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Abstract
Recently, LLMs have been making headlines,
and headway, in mathematical research. Much
of this work focuses on proving existing open
conjectures. Deciding what to prove is harder
and less studied, because of the lack of a clear
criterion for what makes a conjecture worth
pursuing. Our approach builds on the observa-
tion that mathematical theorems build on one
another: new theorems can modify the setting
or hypotheses of earlier theorems, strengthen
their conclusions, or extend their scope. We en-
code these relationships in a new kind of graph,
the Theorem Evolution Graph (TEG), which
we instantiate as an online inference method
for LLM agents. An agent builds a TEG in
two steps: (1) identifying relevant theorems
from papers found by following citations back-
ward and forward from a seed paper; and (2)
comparing those theorems to record how one
builds on another. LLM judges and an expert
mathematician preferred TEG-generated con-
jectures over those from an unconstrained base-
line. LLM judges favored TEG conjectures for
significance, ambition, and insight, but favored
baseline conjectures for plausibility. Ablations
suggest a benefit from constructing and using a
TEG even when the available papers are fixed.

1 Introduction

Mathematical research has recently become an
lively frontier for LLMs (OpenAI, 2026b,a; An-
thropic, 2026b,a). LLMs are being used for aut-
oformalization (Wu et al., 2022), for generating
natural-language proofs of conjectures (Feng et al.,
2026), and for formal theorem proving (Hubert
et al., 2026). This increased interest is in part be-
cause mathematics has verification built into it: a
proposed result can be supported by a proof, and
a formal proof can be checked mechanically. This
gives systems a concrete signal for evaluating and
improving their outputs.

As such, much of this work focuses on proving
open problems. But a comparatively less studied

question is: what do we want to prove in the first
place? Recent work has begun to generate conjec-
tures as training data for theorem provers (Dong
and Ma, 2025; Onda et al., 2025), but choosing con-
jectures worth pursuing as mathematical research
poses an additional challenge. What makes a prob-
lem “good” is harder to concretize. Mathematical
correctness alone does not tell us whether a con-
jecture is novel, significant, or likely to deepen our
understanding of a field.

Mathematics is structurally interconnected: new
theorems often build on earlier ones by modifying
hypotheses, strengthening conclusions, or extend-
ing them to new settings. Encoding these relation-
ships could suggest fruitful new conjectures.

Our contribution is the Theorem Evolution
Graph (TEG), a graph that encodes how mathemati-
cal theorems build on one another. Nodes represent
theorems, and edges describe what changes from
one theorem to another. We use TEG construction
as an online inference strategy for LLM agents,
which build and use the graph to generate new con-
jectures that follow from a seed paper. An agent
constructs a TEG through two operations: iden-
tify, finding relevant theorems in papers reached
by following citations backward and forward from
the seed paper; and compare, recording how those
theorems build on one another.

We investigate the utility of TEGs in three con-
trolled experiments. First, LLM and expert judges
prefer conjectures generated by TEG agents over
those generated by an unconstrained baseline. Sec-
ond, ablations suggest a benefit from constructing
and using a TEG even when the available papers
are held fixed. Third, we change what the graph
contains. Conjectures built from the full graph are
judged more novel and insightful than those built
from the seed paper’s theorems alone. They are
also less often false: the referee rejected none of
the full-graph conjectures as false, but 4 of 18 when
the graph’s edges were unlabeled or random.
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Figure 1: Two agents given the same seed theorem on
relabeling finitely many positions of Wythoff Nim (Hu
et al., 2024). The unconstrained agent (top) keeps no
record of how results relate and proposes a conjecture
within the seed’s own setting: relabeling a rectangle of
Wythoff Nim. The TEG agent (bottom) links the seed to
a related theorem on m-Wythoff Nim (Larsson, 2009)
and compares the two, recognizing that the seed’s inte-
ger shift and Larsson’s fractional shift are two cases of
one phenomenon. It thus proposes a broader conjecture
that unifies both theorems: the phenomenon holds for
any finite relabeling of any m-Wythoff game.

This paper contributes:

• The Theorem Evolution Graph (TEG), a repre-
sentation of how mathematical theorems build
on one another.

• An online method for LLM agents to construct
and use TEGs for conjecture generation.

• Empirical evidence of the TEG’s utility,
demonstrated by LLM and expert judges’ pref-
erence for TEG-generated conjectures, with
ablations examining the effects of paper selec-
tion, TEG construction, and graph structure.

