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Abstract

The combination of verifiable languages and
LLMs has significantly influenced both the
mathematical and computer science commu-
nities because it provides a rigorous foundation
for theorem proving. Recent advancements in
the field provide foundation models and sophis-
ticated agentic systems pushing the boundaries
of formal mathematical reasoning to approach
the natural language capability of LLMs (Chen
etal., 2025b). However, little attention has been
given to the formal physics reasoning, which
also heavily relies on similar problem-solving
and theorem-proving frameworks. To solve this
problem, this paper presents, to the best of our
knowledge, the first approach to enhance for-
mal theorem proving in the physics domain.
We compose a dedicated dataset PhysLean-
Data for the task. It is composed of theo-
rems sampled from PhysLean (Tooby-Smith,
2025) and data generated by a conjecture-based
formal data generation pipeline. To train our
model, we leverage an open-source state-of-
the-art mathematical theorem prover and ap-
ply Reinforcement Learning with Verifiable
Rewards (RLVR) to train PhysProver. Com-
prehensive experiments demonstrate that, us-
ing only 5,000 training samples, PhysProver
achieves a consistent 2.4 % improvement across
multiple sub-domains, including difficult Quan-
tum Field Theory problems. Furthermore, after
formal physics training, we observed 1% gains
on the MiniF2F-Test benchmark, which indi-
cates Physics domain training can, on the other
hand, enhance formal math capability. The re-
sults highlight the efficiency and efficacy of
our approach. To foster further research, we
will release both our dataset and model to the
community.

1 Introduction

Formal reasoning has long been recognized as a
cornerstone of human intelligence and a critical
domain in machine learning research (Newell and

Simon, 1956). With the recent advancements in
Large Language Models (LLMs), much research
has explored their application in formal theorem
proving. They explored domains from training
foundation models (Lin et al., 2025b; Ren et al.,
2025; Wang et al., 2025¢) and specialized agent
framework (Wang et al., 2025d; Chen et al., 2025b;
Varambally et al., 2025). Among these, math theo-
rem proving in Lean4 (Moura and Ullrich, 2021a)
has emerged as one of the most extensively studied
areas (Wang et al., 2024; Lin et al., 2025a; Xin
et al., 2024). Researchers typically start from a
general-purpose LLM, employing Supervised Fine-
Tuning (SFT) and Reinforcement Learning (RL) to
enhance the formal reasoning capability. This ap-
proach has achieved strong results on formal math
benchmarks, such as MiniF2F (Zheng et al., 2022)
and PutnamBench (Tsoukalas et al., 2024).

Previous works have demonstrated that develop-
ing expert models for Lean4 theorem proving de-
mands substantial training data and a large amount
of GPU hours. For instance, DeepSeek-Prover (Xin
et al., 2024) applies a 120B math-related tokens
continue pretraining and 8M formal statements
with proofs to train an expert prover. Similarly,
Goedel-Prover (Lin et al., 2025a) applies expert
iteration on more than 1 million formal statements.
Despite these advancements, formal theorem prov-
ing faces significant challenges due to a scarcity
of high-quality data that is able to give the model
a general formal reasoning capability, rather than
focusing on a narrow field (Li et al., 2025).

While significant progress has been made in
mathematical theorem proving, the formal physics
domain remains largely overlooked. Physics, with
its reliance on rigorous mathematical foundations
and formal derivations, offers a natural yet under-
explored extension to formal reasoning. Li et al.
(2025) highlights that SOTA theorem-proving mod-
els perform poorly in physics-related tasks but fail
to propose methods for improvement.
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Figure 1: Physics Prover Framework: (a) Data Generation Stage: the training set comprises 5,541 physics
statements from both PhysLib (Li et al., 2025) and synthetic lemmas from Claude-4.5-Sonnet, where the latter are
further filtered by Lean syntax and proof existence checks. (b) Self-Evolving Stage: after obtaining the training
set, GRPO (Shao et al., 2024) is adopted to train the base prover models, with reward signals of proof correctness

provided by Lean.

To settle this gap, we, as far as we are concerned,
take the first step toward enhancing theorem prov-
ing in the physics domain by constructing a spe-
cialized data pipeline and employing Reinforce-
ment Learning with Verifiable Rewards (RLVR).
The overview of our framework can be found in
Figure 1. Specifically, we collect foundational the-
orems and lemmas from the open-source repository
of PhysLean (Tooby-Smith, 2025), which contains
Lean4-based results across advanced physics do-
mains such as Quantum Field Theory and String
Theory. The extracted data, along with their head-
ers, are divided into the training and testing sets.
To augment the training dataset, we apply Claude-
4.5 to generate additional conjectures based on the
dataset. Subsequently, we apply formal LLMs to
annotate these conjectures, thereby formulating the
Basic Physics Lean training dataset, which contains
approximately 5,000 training samples and 250 test-
ing samples.

