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Abstract

The intersection of large language models (LLMs) and mathematical discovery
represents a rapidly evolving frontier in artificial intelligence research. This sys-
tematic literature review, conducted following the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) 2020 guidelines, examines
the current state of research on using LLMs for generating new mathematical
knowledge, including conjectures, theorems, lemmas, axioms, and counterexam-
ples. From an initial pool of 63 records published through December 31, 2025, we
identified 32 studies that met our inclusion criteria after rigorous screening. Our
analysis reveals seven distinct technical paradigms: evolutionary search methods,
reinforcement learning (RL) approaches, self-play and expert iteration, neuro-
symbolic hybrid systems, in-context learning pipelines, specialized pretraining
objectives, and equation discovery techniques. We amalgamate findings across
formal verification systems (including Lean, Isabelle, PVS, and Metamath),
along with datasets, evaluation metrics, and architectural choices. Our review



identifies that evolutionary approaches combined with formal verification have
achieved the most significant mathematical discoveries, including improvements
to Strassen’s matrix multiplication algorithm and solutions to open problems in
extremal combinatorics. We provide a technical taxonomy to guide practitioners
in designing novel architectures for mathematical discovery, highlighting both
proven strategies and open challenges in this emerging field.

Keywords: Large Language Models, Mathematical Discovery, Theorem Generation,
Conjecture Generation, Formal Verification, PRISMA, Systematic Review, Automated
Theorem Proving, Symbolic Regression

1 Introduction

The automation of mathematical discovery has been a long-standing goal in artifi-
cial intelligence, dating back to early symbolic Al systems and automated theorem
provers [1]. Recent advances in large language models (LLMs) have reinvigorated this
pursuit, demonstrating unprecedented capabilities in mathematical reasoning, proof
generation, and crucially, the generation of novel mathematical knowledge.

Unlike traditional automated theorem proving, which focuses on verifying or prov-
ing existing mathematical statements, mathematical discovery involves the creation
of new mathematical statements: conjectures that propose previously unknown rela-
tionships, theorems that establish new truths, lemmas that serve as stepping-stones
to deeper results, and counterexamples that disprove false conjectures. This creative
aspect of mathematics has historically been considered uniquely human, requiring
intuition, pattern recognition, deep domain expertise, and inspiration.

The emergence of LLMs trained on large scale mathematical corpora has signifi-
cantly reshaped the landscape of automated reasoning and mathematical statement
discovery. Systems such as FunSearch [2] have discovered new constructions in
extremal combinatorics that surpass the best known human results. AlphaTensor [3]
discovered faster matrix multiplication algorithms, improving upon Strassen’s seminal
1969 algorithm for the first time in more than 50 years. These achievements demon-
strate that Al systems can not only assist mathematicians, but also independently
contribute to mathematical knowledge.

1.1 Motivation and Scope

This systematic review addresses a critical need in the research community: a compre-
hensive summary of methods, architectures, and results in LLM-based mathematical
discovery. The rapid pace of development in this field, with many papers appearing in
2024-2025, makes it essential to consolidate knowledge and identify effective technical
approaches.

Our review specifically focuses on knowledge generation rather than prob-
lem solving. In this context, problem solving uses LLMs to solve existing problems,
prove known theorems, or answer mathematical questions, and it represents applica-
tions of existing knowledge. On the other hand, mathematical discovery uses LLMs



to generate new mathematical objects, conjectures, theorems, lemmas, counterexam-
ples, algorithms, or constructions, that contribute to mathematical knowledge. This
distinction separates mathematical problem solving from mathematical discovery and
is crucial for practitioners building LLM systems aimed at advancing mathematical
research rather than merely assisting with more routine mathematical tasks.

1.2 Research Questions

This systematic review addresses five research questions. First, we investigate what
technical architectures and methodologies have been proposed for LLM-based math-
ematical discovery (RQ1). Second, we examine which formal verification systems are
used to validate generated mathematical knowledge (RQ2). Third, we explore what
datasets and benchmarks exist for training and evaluating mathematical discovery
systems (RQ3). Fourth, we analyze the key success factors and limitations of current
approaches (RQ4). Finally, we survey which mathematical domains and problem types
have been addressed (RQ5).

1.3 Contributions

This review makes five principal contributions. We provide a rigorous Preferred
Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA)-compliant
[4] systematic review of 32 studies on LLM-based mathematical discovery published
through December 2025. We develop a technical taxonomy of seven distinct paradigms
for mathematical knowledge generation. We offer a comprehensive synthesis of formal
verification systems, datasets, and evaluation approaches. We present actionable guid-
ance for practitioners designing mathematical discovery systems. Finally, we identify
open challenges and promising research directions for this emerging field.

2 Background and Definitions

Before presenting our methodology, we provide definitions of key terms and systems
referenced throughout this review.

2.1 Key Concepts

A large language model (LLM) is a neural network trained on large text corpora
using self-supervised learning, typically based on the transformer architecture. In this
review, we include both general-purpose LLMs, such as GPT-4 [5] and Claude [6], as
well as code-specialized variants, including Codex [7] and StarCoder [8]. Mathemat-
ical discovery refers to the generation of new mathematical knowledge, including
conjectures, theorems, lemmas, algorithms, counterexamples, or constructions that
were previously unknown. Formal verification involves the use of proof assistants
such as Lean [9], Isabelle [10], or Coq [11] to mechanically verify the correctness of
mathematical statements and proofs.

A conjecture is a mathematical statement believed to be true but not yet proven,
while theorem and lemma generation refer to the automatic creation of new



mathematical statements along with their proofs. A counterexample is a specific
instance that disproves a mathematical statement, demonstrating its falsity.

Symbolic regression is the task of discovering mathematical equations from
data, expressing relationships in symbolic form. Expert iteration is a train-
ing procedure that alternates between generating solutions and training on the
successful solutions. Evolutionary search refers to optimization through population-
based methods inspired by biological evolution, including mutation, selection, and
recombination.

2.2 Formal Verification Systems

The primary formal verification systems referenced in this review include Lean [9],
Isabelle [10], Metamath [12], and PVS [13]. Lean is a proof assistant developed at
Microsoft Research, with Lean 4 being the current version; its Mathlib library contains
more than one million lines of formalized mathematics. Isabelle is a generic proof assis-
tant supporting various logics, particularly higher-order logic (HOL), and its archive
of formal proofs contains over 700 entries of formalized mathematics. Metamath is a
minimalist formal system with a large library of proofs in set theory and related areas.
The prototype verification system (PVS) is a proof assistant that provides support for
decision procedures.

3 Methods

This systematic review follows the Preferred Reporting Items for Systematic Reviews
and Meta-Analyses (PRISMA) 2020 guidelines [14]. We report our methodology
transparently to ensure reproducibility. The literature search was conducted between
January 15-20, 2026, covering publications through December 31, 2025. This review
was not pre-registered due to the exploratory nature of summarizing a rapidly evolv-
ing field; however, all screening decisions and extracted data are available in the
supplementary materials.

3.1 Eligibility Criteria

Studies were included if they met all five inclusion criteria.

I1: Domain: The study must address mathematical discovery, including conjecture
generation, theorem generation, lemma generation, counterexample generation,
algorithm discovery, or construction finding.

I2: Technology: The study must employ LLMs, neural language models, or
transformer-based architectures as a core component of the discovery pipeline.

I3: Novelty Generation: The study must demonstrate or propose methods for gen-
erating new mathematical knowledge, not merely solving existing problems or
proving known theorems.

I4: Focus: The primary application domain must be mathematics, including theoret-
ical computer science, combinatorics, number theory, algebra, geometry, analysis,
and mathematical physics.



I5: Type: The study must be a peer-reviewed publication, preprint on a recognized
repository such as arXiv or OpenReview, or published in conference proceedings.

Studies were excluded if they met any of six exclusion criteria.

E1: Problem Solving Only: Focusing exclusively on solving existing mathematical
problems without generating new mathematical statements.

E2: Non-Mathematical Domains: Applying LLMs to scientific discovery in non-
mathematical domains such as biology, chemistry, or materials science without
mathematical knowledge generation.

E3: No LLM Component Using purely symbolic methods, classical machine learn-
ing, or non-language-model neural networks without LLM integration.

E4: Duplicate Publications: Being near-duplicates of included papers.

E5: Non-English: Not being available in English.

E6: Insufficient Detail: Providing insufficient methodological detail to assess their
approach to mathematical discovery.

3.2 Information Sources and Search Strategy

Records were obtained from a curated literature search encompassing major academic
databases and preprint repositories, including Semantic Scholar, arXiv (specifically the
cs.Al cs. LG, cs.CL, and math.* categories), OpenReview (including ICLR, NeurIPS,
and ICML submissions), JMLR, Nature and Nature-affiliated journals (including
Machine Intelligence), and the ACL Anthology. The search was conducted using key-
word combinations including “large language model” AND (“theorem generation” OR
“conjecture” OR “mathematical discovery” OR “automated theorem” OR “lemma
generation” OR “counterexample”).

3.3 Selection Process

The selection process followed a two-stage screening procedure. In the first stage of title
and abstract screening, all records were screened based on their titles and abstracts to
assess potential relevance, with records clearly outside the scope being excluded. In the
second stage of full-text assessment, remaining records underwent full-text review to
verify eligibility against all inclusion and exclusion criteria. Screening was performed
through careful semantic analysis of each paper’s abstract, focusing on whether the
study addresses mathematical knowledge generation rather than mere problem solving.

3.4 Data Extraction

For each included study, we extracted bibliographic information including authors,
year, and venue, the technical approach and architecture employed, the LLM models
used, the formal verification systems employed, the datasets and benchmarks used,
the types of mathematical objects generated, the mathematical domains studied, the
key results and discoveries, and the evaluation metrics and performance measures.



3.5 Risk of Bias Assessment

Given the nascent nature of this field and the diversity of study designs, we did not
conduct a formal risk of bias assessment using standardized tools. Instead, we note
methodological considerations in our synthesis, where relevant, acknowledging this as
a limitation.

4 Results

This section reports on the study selection process and the study characteristics of our
systematic review. We summarize the study selection process, including the records
identified, screened, excluded, and retained for inclusion. We then provide basic data
on the distribution of records retained for our study.

