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ABSTRACT

AI systems are increasingly capable of contributing to mathematical research. In
research practice, frontier-model reasoning is a limited resource, and expert math-
ematical review is even more sharply constrained. Allocating these scarce re-
sources well is therefore central to making AI-assisted mathematical discovery
efficient. In most current AI-for-math workflows, human effort is concentrated at
the beginning and end, in selecting suitable research problems and later reviewing
the resulting artifacts. These two stages are becoming bottlenecks for research-
level mathematics. We address them by proposing a new human-AI discovery
paradigm. The human input is no longer a single problem selected in advance,
but a research direction in which the experts have interest and expertise. The
system then searches a broad literature corpus for candidate problems in that di-
rection. Inspired by search and recommender systems, we build Find, Attempt,
and Recommend (FAR), a literature-to-review cascade that automates the search
for suitable problems and focuses human attention on artifacts that have passed
several stages of filtering. In a combinatorics pilot, the pipeline starts from 5,245
combinatorics papers, recovers 6,453 candidate conjectures or open problems, and
filters them to 4,717 apparently well-posed and still-open conjectures. Subsequent
reasoning and automated triage stages surface 598 potential resolutions1 and se-
lect 77 items for author-team review. Among them, we identify many interesting
discoveries, including results on conjectures and questions of Davies–Jenssen–
Perkins–Roberts, Erdős–Straus, Ikenmeyer–Pak–Panova, and Lund–Saraf–Wolf.
These results demonstrate the effectiveness of this new mode of human-AI collab-
oration for mathematical discovery.

1 INTRODUCTION

AI systems are increasingly capable of contributing to mathematical research, with recent progress
on mathematical reasoning benchmarks (Hendrycks et al., 2021; Zheng et al., 2021; Guo et al.,
2025; Shao et al., 2025), formal theorem proving (Trinh et al., 2024; Chervonyi et al., 2025; Hubert
et al., 2026; Ren et al., 2025; Xin et al., 2025; Chen et al., 2025; Seed, 2026), and selected research-
level problems (OpenAI, 2026; Alon et al., 2026; Tsoukalas et al., 2026; Team, 2026). Most of these
systems operate with a problem-level interface, in which a researcher supplies a theorem, conjecture,
or formal goal, the system attempts it, and the output is checked. This interface is useful, but it leaves
out an essential part of research: deciding which problems are worth attempting in the first place.

We study the decision of which problems to attempt in terms of effort allocation for AI-assisted
mathematical discovery. Frontier-model reasoning and expert mathematical review are scarce, and
their value depends on which conjectures receive them. Rather than concentrating reasoning and
review effort on a few problems chosen in advance, we propose a new workflow in which experts
specify a research direction, and the AI system automatically finds problems to focus effort on (Fig-
ure 1). We build Find, Attempt, and Recommend (FAR), a literature-to-review cascade. Given a
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If we give AI a problem, it can often help us solve it

2021: word problems

OpenAI - October 29, 2021
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https://openai.com/index/solving-math-word-problems/
https://openai.com/index/solving-math-word-problems/


If we give AI a problem, it can often help us solve it

2022: simple proofs

Let x be an even integer. Then x + 5 is odd.

Welleck et al. - NeurIPS 2022, Figure 1
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https://papers.neurips.cc/paper_files/paper/2022/file/1fc548a8243ad06616eee731e0572927-Paper-Conference.pdf


If we give AI a problem, it can often help us solve it

2026: open problems

OpenAI - September 8, 2026
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From choosing a problem to choosing a direction

Traditional Paradigm
Mathematician chooses a conjecture in advance, and uses an AI system to attempt it

Conjecture Attempt Resolution

Mathematician Expert 
ReviewFind 

extract a pool of conjectures

Attempt 
conjectures at scale

Recommend 
judge and grade

Direction

Literature

Mathematician chooses an interesting direction; FAR finds conjectures and suggests resolutions

This Work

Problem-level interface
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Discovery as effort allocation

U
U : space of all problems

expressible in natural language

• How should we allocate

human and AI effort?
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Discovery as effort allocation

U

AI attempts every problem

Option 2: have AI attempt all

problems, humans review the

results

• Bottlenecks: AI effort,

human effort
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What kinds of problems?
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• Automated conjecturing
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Our goal: build a recommendation engine
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Find, Attempt, Recommend (FAR)

