for mathematical difficulty, this design also
limits its scope. The benchmark is restricted to a
single source and does not fully capture the com-
plexity of research-level formalization, where cus-
tom frameworks may involve deeper mathemat-
ics, larger dependency structures, and more ex-
ploratory proof development. We therefore leave
the evaluation of ATP models on research-level
custom formal frameworks to future work.

Ethical Considerations

This paper presents work whose goal is to advance
the field of machine learning. There are many po-
tential societal consequences of our work, none
of which we feel must be specifically highlighted
here.
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Category Description

A In MathLib. Uses MathLib types and has a
named MathLib lemma; the proof can
usually be closed by the lemma directly or
with minor glue.

B In MathLib, but custom-built. The
mathematical result exists in MathLib, but
the exercise uses custom types or
definitions, so the prover must reconstruct
the proof through the textbook framework.

C Not in MathLib. Counterexamples,
decidability puzzles, bridge lemmas,
computation exercises, or results specific to
the textbook’s custom framework.

Table 5: MathLib coverage categories.

A Appendix
A.1 Al Usage

We acknowledge the use of Al assistants in writing
the code used in the experiments, as well as the
use of LLLM-as-a-judge to enforce data quality (as
mentioned in A.5). However, Al assistants were
not used for ideation nor the writing of the paper.

A.2 Licensing and Intended Use

TAOANALYSISBENCH and
TAOANALYSISBENCH-MATHLIB are intended
for the evaluation of LLM-based ATPs under a
definitional framework shift. The lean formalized
companion to Tao’s Analysis I was released under
Apache-2.0, and our use is consistent with its
licensing.

A.3 Computational Budget

Our open-source prover evaluations were run
across 12 H100 nodes and 4 H200 nodes, requiring
approximately 15k GPU hours. Frontier models
were run through APIs, thus their computational
budget is not available.

A.4 Benchmark Construction Agents

In the below sections, we provide descriptions of
the development of each agent used in benchmark
construction.

A.4.1 Minimal Compilable Environment

We find that naively including entire chapters or
sections of the textbook leads to excessive con-
text length, compilation failures, and unfaithful re-
constructions of the original problem and its in-
tent. We observe that without explicit targets,

modern frontier LLMs struggle to identify all in-
formation critical for compilation over large text-
book contexts containing extensive irrelevant in-
formation. Furthermore, querying frontier LLMs
with the objective of compilation may succeed in
compilation while silently changing the intended
meaning. For instance, the model may introduce
a local alias that collapses one or more defini-
tions and, in so doing, trivializes the goal, e.g.,
abbrev Sequence.IsCauchy := True. Our agen-
tic pipeline is built with these issues in mind. As
mentioned in the main text, we pre-process the
data using the JiXia tool to identify the minimal
set of statements required to compile each prob-
lem in the problem set.

However, retrieval based on the JiXia table
alone is insufficient. Lean environments con-
structed after single query attempts frequently fail
compilation checks due to missing information or
simple syntax errors. Thus to aid in the construc-
tion of a compilable environment, we introduce
the file-lookup tool into the agent that allows the
model to retrieve source files. This enables ac-
cess to the local structure required to faithfully re-
construct compilable Lean environments for each
problem.

Lastly, we introduce the Lean-Compilation tool
to allow the model to verify the compilation of the
minimal compilable environment.

A.4.2 Analysis I-Tagged and Enhanced
Compilable Environment

To annotate textbook modules with tactic tags, we
nest an agentic pipeline within the larger pipeline
that consists of two agents: an annotator agent and
a verifier agent. The annotator agent is provided
a build-validate-strip tool that iteratively builds
the project and strips breaking tag attributes to
ensure that the module compiles cleanly. How-
ever, compilation of the module belies issues with
search time. To compensate for over-tagging that
bogs down verifications with unnecessarily deep
searches, the verifier agent provides a review of
the annotations for each module and provides feed-
back to the annotation agent.