2 Related work

LLMs for conjecture generation. Work on
mathematical conjecture generation uses coun-
terexample search to filter proposed state-
ments (Chuharski et al., 2024), generates for-
mal conjectures from existing mathematical li-
braries (Onda et al., 2025), and jointly trains conjec-
turing and proving systems (Dong and Ma, 2025;
Poesia et al., 2024). Other systems address prob-
lem selection: Zheng et al. (2026) retrieve open
problems from the mathematical literature and pri-
oritize candidates for model attempts and expert

review. Our work complements these approaches
by studying how encoding the evolutionary differ-
ences between theorems can guide the generation
of new conjectures.

Graph representations of scientific knowl-
edge. Knowledge graphs link entities with re-
lations (Hogan et al., 2021), with temporal vari-
ants also including when those relations hold (Cai
et al., 2023). Literature graphs connect papers, au-
thors, and concepts (Ammar et al., 2018), which in-
spire citation-based methods that support document
representation (Cohan et al., 2020) and identify
substantive uses of prior work (Valenzuela et al.,
2015). In mathematics, Prove2Me organizes the-
orem dependencies for proof construction (Chen
et al., 2026). TEGs instead encode how theorem
statements evolve: edges describe changes in hy-
potheses, conclusions, and settings, rather than ci-
tations or proof dependencies.

Literature-grounded research ideation. Prior
work grounds LLM-based research ideation in lit-
erature to retrieve inspirations (Wang et al., 2024),
connect scientific concepts (Baek et al., 2025), as-
sess novelty (Yamada et al., 2025), and generate
hypotheses and theories (Vasu et al., 2025; Jansen,
2026). Other methods explicitly represent research
progression in the literature: Chain of Ideas orga-
nizes papers into developmental chains (Li et al.,
2025), while Graphs of Research uses temporally
ordered citation graphs as supervision for idea gen-
eration (Gao et al., 2026). TEGs distill papers into
their core mathematical claims, represented as in-
dividual theorem nodes, and make mathematical
change itself the organizing principle. The graph
encodes not just which work builds on which, but
what the mathematical advance consists of, giving
agents a basis for proposing the next advance.

3 Theorem Evolution Graphs

Here we detail how to construct a Theorem Evo-
lution Graph (TEG) as an online agent strategy.
Given a seed paper, an LLM agent constructs a
TEG by identifying relevant literature through back-
ward reference and forward citation traversal and
comparing the hypotheses, conclusions, and set-
tings of its theorems to record how one extends or
refines another. The agent uses these comparisons
to propose next steps, updating the graph and its
candidate conjectures as it reads.
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3.1 Graph Representation

A TEG is a directed graph G = (V,E) where
nodes represent individual theorems and edges de-
scribe mathematical changes between them.

Theorem nodes. Each node v ∈ V is a theo-
rem, denoted as v = (σv, Hv, κv, sv): its mathe-
matical setting σv, hypotheses Hv, conclusion κv,
and source sv (paper and theorem number). This
representation separates the components that may
change between related theorems.

Evolution edges. An edge (u→ v) ∈ E records
how theorem v builds on theorem u. Each edge car-
ries an annotation δuv = (∆uv, ιuv). The change
description ∆uv compares the settings, hypotheses,
and conclusions of the two theorems, recording the
change from u to v. The annotation ιuv records
the new idea needed to make the step from one
theorem to another.

3.2 Constructing a TEG

TEG construction involves two operations: identi-
fying relevant theorems and comparing them with
those already represented.

Identify. The agent identifies relevant papers
through Semantic Scholar endpoints that list a pa-
per’s references (backward search) and the papers
that cite it (forward search). It follows references
backward to find earlier theorems on which those in
the graph build, and citations forward to find later
theorems that extend or refine them. The agent then
calls read_paper, which processes a paper’s full
text and returns its extracted abstract, introduction,
and theorem statements.

From each paper, the agent identifies relevant
theorems and represents them in the canonical
form defined in Section 3.1: v = (σv, Hv, κv, sv),
specifying the setting, hypotheses, conclusion, and
source paper and theorem number. This gives the
agent a common representation for comparing the-
orems across papers.

Compare. The agent reads the existing nodes in
teg.md and determines how the nodes are related.
It selects comparison pairs using the citations be-
tween papers and statements in the paper, such as
a claim to generalize an earlier theorem. When
theorem v is classified as building on theorem u, it
records an edge u→ v.