Traditional Paradigm
Mathematician chooses a conjecture in advance, and uses an AI system to attempt it

Conjecture Attempt Resolution

Mathematician Expert 
ReviewFind 

extract a pool of conjectures

Attempt 
conjectures at scale

Recommend 
judge and grade

Direction

Literature

Mathematician chooses an interesting direction; FAR finds conjectures and suggests resolutions

This Work

Problem-level interface

Selected problem-

resolution pairs

Find, Attempt, Recommend (FAR)
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Building FAR

• An agent cascade: from cheap to expensive

Search and recommender system cascade

Find, Attempt, and Recommend cascade

Item
corpus Recall Pre-rank Rank Rerank Filter Recommendations

Paper
corpus Label Extract Check Solve Judge Artifacts

1 0  - -  1  0  6  1  0 1 0  - -  1  0  4  5 1 0  - -  1  0  3  4 1 0  - -  1  0  2  3 1 0  -  -  1  0  0 Top-K10--100

51,110

 

papers
5,245

 

in-domain
6,453

 

conjectures
4,717

 

still open
1,050

 

claimed
598

 

judged
77

 

publishable
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Find stage

Input: a literature corpus and a research direction

U

• Problems from

the literature

U
research direction

◦ Pool P

Output: pool of problems to potentially attempt (P)
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Find: our example run for combinatorics conjectures

OpenAlex

320M+ works

core catalog

51,110

mathematics
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Randomly sample
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Find: our example run for combinatorics conjectures

Source paper

Ikenmeyer, Pak, and Panova,

Positivity of the Symmetric Group

Characters is as Hard as the

Polynomial Time Hierarchy

Extracted candidate

Label: Conjecture 5.2

Statement: The problem

ComputeCharBinary is

GapP-complete under many-one

reductions.

Status: Open. The check found no

credible resolution.
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research direction
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• Similar to a bandit problem:

each problem is an arm and

each attempt is a pull
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Attempt: our example run for combinatorics conjectures

P
4,717

conjectures

Solve

one attempt

each

Outcomes

3,224 UNRESOLVED

443 KNOWN

1,050 NEW

• Most powerful agent in the pipeline: GPT-5.5 with web search

• Performs another literature review to check for overlaps

11



Attempt: our example run for combinatorics conjectures

P
4,717

conjectures

Solve

one attempt

each

Outcomes

3,224 UNRESOLVED

443 KNOWN

1,050 NEW

• Most powerful agent in the pipeline: GPT-5.5 with web search

• Performs another literature review to check for overlaps

11



Attempt: our example run for combinatorics conjectures

P
4,717

conjectures

Solve

one attempt

each

Outcomes

3,224 UNRESOLVED

443 KNOWN

1,050 NEW

• Most powerful agent in the pipeline: GPT-5.5 with web search

• Performs another literature review to check for overlaps

11



Recommend stage

Conjecture

+

resolution

Correctness

AI Judge Panel
✓ Pass

× Fail

Significance

AI Judge

Known

Too minor

Publishable

12



Recommend stage

Conjecture

+

resolution

Correctness

AI Judge Panel
✓ Pass

× Fail

Significance

AI Judge

Known

Too minor

Publishable

12



Recommend stage

Conjecture

+

resolution

Correctness

AI Judge Panel
✓ Pass

× Fail

Significance

AI Judge

Known

Too minor

Publishable

12



Recommend stage

Conjecture

+

resolution

Correctness

AI Judge Panel
✓ Pass

× Fail

Significance

AI Judge

Known

Too minor

Publishable

12



Recommend stage

U
research direction

⋆

⋆

◦ Pool P
⋆ Surfaced to the user

Results graded publishable are

surfaced to the user
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Recommend: our example run for combinatorics conjectures

1,050

NEW

Correctness

AI Judge Panel

✓ 598

Pass

× 452

Fail

Significance

AI Judge

75

Known
446

Too minor
77 (A)

Publishable

• Correctness: 3 independent GPT-5.5 judges (xhigh); all must pass

• Significance: GPT-5.5 (xhigh) with web search

A: conjectures with artifacts graded publishable
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Studying the recommendations

• Zeyu, Shengtong, and Sylvester W. Zhang picked 15

conjecture-resolution pairs and studied the results

• Each resolution was correct

• Novel resolutions included conjectures of

Davies-Jenssen-Perkins-Roberts, Erdős-Straus, and

Ikenmeyer-Pak-Panova
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Reviewed solutions
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ProbXiv: view all results

https://probxiv.com

16

https://probxiv.com


Allocating effort: scaling laws of mathematical discovery

Our run attempted every conjecture in the pool.