To allow the minimal environment to access the
tagged versions of the textbook, we use an agent
to enrich the minimally compilable environment.
This enrichment consists of both adding textbook
module imports and statements from the exercise’s
parent module to the minimal compilable envi-
ronments in TAOANALYSISBENCH. A naive im-
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Figure 5: Agentic framework for constructing a search-tactic-tagged version of Analysis I and, downstream, an
enhancement to the minimal environment provided in TAOANALYSISBENCH to allow models to fully leverage

automated search tactics.

port of the exercise’s parent module would allow
the model to close the goal with the version of
the exercise present in the textbook’s parent mod-
ule. Thus, to allow search tactics to access state-
ments from the parent module, the enrichment
agent folds statements from the parent module (us-
ing the tagged version of the textbook) into the
minimal compilable environment of each exercise
in TAOANALYSISBENCH.

A.4.3 TAOANALYSISBENCH-Mathlib

These paired problems in TAOANALYSISBENCH-
MATHLIB enable an in-distribution evaluation of
existing public provers under the MathLib defini-
tional framework. Constructing a MathLib coun-
terpart for each exercise in TAOANALYSISBENCH
introduces a set of challenges similar, yet distinct
from the construction of TAOANALYSISBENCH.
In particular, such a reformulation must simulta-
neously satisfy two constraints: (i) the resulting
statement must be syntactically valid and compil-
able, and (ii) it must remain mathematically faith-
ful to the original textbook formulation while us-
ing MathLib formalizations. As shown in Fig-
ure 3, we build an agentic pipeline to perform
this reformulation at scale, followed by expert
manual verification of the resulting MathLib state-
ments to ensure mathematical equivalence with
their Tao counterparts. Our pipeline consists of
two stages: reformulation of the TAOANALYSIS-
BENCH exercise environment to the MathLib defi-
nitional framework and equivalence verification.
The first stage is the reformulation of the TAO-
ANALYSISBENCH exercises. Naive, end-to-end
translation of textbook formalizations into Math-
Lib formulations using frontier language models
proves unreliable: only roughly 60% of outputs
were syntactically valid Lean code, and a substan-

tially smaller fraction were mathematically equiv-
alent to the original statements. Inspection of
failure cases revealed that most errors stemmed
from mismatches between Tao’s local definitions
and their MathLib counterparts. In particular, the
model frequently selected incorrect definitions or
employed non-canonical usage patterns, leading to
both compilation failures and subtle semantic devi-
ations.

To enable the model to ground its translation in
MathLib’s canonical definitions and usage conven-
tions, we enable web-search to allow the model
to retrieve authoritative documentation and exam-
ples for core MathLib constructs. We also explic-
itly restrict the model from introducing new lo-
cal definitions or notation and require adherence
to a fixed MathLib header, ensuring consistency
across translated problems. The agent then verifies
that the resulting reformulation compiles using the
Lean compiler tool.

Compilation alone, however, does not guaran-
tee semantic faithfulness. Thus, we include the
second stage: equivalence verification. We pro-
vide the agent with a JiXia-based goal-state ex-
traction tool, which extracts the target proof states
for both the Tao and MathLib formulations and
grounds the comparison of their respective proof
obligations. The agent assesses whether the two
formulations are mathematically equivalent given
their statements and target states.

A.5 Expert Manual Annotation of
TAOANALYSISBENCH-MATHLIB

We verified the fidelity of the MathLib equivalent
problems translated from the textbook versions via
both manual expert reviews and LL.M-as-evaluator
passes. The reviewer qualifications were comple-
tion of an equivalent Analysis I course and ex-
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perience in Lean programming. Reviewers were
sourced from those participating in the project,
and the contribution was voluntary and unpaid.
We provided both the Tao and MathLib versions
of the data to the annotators and asked the annota-
tors to gauge mathematical equivalence according
to the grades outline in Table 6. Annotators were
asked to provide a manual translation of the Tao
example in MathLib syntax if they identified Math-
Lib translations that were graded as a "C" ora "D".
The interface for human annotation is shown in
Figure 6. We also applied an additional annotation
pass by GPT-5-Pro: we provide the model with the
annotation guidelines and in-context examples of
corrections made by human annotators and query
the model to grade the translation and provide a re-
translation if the translation grade isa "C" ora "D".
One annotator manually reviewed the grades given
by the LLM and proposed corrections to produce
the final version of the benchmark.