For each edge, the agent describes what changed
from u to v in setting, hypotheses, and conclusion.

It also records the mathematical idea that is intro-
duced, inferred from the two theorem nodes, along
with the change between them.

3.3 Using a TEG to generate conjectures

The agent constructs the TEG online, starting with
the seed paper’s main theorems and alternating
identify and compare operations as it reads addi-
tional papers. After reading a new paper, it records
the relevant theorem nodes and edges connecting
them to nodes already in the graph. If no relevant
connections are found, it marks the paper as unused.
The reading tool prevents the agent from opening
another paper until it records the current paper’s
relevant theorem nodes and edges, or marks the
paper as unused with a reason.

Given a seed paper p0, the agent maintains a
TEG G = (V,E) and a set of candidate con-
jectures C as it reads and updates the graph. It
links each candidate c ∈ C to the nodes Vc ⊆ V
and edges Ec ⊆ E that motivated it. The agent
checks c against the theorems in V and expands G
through further citation traversal to check whether
c is already known. If it finds an existing theo-
rem v matching c, it updates V ← V ∪ {v} and
C ← C \ {c}, adds the relevant edges, and explores
further extensions. It also removes any c already
posed as a conjecture or open problem in the litera-
ture. In this way, updates to G can suggest or refine
candidates in C, while those candidates guide fur-
ther expansion of G. Within the available budget,
the agent selects one c⋆ ∈ C as its final conjecture.

4 Experimental Setup

We conduct three experiments to evaluate whether
TEGs improve conjecture generation, isolate the
effects of paper selection and theorem comparison,
and observe the effects of TEG structure.

4.1 Test set

We evaluate on 30 seed papers from two sources.
We select 18 papers from Math-Graph (Alexander
et al., 2026) that satisfy three criteria: (1) the full
source text is available; (2) the paper proves at
least one original theorem (i.e. not a survey pa-
per); and (3) the subject matter is accessible with a
graduate-level background in computer science or
discrete mathematics (allowing the authors to check
results and analyze the data). The remaining 12
papers are authored by a collaborating expert math-
ematician, who selected papers whose generated
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follow-up conjectures they felt confident assessing.
Appendix C lists the seed papers and their inclusion
in each experiment.

4.2 Agent setup
We use Claude Opus 5.5 and the OpenHands SDK
and log all agent steps and reasoning. Within each
experiment, conditions share the generation model,
budget, task instructions, and output requirements.
Access to literature and instructions for construct-
ing or using the graph vary by experiment. Details
are in Appendices A and B.

Tools and budget. Agents have tools for pa-
per search, reading, reference lookup, and cita-
tion lookup, using arXiv, OpenAlex, and Semantic
Scholar. They also have a sandboxed terminal with-
out internet access so the agent could run computa-
tions. Each run has a budget of $7, 150 steps, and
60 minutes, with a warning at 85% of the budget.
Experiments 2 and 3 restrict literature access to a
fixed collection of papers.

Task and output. Agents are instructed to gener-
ate one new conjecture from a seed paper. A new
conjecture is defined as one not already articulated
in the literature or posed as a conjecture or open
problem in the literature. Agents generated the con-
jectures in a bulleted description of the setting, and
a statement of at most 300 words. This standard-
ization was intended to reduce differences in the
conjecture format across conditions.

4.3 Experiment Design
4.3.1 TEG vs. Unconstrained Search
For each seed paper, a TEG agent and an uncon-
strained agent each generate one conjecture, yield-
ing 60 conjectures. Both use the same model, tools,
budget, and task instructions. The TEG agent con-
structs and uses a TEG following Section 3, while
the unconstrained agent chooses its own search and
note-taking strategy. This comparison evaluates the
complete TEG-based workflow.

4.3.2 Paper Selection and TEG Construction
To understand the effects of paper selection and the-
orem comparison, we give new agents fixed paper
sets from the experiment in Section 4.3.1. Each set
contains the seed paper. One set contains all papers
opened by the TEG agent; the other contains all
papers opened by the unconstrained agent. Agents
can read papers in their assigned set but cannot
retrieve additional literature.

Variant Graph supplied to the agent
Full Full graph, including edge descriptions.
Unannotated Same nodes and directed edges, without edge

descriptions.
Shuffled Same nodes and number of edges, with edges

placed between random node pairs and no
descriptions.

Similarity Same nodes, linked by textual similarity us-
ing TF-IDF, with at most two links per node.