With the dataset, we leverage RLVR (Lam-
bert et al., 2025) to enhance physical theorem-
proving capability using the GRPO algorithm. Our
evaluation demonstrates consistent improvement
across multiple physics domains and achieves
a 2.4% of overall improvements compared to
SOTA math provers on the testing dataset. Fur-
thermore, when tested on the Out-of-Distribution
(OOD) MiniF2F benchmark (Zheng et al., 2022),

PhysProver achieved over 1% of improvement
compared to the base model under pass@16. It
demonstrates the efficiency of our approach and
shows that physics dataset training can enhance the
formal math capability of the model.

We summarize our contribution as follows:

1. Introducing the first methods specifically de-
signed to train the formal theorem provers for
physics.

2. Developing and releasing a relatively small,
but comprehensive dataset and a conjecture
generation pipeline for physical theorems to
benefit the research community.

3. Training a formal physics prover that outper-
forms the SOTA model and achieves superior
performance in both physics and mathemati-
cal theorem proving.

2 Related Works
2.1 Formal Math Reasoning

Formal math reasoning involves representing math-
ematical components in a computer-verifiable for-
mat. It reduces the ambiguity and establishes a
rigorous foundation for logical reasoning. Over
the past decades, researchers have developed nu-
merous Formal Languages (FLs) based on two pri-
mary theoretical frameworks. The first relies on



dependent type languages, such as Lean (De Moura
et al., 2015; Moura and Ullrich, 2021b) and
Coq (Coq, 1996), where formal verification is
achieved through a small kernel to perform type
checking. The second line utilizes higher-order
logic to quantify functions and predicates. This
line of work is represented by languages such
as Isabelle (Paulson, 1994), HOL, and HOL
Light (Harrison, 2009). Among the above lan-
guages, Lean4 (Moura and Ullrich, 2021b) has
gained significant attention due to its expressive-
ness and extensive Mathlib4 repository, which en-
compasses almost all major mathematical domains.

The rise of LLMs has accelerated the advance-
ments in formal proving tasks. Researchers have
compiled extensive datasets of mathematical the-
orems and proofs(Wang et al., 2025c; Lin et al.,
2025a; Dong and Ma, 2025), which provide a ro-
bust foundation for model training. Building on
these resources, increasingly sophisticated mod-
els have emerged. Early efforts, such as Ex-
pert Iteration (Polu et al., 2022), employed it-
erative annotation using LLMs to enhance the
training data.  Open-source frameworks like
DeepSeek-Prover (Xin et al., 2024) and Theorem-
Llama (Wang et al., 2024) further advanced the
formal provers. More recently, RLVR has enabled
Long CoT training for formal theorem proving,
which works like MA-LoT (Wang et al., 2025c),
Kimina-Prover (Wang et al., 2025a), DeepSeek-
Prover-V2 (Ren et al., 2025), and Goedel-Prover-
V2 (Lin et al., 2025b), achieving notable progress.
The emergence of agentic frameworks, such as
Hilbert (Varambally et al., 2025) and Seed-Prover-
V1 (Chen et al., 2025c), achieves notable progress
by enabling multi-agent theorem decomposition
and sub-goal proofs. The latest works apply agen-
tic RL to push LLMs’ formal reasoning capabil-
ity closer to natural language proficiency (Chen
et al., 2025b). Despite these advancements, for-
mal reasoning in physics remains an underexplored
domain, representing a significant opportunity for
future research.

2.2 LLM for Physics Reasoning

With the rapid development of general reasoning ca-
pabilities in LLMs, researchers are actively explor-
ing the application of these models in more diverse
fields (Wang et al., 2025b). Among them, physics
reasoning is one key field that receives significant
attention. In the context of benchmarks, early com-
prehensive benchmarks, such as SciBench (Wang

et al., 2023) and GPQA (Rein et al., 2024), evalu-
ate college-level scientific problem-solving across
multiple scientific fields, including physics. More
recently, physics benchmarks have emerged at mul-
tiple difficulty levels: UGPhysics (Xu et al., 2025)
presents 5,520 undergraduate-level bilingual prob-
lems that advanced thinking models are hard to
solve; OlympiadBench (He et al., 2024) introduces
8,476 Olympiad-level problems with multi-module
inputs; and recent HiPhO (Yu et al., 2025) compiles
the latest 13 Physics Olympiad exams in 2024-2025
with human-aligned evaluation.