Judgment Labels Our labeling scheme is mo-
tivated by an important practical consideration:
some definitions in Tao’s Analysis I differ from
their MathLib counterparts. In the Lean formal-
ization of Analysis I, Tao generally favors faith-
ful translation over more idiomatic Lean formula-
tions when the two diverge (Tao, 2025b). Conse-
quently, certain textbook exercises do not admit a
strictly equivalent statement in MathLib. We there-
fore instructed judges to evaluate the core intent of
each exercise and the corresponding proof strategy
across the two versions. If these are essentially
preserved, we regard the pair as acceptable even
when the MathLib statement differs slightly from
the Tao statement. Based on these considerations,
we define four judgment labels, summarized in Ta-
ble 6.

Judgment Process For each exercise pair,
judges first identified the core intent of the two
versions and considered whether their proof strate-
gies align. If the intent and proof strategy were
essentially the same, the instance was labeled A
or B; otherwise, it was labeled C or D. For la-
bel B instances, judges were required to explicitly
describe the differences between the two versions.
For labels C and D, judges were required to (i) de-
scribe the differences and (ii) provide a corrected
MathLib version of the exercise.

Our benchmark comprises ten chapters (Chap-
ters 2-11) and sixty-five subsections that follow
a standard progression from foundational material

Label Description

A Fully Equivalent. The two versions express the
same mathematical statement. They are logically
equivalent under standard mathematical interpreta-
tions.

B Nearly Equivalent. The exercise’s intent and
proof strategy remain essentially the same. How-
ever, due to definitional differences between Tao’s
textbook and Mathlib, the Mathlib formulation is
slightly different from the corresponding Tao state-
ment.

C Minor Differences. The exercise’s intent and
proof strategy are not preserved across the two ver-
sions, but the discrepancy is minor and requires
only small adjustments.

D Major Differences. The exercise’s intent and
proof strategy are not preserved across the two ver-
sions, and there is a substantial mismatch in mean-
ing.

Table 6: Definitions of four judgment labels.

(natural numbers, set theory, and number systems)
to core real analysis topics, including limits, series,
continuity, differentiation, and the Riemann inte-
gral. Figure 7 summarizes the chapter-level com-
position.

Verification outcomes The initial human anno-
tation covered 150 exercise pairs. The result-
ing translation-equivalence grades were 74.8% A,
19.0% B, 1.0% C, and 5.2% D. GPT-5.5-Pro-xhigh
was used to review these examples, including the
re-translations proposed by the human annotators.
This review identified 30 issues, 12 of which con-
cerned subtle errors in the human re-translations,
and proposed corrections for all 30 issues. The hu-
man annotators reviewed and accepted each pro-
posed correction.

The calibrated LLLM evaluator was then applied
to all 600 exercise pairs. The initial evaluation as-
signed 308 pairs to A, 276 to B, 11 to C, and 5 to
D. The 16 C/D pairs were corrected and manually
re-verified. This yielded a final benchmark con-
taining 313 A pairs and 287 B pairs. Thus, 52.2%
of the final pairs are fully equivalent and 47.8%
are nearly equivalent under the criteria in Table 6.

A.6 Additional Coverage Analysis

Table 8 shows that the same coverage-dependent
pattern also holds for frontier proprietary mod-
els. GPT-5.5 and Claude-4.7-Opus achieve their
strongest performance on Category A problems,
where the statements are closest to standard Math-
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Stage A B C

Initial Pass (n = 600) 308 276 11
Final Pass (n = 600) 313 287 0

D
5
0

Table 7: Translation-equivalence grades at each
verification stage. Grade A denotes full equiva-
lence, while grade B preserves the exercise’s math-
ematical intent and proof strategy with minor defi-
nitional differences.

Lib formulations, and their performance drops
substantially on Categories B and C. In particu-
lar, for Category B, both models perform much
better on TAOANALYSISBENCH-MATHLIB than
on TAOANALYSISBENCH: GPT-5.5@4 improves
from 11.7% to 33.2%, while Claude-4.7-Opus @4
improves from 6.6% to 29.8%. This again sug-
gests that many Category B problems are math-
ematically accessible to the models once ex-
pressed through familiar MathLib definitions, but
become difficult when the same content is pre-
sented through Taos custom formalization. Cate-
gory C remains the most challenging setting for
both models, although GPT-5.5 obtains nontrivial
gains under MathLib translation, reaching 19.6%
at pass @4.