Edgeless Same nodes, with all edges removed.
Seed-only Only the seed paper’s theorem nodes and the

described edges among them.

Table 1: Graph variants used in Experiment 3. Within
each seed, agents receive the same papers and cannot
modify the supplied graph.

We evaluate the following conditions on the test
set: (1) papers opened by the TEG agent, with in-
structions to construct a TEG; (2) the same papers,
with an unconstrained agent; and (3) papers opened
by the unconstrained agent, with instructions to
construct a TEG for conjecture generation.

Comparing conditions 1 and 2 tests the TEG con-
struction and comparison procedure while holding
the available papers fixed. Comparing conditions 1
and 3 tests paper selection while holding the TEG
procedure fixed. All conditions use the same model,
budget, and output requirements; the recording rule
applies in both TEG conditions. We report com-
parisons for seeds with completed outputs in both
conditions: 27 seeds for the paper-selection com-
parison and 28 for each construction comparison.

4.3.3 Graph Structure
To understand which parts of the graph support
conjecture generation, we test agents variants of
the TEGs from the experiment in Section 4.3.1.
For each seed paper, all conditions get the same
paper set used by the original TEG agent. Agents
can read these papers but cannot retrieve additional
literature or modify the supplied graph.

Table 1 defines the six variants. All variants use
the same theorem nodes except seed-only, which
uses only the seed paper’s theorems. We evaluate
these variants on nine seed papers in the test set.

4.4 Evaluation
We evaluate conjectures in two stages: an indi-
vidual referee assessment followed by a pairwise
comparison.

Individual assessment. A referee agent evalu-
ates the final conjecture. It grades the generated
conjecture on clarity, correctness, novelty, diffi-
culty, and significance, and raises objections clas-
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sified as blocking, major, or minor. A different
model checks each blocking or major objection.
The assessment is fail if a blocking objection is
upheld, revise if a major objection is upheld and no
blocking objection remains, and pass otherwise.

The experiment in Section 4.3.1 uses three ref-
eree models: GPT-6.1 Sol, Grok 4.7, and Claude
Sonnet 5.5. After observing similar performance
across these models, we use GPT-6.1 Sol as the
sole referee in Sections 4.3.2 and 4.3.3, with Grok
and Sonnet checking its objections.

Pairwise preference. We use pairwise compar-
isons to assess which conjectures are worth pursu-
ing, motivated by evidence that comparative evalu-
ation can better align LLM judgments with human
assessments than absolute scoring (Liusie et al.,
2024; Liu et al., 2024). Experiment 1 uses GPT-
6.1 Sol, Grok 4.7, and Claude Sonnet 5.5 as pair-
wise judges. Experiments 2 and 3 use GPT-6.1 Sol
and Claude Sonnet 5.5. Judges receive two con-
jectures generated from the same seed, together
with the findings from the individual assessments,
and choose which they would choose based on its
potential contribution to the field. This reflects
the emphasis on advancing knowledge in NSF’s
intellectual merit criterion (National Science Foun-
dation). To further characterize these preferences,
judges also compare significance, novelty, plausi-
bility, clarity, ambition, and insight. This follows
idea-quality metrics proposed in prior research-
ideation work (Si et al., 2025; Li et al., 2025).

Each judge evaluates each pair twice, with the
conjectures presented in opposite orders. For the
overall preference, we record a preference if the
judge chooses the same conjecture both times; else,
we record a tie. For individual criteria, where
judges may also answer that the two conjectures are
tied, we count the presentation orders separately.

Statistical analysis. We aggregate preferences
across judges and seeds and report wins, losses,
and ties. We calculate preference shares among
non-tied judgments, with 95% Wilson confidence
intervals and two-sided binomial tests.

5 Results

5.1 Conjecture quality

Judge preferences. Judges preferred conjectures
generated using a TEG over those generated by
the unconstrained agent (Table 2). Across 90
judge–paper pairs (three judges, 30 papers), judges

preferred the TEG conjecture in 50 (56%), the base-
line conjecture in 29 (32%), and judged the two
tied in 11 (12%). Among non-tied judgments, TEG
conjectures were preferred in 63% of cases (95%
CI [52%, 73%]; two-sided binomial test, p = 0.02),
and each judge individually preferred TEG more
often (17–9, 17–10, and 16–10).1

Conjectures generated with a TEG were pre-
ferred for their significance, ambition, and insight,
while baseline conjectures were preferred for their
plausibility. This suggests a trade-off: TEGs help
agents propose conjectures with greater perceived
mathematical value, but whose plausibility judges
find less certain.