On the model training side, researchers began
exploring the potential for LLMs as physics rea-
soning tools from an early stage. Early works
have demonstrated that LLMs can solve complex
word problems that require calculation and infer-
ence (Ding et al., 2023). Such capability can be
further enhanced by Reinforcement Learning from
Human Feedback (RLHF) (Anand et al., 2024) or
simple multi-agent collaboration (Pang et al., 2025).
Recent works apply RLVR on natural language
physics problems, with P1 (Chen et al., 2025a)
achieving gold-level IPhO performance. However,
with a lack of datasets and training methods, de-
veloping LLLMs for formal physics reasoning is
relatively understudied currently (Li et al., 2025).

3 Methodology

3.1 Seed Dataset Collection

We construct a lemma—proof dataset from the
PhysLean GitHub repository (Tooby-Smith, 2025)
by extracting all provable lemmas from . lean files
along with their preceding formal headers. The
lemma statements with context serve as inputs,
while the corresponding proof scripts serve as out-
puts. We filter the samples to retain only those with
a total length under 4,096 tokens. The resulting
corpus contains over 3,000 examples, which are
randomly split into training and test sets at approx-
imately a 9:1 ratio, yielding 2,933 training and 250
test instances. The dataset spans a broad range of
domains in physics and mathematics, encompass-
ing classical and modern physics (e.g., classical
mechanics, electromagnetism, quantum mechanics,
and relativity) as well as advanced theoretical areas
such as quantum field theory, string theory, and
mathematical foundations.



3.2 Synthetic Data Generation

To augment our dataset, we construct a conjec-
ture generation and verification pipeline inspired
by STP (Dong and Ma, 2025). Specifically, we
treat our initial data as seed data, denoted as
Dyeed = {(hi, li, i) }Y L1, where h;, [;, and p; are
the header, lemma, and corresponding proof of the
i™ sample, and NV is the total number of seed exam-
ples. For each sample, we use Claude-4.5-Sonnet
(Anthropic, 2025) to generate 10 conjectures by
providing the header—lemma pairs (h;,l;), yield-
ing 29,330 candidate statements. The prompting
template is provided in Figure 4 in the Appendix.

After collecting the conjectures, we apply a two-
stage pipeline to select well-formed and correct
statements. We first examine the validity of each
conjecture. Specifically, for each conjecture c;;, we
append it to the corresponding header h; to form
DC = {(hi,cij) | 1 = 1,...,N, ] = 1,...,10}
and use the Lean verifier to check whether the state-
ment is well-formed. This includes verifying that
all variables are properly defined and that all ref-
erenced definitions and theorems exist. After this
step, 6,971 conjectures remain, corresponding to a
retention rate of 23.8%.

The second stage examines the correctness of
conjectures. Given a conjecture with its correspond-
ing header, we leverage DeepSeek-Prover-V2-7B
(Ren et al., 2025), Goedel-Prover-V2-8B (Lin et al.,
2025b), and Kimina-Prover-Distill-8B (Wang et al.,
2025a) to generate 16 proofs, producing response
samples {(hi, ¢ij, 1) },2,. A conjecture is deemed
correct if

dp, 1 < p <16 : Verify(h;,cij,rp) = True

where Verify denotes the Lean verification result.
This process yields 2,608 verified conjectures, rep-
resenting an overall pipeline yield rate of 8.9%,
comparable to STP (Dong and Ma, 2025). Com-
bining these with the 2,933 seed training examples
produces a total of 5,541 training instances for our
experiments.

Notably, we also compared different propri-
etary models, including GPT-5 (OpenAl, 2025)
and Gemini-2.5-Pro (Google, 2025). However, the
validity rates of their generated conjectures were
substantially lower than those produced by Claude.
We additionally explored generating conjectures
in natural language and converting them to Lean4
statements using an auto-formalizer. However, the
dependencies in physical statements are complex,

making it difficult to identify a uniform header for
the auto-formalizer. Consequently, this approach
also yielded low success rates.