4.1 Study Selection

Figure 1 presents the PRISMA flow diagram summarizing our study selection process.
From the 63 records initially identified from database searches, we removed 2 dupli-
cates, leaving 61 records for screening. After title and abstract screening and full-text
assessment, 29 records were excluded for not meeting inclusion criteria, resulting in
32 studies included in the final review.

Records identified

Identification from databases

(n = 63)

Records after

i : Duplicat d
Screening duplicates removed uplicates remove

(n = 61) (n =2
Records excluded
Reports assessed for (n = 29)
eligibility
(n = 32)

Studies included in review
Included (Tl _ 32)

Fig. 1: PRISMA 2020 flow diagram showing the study selection process.

The 29 excluded records were removed for the following reasons: seven studies
focused on problem solving rather than generating new knowledge (E1), twelve stud-
ies addressed non-mathematical domains such as biology, chemistry, materials science,



or finance (E2), four studies used purely symbolic or classical machine learning meth-
ods without LLM integration (E3), four studies represented general Al or reasoning
frameworks without mathematical discovery focus (E4), and one study was a dupli-
cate publication of an included paper. Ine additional study from 2026 fell outside our
temporal scope.

4.2 Study Characteristics

The included studies span 2020-2025, with a marked increase in recent years reflecting
the rapid growth of this field: two studies from 2020, three from 2021, one from 2022,
three from 2023, seven from 2024, and sixteen from 2025. The studies appeared in
diverse venues, with four papers published in the Nature family of journals (including
FunSearch [2], AlphaTensor [3], the Ramanujan Machine [15], and the Davies et al. [16]
knot theory work), five papers in major machine learning conferences (ICLR, ICML,
NeurIPS workshops, and NAACL), twenty one in arXiv preprints primarily in the
cs. Al ¢s. LG, and math.CO categories, and two in other venues including CEUR-WS
and Physics of Fluids.

5 Technical Analysis of Discovery Paradigms

Based on our analysis, we identify the following seven distinct technical paradigms for
LLM-based mathematical discovery. This section provides a detailed technical analysis
of each paradigm, discussing implementation details, architectural choices, and results
across studies.

5.1 Evolutionary Search Methods

Evolutionary search has emerged as one of the most powerful and scalable paradigms
for autonomous mathematical discovery, driving breakthroughs in long-standing open
problems across combinatorics, geometry, and matrix algebra. Rather than navigat-
ing raw mathematical solution spaces directly, modern evolutionary frameworks shift
the search to the space of functional, executable programs, using LLMs as highly
adaptive mutation and crossover operators [2]. These systems typically embed LLM
samplers within closed-loop architectures that iteratively execute candidate code,
measure performance via automated verifiers, and maintain dynamic databases of
high-fitness programs [2, 17]. Recent iterations have expanded this frontier by intro-
ducing multi-LLM orchestration, sample-efficient selection mechanics, and continual
learning to systematically explore dozens of theoretical problems at scale [18-20]. The
following sections detail how these evolutionary coding agents have discovered novel
lower bounds for the cap set and kissing number problems, optimized complex matrix
multiplication, and achieved state-of-the-art geometric packing solutions.

5.1.1 FunSearch: Program Search with LLMs

FunSearch [2] introduced the paradigm of searching in the space of programs rather
than solutions. The architecture pairs a pretrained LLM with a systematic evaluator
in an evolutionary loop consisting of four components. The process begins with a seed



population of simple or randomly generated Python functions, often designed to satisfy
basic syntactic and type constraints. These initial programs are evaluated to establish
baseline fitness scores. From there, a program database maintains the population of
programs organized by fitness, an LLM sampler selects high-performing candidates
from this database to prompt the LLM for improved variants, an evaluator executes
the generated programs on test cases to compute their fitness scores, and a selection
mechanism adds programs that exceed set fitness thresholds back into the database.
Over successive iterations, this loop drives the discovery of increasingly sophisticated
and high-performing mathematical programs.

FunSearch discovered new constructions for the cap set problem, achieving
improved lower bounds on the cap set problem in F%, a central problem in extremal
combinatorics. It also discovered new heuristics for online bin packing that outperform
decades of human-designed algorithms. The system uses Codey, a code-specialized
PaLM variant [21], with automated execution and timeout for evaluation, maintaining
populations of thousands of programs with problem-specific fitness functions.

5.1.2 AlphaEvolve: Evolutionary Coding Agent

AlphaEvolve [17] extends the evolutionary approach with an autonomous multi-LLM
pipeline. Its key innovations include multi-LLM orchestration with multiple LLMs hav-
ing different specializations; continuous feedback, where real-time evaluator feedback
guides evolution; and applications to diverse domains including both mathematical
and computational-infrastructure problems.

Among its mathematical discoveries, AlphaEvolve found a procedure for multiply-
ing two 4 X 4 complex matrices using 48 scalar multiplications, the first improvement
over Strassen’s algorithm (which requires 49 multiplications) in 56 years. The system
also advanced the 11-dimensional kissing number problem by discovering a configura-
tion of 593 tangent spheres, establishing a new lower bound in that dimension. In other
areas, such as uncertainty inequalities and related extremal or geometric problems,
AlphaEvolve tightened known bounds and recovered best-known constructions.

5.1.3 Mathematical Exploration at Scale

Georgiev et al. [18] applied AlphaEvolve to 67 open mathematical problems spanning
analysis, combinatorics, geometry, and number theory. The system rediscovered the
best-known solutions for most problems and discovered improved solutions for several
problems. Notably, it demonstrated the ability to generalize finite results to general
formulas and showed successful integration with AlphaProof [22] for proof generation.

5.1.4 ShinkaEvolve and CoEvo

ShinkaEvolve [19] addresses sample efficiency, meaning it is designed to
find high-performing solutions using far fewer environment interactions and
candidate-program evaluations than standard evolutionary approaches. Its techni-
cal innovations include parent sampling that balances exploration and exploitation
using fitness-weighted selection, novelty-rejection sampling that avoids redundant
exploration by rejecting similar programs, and a bandit-based LLM ensemble that



dynamically selects among multiple LLMs, based on performance. The system discov-
ered a new state-of-the-art circle packing solution with only 150 samples, designed
effective agentic harnesses for the mathematical reasoning section of the Ameri-
can Invitational Mathematics Examination (AIME), and provided an open-source
implementation enabling broad adoption.

CoEvo [20] introduces continual learning to symbolic discovery with a dynamic
knowledge library that continuously stores and retrieves discovered solutions, open-
ended innovation that discovers new problems along with solutions, and multiple
representations spanning natural language, mathematical expressions, and code.

5.2 Reinforcement Learning and Guided Search Approaches

Recent breakthroughs demonstrate that fundamental mathematical discovery, algo-
rithm synthesis, and complex theorem generation can be effectively framed as
sequential decision-making problems [3]. By structuring abstract mathematical search
spaces as discrete game environments or combinatorial generation tasks, learning-
driven systems can discover novel structures without relying on human-curated
demonstration data [23, 24]. These approaches typically pair deep neural architectures
with structured exploration mechanisms, such as tree search or cross-entropy policy
optimization to navigate vast, non-linear search spaces [3, 23]. The following sections
detail how these learning-guided search frameworks have successfully discovered novel
matrix multiplication algorithms, disproved long-standing graph theory conjectures,
and generated competition-level geometric problems.

5.2.1 AlphaTensor: Tensor Decomposition as a Game

AlphaTensor [3] formulates algorithm discovery as a single-player game. The state
represents the current tensor (the remaining computation). The goal is to reduce the
tensor to zero with as few actions as possible, where an action consists of selecting
a rank-1 tensor to subtract. The architecture is based on AlphaZero, using Monte
Carlo Tree Search for planning, a neural network for policy and value prediction, and
training via self-play. The system discovered algorithms improving on Strassen for
4 x 4 matrices in finite fields, developed hardware-specific optimizations for practical
efficiency, and produced provably correct algorithms via construction.

5.2.2 Deep Cross-Entropy for Combinatorial Constructions

Wagner [23] applied the deep cross-entropy method to find counterexamples by train-
ing neural networks to generate mathematical objects (e.g., graphs, matrices), with
rewards based on proximity to counterexample criteria and cross-entropy method
for policy optimization. The mathematical discoveries include counterexamples to
the Brualdi-Cao conjecture on permanents, counterexamples to conjectures on graph
eigenvalues, and multiple results in extremal combinatorics.



5.2.3 TongGeometry: Olympiad Problem Proposing

TongGeometry [24] integrates a guided tree search framework with LLM reasoning to
both propose and solve advanced geometry problems. For problem generation, it enu-
merated over 6.7 billion geometry theorems involving auxiliary constructions. Among
the problems it proposed, ten were submitted to major mathematical olympiads, with
three selected for official competitions, including national team selection exams and
top civil olympiads in China and the United States. For problem-solving, TongGeom-
etry successfully solved all geometry problems in the IMO-AG-30 benchmark [24]. Tts
approach combines an efficient geometric reasoning engine for theorem enumeration,
fine-tuned LLMs for guided search and verification, and symmetry-aware aesthetic
evaluation to produce high-quality geometry problems.

5.3 Self-Play and Expert Iteration

Self-play and expert iteration have established a powerful bootstrapping paradigm for
formal theorem proving, enabling automated systems to transcend the limits of static,
human-annotated training data. At the core of this approach is a recursive optimiza-
tion loop where models generate their own training signals by continuously alternating
between problem generation and problem solving. By structuring this interaction as
a dual-role framework, systems can dynamically calibrate an internal curriculum,
forcing a prover to adapt as a conjecturer proposes increasingly challenging math-
ematical objectives [25]. Beyond individual proof trajectories, this iterative process
allows agents to organically grow, retrieve, and evolve structured libraries of verified
lemmas, creating a modular foundation of mathematical skills that can be recursively
composed to tackle highly complex theorems [26]. The following sections explore how
these self-correcting and knowledge-accumulating architectures have yielded dramatic
performance gains across rigorous formal mathematical benchmarks such as miniF2F
[27] and LeanWorkbook [28].