Expert review. An expert mathematician, an
author of the 12 seed papers reviewed, compared
the TEG and baseline conjectures for each paper
without knowing which condition produced them.
The expert preferred the TEG conjecture on 8 pa-
pers and the baseline conjecture on 4, with no ties:
67% TEG preference (95% CI [39%, 86%]), close
to the panel’s 63%.

The expert’s preferences agreed with the LLM
panel’s majority preference on 9 of 12 papers (Co-
hen’s κ = 0.47; Krippendorff’s α = 0.49).

Agent behavior. Agents in the two conditions
read different papers. Counting the papers each
agent opened (excluding the seed paper), the two
agents opened 149 papers across the 30 seeds, of
which only 44 (30%) were opened by both.

The agents also differed in how they used their
tools (Figure 2). Baseline agents used computation
earlier: computation accounted for 27% of their
actions in the first third of a run, compared with
13% for TEG agents. Instead, TEG agents spent
28% of their early actions building the graph; both
conditions spent a similar share of early actions
reading papers (35% and 40%). Baseline agents
also committed to a conjecture sooner: on average,
they first wrote a draft 82% of the way through
a run, compared with 87% for TEG agents (TEG
wrote later on 23 of 30 seeds; mean paired differ-
ence 4.4 percentage points, 95% CI [1.5, 7.2]).

Case study. To concretize these results, we an-
alyze how two agents given Hu et al. (2024) as a
seed generate new conjectures. The seed proves

1The judgment-level confidence intervals and tests assume
independence across judgments. Assessments of the same
conjecture pair may be correlated across judges and presen-
tation orders. In a separate analysis treating each seed paper
as one unit, the TEG preference share is 63% (95% CI [47%,
79%]; p = 0.13); the paper-level tests give p = 0.07 for both
the significance and plausibility criteria.
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Criterion TEG Baseline TEG preferred (%) 95% CI p

Overall preference 50 29 63 [52, 73] 0.02∗

Significance 103 54 66 [58, 73] < 0.001∗

Novelty 59 43 58 [48, 67] 0.14

Plausibility 39 84 32 [24, 40] < 0.001∗

Clarity 16 19 46 [30, 62] 0.74

Ambition 90 50 64 [56, 72] < 0.001∗

Insight 96 57 63 [55, 70] 0.002∗

Table 2: Preferences of three judges over 30 seed papers. The overall preference counts a judge’s choice only if it
holds in both presentation orders (90 judgments; remaining judgments are ties); criteria count the two presentation
orders separately (180 judgments). Percentages exclude ties, with values below 50% favoring the baseline. Intervals
are 95% Wilson confidence intervals. ∗p < 0.05 in a two-sided binomial test against 50%, uncorrected for multiple
comparisons.
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Figure 2: Agent action allocation over the run. Each
run is rescaled to the same length and divided into 15
equal bins by action count; shares pool the actions of
all 30 runs in a condition, and dotted lines mark the
thirds. Baseline agents use computation earlier, while
TEG agents devote early actions to building the graph.

that after finitely many positions of Wythoff Nim
are relabeled as winning or losing, the losing posi-
tions agree asymptotically with the original pattern
after an integer translation.

Both agents first asked whether this extends to
m-Wythoff Nim, a family of related games, and
both found that integer translations failed to match
the simulated losing positions. The baseline agent
treated this as a boundary (“the defect structure is
specific to Wythoff’s Nim”) and returned to ordi-
nary Wythoff Nim. It tested 406 rectangular alter-
ations and proposed a quantitative refinement of
the seed’s result for this setting.

The TEG agent recorded the failed candidate and
investigated further: its simulations suggested that
the losing positions still follow Beatty sequences,
but with a real-valued phase rather than an inte-
ger translation. Following references, it found
Larsson (2009), two citation steps from the seed,
through Larsson (2010). Larsson establishes this
behavior for a special family of alterations of m-
Wythoff. The agent recorded the contrast between
the two theorems: the seed covers all finite alter-
ations of ordinary Wythoff Nim with an integer
translation, while Larsson covers a restricted fam-
ily of alterations of m-Wythoff with a fractional
phase. The agent proposed a formula for the phases
and checked that it reproduces Larsson’s results
and holds for sampled random alterations. Its final
conjecture unifies the two theorems: every finite
alteration of every m-Wythoff game yields Beatty
sequences with computed phases, up to O(logK)
exceptions among the first K positions.