3.3 Self-Evolving Pipeline

We conduct Reinforcement Learning (RL) to lift
the performance on physics domain. Specifically,
our experiments are mainly based on Group Rel-
ative Policy Optimization (GRPO) (Shao et al.,
2024). For each prompt z in the training set, they
sample GG (Group size) responses during the rollout
stage, and optimize the following objective:

Jarro(0) =

E,op {yi}? (~Tgy (1)

[ys
G Z Zmln (wzt zta
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where y; is the i'" generated sequence of tokens,
¢ is the clip ratio. The importance ratio w; +(#) and
the advantage A;; are calculated as follows:

7o (Yi |, Yi <t)
T (Yit |, Yi<t)

wi,t(e) -

A= A — r(z,y;) — mean ({7’($7Z/i)}zczl)
it — g — G ’
std ({r(z, v:)}¢ )
respectively. And all the tokens in y; share the
same advantage as A; ;.

4 Experiments

To evaluate our methodology, we use PhysLean-
Data to fine-tune popular Lean-based formal math-
ematics provers. Our experiments reveal that strong
mathematical reasoning models exhibit notable lim-
itations when handling formal physics problems,
underscoring the importance of domain-specific
formal datasets and self-improving data augmenta-
tion strategies.

4.1 Experimental Setup
4.1.1 Dataset and Tasks

Model performance is evaluated on the test set of
PhysLeanData, which shares the same source as
the training set with a 9:1 train-test split. To ensure
fair comparison across models with different con-
text lengths, we retain only samples with prompt



Method Budget Classical  Particle & String  Relativity = Quantum Field Theory Overall
Proprietary Models

GPT-5 (OpenAl, 2025) pass@16 37.3 13.4 21.3 352 26.4
Claude-4.5-Sonnet (Anthropic, 2025) pass@16 52.9 194 29.5 394 344
Formal Math Provers

Kimina-Prover-Distill-8B (Wang et al., 2025a) pass@16 35.3 149 29.5 22.5 24.8
Goedel-Prover-V2-8B (Lin et al., 2025b) pass@16 49.0 194 34.4 28.2 31.6
Deepseek-Prover-V2-7B (Ren et al., 2025) pass@16 549 23.9 37.7 254 34.0
Formal Physics Provers

Deepseek-Prover-V2 + PhysLeanData pass@16  58.8 (+3.9) 26.9 (+3.0) 39.3 (+1.6) 26.8 (+1.4) 36.4 (+2.4)

Table 1: Main experimental results. We evaluate all the models on PhysLeanData test set, which includes
Classical, Particle & String, Relativity, and Quantum Field Theory domains. We report the pass@ 16 accuracy.

lengths under 4,096 tokens, resulting in 250 lem-
mas in the final evaluation set.

For finer-grained analysis, we organize the test
samples into four physics categories: Classical &
Foundational Physics, Particle & String Physics,
Relativity & Spacetime, and Quantum Field The-
ory. This classification reflects distinct theoreti-
cal frameworks and varying levels of required do-
main expertise. Further details are provided in
Appendix A.

4.1.2 Models and Baselines

We compare several popular open-source prover
models, including DeepSeek-Prover-V2-7B (Ren
et al., 2025), Goedel-Prover-V2-8B (Lin et al.,
2025b), and Kimina-Prover-Distill-8B (Wang et al.,
2025a), all of which are strong formal theorem
provers tailored for mathematical domains. Among
these, DeepSeek-Prover-V2-7B performs slightly
better than the others. Therefore, our experiments
focus on fine-tuning the DeepSeek prover to push
the boundaries of open-source models.

For baselines, we first report the performance of
DeepSeek-Prover-V2-7B, Kimina-Prover-Distill-
8B, and Goedel-Prover-V2-8B without any ad-
ditional training. We also include comparisons
with strong proprietary systems, namely GPT-5
(OpenAl, 2025) and Claude-4.5-Sonnet (Anthropic,
2025). For all baselines, we use a fixed sampling
budget and report pass @ 16 accuracy, ensuring fair
comparison under a consistent inference budget.
For open-source provers, we use the prompt tem-
plate provided in Appendix B.1. For proprietary
models, we employ a tailored Chain-of-Thought
(CoT) (Wei et al., 2023) prompt to encourage step-
by-step reasoning before generating the final proof.

4.2 Implementation Details

We directly apply Reinforcement Learning start-
ing from the DeepSeek-Prover-V2-7B using verl

(Sheng et al., 2025). Specifically, we apply GRPO
with rule-based rewards (Lambert et al., 2025;
DeepSeek-Al et al., 2025). We integrate the Lean
verifier into the verl framework and use it to judge
the proofs. The version of Lean Verifier we are us-
ing is 4.20.0. The reward score for each trajectory
is calculated as follows:

(2 3:) 1 if Verify(z, y;) = True
r(x,y;) = ’
vi 0 otherwise

Additionally, if the proof contains sorry, admit,
or apply? keywords, we directly assign a O for
the reward score. To allow a smooth transition of
difficulties during the learning process, curriculum
learning (Parashar et al., 2025) is employed by sort-
ing the lemma based on their groundtruth proving
length.