⋆

⋆

Recorded outcomes

⋆

Select B attempts

□ Attempted problem ⋆ Graded publishable

• With a smaller attempt budget B, which problems should we

choose?

• We consider a simple setting: 0 or 1 attempts per conjecture
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Estimating the probability of a publishable result

We have the agent output a difficulty score d(c) and an importance score

i(c) before attempting a solution.

Using the completed run, we fit models to predict:

1. Acceptance given difficulty d(c)

2. Publishability among accepted resolutions given importance i(c)

Their product estimates the probability of a publishable result:

p̂(c) = accept(c)× pub-given-accept(c).

We hold out conjectures and use this estimate to select ones to attempt.
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Discovery objectives

We can aim to maximize three different objectives:

• Expected number of publishable results

• Expected total importance of publishable results

• Expected importance of the single best publishable result
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Comparing allocation strategies
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Summary

Find Attempt Recommend

• Input: description of a direction

• Output: conjecture-resolution pairs for human review

• To use it for your area, you need a budget of model attempts and

human expertise for studying/reviewing the recommendations

• Implemented as a cascade of agents; each stage can be improved
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Moving forward: frontier of resolvable problems
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Moving forward: which problems should AI recommend?
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ABSTRACT

AI systems are increasingly capable of contributing to mathematical research. In
research practice, frontier-model reasoning is a limited resource, and expert math-
ematical review is even more sharply constrained. Allocating these scarce re-
sources well is therefore central to making AI-assisted mathematical discovery
efficient. In most current AI-for-math workflows, human effort is concentrated at
the beginning and end, in selecting suitable research problems and later reviewing
the resulting artifacts. These two stages are becoming bottlenecks for research-
level mathematics. We address them by proposing a new human-AI discovery
paradigm. The human input is no longer a single problem selected in advance,
but a research direction in which the experts have interest and expertise. The
system then searches a broad literature corpus for candidate problems in that di-
rection. Inspired by search and recommender systems, we build Find, Attempt,
and Recommend (FAR), a literature-to-review cascade that automates the search
for suitable problems and focuses human attention on artifacts that have passed
several stages of filtering. In a combinatorics pilot, the pipeline starts from 5,245
combinatorics papers, recovers 6,453 candidate conjectures or open problems, and
filters them to 4,717 apparently well-posed and still-open conjectures. Subsequent
reasoning and automated triage stages surface 598 potential resolutions1 and se-
lect 77 items for author-team review. Among them, we identify many interesting
discoveries, including results on conjectures and questions of Davies–Jenssen–
Perkins–Roberts, Erdős–Straus, Ikenmeyer–Pak–Panova, and Lund–Saraf–Wolf.
These results demonstrate the effectiveness of this new mode of human-AI collab-
oration for mathematical discovery.

1 INTRODUCTION

AI systems are increasingly capable of contributing to mathematical research, with recent progress
on mathematical reasoning benchmarks (Hendrycks et al., 2021; Zheng et al., 2021; Guo et al.,
2025; Shao et al., 2025), formal theorem proving (Trinh et al., 2024; Chervonyi et al., 2025; Hubert
et al., 2026; Ren et al., 2025; Xin et al., 2025; Chen et al., 2025; Seed, 2026), and selected research-
level problems (OpenAI, 2026; Alon et al., 2026; Tsoukalas et al., 2026; Team, 2026). Most of these
systems operate with a problem-level interface, in which a researcher supplies a theorem, conjecture,
or formal goal, the system attempts it, and the output is checked. This interface is useful, but it leaves
out an essential part of research: deciding which problems are worth attempting in the first place.

We study the decision of which problems to attempt in terms of effort allocation for AI-assisted
mathematical discovery. Frontier-model reasoning and expert mathematical review are scarce, and
their value depends on which conjectures receive them. Rather than concentrating reasoning and
review effort on a few problems chosen in advance, we propose a new workflow in which experts
specify a research direction, and the AI system automatically finds problems to focus effort on (Fig-
ure 1). We build Find, Attempt, and Recommend (FAR), a literature-to-review cascade. Given a

∗Equal contribution.
1Available at https://probxiv.com.
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