Table 9 further shows that an agentic prover
built on GPT-5.5 substantially narrows the gap
across all categories, achieving 87.7% over-
all on TAOANALYSISBENCH and 95.8% on
TAOANALYSISBENCH-MATHLIB. Nevertheless,
even this agentic setting retains a visible drop
under the Tao framework, especially in Cate-
gory C, where performance decreases from 83.9%
to 69.6%. These results indicate that stronger
general-purpose reasoning and agentic tool use
can mitigate, but not fully eliminate, the difficulty
of reasoning under unfamiliar definitional frame-
works.

A.7 Data Distribution
A.8 Model Performance by Chapter

Figure 8 reports chapter-level pass rates and shows
that the TaoMathLib gap is highly uneven across
topics. The largest MathLib advantages occur
in chapters whose core objects are represented
through substantially different local definitions, in-
cluding The Natural Numbers (Ch. 2), Integers
and Rationals (Ch. 4), The Real Numbers (Ch.
5), and The Riemann integral (Ch. 11). In these
chapters, models often fail almost entirely on the

Tao formulation while retaining nontrivial perfor-
mance on the MathLib translation, indicating that
the bottleneck is primarily definitional rather than
mathematical. In contrast, chapters such as Limits
of Sequences (Ch. 6), Series (Ch. 7), Infinite Sets
(Ch. 8), and Continuous Functions on R (Ch. 9)
exhibit smaller gaps and in some cases near-parity.

Notably, Differentiation of Functions (Ch.
10) even shows a slight reversal for several
models, with better performance on TAOANAL-
YSISBENCH than on TAOANALYSISBENCH-
MATHLIB. Overall, these results suggest that Tao
formulations are not uniformly harder; instead,
the difficulty depends on how strongly each chap-
ters local formalization departs from MathLib
conventions.

A.9 Context Length

We analyze how model performance is impacted
by the number of local definitions provided in
each context. Problems in TAOANALYSISBENCH
contain the minimal local environment, includ-
ing bespoke definitions, notation, and support-
ing lemmas, required to ensure that the statement
compiles. In contrast, TAOANALYSISBENCH-
MATHLIB is evaluated in the standard import
Mathlib environment and does not include addi-
tional local definitions in the prompt. Figure 9
divides the benchmark into four buckets accord-
ing to the number of locally introduced defini-
tions required in the corresponding TAOANALY-
SISBENCH context: n = 0,1 < n < 5,5 <
n < 10, and n > 10.

A clear divergence emerges between the Tao
and MathLib formulations as the number of local
definitions increases. On TAOANALYSISBENCH,
all models achieve their highest pass rates when
no local definitions are required, with performance
ranging from 2% to 29% at n = 0. However, per-
formance drops sharply once local definitions are
introduced. For1 < n < 5and 5 < n < 10, all
models remain at or below 4%, and for n > 10,
performance is nearly zero across the board. This
indicates that the presence of unfamiliar local def-
initions substantially reduces the effectiveness of
current ATP models, even when those definitions
are provided in context.

By contrast, performance on
TAOANALYSISBENCH-MATHLIB is  more
stable across the same buckets. Although there
is some degradation fromn = 0to1l < n < 5,
the MathLib formulation remains consistently
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& Home  Next EJ vs ib Equi (item 1/70) Completed: 0/70

TaoBench D: 100 TaoBenchMathLib Index (0-based): 0

rtbeats @
Real Nat Topology Rat Set Filter

namespace Chapter3

/-- The axioms of Zermelo-Frankel theory with atoms. -/
class SetTheory where
Set : Type u --
Object : Type v
sef

i
mem x X o mem x ¥) > X = Y -- Axiom 3.2

Required fields: Label, Differences & Justification If Label is C or D: provide corrected Mathib version Ready.