We train all models on 8 xH200 GPUs with a
constant learning rate of 1e~% and a batch size of
256 for 2 epochs, and the training takes approx-
imately 8 hours. Notably, we do not begin with
Supervised Fine-Tuning (SFT) because we observe
that it degrades performance; we analyze this be-
havior in Section 6.

4.3 Experiment Results

Our experimental results are presented in Table 1.
We first observe that all existing models achieve
relatively low scores despite their proficiency in
mathematical theorem proving, with none exceed-
ing 40% accuracy. Notably, open-source theorem
provers exhibit competitive accuracy compared to
the latest proprietary systems, such as Claude-4.5-
Sonnet and GPT-5. However, proprietary models
demonstrate different strengths across physical do-
mains compared to their open-source counterparts.
For instance, all open-source provers achieve below
30% accuracy on Quantum Field Theory, whereas
proprietary models exceed 35%. This suggests that



Header and Context Lemmas

import PhyslLean.QFT.PerturbationTheory.WickAlgebra.
NormalOrder.Lemmas

import PhysLean.QFT.PerturbationTheory.WickAlgebra.
TimeOrder

namespace FieldSpecification
variable {F : FieldSpecification}

def timeContract (¢ t: F.FieldOp) : F.WickAlgebra

T (ofFieldOp ¢* ofFieldOp ) - T (ofFieldOp px
ofFieldOp )

lemma timeContract_eq_superComute (¢ : F.FieldOp)
timeContract o= if timeOrderRel @i then [anPart

@, ofFieldOp v ]s
else S(F |>s ¢, Fl|>s o) -[anPart 1), ofFieldOp

@ls := by
split_ifs
-rename_i h
rw [timeContract_of_timeOrderRel _ _ h]
-rename_i h
rw [timeContract_of_not_timeOrderRel_expand _ _ h

]

lemma timeContract_zero_of_diff_grade (¢ : F.
Fieldop) (h : (F [>s @) #(F |>5 ¥)) :
timeContract o= 0 := by
by_cases h1 : timeOrderRel @)
-rw [timeContract_of_timeOrderRel _ _ h1]
rw [superComute_anPart_ofFieldOpF_diff_grade_zero
]
exact h
-rw [timeContract_of_not_timeOrderRel _ _ h1]
rw [timeContract_of_timeOrderRel _ _ _]
rw [superComute_anPart_ofFieldOpF_diff_grade_zero
]
simp only [instCommGroup.eq_1, sul_zero]
exact h.symm
have ht := IsTotal.total (r := F.timeOrderRel) ¢
P
simp_all

~—
DeepseekProver + PhysProver

/-- This lemma claims that the normal ordering of the
time-contracted product of any two field
operators and vis identically zero.-/
lemma normalOrder_timeContract (¢ p: F.FieldOp) :
N (timeContract () = @ := by
rw [timeContract_eq_superComute]
split_ifs <;> simp_all [timeContract, superComg
te_anPart_ofFieldOpF_diff_grade_zero,
spul_eq_zero, map_zero]

\ Y,
DeepseekProver

lemma normalOrder_timeContract (¢ p: F.FieldOp) :

N (timeContract () = @ := by

rw [timeContract_eq_superComute]

split_ifs

-rw [normalOrder_ofFieldOp_pair_eq_zero]
<;> simp_all [timeOrderRel_of_isContraction]

-rw [normalOrder_anPart_ofFieldOp_su1]
<;> simp_all [timeOrderRel_of_isContraction]

\. J

Figure 2: Successful from the PhysProver and failed

proofs from the base model for the same statements.

PhysProver demonstrates better in-context learning
ability to make good usage of lemmas.

proprietary and open-source models may be trained
on different mixtures of physics data.

Our trained model, FormalPhysics, substantially
surpasses its formal mathematics prover counter-
parts, consistently achieving gains across all cat-
egories. Specifically, on the most challenging
domains—Quantum Field Theory and Particle &
String Physics—where all baselines exhibit low
accuracy, our model still yields notable improve-
ments. These results demonstrate the effectiveness
of training a mathematics prover for the physics
domain using only approximately 5K samples. On
top of that, FormalPhysics, with only 7B param-
eters, outperforms Claude-4.5-Sonnet on formal
physics theorem proving.