5.3.1 STP: Self-play Theorem Provers

STP [25] introduces a dual-role framework where a single model plays the role of both
conjecturer and prover. The training dynamics involve conjecturer training to gener-
ate conjectures that are barely provable by the current prover (curriculum learning);
prover training using standard expert iteration on successfully proven conjectures; and
iterative refinement, where the conjecturer generates increasingly difficult problems as
the prover improves. The system achieved a 26.3% success on LeanWorkbook, dou-
bling the previous best of 13.2%, and state-of-the-art performance on the miniF2F-test
with 61.1% at pass@3200, generating 19.8 billion tokens during training.

5.3.2 LEGO-Prover: Growing Skill Libraries

LEGO-Prover [26] maintains a growing library of verified lemmas through skill cre-
ation. The LLM proposes new lemmas during proving; retrieves skills, where it pulls
relevant lemmas to help with the current proof; and evolves skills, where it refines
existing lemmas to create useful variations. The system generated over 20,000 new
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skills (theorems and lemmas), improved the pass rate on miniF2F-valid from 48.0%
to 57.0%, and ablation studies showed that newly added skills improve success rate
by 3.3 percentage points.

5.4 Neuro-Symbolic Hybrid Systems

Neuro-symbolic hybrid systems capitalize on the complementary strengths of neural
intuition and symbolic rigor to automate complex mathematical reasoning. While deep
neural networks excel at generating diverse, highly creative mathematical hypothe-
ses and abstract structural schemas, their open-ended heuristic search lacks inherent
guarantees of logical correctness [29]. To bridge this gap, neuro-symbolic architectures
tightly couple LLMs with deterministic symbolic engines, template instantiators, and
interactive theorem provers [29, 30]. Within this dual-layer paradigm, the neural com-
ponent acts as a flexible generative engine that proposes high-level templates or raw
conjectures, while the symbolic layer serves as an absolute logical filter, instantiating
fine-grained details, searching for counterexamples, and formally certifying correctness
[30]. The following sections explore how these hybrid frameworks use template-based
schema generation and multi-stage verification pipelines to systematically discover
valid mathematical lemmas and separate genuine theoretical insights from neural
noise.

5.4.1 Lemmanaid: Template-Based Lemma Conjecturing

Lemmanaid [30] combines LLM generation with symbolic instantiation. The archi-
tecture involves template generation, where the LLM generates lemma templates
(schemas with placeholders); symbolic instantiation, where symbolic methods fill in
template details; and verification using the Isabelle proof assistant. The system dis-
covered 29-39.5% of gold-standard human-written lemmas, representing an 8-15%
improvement over neural-only methods, and was evaluated on the Isabelle HOL library
[31] and the Archive of Formal Proofs [32].

5.4.2 Exploring Mathematical Conjecturing with GPT

Johansson and Smallbone [29] explored direct prompting of LLMs (GPT-3.5 and
GPT-4) to generate mathematical conjectures, integrating them into a neuro-symbolic
pipeline where symbolic theorem provers and counterexample finders verified or
refuted the generated statements. Their experiments produced mixed results: while
some conjectures were valid, many were not. This study showed that LLMs are good
at proposing diverse and unexpected conjectures, but that this creativity comes with a
high risk of error, so their outputs cannot be trusted on their own. Symbolic theorem
provers and counterexample finders are therefore essential partners: they act as rig-
orous filters that test each LLM-generated conjecture, keeping only those that are
logically sound and discarding the rest, which underscores that reliable mathematical
discovery still depends on formal verification rather than model intuition.
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5.5 In-Context Learning Pipelines

In-context learning (ICL) pipelines represent a highly flexible, inference-time paradigm
for mathematical discovery, bypassing or augmenting traditional parameter updates
by dynamically expanding the model’s immediate prompt environment. Rather than
relying solely on frozen static weights, these frameworks use stateful and iterative
prompting loops where successfully verified theorems and emerging proof strategies are
continuously accumulated and recycled into the context window [33]. By combining
rule-based metadata extraction from established formal repositories like Mathlib with
live execution feedback from proof assistants, these systems allow language models
to bootstrap their localized reasoning capabilities in real time [33, 34]. Furthermore,
anchoring these context-rich generation loops with tailored policy optimization strate-
gies ensures that the resulting hypotheses remain non-trivial and mathematically
rigorous [34]. The following sections examine how these iterative in-context architec-
tures enable language models to navigate formal languages like Lean 4, rediscover
research-level results, and systematically map complex university-level concepts in
advanced topology.

5.5.1 Conjecturing-Proving Loop

Kasaura et al. [33] introduced the Conjecturing-Proving Loop, an iterative framework
for discovering new theorems via in-context proof-learning in Lean 4. The pipeline
uses an LLM to generate conjectures in the Lean format, attempts to prove them with
the same LLM, guided by a Lean server, and adds successfully proved theorems and
proofs to a growing library that is fed back as context for subsequent conjecturing
and proving rounds. This context-enriched loop enables the LLM to discover and
formally prove increasingly difficult theorems and to rediscover research-level results,
including at least one theorem that could not be proved by the LLM without such
contextual examples, even in natural language, thereby demonstrating the effectiveness
of in-context proof learning for neural theorem proving

5.5.2 LeanConjecturer

LeanConjecturer [34] generates university-level conjectures (conjectures that are
similar in difficulty and sophistication to the mathematics taught and studied in
undergraduate-level university courses) through rule-based context extraction from
Mathlib seed files, LLM-based theorem statement generation, iterative generation and
evaluation, and GRPO (Group Relative Policy Optimization) for reinforcement learn-
ing (RL). From 40 seed files, the system produced 12,289 conjectures, with 3,776
identified as syntactically valid and non-trivial, and verified non-trivial theorems in
topology including properties of semi-open, alpha-open, and pre-open sets.

5.6 Specialized Pretraining Objectives

While generic autoregressive language modeling excels at capturing the linear flow of
natural language, standard next-token prediction often struggles to grasp the rigid,
deeply nested hierarchical structure inherent in formal mathematics. To address this
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limitation, specialized pretraining objectives restructure self-supervised learning to
operate directly on the underlying syntax and mathematical rules of formal languages
[35]. By shifting the pretraining paradigm from linear text completion to structural
prediction, such as identifying or reconstructing missing subtrees within an Abstract
Syntax Tree (AST), models can natively encode the multi-layered semantic and logical
dependencies of higher-order logic [35]. This structure-aware foundation provides a
robust inductive bias that drastically improves downstream performance on formal
reasoning tasks, including type inference, premise selection, and equality completion.
The following section explores how these tailored pretraining mechanisms optimize
neural architectures to comprehend the fundamental, non-linear topology of formal
proofs and mathematical statements.

5.6.1 Skip-Tree Training

Rabe et al. [35] introduced skip-tree training, a self-supervised pretraining objective
tailored to formalized mathematics in HOL. Instead of standard next-token predic-
tion, their method learns by predicting missing subtrees in the abstract syntax trees
of formal expressions, enabling the model to capture rich structural and semantic
dependencies in proofs and statements. This pretraining supports tasks such as type
inference, suggesting missing premises or assumptions, completing equalities, and
formulating conjecture-like continuations evaluated via provability. Models trained
with skip-tree objectives achieve stronger performance than standard language mod-
els on a range of mathematical reasoning benchmarks, indicating the benefits of
structure-aware pretraining for formal mathematics.

5.7 Equation Discovery

Equation discovery and symbolic regression aim to infer mathematical relationships
from data. Traditional approaches rely on combinatorial searches over symbolic expres-
sions, while newer methods use language models to guide the search space. Evaluation
of these models remains challenging, as models may reproduce known formulas from
training data. Recent benchmarking frameworks address this challenge by transform-
ing known equations into alternative structures and introducing synthetic tasks to
measure model performance across multiple domains [36]. The following section details
these evaluation methods and baseline results.

5.7.1 LLM-SRBench

LLM-SRBench [36] provides a benchmark preventing memorization through the LSR-
Transform benchmark, which transforms known equations into less common forms, and
the LSR-Synth benchmark, which creates synthetic problems requiring data-driven
reasoning. The benchmark contains 239 problems across four domains. The finding
that the best methods achieve only 31.5% accuracy highlights the challenge of true
equation discovery.
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6 Formal Verification Systems

A distinguishing feature of mathematical discovery is the need for rigorous verification.
Lean, including Lean 4, has emerged as the dominant verification system, used by nine
of 32 studies (28.1%). Key advantages of Lean include Mathlib, its extensive library of
formalized mathematics containing over one million lines; powerful proof automation
through tactics; active development with Lean 4 representing modern language design;
and strong community engagement from mathematicians and CS researchers.

Isabelle is used by two studies, offering HOL and an archive of formal proofs.
Metamath is used by one study, providing minimal logic with a large library. PVS
is also used by one study for its higher-order logic and decision procedures. Five
studies use problem-specific evaluators rather than general-purpose proof assistants,
as seen in FunSearch and AlphaEvolve. These offer faster evaluation and problem-
tailored metrics, though with limited generalization and the need to verify correctness
separately.

7 Datasets and Benchmarks

Prominent datasets and benchmarks that support mathematical discovery include
Mathlib4 [37], containing over one million lines of Lean formalized mathematics from
the community; LeanWorkbook [28], containing 57,000 problems for theorem proving
evaluation used by STP [25]; miniF2F [27], containing 488 problems as a standard for-
mal math benchmark used by multiple studies; LeanComb-Enhanced [38], containing
260,000 theorems for combinatorial identities generated by ATG4CI [38]; LeanNaviga-
tor [39], containing 4.7 million auto-generated Lean theorems with one billion tokens;
ConjectureBench [40], an augmented dataset for conjecture evaluation; LLM-SRBench
[36], containing 239 problems for equation discovery designed to prevent memoriza-
tion; and the ATG Benchmark [41], a Metamath [12] split for theorem generation
evaluation.

Researchers employ several strategies to generate training data. Human-curated
datasets leverage existing formalized mathematics such as Mathlib and AFP [32].
Synthetic generation, exemplified by LeanNavigator with 4.7 million theorems and
ATG4CI with 260,000 theorems, creates new training examples automatically. Sym-
bolic mutation, as in counterexample generation through hypothesis removal, creates
diverse training instances. Self-play, as in STP, has the conjecturer generating training
data for the prover.