O B (Nearly Equivalent) |

O A (Fully Equivalent) O C(Minor Differences) O D (Major Differences)
Key Differences (Write "None' if the label is A)

[Briefly point out and explain which assumptions/quantifiers/types/definitions differ]

Corrected Mathlib Version (Required if label is C or D)

[Write a corrected Mathlib statement that is (as close as possible) mathematically equivalent to Tao version]

Figure 6: Human Annotation Interface
Model A B C Overall
Pass(%) Pass(%) Pass(%) Pass(%)
TAOANALYSISBENCH
GPT-5.5@1 54/139 (38.8%) 23/349 (6.6%) 4/112 (3.6%) 81/600 (13.5%)
GPT-5.5@4 74/139 (53.2%) 41/349 (11.7%) 8/112 (7.1%) 123/600 (20.5%)
Claude-4.7-Opus @1 24/139 (17.3%) 8/349 (2.3%) 0/112 (0.0%) 32/600 (5.3%)
Claude-4.7-Opus @4 61/139 (43.9%) 23/349 (6.6%) 1/112 (0.9%) 85/600 (14.2%)
TAOANALYSISBENCH-MATHLIB
GPT-5.5@1 58/139 (41.7%) 74/349 (21.2%) 12/112 (10.7%) 144/600 (24.0%)
GPT-5.5@4 78/139 (56.1%) 116/349 (33.2%)  22/112 (19.6%)  216/600 (36.0%)
Claude-4.7-Opus @1 43/139 (30.9%) 64/349 (18.3%) 10/112 (8.9%) 117/600 (87.7%)
Claude-4.7-Opus @4 65/139 (46.8%) 104/349 (29.8%) 14/112 (12.5%) 183/600 (30.5%)

Table 8: Model Performance by Mathlib Coverage (Proprietary Model)

A B C Overall
Model
Pass@1(%) Pass@1(%) Pass@1(%) Pass@1(%)
TAOANALYSISBENCH
Agentic prover (GPT-5.5) 135/139 (97.1%)  313/349 (89.7%) 78/112 (69.6%) 526/600 (87.7%)
TAOANALYSISBENCH-MATHLIB
Agentic prover (GPT-5.5) 139/139 (100%)  342/349 (98.0%) 94/112 (83.9%) 575/600 (95.8%)

Table 9: Model Performance by Mathlib Coverage (Agentic prover)

more solvable than the Tao formulation once
local definitions are present. In particular, for
n > 10, TAOANALYSISBENCH-MATHLIB pass
rates remain between 8% and 25%, while the
corresponding TAOANALYSISBENCH pass rates

are at or near 0%. This suggests that the underly-
ing problems remain accessible when expressed
using familiar MathLib definitions, and that the
difficulty in TAOANALYSISBENCH is primarily
induced by the shift in definitional framework
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Figure 7: Data Distribution by Chapter.
Model TAOANALYSISBENCH TAOANALYSISBENCH-MATHLIB
Pass@128 (%) Pass@128 (%) Ratio

Kimina-Prover-8B 11/600 1.90 38/600 6.30 3.45x

Goedel-Prover-V2-8B 32/600 5.40 93/600 15.50 2.91x

DeepSeek-Prover-V2-7B 71/600 11.83 149/600 24.80 2.10x

Goedel-Prover-V2-32B 34/600 5.60 90/600 15.00 2.65 %

Table 10: Model performance on TAOANALYSISBENCH and TAOANALYSISBENCH-MATHLIB using

FP16.
Model Minimal-Compilable Enhanced
Pass@128 (%) Pass@128 (%) Ratio
Kimina-Prover-8B 11/600 1.90 10/600 1.60 2.91x
Goedel-Prover-V2-8B 32/600 5.40 41/600 6.90 2.91x
DeepSeek-Prover-V2-7B 71/600 11.83 - - 2.91x
Goedel-Prover-V2-32B 34/600 5.60 40/600 6.60 2.91x

Table 11: Minimal-Compilable Environment v. Enhanced Environment using FP16

rather than by mathematical complexity alone.
The performance delta further supports this in-
terpretation. At n = 0, the gap between TAO-
ANALYSISBENCH and TAOANALYSISBENCH-
MATHLIB is small for most models, indicating
that Tao problems without additional local defini-
tions are not inherently harder than their MathLib
counterparts. As the number of in-context defini-
tions increases, however, the gap grows steadily

for most models. For n > 10, the MathLib advan-
tage reaches 25 percentage points for DeepSeek-
Prover-V2-7B, 18 points for Goedel-Prover-V2-
32B, 16 points for Goedel-Prover-V2-8B, and 8
points for Kimina-Prover-8B. These results show
that current provers struggle to integrate and rea-
son over unfamiliar definitions introduced in con-
text, even when the relevant information is explic-
itly available.
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Figure 8: Model Performance by Chapter. For each cell, accuracies on TAOANALYSISBENCH and