S Analysis

5.1 Improved In-Context Learning Through
Reinforcement Learning

In this subsection, we provide a detailed analysis
of the performance gains achieved by PhysProver
through a comparative examination of proofs
generated by the baseline model and PhysProver.
Figure 2 presents an illustrative example from our
test set along with the corresponding generations.
The header and lemmas constitute the context for
physical theorem proving, where the lemmas may
serve as auxiliary tools during the proof process.
The second box displays the proof completion
from PhysProver, while the third box shows the
completion from the base model, DeepSeek-Prover-
V2-7B. We observe that PhysProver consistently
makes correct use of functions and lemmas, with
successful applications highlighted in blue. For
instance, to prove the given lemma, PhysProver
first applies timeContract_eq_superCommute,
followed by the function timeContract. Sub-
sequently, the model correctly invokes super-
Commute_anPart_ofFieldOpF _diff_grade_zero,

demonstrating effective utilization of contextual
information. By synthesizing the knowledge pro-
vided in the context, PhysProver successfully com-
pletes the proof. In contrast, while the base model
initially applies timeContract_eq_superCommute
correctly, it subsequently generates hallucinated
content, including non-existent lemmas such
as normalOrder_ofFieldOp_pair_eq_zero and
timeOrderRel_of _isContraction (marked in red).
These observations suggest that the reinforcement
learning process on PhysLeanData enhances
performance by enabling the model to better



leverage contextual information and comprehend
domain-specific terminology. This finding also
accounts for the low accuracy observed across
all base models: their unfamiliarity with physics-
specific lemmas and contextual structures impedes
their ability to effectively utilize these resources
for proof completion.

5.2 Out-of-Distribution Generalization

Surprisingly, we also observe that training on
physics-centered problems yields notable gener-
alization improvements in formal mathematical
theorem proving. In this subsection, we evaluate
our trained model on MiniF2F-Test (Zheng et al.,
2022), which comprises 244 Lean4 statements in
the mathematics domain, ranging from high school
competition problems to elementary undergraduate-
level proofs. We partition the dataset into several
categories following Ren et al. (2025). For each
statement in MiniF2F-Test, we prompt both the
baseline and our trained model to generate 16 tra-
jectories and compute pass@ 16 accuracy. We use
the same prompt template from the DeepSeek web-
site 1.

As shown in Table 2, models trained on PhysLe-
anData overall outperform their base versions.
Specifically, our GRPO model solves 3 additional
problems from the test set. However, the im-
provement is not consistent across all categories.
For example, our model demonstrates meaning-
ful gains on medium-level problems from MATH
(Hendrycks et al., 2021). Conversely, more chal-
lenging Olympiad-level problems may not benefit
from GRPO training, as performance drops in the
AIME category.

These results reveal both the intrinsic connec-
tions and distinctions between mathematical and
physical theorem proving in Lean4. In general,
training on physics problems can enhance mathe-
matical reasoning capabilities. However, difficult
mathematics problems may demand substantially
different problem-solving skills that cannot be di-
rectly acquired from physics-based training.

6 Revisiting the Role of Supervised
Fine-tuning

We additionally investigated whether conducting
Supervised Fine-tuning (SFT) prior to Reinforce-
ment Learning on PhysLeanData could enhance

1https://huggingface.co/deepseek—ai/
DeepSeek-Prover-V2-7B

model performance on Physics, following stan-
dard practice in training specialized LLMs. How-
ever, we did not observe any improvement on our
test set after SFT; instead, we observed consistent
performance degradation. Specifically, we fine-
tuned on the PhysLeanData training set, where
ground-truth answers were either extracted from
the PhysLean library or generated by open-source
provers with subsequent verification. The training
sample template follows the RL prompt template
in B.1, with loss computation restricted to the com-
pletion portion. We fine-tuned Deepseek-Prover-
V2-7B for one epoch, using a learning rate of 5e~"
and a batch size of 32. Results are presented in
Table 3, revealing consistent performance degrada-
tion across all categories, with an average accuracy
decline of 6.4To gain preliminary insight into this
phenomenon, we conducted experiments compar-
ing the uncertainty of the SFT model (Table 3) and
the GRPO model from our main experiments, here-
after referred to as DS-Prover-SFT and DS-Prover-
GRPO, respectively. To assess model uncertainty
on both training and test data, we measured the av-
erage perplexity of sampled responses conditioned
on input prompts. Given a prompt  x from either
the training or test set, we sampled K = 16 re-
sponses i, from the model and computed the mean
perplexity across these samples. We randomly se-
lected 50 samples from each of the training and test
sets. The computation is defined as:

K

— 1

PPL(z) = & > PPLy™), y™ ~py(- | 2)
k=1

where
1 ly]
PPL{y) = exp |~ > logpy(y | y<t, )
t=1

This metric captures the model’s self-uncertainty:
lower values indicate that the model generates re-
sponses it considers likely and more familiar with
the input, while higher values suggest greater vari-
ability or unfamiliarity with the prompt.