8 Mathematical Domains and Results

This section reviews the specific mathematical disciplines addressed by these compu-
tational frameworks and details their verified results. The literature is concentrated
primarily in discrete fields, including combinatorics, graph theory, algebra, and number
theory with applications in geometry, algorithm design, analysis, complexity theory,
and topology.

14



8.1 Domains Addressed

The academic literature indicates a modest but growing presence across the math-
ematical sciences. Combinatorics and graph theory stands as the most heavily
investigated domain (twelve papers), serving as a natural testing ground for discrete
generation tasks such as optimizing cap sets, cracking online bin packing, and con-
structing counterexamples to complex graph eigenvalue conjectures. Algebra and
number theory follows closely (eight papers), with studies focusing on fundamental
physical constants, continued fractions, and group theory representation.

The spatial and structural domains of geometry (four papers) and algorithm
design (four papers) have yielded massive theorem enumeration and significant
computational acceleration, notably via hardware-tailored matrix multiplication and
scheduling heuristics. Finally, the boundaries of continuous and structural mathemat-
ics are being actively pushed in analysis and PDEs (two papers) via empirical
equation discovery, complexity theory (two papers) through the derivation of
new inapproximability bounds for NP-hard problems, and topology (two papers)
investigating semi-open sets and structural knot invariants.

8.2 Significant Mathematical Discoveries

The mathematical breakthroughs enabled by these neural and evolutionary systems
are not merely incremental; several represent the resolution of decades-old bottlenecks.
We highlight the most significant discoveries below:

Matrix Multiplication Optimization: Scaling up algorithmic efficiency, AlphaE-
volve [17] achieved the first improvement over Strassen’s landmark algorithm for
multiplication of 4 x 4 complex matrices in 56 years, reducing the number of
required operations from 49 to 48 scalar multiplications.

Extremal Combinatorics Bounds: FunSearch [2] successfully discovered novel,
larger constructions for the cap set problem, establishing strictly improved lower
bounds in F% that surpassed longstanding human-curated limits.

Knot Theory Topology: Bridging distinct mathematical branches, Davies et al.
[16] established a profound, previously unmapped connection between the alge-
braic and geometric structures of knots, resulting in a landmark publication in
Nature.

Combinatorial Designs: Using the deep reasoning capabilities of advanced LLMs,
the CProl framework successfully solved long-standing open instances for seven
out of sixteen core problems documented in the authoritative Handbook of
Combinatorial Designs.

Complexity Theory Limits: In theoretical computer science, AlphaEvolve
expanded the boundaries of inapproximability, proving tight new hardness
results and bounds for classical optimization challenges including MAX-3-CUT,
MAX-4-CUT, and the metric Traveling Salesperson Problem.
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Fundamental Constants: Operating in the realm of number theory, the Ramanujan
Machine successfully conjectured and generated dozens of entirely new, prov-
ably correct continued fraction representations for fundamental mathematical
constants including 7 and e.

Conjecture Refutation: Harnessing automated policy optimization, Wagner [23]
disproved long-standing mathematical assumptions by generating explicit coun-
terexamples to the Brualdi-Cao conjecture on permanents as well as several
persistent graph eigenvalue conjectures.

Olympiad-Level Generation: Demonstrating high-level semantic and spatial syn-
thesis, TongGeometry [24] achieved an unprecedented milestone in automated
pedagogy and evaluation by having three of its original, system-proposed geom-
etry problems selected for official deployment in highly competitive regional and
national mathematical olympiads.

9 Synthesis: Key Patterns and Insights

This section analyzes the operational factors, structural limitations, and development
trends observed across the reviewed mathematical discovery frameworks. Successful
implementations typically integrate automated formal verification directly into the
optimization loop, utilize iterative code or skill accumulation, and apply domain-
specific structural representations. Primary limitations include high computational
resource requirements, low generalizability across domains, verification execution bot-
tlenecks, high volume of trivial outputs, and limited human interpretability of machine
generated code and proofs.

9.1 Success Factors

A retrospective analysis of systems that have achieved verified mathematical break-
throughs highlights three critical, recurring success factors:

In-the-Loop Formal Verification: The most impactful systems avoid post-hoc
verification, opting instead to tightly couple generative neural networks or evo-
lutionary samplers with symbolic solvers and interactive proof assistants directly
within the optimization loop [30, 33]. This closed-loop setup transforms verifica-
tion from a passive filter into an active guide, converting rich semantic errors and
interpreter failures into actionable feedback to steer subsequent generations.

Iterative Solution Accumulation and Self-Evolution: Rather than generating
solutions in a single forward pass, premier discovery frameworks rely on recur-
sive, self-improving dynamics. This is achieved either by evolving functional code
bases over successive generations [2, 17], establishing competitive co-evolutionary
curricula via conjecturer-prover self-play [25], or curating incrementally growing
skill libraries of verified lemmas that can be composed to solve harder problems
[26].

Exploitation of Deep Domain Structure: Universally, generalized token gener-
ation underperforms when compared to architectures that map abstract search
spaces onto concrete, domain-specific mathematical structures. Highly successful
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configurations explicitly frame their objectives through structured mathemati-
cal lenses, such as casting algorithm discovery as tensor decomposition [3], using
symmetry-aware representations for geometry [24], or leveraging the recursive
mathematical structure of continued fractions.

9.2 Common Limitations

Despite notable landmark discoveries, there are several systemic bottlenecks that
restrict broad applicability:

Prohibitive Computational Overhead: High-fidelity mathematical discovery
remains exceptionally resource-intensive. Evolutionary and reinforcement learn-
ing approaches routinely require thousands-to-millions of candidate evaluations
or billions of generated tokens to yield a single verified breakthrough [2, 25],
presenting a steep barrier to entry.

Domain Specificity vs. Generality: Most current architectures consist of domain-
specific pipelines focused on narrowly defined mathematical areas (e.g., specific
graph properties or matrix field operations). Transferring these frameworks across
domain boundaries typically requires significant manual re-engineering of reward
functions, environment dynamics, or symbolic representations.

The Verification Bottleneck: While neural models can sample candidate conjec-
tures or proofs at a massive scale, formal proof assistants (such as Lean or Isabelle)
are inherently slower, single-threaded execution environments. Consequently, the
computational bottleneck has shifted from generating hypotheses to wverifying
them.

The Quality-vs-Quantity Dilemma: Automated frameworks excel at mass-
producing syntactically valid mathematical statements, but the vast majority of
these outputs are mathematically trivial, redundant, or tautological. Separating
mathematically profound, “aesthetic” insights from mathematically uninteresting
truths remains a persistent challenge [24, 36].

Opaque Proof Interpretability: Even when an agent successfully uncovers a novel
construction or a formal proof, the resulting artifacts, whether machine-optimized
code blocks or highly dense formal proof scripts, are frequently unreadable
to human mathematicians, complicating the extraction of broader theoretical
intuition.

9.3 Emerging Trends

As the field matures, the research community is coalescing around several promising
paradigms designed to alleviate these core limitations:

First, there is a distinct shift toward autonomous curriculum generation via
self-play frameworks. By decoupling systems into dual conjecturer and prover roles,
models like STP [25] and LEGO-Prover [26] allow the system to organically scale
problem difficulty in tandem with agent capability, elegantly circumventing the chronic
data scarcity that plagues formal mathematics.
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Second, the domain is benefiting from a robust open-source democratiza-
tion push. Newly released repositories, such as ShinkaEvolve [19] for sample-efficient
code evolution, CoEvo [20] for continuous symbolic tracking, and LeanConjecturer
[34], are lowering the computational overhead and providing standardized codebases,
encouraging modular community contributions.

Finally, the latest generation of discovery engines is actively fusing test-time
reasoning with evolutionary search. Frameworks like CProl [42] demonstrate that
prompting language models to execute deep chain-of-thought or internal reasoning
protocols prior to generation drastically increases the hit rate when tackling open
mathematical instances. Blending this slow, deliberate inference-time compute with
structured evolutionary mutation loops represents the current vanguard of machine-
assisted mathematical discovery.

10 Technical Recommendations for Practitioners

Based on our synthesis, we provide actionable recommendations for building mathe-
matical discovery systems. Appendix A summarizes guidance on when practitioners
should use specific approaches, depending on the mathematical domain.

Architecture Selection: Practitioners should match the system architecture to the
type of discovery. They should use evolutionary methods such as FunSearch
and AlphaEvolve for open-ended exploration; self-play and expert-iteration
approaches like STP and LEGO-Prover for theorem generation; neuro-symbolic
hybrids such as Lemmanaid for lemma discovery; symbolic mutation combined
with reinforcement learning for counterexample search; and LLM-based methods
combined with symbolic regression, such as LLM-SR, for equation discovery.

Verification Strategy: Systems should employ Lean 4 to meet modern formal-
ization needs. They should integrate verification into the generation loop,
provide fine-grained feedback instead of binary pass-fail signals, and incorporate
problem-specific evaluators when efficiency is required.

Training Data: Practitioners should rely on self-play to generate conjectures for
training. They should apply symbolic mutations to increase diversity, leverage
existing formalized mathematics including Mathlib and AFP, and use state-space
exploration approaches such as LeanNavigator.

Sample Efficiency: Systems should implement novelty detection, as demonstrated
in ShinkaEvolve. They should adopt bandit-based model-selection methods for
multi-LLM setups, balance exploration and exploitation during parent selection,
and cache and reuse intermediate results to reduce redundant computation.

Evaluation: Practitioners should measure discovery rather than only
problem-solving performance, following the ATG benchmark approach. They
should prevent memorization, consistent with LLM-SRBench design principles,
evaluate the usefulness of generated theorems for downstream tasks, and report
both quantity-based and quality-based metrics.

Formal theorem proving and conjecturing (Isabelle/Lean): Practitioners
should prefer Lemmanaid, STP, LeanConjecture, LEGO-Prover, and the
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in-context Lean method when the goal is to produce stronger proofs and conjec-
tures inside proof assistants. They should use Lemmanaid or LeanConjecturer for
conjecture-data generation, STP for self-improving provers, and LEGO-Prover
for expanding long-term theorem libraries.