TAOANALYSISBENCH-MATHLIB are shown in the upper-right and lower-left corners, respectively. The upper-
left corner shows the difference (TAOANALYSISBENCH-MATHLIB - TAOANALYSISBENCH). DS[7B]* indicates
DeepSeek-Prover-V2-7B (w/o COT).
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Figure 9: Model Performance vs. Definitions in Context. Performance on TAOANALYSISBENCH and
TAOANALYSISBENCH-MATHLIB as a function of the number of in-context definitions. The performance delta
is defined as performance (TAOANALYSISBENCH) - performance (TAOANALYSISBENCH-MATHLIB). DS, GD,
and KM indicate DeepSeek-Prover-V2, Goedel-Prover-V2, and Kimina-Prover, respectively.

Formal theorem provers are routinely expected
to operate in novel definitional environments,
where new abstractions must be introduced and
used locally. Our results show that current mod-
els do not reliably benefit from such in-context
definitional information when it departs from the
MathLib distribution. This suggests that fine-
tuning improves performance within a fixed for-
mal ecosystem, but does not necessarily confer ro-
bustness to unseen definitional frameworks, expos-
ing a fundamental limitation of current ATP train-
ing paradigms.

A.10 MathLib Translation Pipeline

During the rewriting stage, we forbid the MathLib
version from introducing any new local definitions
or notation, and restrict it to using the following
fixed header:

import Mathlib

import Aesop

set_option maxHeartbeats 0

open BigOperators Real Nat Topology Rat
- Set Filter

A.11 Case Studies

We present two representative instances taken
from model performance on complementary prob-
lem pairs: one where the prover succeeds on the
MathLib formulation but not on the Tao formula-
tion, and one showing the reverse pattern.
Nat.backwards_induction: As shown in Fig-
ure 10, this pair highlights how prover perfor-
mance can depend on access to MathLib’s arith-
metic and order-theoretic infrastructure. Empiri-
cally, for Goedel-Prover-V2-32B, the TAOANAL-
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TaoAnalysisBench

import Mathlib.Tactic
namespace Chapter2

inductive Nat where
| zero : Nat
| succ : Nat » Nat
deriving Repr, DecidableEq

postfix:100"++" => Chapter2.Nat.succ
namespace Nat
abbrev recurse (f : Nat -
Nat := fun n ~

match n with

| Nat.zero => c
| Nat.succ n => f n (recurse f c n)

Nat » Nat > Nat) (c : Nat) :

abbrev add (n m : Nat) : Nat :=
Nat.recurse (fun _ sum =~ sum++) m n

instance instAdd : Add Nat where

add := add

LE Nat where
Nat, m = n + a

instance instLE :
lenm:=3 a:

end Nat
theorem Nat.backwards_induction {n:Nat} {P: Nat -» Prop}
(hind: V m, P (m++) > P m) (hn: P n) :
VvV mym<n->Pm:= by

sorry

end Chapter2

TaoAnalysisBench-MathLib

import Mathlib

import Aesop

set_option maxHeartbeats ©

open BigOperators Real Nat Topology Rat Set Filter
namespace New_Namespace

theorem Nat.backwards_induction {n : M} {P
(hind : V. my P (m+ 1) > P m) (hn : P n) :
Vmms<n->Pm:=by
sorry

N - Prop}

end New_Namespace

Figure 10: Case Study: Nat.backwards_induction

YSISBENCH version admits 0/128 verified proofs,
while the TAOANALYSISBENCH-MATHLIB ver-
sion admits 64/128 verified proofs.

In the TAOANALYSISBENCH prompt, the
prover must reason over a bespoke inductive
Nat with addition defined by primitive recur-
sion and order defined existentially by m <
n, da, n = m + a. A backwards-induction ar-
gument, therefore, requires reconstructing support-
ing algebraic and order-theoretic lemmas locally.
In the TAOANALYSISBENCH-MATHLIB prompt,
these obligations can be met using standard lem-
mas and automation. The instance-level perfor-
mance split (0/128 vs. 64/128 for Goedel-32B) cor-
responds with brittleness to definitional relocation
rather than increased mathematical difficulty.