Results are presented in Table 4. The findings
demonstrate that the average perplexity for DS-
Prover-GRPO is substantially lower than that of
DS-Prover-SFT on both the training and test sets,
which explains why GRPO improves the perfor-
mance while SFT does not. These results suggest
that although supervised fine-tuning directly maxi-
mizes the probability of target tokens, it does not


https://huggingface.co/deepseek-ai/DeepSeek-Prover-V2-7B
https://huggingface.co/deepseek-ai/DeepSeek-Prover-V2-7B

Problem Category

Deepseek-Prover-V2

Deepseek-Prover-V2 + PhysLeanData

Pass@16 Pass@16

IMO 4/20 = 20.0% 4/20 =20.0%

Olympiad AIME 8/15 =53.3% 715 =46.7%
AMC 25/45 = 55.6% 25/45 = 55.6%
MATH Algebra 63/70 = 90.0% 65/70 = 92.9%
Number Theory 51/60 = 85.0% 53/60 = 88.3%

Algebra 8/18 =44.4% 8/18 =44.4%

Custom  Number Theory 4/8 = 50.0% 4/8 = 50.0%

Induction 4/8 = 50.0% 4/8 = 50.0%

Overall Pass Rate

167/244 = 68.4%

170/244 = 69.7%

Table 2: Out-of-Distribution Generalization in Formal Math Proving on MiniF2F-Test (Zheng et al., 2022)

Method Budget Classical  Particle & String  Relativity = Quantum Field Theory Overall
Deepseek-Prover-V2-7B pass@16 54.9 23.9 37.7 254 34.0
Deepseek-Prover-V2-7B + Phys SFT  pass@16  45.1 (-9.8) 19.4 (-4.5) 26.2 (-11.5) 239 (-1.5) 27.6 (-6.4)

Table 3: Experiment Results of Supervised Fine-tuning (SFT) on PhysLeanData of Deepseek-Prover-V2-7B. The

pass@ 16 accuracy drops significantly after this stage.

necessarily reduce model uncertainty, particularly
for models such as DeepSeek-Prover that have al-
ready undergone extensive domain-specific train-
ing. This observation offers an important insight
for further improving expert models: supervised
fine-tuning may not always be necessary or opti-
mal. Direct application of reinforcement learning
can serve as a viable alternative, particularly in
low-resource settings.

Training Set  Test Set
DS-Prover-SFT 1.817 1.711
DS-Prover-GRPO 1.141 1.209

Table 4: The experiment results of perplexity on the
training set and the test set for DS-Prover-SFT and DS-
Prover-GRPO.

7 Conclusion

In this paper, we present the first systematic effort
to advance formal theorem proving in the physi-
cal domain. We first introduce PhysLeanData, a
dataset of physical theorems formalized in Lean4,
along with a conjecture formulation pipeline for
generating valid and correct conjectures. By ap-
plying Reinforcement Learning with Verifiable Re-
wards (RLVR) to an open-source state-of-the-art
theorem prover, our PhysProver achieves con-
sistent 2.4% improvements across physical sub-

domains such as Quantum Field Theory using only
5K samples. The model also demonstrates over 1%
improvement on the out-of-distribution MiniF2F-
test benchmark, highlighting strong generalization
capability. Our work bridges a critical gap between
formal theorem proving in mathematics and its ap-
plication to the physical sciences. We will publicly
release our dataset and models to facilitate future
research in this direction.