Formal proof ecosystems (Lean, Metamath, PVS): For data generation and
benchmarking, practitioners should use ATG and LeanComb with ATG4CI to
create or evaluate theorem libraries, and they should adopt LeanNavigator when
generating large-scale Lean training corpora. For pipeline design, they should use
Lean-FIRe and math-PVS to integrate conjecturing and autoformalization and
to connect existing mathematical literature with proof-assistant environments.

Scientific equation discovery and physical systems: Practitioners should use
LLM4ED and related equation-discovery frameworks when they can score
equations using data. They should combine these frameworks with LLM-SRBench
to support fair evaluation.

Conjecture mining and pattern discovery (informal or semi-formal):
Practitioners should use the Ramanujan Machine for discovering numeric
constants, apply Mining Math Conjectures for algebraic and group-theoretic
settings, and adopt Davies et al.-style workflows when human intuition and
interpretative reasoning play a central role.

Combinatorial design and structure search: For discrete objects, practitioners
should use RIL-style methods such as Reinforced Generation of Combinatorial
Structures or reasoning-based approaches like CProl. RL approaches are most
appropriate when strong scoring functions are available and black-box optimiza-
tion is desired, whereas CProl is suitable when interpretable chain-of-thought
design is important.

Frameworks and high-level practice: For practical deployment, practitioners
should adopt Generative Modeling for Mathematical Discovery when mathe-
maticians need a plug-and-play FunSearch-based workflow without requiring
machine-learning expertise. For broader research-practice guidance, they should
combine Carbone’s conceptual framework with the human-intuition framework
of Davies et al. to design human-ATl collaborative workflows tailored to their own
mathematical domains.

11 Discussion

This section contextualizes the synthesized patterns and empirical breakthroughs of
machine-assisted mathematics within a broader theoretical and practical framework.
We begin by explicitly addressing the core research questions that structured this
systematic review, mapping current technological capacities to their verified math-
ematical outcomes. Beyond these targeted inquiries, we inspect the bidirectional
implications of this advancement, examining how autonomous agents alter the work-
flow of working mathematicians while simultaneously imposing new design constraints
on artificial intelligence practitioners. Finally, we candidly address the systemic limita-
tions inherent to this review and outline the foundational open challenges that remain
unresolved at the frontier of artificial mathematical intelligence.
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11.1 Answers to Research Questions

We synthesize the comprehensive findings of this systematic review by directly
addressing the core research questions posed in Section 1.

RQ1: Technical Architectures and Methodologies

Our analysis isolates seven distinct methodological paradigms currently driving
machine-assisted mathematical discovery:

Evolutionary Search: Using LLMs as mutation and crossover operators within
open-ended population pools [2, 17, 19, 20].

Reinforcement Learning: Framing discovery as sequential decision-making over
discrete game boards or combinatorial states [3, 23].

Self-Play and Expert Iteration: Co-evolving asymmetric conjecturer and prover
roles to dynamically scale problem difficulty [25, 26].

Neuro-Symbolic Hybrids: Blending open-ended neural generation with determin-
istic symbolic execution and template instantiators [29, 30].

In-Context Learning Pipelines: Relying on real-time prompt-context accumula-
tion during inference without modifying core model weights [33, 34].

Specialized Pretraining Objectives: Tailoring self-supervised learning directly to
the structural topologies of mathematical syntax trees [35].

Equation Discovery: Grounding parametric LLM priors in strict empirical data
regression environments [36].

Key Finding: Frameworks that pair evolutionary program-space search with inline
formal verification currently represent the most effective engines for discovering novel,
human-interpretable mathematical constructions.

RQ2: Formal Verification Systems

Rigorous, machine-checked validation forms the backbone of autonomous discovery.
Lean (specifically Lean 4) has emerged as the dominant interactive theorem prover,
driving 28.1% (nine out of 32) of the surveyed literature. The remaining formal ecosys-
tem is comprised of Isabelle/HOL and its Archive of Formal Proofs (two studies),
Metamath (one study), and PVS (one study). Additionally, five highly impact-
ful studies bypass generalized provers entirely, utilizing specialized, problem-specific
programmatic evaluators to prioritize computational throughput and speed.

Key Finding: The operational paradigm has shifted decisively from post-hoc veri-
fication to tight, in-the-loop integration, where execution errors directly shape the
generative trajectory.

RQ3: Datasets and Benchmarks

The domain relies on a mixture of massive formal repositories and targeted eval-
uation suites. Core foundational datasets include Mathlib4 (exceeding one million
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lines of verified Lean code), the auto-generated LeanNavigator (4.7 million theo-
rems containing one billion tokens), and LeanComb-Enhanced (260,000 specialized
combinatorial identities). Downstream evaluation is anchored by miniF2F (488 prob-
lems across olympiad scales), LLM-SRBench (239 cross-domain problems featuring
anti-memorization syntax transforms), and ConjectureBench.

Key Finding: Advanced self-play and closed-loop synthetic data generation have
proven highly capable of mitigating the chronic scarcity of human-formalized mathe-
matical data.

RQ4: Success Factors and Limitations

Success is consistently dictated by the transition from single-shot text generation to
iterative, stateful loops. Top-performing systems exploit deep domain-specific struc-
tures, maintain evolving code databases, and generate internal testing curricula
via autonomous feedback. Conversely, these systems remain bounded by immense
computational costs (often requiring millions of iterations), extreme narrowness of
scope, verification bottlenecks caused by single-threaded execution environments,
and an unfavorable quality-to-quantity ratio that yields countless correct but trivial
tautologies.

Key Finding: Success is driven by iterative, stateful self-improvement rather than
single-shot generation, but current approaches remain limited by computational costs,
narrow specialization, and verification bottlenecks.

RQ5: Mathematical Domains Addressed

By publication volume, the mathematical fields addressed scale as follows: combina-
torics and graph theory leads significantly (twelve studies), followed by algebra
and number theory (eight studies), algorithm design (four studies), geome-
try (four studies), analysis and PDEs (three studies), complexity theory (two
studies), and topology (two studies).

Key Finding: Combinatorics has received disproportionate academic attention because
its search spaces are inherently discrete, bounded, and easily mapped onto explicit,
programmatic testing harnesses.

11.2 Implications for Mathematical Research

The findings of this review show that learning-driven mathematical discovery has
moved from a largely theoretical idea to a practial research approach. Approaches such
as FunSearch and AlphaEvolve have been used to improve algorithms and mathemat-
ical lower bounds that had not changes for more than 50 years, demonstrating their
potential to contribute to mathematical research.

Human-ATI Epistemic Complementarity: Rather than rendering human math-
ematicians obsolete, these technologies point toward a deeply collaborative
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future. As demonstrated by the landmark knot-theory work of Davies et al.
[16], machine-learning systems excel at unearthing hidden statistical patterns
and counterexamples across massive dimensions, which human experts can then
synthesize into overarching theoretical frameworks.

Democratization and Research Accessibility: The proliferation of open-source,
lightweight implementations of evolutionary search loops significantly lowers the
barrier to entry. Working mathematicians can now use specialized discovery
engines locally, using automated systems as specialized “ideation sandboxes.”

Transition to Bidirectional Exploration: Automated mathematics is no longer a
one-way street of proving human-written statements. Systems like TongGeometry
[24] demonstrate that neural architectures can operate bidirectionally, propos-
ing aesthetically valuable, competitive-grade conjectures and problems alongside
formal proofs.

11.3 Implications for LLM Development

For AI practitioners and computer scientists engineering the next generation of
foundation models, this literature highlights four critical design directives:

The Inseparability of Execution and Generation: For  safety-critical and
highly rigorous domains like mathematics, standalone generation is insuffi-
cient. Hallucinations are fundamentally catastrophic in formal logic; therefore,
LLM development must prioritize architectures natively built to interface with
external execution environments and compilers.

The Limitations of Autoregressive Fine-Tuning: Standard next-token predic-
tion over linear text sequences fundamentally underrepresents the nested, non-
linear dependencies of formal proofs. Pretraining objectives must evolve toward
structure-aware strategies, such as Skip-Tree objectives [35], which explicitly force
the model to learn the semantic structure of ASTs.

Bootstrapping via Synthetic Playmills: Data scarcity in specialized fields can-
not be solved by web-scraping alone. Building dual-agent architectures that
autonomously balance difficulty and verification capacity provides a sustainable
blueprint for generating pristine, high-fidelity synthetic pretraining corpora.

The Superiority of Programmatic Abstraction: Searching for a specific math-
ematical solution directly is structurally fragile. Forcing models to operate in
the space of functional, parameter-driven programs that subsequently synthe-
size the solution introduces a layer of abstraction that yields dramatically higher
generalizability and human interpretability.

11.4 Limitations of This Review

We explicitly acknowledge several methodology-driven limitations inherent to this
review:

Rapid Temporal Obsolescence: The intersection of LLMs and formal mathe-
matics is evolving at an unprecedented pace. Given the velocity of weekly
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preprint distributions, breakthroughs published immediately prior to print may
be underrepresented.

Systemic Publication Bias: The literature exhibits a heavy positive-outcome bias.
Systems that failed to find novel bounds or resolve known conjectures are
rarely documented, obscuring valuable insights regarding what architectural
configurations do not work.

Evaluation Heterogeneity: There is a distinct lack of standardized benchmarking
across different studies. The reliance on disparate metrics, varied hardware allo-
cations, and highly custom problem domains prevents a rigorous, quantitative
head-to-head performance comparison.

Single-Reviewer Screening: While the literature mapping was conducted via
strict, systematic protocols, the screening and extraction phases were executed
by a single primary investigator rather than multiple independent human coders,
introducing a minor risk of subjective selection bias.

11.5 Open Challenges

As the field moves forward, five foundational challenges remain entirely unresolved.

The Generality Gap: Current systems are heavily siloed. An agent engineered to
discover matrix multiplication algorithms cannot choose to pivot and construct
a topological counterexample without substantial human re-engineering. True
cross-domain generalization remains elusive.