Convergesto.squeeze: As shown in Fig-
ure 11, this pair highlights a representational
shift that is common throughout analysis for-
malizations: an explicit e-§ definition of con-
vergence versus a filter-based Tendsto state-
ment. Empirically, for DeepSeek-Prover-V2-7B,
the TAOANALYSISBENCH version admits 2/128
verified proofs, while the TAOANALYSISBENCH-
MATHLIBversion admits 0/128 verified proofs.

In the TAOANALYSISBENCH  prompt,

Convergesto is defined directly via CloseNear:
for each ¢ > 0, one produces a 6 > 0 so
that |f(x) — L| < ¢ holds on a punctured
d-neighborhood intersected with E. A success-
ful proof proceeds by extracting radii d¢,dp,
from the hypotheses for f and h, choosing
0 = min(dy,0p), and then deriving the bound
for g by combining the pointwise inequalities
f < g < h with the two-sided inequalities
obtained from rewriting abs_sub_lt_iff. In
contrast, the TAOANALYSISBENCH-MATHLIB
version expresses the same squeeze argument
as a filter limit Tendsto g (nhdsWithin =z
E) (N L). Closing the goal in that setting
requires translating pointwise bounds on E into
Eventually statements in nhdsWithin and then
applying an appropriate squeeze principle at the
level of filters. The observed asymmetry suggests
that, for this model, proof search is more reliable
when convergence is presented in an explicit,
locally unfolded form than when it is mediated
through MathLib’s filter abstraction, even when
the underlying mathematics is unchanged.
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TaoAnalysisBench TaoAnalysisBench-MathLib

import Mathlib.Tactic import Mathlib
import Mathlib.Data.Real.Sign import Aesop
namespace Real set_option maxHeartbeats ©
open BigOperators Real Nat Topology Rat Set Filter
abbrev ClosefFn (¢ : R) (X : Set R) (f : R » R) (L : namespace New_Namespace
R) : Prop :=
VxeEeX |[fx-1L] <e theorem Convergesto.squeeze {E : Set R} {fgh : R >R}
{L X0 : R}
abbrev CloseNear (¢ : R) (X : Set R) (f : R » R) (L : (had : xo € closure E)
R) (xo : R) : Prop := (hfg : V x € E, f x £ g Xx)
3 6 > 0, CloseFn € (X n Set.Ioo (xo - 6) (xo + 6)) f L (hgh : V x € E, g x £ h x)
(hf : Tendsto f (nhdsWithin xo E) (N L))
abbrev adherent’ (¢ : R) (x : R) (X : Set R) : Prop := (hh : Tendsto h (nhdsWithin xo E) (N L)) :
JyeX |x-y| e Tendsto g (nhdsWithin xo E) (M L) := by
sorry
end Real

end New_Namespace
namespace Chapter9

abbrev AdherentPt (x : R) (X : Set R) :=
V €> (0 : R), €.adherent’ x X

abbrev Convergesto (X : Set R) (f : R » R) (L : R)
(Xo : R) : Prop :=
V e€> (0 :R), €.CloseNear X f L Xo

theorem Convergesto.squeeze {E:Set R} {f gh: R - R}
{L:R } {x0:R } (had: AdherentPt xo, E)
(hfg: V x € E, f x < g x) (hgh: V x € E, g x £ h x)
(hf: Convergesto E f L Xo) (hh: Convergesto E h L Xo) :
Convergesto E g L Xo := by
sorry

end Chapter9

Figure 11: Case Study: Convergesto.squeeze

A.12 Goedel-Prover-v2 Self-Correction Mode

Here we provide the details of the self-correction
mode for Goedel-Prover-v2. The model is given
an initial budget of 8192 tokens followed by veri-
fication; the model is allowed up to two additional
correction rounds with a budget of 4096 tokens if
the initial round fails, each followed by a verifi-
cation (verification feedback is provided back to
the model after each failing verification) (Lin et al.,
2025¢).

45606