8 Limitations

Our work has several limitations that we acknowl-
edge and hope to address in future research. First,
due to computational resource constraints, we were
unable to collect more data or scale the conjecture
generation process to a larger extent. As noted
in Section 3.2, our synthetic data pipeline has a
yield rate of only 8.9%, meaning that a substantial
portion of generated conjectures are filtered out
during validity and correctness verification. Scal-
ing up the generation process would require sig-
nificantly more compute for both the LLM-based
conjecture generation and the multi-prover verifi-
cation stage, which was beyond our current budget.
Additionally, our dataset is derived solely from the
PhysLean repository, which, while comprehensive,
may not cover all areas of physics uniformly. Cer-
tain specialized domains may be underrepresented,
potentially limiting the model’s applicability to the
full breadth of physical theorem proving.
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A PhysProver Categories

The Classical & Foundational Physics category
groups core undergraduate-level subjects, includ-
ing mathematical methods, classical mechanics,
quantum mechanics, statistical mechanics, and
electromagnetism. These areas represent foun-
dational discoveries in physics and are primarily
textbook-driven, with standardized problem formu-
lations and solution methods.

Particle and String Physics is grouped separately
to capture topics centered on high-energy physics
and fundamental interactions, often motivated by
experimental programs such as those at the Large
Hadron Collider. String theory topics are included
in this category due to their close conceptual align-
ment with high-energy theoretical frameworks.

Quantum Field Theory and Relativity are treated
as distinct categories due to their advanced mathe-
matical structure and conceptual complexity. Both
subjects are typically introduced at the graduate
level, with quantum field theory extending quantum
mechanics and relativity providing a foundational
framework for spacetime and gravitation.
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B Experimental Details

B.1 Prompt Template

We list the prompt template for DeepSeek-Prover-
V2-7B in Figure B.1. The prompt template for
Kimina-Prover and Goedel-Prover is exactly the
same except for the special tokens. We chose this
template because we found it stable for the models
to generate proof completions, as they are provided
with context and a statement in the <|Assistant|>
round to directly generate the proof.
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Figure 3: Prompt template for DeepSeek Prover

DeepSeek Prompt Template

<|begin_of_sentence|> You are an expert in mathematics, physics and Lean 4.
<|User|>Think about and solve the following problem step by step in Lean 4. —Directly give
the formal statement in Lean 4.

# Problem: This theorem states that the matrix product of the Minkowski metric with itself
yields the identity matrix.

# Formal statement:

“*"lean4

import Mathlib.Algebra.Lie.Classical

import Mathlib.Analysis.Normed.Ring.Lemmas

open Matrix

def minkowskiMatrix {d : N} : Matrix (Fin 1 @Fin d) (Fin 1 @Fin d) R:=
LieAlgebra.Orthogonal.indefiniteDiagonal (Fin 1) (Fin d) R

namespace minkowskiMatrix

variable {d : N}

non

scoped[minkowskiMatrix] notation "n" => minkowskiMatrix

/-- This theorem states that the matrix product of the Minkowski metric with itself yields the
identity matrix.-/
@[simp]
lemma sq : @minkowskiMatrix d * minkowskiMatrix = 1 :=
sorry

<|Assistant|>

“*"lean4

import Mathlib.Algebra.Lie.Classical
import Mathlib.Analysis.Normed.Ring.Lemmas

open Matrix

def minkowskiMatrix {d : N} : Matrix (Fin 1 @Fin d) (Fin 1 &Fin d) R:=
LieAlgebra.Orthogonal.indefiniteDiagonal (Fin 1) (Fin d) R

namespace minkowskiMatrix

variable {d : N}

non

scoped[minkowskiMatrix] notation "n" => minkowskiMatrix

/-- This theorem states that the matrix product of the Minkowski metric with itself yields the
identity matrix.-/

@[simp]

lemma sqg : @minkowskiMatrix d * minkowskiMatrix = 1 :=
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Figure 4: Prompt template for Claude-4.5-Sonnet

Claude-4.5-Sonnet Prompt Template

You are an expert in mathematics, physics and Lean 4.

You are provided a context, a lemma, and a proof. Your task is to generate a list of 10
related physics conjecture in formal language based on the context and the seed language
statements.

The conjectures should be:

1. A meaningful variant of the original theorem: modify hypotheses, generalize structures, or
extend scope while keeping the core mathematical insight.

2. Must differ significantly in mathematical content (changed assumptions, stronger/weaker
conclusions, or different algebraic structures) but remain recognizably related.

3. The new conjecture should be in formal language.

4. Do not include the proof.

When generating the conjectures, preserve all specific Lean identifiers exactly as they appear
in the formal statement. You can also refer to the original formal statement.

Context:
{context}

Natural Language Statement:

{nq}

Original Formal Statement:
{theorem}

Return the final conjectures in JSON format as a dictionary where:

- The key is "conjectures”

- The value is a list of dictionaries

- Each dictionary in the list has a key "statement” whose value is a string containing one
conjecture

Please read, understand, and then generate a list of conjectures.
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