The Creative Ceiling: Automated discoveries are overwhelmingly incremental.
They tighten existing numerical bounds, optimize established algorithms, or find
hidden edge cases. Transformative conceptual leaps, such as inventing entirely
new branches of mathematics or proposing paradigm-shifting definitions, remain
uniquely human.

Formal Script Legibility: While an interactive theorem prover can certify that a
machine-generated proof script is 100% correct, these files are frequently com-
prised of dense, unreadable, and non-intuitive token structures. Transforming
valid formal proofs into semantic, human-readable explanations is an urgent, open
problem.

Asymmetric Compute Requirements: The environmental and financial cost of
running massive evolutionary search loops or self-play regimes restricts this fron-
tier to well-funded industrial and academic institutions, threatening to gatekeep
Al-driven mathematical advancement.

Objective Metric for “Interestingness”: Computers can generate billions of
valid tautologies, but they struggle to evaluate mathematical beauty or theoretical
utility. Developing mathematical reward models capable of reliably quantifying
the qualitative elegance and deeper importance of a discovery is perhaps the
field’s most critical hurdle.

12 Future Directions

Based on our synthesis, we identify the following promising research directions.
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Integration with reasoning models: The emergence of reasoning-capable LLMs
such as ol and DeepSeek-R1 presents opportunities for chain-of-thought reasoning
before conjecture generation, self-reflection on generated mathematical objects,
and multi-step planning for proof construction.

Multi-modal mathematical discovery: Geometric discovery, as demonstrated by
TongGeometry, shows the value of visual reasoning, suggesting opportunities for
integration of diagram understanding, visual pattern recognition for conjecture
formation, and multi-modal verification systems.

Collaborative human-ATI discovery: The Davies et al. model suggests to develop
interactive systems for mathematician-AI collaboration, explainable discovery
processes, and tools that enhance rather than to replace mathematical intuition.

Scaling and efficiency: Addressing computational limitations requires more
sample-efficient evolutionary algorithms, parallel verification systems, and incre-
mental learning to avoid retraining.

13 Conclusion

This systematic review examined 32 studies on mathematical discovery using LLMs
published through December 2025, following the PRISMA 2020 guidelines. We iden-
tified seven distinct technical paradigms and synthesized findings across formal
verification systems, datasets, and evaluation approaches.

Our key findings follow. Evolutionary search combined with formal verification
has produced the most significant mathematical discoveries, including improvements
to algorithms unchanged for over 50 years. Self-play and expert iteration effectively
address the data scarcity challenge in formal mathematics by enabling systems to gen-
erate their own training data. Lean has emerged as the dominant verification system,
used by over 27% of included studies, benefiting from its active development and exten-
sive library. Neuro-symbolic hybrid approaches offer promising avenues for combining
the generative capabilities of LLMs with the rigor of symbolic methods. Open-source
implementations are democratizing access to mathematical discovery tools, enabling
broader participation in this research area.

The field of LLM-based mathematical discovery has demonstrated remarkable
progress in a short time, with results published in top venues. As systems become more
capable and accessible, we anticipate an increase in the integration of AI tools into
mathematical research workflows, enhancing human creativity and intuition with com-
putational power and pattern recognition. The ultimate goal is to create Al systems
that can independently advance mathematical knowledge, which remains a challenge
but increasingly within reach.
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A Comparative analysis of included approaches

This table presents a comparative analysis of the included approaches, offering detailed
insights into their primary domains and use cases. It highlights the core techniques
employed, outlines the methodological novelties, and provides guidance for researchers
seeking to adopt these methods. Additionally, the table emphasizes the key innovations
introduced by each study. Overall, this consolidated information is intended to serve
as a resource for both mathematicians and computer science practitioners who are
interested in leveraging LLMs for mathematical conjecturing.

Lemmanaid [30]

Primary domain & use case: Interactive formalization in Isabelle, lemma discovery to
support existing proof developments.

Core technique & and utility: Neuro-symbolic lemma conjecturing: an LLM proposes
lemma templates and a symbolic engine instantiates and checks them, giving both
breath (neural) and rigor (symbolic).

Methodological novelty: First bottom-up neuro-symbolic lemma-template pipeline in
Isabelle. Focuses on analogical lemma families rather than full statements.

User guidance: Use when extending a formal library and needing many useful
mid-level lemmas that fit a given theory context in Isabelle-HOL.

Innovation: Template-based conjecturing tightly coupled to a proof assistant, balanc-
ing neural creativity with symbolic correctness.

Continued on next page
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STP [25]

Primary domain & use case: Automated theorem proving in Lean/Isabelle with
self-improving conjecturer/prover loop.

Core technique & and utility: Self-play between conjecturer and prover: the conjec-
turer generates statements “just hard enough,” and the prover trains via expert
iteration, yielding a curriculum of increasingly challenging theorems.

Methodological novelty: Unifies iterative conjecturing and proving into one training
loop. Turns theorem proving into a self-play game with no fixed dataset.

User guidance: Choose STP for large-scale ATP benchmarks where an LLM prover is
needed to keep improving without hand-curated conjecture sets.

Innovation: Tight conjecture-prover co-evolution that doubles prior LeanWorkbook
success rates.

RL matrix multiplication [3]

Primary domain & use case: Algorithm discovery for structured algebraic problems,
especially matrix multiplication.

Core technique & and utility: Reinforcement learning over algorithmic search spaces
(tensor decompositions) guided by a performance score (number of multiplica-
tions).

Methodological novelty: One of the first RL systems to discover new,
human-competitive matrix multiplication schemes beyond Strassen-type
constructions.

User guidance: Use for tightly-specified algorithmic design problems with clear dis-
crete structures and evaluation metrics (e.g., tensor/graph decompositions).
Innovation: Deep cross-entropy style RL tailored to symbolic tensor factorization for

faster matrix multiplication.

Mathematical exploration at scale [18]

Primary domain & use case: Broad mathematical exploration (e.g., combinatorics,
geometry, or analysis) using AlphaEvolve-style search.

Core technique € and utility: LLM-guided evolutionary program search over con-
structive objects, with large-scale experimental campaigns across dozens of
problems.

Methodological novelty: Systematic, multi-problem validation of LLM-driven con-
structive search as a general methodology for “mathematics at scale.”

User guidance: Use when needing a framework and empirical blueprint for running
many AlphaEvolve-like experiments across diverse problems.

Innovation: Demonstrates that a single evolutionary coding paradigm can push
bounds on many unrelated open problems.

Continued on next page
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CoEvo [20]

Primary domain € use case: Open-ended symbolic discovery (e.g., equations, code,
or expressions) across scientific/engineering tasks.

Core technique & and utility: Evolutionary search with LLMs plus a dynamic knowl-
edge library and multi-modal representations (e.g., text, math, or code),
supporting continual, lifelong discovery.

Methodological novelty: First to explicitly frame symbolic discovery as continual
co-evolution of solutions and a shared knowledge base.

User guidance: Use CoEvo when problems evolve over time and a reusable knowledge
memory (e.g., ongoing modeling or design pipelines) is needed.

Innovation: Coupling of evolutionary LLM search with an evolving, centralized
knowledge library across representation spaces.

Conjecturing with LLMs [29]

Primary domain & use case: Early, small-scale exploration of using LLMs for infor-
mal mathematical conjecturing.

Core technique & and utility: Prompt-based use of general LLMs to generate conjec-
tures and analyze their plausibility, often outside fully formal settings.

Methodological novelty: Among the first systematic case studies of LLMs as conjec-
turing partners in mathematics

User guidance: Use as a conceptual baseline or lightweight approach when informal
ideas or pilot studies without full formalization are needed.

Innovation: Positions generic LLMs as creative, dialog-based conjecture generators
for human mathematicians.

In-context Lean theorem discovery [33]

Primary domain € use case: Discovery of new theorems within Lean via in-context
learning from existing proofs.

Core technique & and utility: Treats existing Lean proofs as in-context demonstra-
tions so the LLM can propose new theorems and proofs that mirror library
patterns, enabling discovery beyond training data.

Methodological novelty: Leverages in-context proof learning (rather than fine-tuning)
specifically for new theorem statements in a formal system.

User guidance: Use with a rich Lean corpus where discovery tightly anchored to its
style and idioms without complex training pipelines is desired.

Innovation: In-context proof pattern mining for new theorem discovery in a concrete
proof assistant.

Continued on next page
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ShinkaEvolve [19]

Primary domain & use case: Open-ended program/agent evolution, including scien-
tific code and reasoning scaffolds.

Core technique & and utility: Archive-based evolutionary program search with
novelty-aware rejection sampling and bandit-based LLM ensemble selection,
emphasizing sample efficiency.

Methodological novelty: Shows open-ended program evolution that is orders of mag-
nitude more sample-efficient than prior AlphaEvolve-style systems.

User guidance: Use when evaluations are expensive (e.g., complex simulators or costly
scientific objectives) and efficient exploration of program spaces is needed.

Innovation: Integration of novelty rejection sampling and adaptive ensemble selection
into LLM-driven evolutionary search.

AlphaEvolve [17]

Primary domain & use case: General coding agent for scientific/algorithmic discov-
ery (e.g., mathematics, algorithms, or systems).

Core technique & and utility: LLM-guided evolutionary search over code “programs”
with automatic evaluation metrics, tuned for large parallel compute.

Methodological novelty: Demonstrates that such agents can surpass human records on
multiple open problems and infrastructure tasks, not just isolated benchmarks.

User guidance: Use AlphaEvolve-style setups with a reliable numerical evaluator and
large-scale compute, and want strong solutions rather than interpretability.

Innovation: Highly scalable, domain-agnostic evolutionary coding agent that treats
discoveries as high-scoring programs.

LeanConjecturer [34]

Primary domain & use case: Automatic generation of Lean-4 conjectures to augment
formal theorem-proving datasets.

Core technique € and utility: Hybrid pipeline: rule-based context extraction from
Mathlib plus LLM-based theorem-statement generation and automated filtering
of trivialities.

Methodological novelty: Large-scale Lean conjecture generation (12k+ conjectures,
with thousands non-trivial) specifically targeting data scarcity for formal provers.

User guidance: Use when needing many diverse and non-trivial Lean statements for
training or evaluating formal theorem provers.

Innovation: Pipeline tackling the “triviality trap” in formal conjecture generation via
domain-aware context and filters.

Continued on next page
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Skip-tree training [35]

Primary domain & use case: Pretraining neural models for symbolic and mathemat-
ical reasoning.

Core technique €& and utility: Self-supervised skip-tree objective over proof trees/the-
ory graphs to learn structural reasoning patterns.

Methodological novelty: Introduces a pretraining task tailored to tree-structured
mathematical objects rather than generic text.

User guidance: Use when building base models intended to serve as theorem provers
or proof assistants.

Innovation: Task design that aligns representation learning with proof-tree structure.

FunSearch [2]

Primary domain & use case: Program-search-based discovery for extremal combina-
torics and algorithms (e.g., cap sets or bin packing).

Core technique €& and utility: Island-based evolutionary search in function space
using LLM-generated programs and automatic scoring functions.

Methodological novelty: Shows LLM program search can yield genuinely new mathe-
matical results and scalable heuristics, not just proofs.

User guidance: Use FunSearch-style methods with a crisp scoring function and care
about interpretable heuristic code (e.g., combinatorial constructions or greedy
algorithms).

Innovation: Function-space  evolutionary  search  producing  interpretable,
human-inspectable code with provably new constructions.

LLM-SRBench [36]

Primary domain € use case: Benchmarking equation and symbolic regression discov-
ery by LLMs in scientific domains.

Core technique & and utility: Standardized benchmark with curated tasks and met-
rics for scientific equation discovery.

Methodological novelty: First broad benchmark targeted at LLM-based equation
discovery, enabling fair comparison of methods.

User guidance: Use when evaluating new symbolic discovery methods on real-world
equation-discovery tasks.

Innovation: Provides a “yardstick” for LLM-based symbolic regression in science.

Continued on next page
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Combinatorics via NNs [23]

Primary domain & use case: Extremal combinatorics constructions and counterex-
amples.

Core technique & and utility: Deep cross-entropy reinforcement learning to search
over combinatorial structures guided by problem-specific score functions.

Methodological novelty: Early, influential demonstration that deep RL can find explicit
extremal constructions and refute conjectures.

User guidance: Use for discrete combinatorial design problems with reasonably fast
evaluators and small-to-medium-sized search spaces.

Innovation: Application of deep RL as a generic engine for combinatorial construction
search.

LEGO-Prover [26]

Primary domain & use case: Neural theorem proving with reusable lemma libraries.
Core technique & and utility: LLM-driven prover augmented by a growing library of
“skills” (lemmas) that are created, reused, and evolved during proof search.
Methodological novelty: Makes lemma, discovery endogenous to proving, leading to a
self-expanding skill library that improves success rates.

User guidance: Use for long-term theorem-proving systems whose capabilities grow as
they solve more problems.

Innovation: Treats verified lemmas as modular, composable skills that accumulate
over time.

Olympiad geometry via guided search [24]

Primary domain & use case: Solving and posing Olympiad-level geometry problems.

Core technique & and utility: Guided tree search over geometric constructions and
theorems, coupled with symbolic geometry reasoning and problem-generation
routines.

Methodological novelty: Joint framework that both proposes new geometry problems
and solves them at competition difficulty.

User guidance: Use for highly structured, diagram-based domains where symbolic
geometry engines and search can be tightly integrated (e.g., contest-style geom-
etry).

Innovation: Coupled problem-posing and solving pipeline in a symbolic-geometric
setting.

Continued on next page
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Combinatorial Identities Benchmark via ATG4CI [38]

Primary domain & use case: Lean theorem proving on combinatorial identities and
data generation for ATP.

Core technique & and utility: ATGACI: LLM-guided tactic prediction plus RL tree
search to auto-generate new combinatorial-identity theorems and proofs, forming
a large LeanComb-Enhanced dataset.

Methodological novelty: First dedicated Lean benchmark and automated theorem
generator for combinatorial identities, producing 260k+ fully proved theorems.

User guidance: Use when studying ATP in combinatorics or needing large,
domain-specific Lean training data for proof models.

Innovation: Tight coupling of tactic-level RL and LLM suggestions to expand a formal
benchmark in a focused domain.

Guiding human intuition with AT [16]

Primary domain & use case: Human-in-the-loop pure math (e.g., topology or repre-
sentation theory).

Core technique & and utility: Supervised ML discovers patterns between mathemati-
cal objects. Attribution and visualization guide human conjecture formation and
proof strategy.

Methodological novelty: A general workflow where ML acts as a “test bed for intuition”
that led to new results in knot theory and the combinatorial invariance conjecture.

User guidance: Use when ML is a tool for insight (e.g., feature importance or pattern
finding) rather than autonomous theorem proving.

Innovation: Conceptual framework for Al as a collaborator that identifies patterns
which humans then turn into rigorous conjectures and proofs.

Advancing mathematics research with generative AI [43]

Primary domain € use case: Position/vision for generative-Al-assisted mathematical
research.

Core technique & and utility: Conceptual analysis of how generative models may
support conjecturing, proof exploration, and exposition across subfields.

Methodological novelty: Synthesizes emerging systems into guidance for mathemati-
cians rather than proposing a specific algorithm.

User guidance: Use for high-level strategy and ethical/practical framing when plan-
ning Al integration into a research program.

Innovation: Maps concrete Al capabilities to stages of mathematical practice (e.g.,
intuition, search, verification or exposition).

Continued on next page
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ATG benchmark [41]

Primary domain & use case: Evaluating automated theorem generation using the
Metamath library.

Core technique € and utility: Splits Metamath into axioms/library/problems and
measures whether generated theorems improve downstream proving.

Methodological novelty: First benchmark where success is measured by generating
new, reusable theorems that help prove harder targets.

User guidance: Use to evaluate a conjecture or theorem generator, not just a prover,
in a clean ATP setting.

Innovation: Treats theorem generation as a benchmarked task with impact measured
on downstream ATP performance.

Massive empirical theorems via forward reasoning [44]

Primary domain & use case: Automated theorem finding and knowledge expansion
using non-LLM logic-based methods.

Core technique & and utility: Forward reasoning on strong relevant logics generates
many “empirical” theorems, aiming at scalable theorem discovery.

Methodological novelty: Proposes empirical theorem generation as a data source when
conventional pretraining data is exhausted.

User guidance: Use as a logic-driven complement to LLMs when large pools of
plausible theorems for training or exploration are needed.

Innovation: Reframes theorem generation as large-scale, logic-based data synthesis
for Al systems.

Conjecturing: an overlook step [40]

Primary domain & use case: Autoformalization and conjecture generation in Lean.

Core technique € and utility: ConjectureBench dataset with metrics ConJudge and
equiv_rfl along with the Lean-FIRe inference-time framework to improve conjec-
turing inside autoformalization pipelines.

Methodological novelty: Separates conjecturing from proof and formalization, showing
current LLM performance is overestimated when the conjecture is given

User guidance: Use to rigorously measure and improve the conjecture step in formal
reasoning systems.

Innovation: Recasting conjecturing as a first-class, benchmarked task with metrics
and the first end-to-end autoformalization of Putnam-level problems.

Continued on next page
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Ramanujan Machine [15]
Primary domain € use case: Conjectures about fundamental constants (e.g., 7, e,

and ().

Core technique & and utility: Numeric search (e.g., meet-in-the-middle or specialized
gradient methods) that matches numerical values to symbolic continued-fraction
forms.

Methodological novelty: Systematic, fully automated conjecturing pipeline for con-
stants, producing both known and new formulas.

User guidance: Use when the domain is numerical constants or series with
high-precision evaluations rather than formal proofs.

Innovation: Treats conjecturing as numerical pattern detection that bypasses explicit
structural understanding.

LeanNavigator [39]

Primary domain & use case: Large-scale synthetic Lean theorem generation.

Core technique & and utility: Agentic framework that navigates Lean libraries to
generate and verify millions of theorems for training provers.

Methodological novelty: Focuses on scale with millions of verified Lean theorems as
training data, beyond earlier smaller datasets.

User guidance: Use for pretraining or augmenting large Lean-based theorem provers
needing massive, library-compatible data.

Innovation: Industrial-scale generation of new, machine-checked formal theorems.

Generative Modeling for Mathematical Discovery [45]

Primary domain € use case: Practical FunSearch-style discovery for working mathe-
maticians.

Core technique & and utility: Accessible implementation of the LLM-driven genetic
programming FunSearch where users only modify a small Python stub and choose
an LLM provider.

Methodological novelty: Emphasizes usability and benchmarking of FunSearch on
several new problems, without requiring HPC or ML expertise.

User guidance: Use for function-space program search with combinatorial and
number-theoretic problems with modest resources.

Innovation: Packaging an LLM-genetic algorithm pipeline as a practical,
plug-and-play tool for mathematicians.

Continued on next page
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Language Modeling for Formal Mathematics [46]

Primary domain & use case: General language modeling over formal corpora (e.g.,
HOL Light or Mizar).

Core technique €& and utility: Sequence modeling of formal statements and proofs as
a foundation for later theorem-proving and conjecturing models.

Methodological novelty: Early demonstration that large neural LMs can model formal
mathematics at scale.

User guidance: Use as a foundational dataset or model reference when designing new
formal-math LMs.

Innovation: Positions formal corpora as a natural domain for large language modeling,
and seeding later ATP work.

LLMs for automatic equation discovery [47]

Primary domain & use case: Data-driven discovery of ordinary and partial differen-
tial equations governing dynamics.

Core technique & and wutility: Prompt-based framework LLM4ED, where LLMs gen-
erate candidate equations and self-improve via alternating self-improvement and
evolutionary search, using data-based scores.

Methodological novelty: One of the first plug-and-play LLM frameworks for equation
discovery that matches or exceeds classic symbolic regression methods.

User guidance: Use for physical or scientific systems where it is possible to simulate
or measure trajectories. Moreover, use in cases where the governing equations are
desired with minimal coding.

Innovation: Natural-language-driven  equation search  which combine LLM
self-improvement and evolutionary operators.

math-PVS [48]

Primary domain & use case: Mapping informal mathematics in papers to PVS for-
malizations.

Core technique € and utility: LLM-based framework that parses natural-language
mathematics and aligns it with PVS theories and objects.

Methodological novelty: Bridges literature and a specific proof assistant (PVS) rather
than focusing purely on theorem proving.

User guidance: Use to connect published results to a mechanized repository in PVS
(e.g., for safety-critical verification).

Innovation: Treats the literature to proof assistant mapping as a structured LLM task
at scale.

Continued on next page
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Mining Math Conjectures from LLMs [49]

Primary domain & use case: Conjecture mining in group theory using solubilizer.

Core technique & and utility: Two-stage pipeline where LLMs generate conjectures,
and then LLMs with GAP search for counterexamples to prune obviously false
ones.

Methodological novelty: Shows that generic LLMs can yield original, testable conjec-
tures when combined with automated counterexample search, without a full proof
assistant.

User guidance: Use for exploratory conjecture mining in algebraic domains with
accessible computer-algebra systems.

Innovation: Guess-and-check conjecturing loop that leverages LLM creativity and
automated falsification.

Reinforced Generation of Combinatorial Structures [50]

Primary domain € use case: Design of combinatorial objects (e.g., graphs or codes).

Core technique & and utility: Reinforcement-learning or policy-gradient generation of
discrete structures guided by problem-specific scores.

Methodological novelty: Extends RL-style search to new combinatorial design settings
with tailored reward shaping.

User guidance: Use with a clear scoring function on discrete objects, but not
necessarily in a formal proof setting.

Innovation: General RL framework for synthesizing combinatorial structures beyond
specific extremal problems.

Self-reflecting LLMs: Hegelian Dialectic [51]

Primary domain € use case: Meta-reasoning and self-critique in LLM problem solv-
ing including mathematics.

Core technique & and utility: Tterative thesis-antithesis-synthesis prompting where
the model attacks and refines its own reasoning chains.

Methodological novelty: Introduces a philosophical self-reflection pattern that
improves robustness and exploration in reasoning tasks.

User guidance: Use as a prompting/control layer on top of mathematical-reasoning
models for systematic self-critique without new training.

Innovation: Hegelian-style dialectic loop applied to LLM reasoning traces.

Continued on next page
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Primary domain & use case: Combinatorial design using chain-of-thought reasoning

CProl [42]

models.

Core technique €& and utility: Uses reasoning-enhanced LLMs to iteratively refine

candidate designs, often with external evaluation.

Methodological novelty: Moves from pure RL or heuristic search to explicit

chain-of-thought-style reasoning for design choices.

User guidance: Use with reliable LLM-internal reasoning (not just scores) to guide

combinatorial design decisions.

Innovation: Treats combinatorial design as an interactive dialogue between a reason-

ing LLM and an evaluator, rather than black-box search.

B Complete List of Included Studies

Table 1 presents the complete list of 32 studies included in this systematic review,

ordered alphabetically by title.

Table 1: Complete List of 32 Included Studies

# Title Authors Year Venue

[38] A combinatorial identities Xiong et al. 2025 arXiv
benchmark for theorem proving via
automated theorem generation

[16] Advancing mathematics by guiding Davies et al. 2021 Nature
human intuition with Al

[43] Advancing mathematics research Carbone 2025  arXiv
with generative Al

[17] AlphaEvolve: A coding agent for Novikov et 2025  arXiv
scientific and algorithmic discovery  al.

[41] ATG: Benchmarking automated Lin et al. 2024 NAACL
theorem generation for generative
language models

[44] Automated generation of massive Cheng 2024 arXiv
reasonable empirical theorems by
forward reasoning based on strong
relevant logics

[20] CoEvo: Continual evolution of Guo et al. 2024 arXiv
symbolic solutions using large
language models

[40] Conjecturing: An overlooked step Sivakumar 2025  arXiv
in formal mathematical reasoning et al.

[23] Constructions in combinatorics via ~ Wagner 2021  arXiv

neural networks
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Table 1 — continued from previous page

# Title Authors Year Venue

[3] Discovering faster matrix Fawzi et al. 2022 Nature
multiplication algorithms with
reinforced learning

[33] Discovering new theorems via Kasaura et 2025  arXiv
LLMs with in-context proof al.
learning in Lean

[29] Exploring mathematical Johansson 2023  NeSy
conjecturing with large language and
models Smallbone

[15] Generating conjectures on Raayoni et 2021 Nature
fundamental constants with the al.
Ramanujan Machine

[39] Generating millions of Lean Yin and Gao 2025 arXiv
theorems with proofs by exploring
state transition graphs

[45]  Generative modeling for Ellenberg et 2025 arXiv
mathematical discovery al.

[46] Language modeling for formal Rabe et al. 2020 arXiv
mathematics

[47] Large language models for Du et al. 2024  Phys. Fluids
automatic equation discovery of
nonlinear dynamics

[34] LeanConjecturer: Automatic Onda et al. 2025 arXiv
generation of mathematical
conjectures for theorem proving

[26) LEGO-Prover: Neural theorem Xin et al. 2023  arXiv
proving with growing libraries

[30] Lemmanaid: Neuro-symbolic Alhessi et al. 2025  arXiv
lemma conjecturing

[36) LLM-SRBench: A new benchmark  Shojaee et 2025 ICML
for scientific equation discovery al.
with large language models

[48] math-PVS: A large language model  Saidi et al. 2023  arXiv
framework to map scientific
publications to PVS theories

[2] Mathematical discoveries from Romera- 2024 Nature
program search with large language Paredes et
models al.

[18] Mathematical exploration and Georgiev et 2025  arXiv
discovery at scale al.

[35] Mathematical reasoning via Rabe et al. 2020 ICLR

self-supervised skip-tree training
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Table 1 — continued from previous page

#  Title Authors Year Venue

[49] Mining math conjectures from Chuharski et 2024 NeurIPS WS
LLMs: A pruning approach al.

[24] Proposing and solving olympiad Zhang et al. 2024 arXiv
geometry with guided tree search

[50] Reinforced generation of Nagda et al. 2025 arXiv

combinatorial structures: Hardness
of approximation

[25] STP: Self-play LLM theorem Dong et al. 2025 ICML
provers with iterative conjecturing
and proving

[61] Self-reflecting large language Abdali et al. 2025 arXiv
models: A Hegelian dialectical
approach

[19] ShinkaEvolve: Towards open-ended  Lange et al. 2025  arXiv
and sample-efficient program
evolution

[42] Using reasoning models to generate  Rosin 2025  arXiv
search heuristics that solve open
instances of combinatorial design
problems

C Keyword Frequency Analysis

The most frequently appearing keywords across included studies are Lean and Lean 4
(appearing in twelve studies), conjecture generation (eight studies), theorem proving
(seven studies), formal verification (seven studies), evolutionary search (six studies),
reinforcement learning (five studies), counterexample (five studies), self-play (four
studies), symbolic regression (three studies), and neuro-symbolic approaches (three
studies).

D Exclusion Details

Table 2 summarizes the exclusion reasons for a representative sample of excluded
studies and does not encompass the full set of excluded studies.

Table 2: Detailed Exclusion Reasons for Representative Studies

Study Title Code Explanation
Absolute Zero: Reinforced self-play rea- E1 Focuses on solving problems,
soning with zero data [52] not generating new knowledge

Continued on next page
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Table 2 — continued from previous page

Study Title

Code Explanation

Solving olympiad geometry without
human demonstrations [53]

Towards Solving More Challenging IMO
Problems [54]

BioinspiredLLM: Conversational large
language model for the mechanics of
biological and bio-inspired materials [55]
SciAgents: Automating scientific dis-
covery through bioinspired multi-agent
intelligent graph reasoning [56]

Monte Carlo thought search: Large lan-
guage model querying for complex scien-
tific reasoning in catalyst design [57]
Al-Researcher: Autonomous scientific
innovation [58]

Causal structure learning supervised by
large language model [59]

ChatRule: Mining logical rules with
Large Language Models for Knowledge
Graph Reasoning [60]

Dynamic models of neural population
dynamics [61]

Recent advances and future directions in
literature-based discovery [62]

LLM4Laser: Large language models
automate the design of lasers [63]
Universal differential equations for

glacier ice flow modelling [64]
Sentiment-aware stock price prediction
with transformer and LLM-generated
formulaic alpha [65]

Math Problem Solving: Enhancing Large
Language Models with Semantically
Rich Symbolic Variables [66]

FunSearch [67]

Agent0: Unleashing self-evolving agents
from zero data via tool-integrated rea-
soning [68]

Hypothesis search: Inductive reasoning
with language models[69]

El

El

E2

E2

E2

E2

E2

E2

E2

E2

E2

E2

E2

E3

E4
E4

E4

Problem solving only
Problem solving only

Non-mathematical domain
(biology)

Non-mathematical domain
(materials)

Non-mathematical domain
(chemistry)

General scientific discovery

Causal inference, not
mathematics
Knowledge graphs, not
mathematics

Non-mathematical domain
(neuroscience)
Non-mathematical domain
(biology)
Non-mathematical domain
(hardware)
Non-mathematical domain
(geoscience)
Non-mathematical domain
(finance)

Tool calling surveys describe
orchestration patterns across
math agents.

Duplicate of included study
General agent framework

General reasoning, not
math-specific
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E PRISMA 2020 Checklist

This review was conducted following PRISMA 2020 guidelines. The key checklist items
are addressed as follows: the title identifies this as a systematic review, the abstract
provides a structured summary, Section 1.1 explains the rationale and motivation, and
Section 1.2 states the research questions as objectives. Section 2.1 defines eligibility
criteria I1-15 and E1-E6, Section 2.2 lists information sources and databases, Section
2.2 provides the search strategy and keywords, Section 2.3 describes the two-stage
selection process, Section 2.4 lists data extraction variables, and Section 2.5 notes risk
of bias limitations. Section 3.1 presents the PRISMA flow diagram for study selection
results, Section 3.2 provides tables showing study characteristics. Sections 4-8 present
detailed discussion or results, and Section 10 provides interpretation in the discussion.
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