The LLM judges preferred the TEG conjecture.
Both agents encountered the same failed extension;
the baseline returned to the seed’s setting, while the
TEG agent used a comparison between two known
theorems to propose a generalization of both.

5.2 Effects of paper selection and TEG
construction

We isolate the contributions of paper selection and
TEG construction to conjecture generation. Specif-
ically, does the TEG’s advantage come from the
papers agents find by following citations backward
and forward from the seed?

Paper selection. When both agents construct a
TEG, judges show no clear preference between the
two paper sets. Across 54 judge–seed comparisons,
they prefer conjectures based on TEG-selected pa-
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pers in 46% of cases and baseline-selected papers
in 43%, with 11% tied. Among non-tied judgments,
52% favor TEG-selected papers (95% Wilson CI
[38%, 66%]; p = 0.89; Figure 3a). This compari-
son provides no evidence that TEG-selected papers
alone improve conjecture quality.

TEG Construction. The preference for TEG-
enabled conjectures holds when paper selection is
fixed. Given the same TEG-selected papers, judges
prefer conjectures from an agent building a TEG
over those from an unconstrained agent in 25 of
56 comparisons and the unconstrained agent’s in
18, with 13 ties (58% of non-tied judgments; 95%
CI [43%, 72%]). The advantage holds against the
original TEG agent, which judges prefer over the
unconstrained agent given its papers in 29 of 56
comparisons, against 16, with 11 ties (64% [50%,
77%]; Figure 3a). This matches the 63% preference
in Section 4.3.1. Although the overall preferences
do not reach statistical significance at this sample
size (p = 0.36 and 0.07), both comparisons favor
TEG construction. This pattern is consistent with
a benefit from constructing and using the graph,
beyond the choice of papers alone.

The criterion-level judgments mirror the trade-
off in Section 4.3.1. Compared with the original
TEG agent, the unconstrained agent given its pa-
pers produces conjectures judged less novel (15
vs. 40 judgments; 73% favor TEG, 95% CI [60%,
83%]; p = 0.001) but more plausible (52 vs. 28;
65% favor the unconstrained agent, 95% CI [54%,
75%]; p = 0.01; Figure 3b).

5.3 Ablations
To observe the contribution of the literature beyond
the seed paper, we compare the full graph with a
graph containing only the seed paper’s theorems.
Judges prefer full-graph conjectures in 11 of 18
comparisons and seed-only conjectures in 4, with
3 ties. Among non-tied judgments, 73% favor the
full graph (95% Wilson CI [48%, 89%]; p = 0.12;
Figure 3c). Full-graph conjectures are judged more
novel (17 vs. 4 preferences; 81% [60%, 92%]; p =
0.007) and more insightful (22 vs. 8; 73% [56%,
86%]; p = 0.02), without a loss in plausibility (13
vs. 9; 59% [39%, 77%]).

We also compare the full graph with a graph
with the theorem nodes but no edges. Judges pre-
fer full-graph conjectures in 6 of 18 comparisons
and edgeless-graph conjectures in 4, with 8 ties.
Among non-tied judgments, 60% favor the full
graph (95% Wilson CI [31%, 83%]; p = 0.75;

Figure 3d).
Conjectures generated with edges are judged

more ambitious (10 vs. 2 preferences; 83% [55%,
95%]; p = 0.04; Figure 3d). Judges also favor
them for significance (9 vs. 4; 69% [42%, 87%];
p = 0.27), while favoring edgeless-graph conjec-
tures for plausibility (10 vs. 3; 77% [50%, 92%];
p = 0.09), although neither difference is statisti-
cally significant. This pattern resembles the trade-
off between perceived mathematical value and plau-
sibility observed in Section 5.1.

Edge descriptions also appear to help agents
avoid false conjectures. The referee agent flagged
none of the nine conjectures generated in the Full
condition as false, compared with four of the 18
conjectures generated across the Unannotated and
Shuffled conditions combined. This is consistent
with a benefit from annotated theorem relationships,
although pooling Unannotated and Shuffled does
not isolate the effect of edge descriptions because
Shuffled also changes which nodes are connected.

6 Discussion

Our results suggest that TEGs help agents propose
conjectures with greater significance, ambition, and
insight, with plausibility graded as lower. The
ablations suggest that how agents compare the-
orems may matter more than which papers they
select. Qualitative examples offer a possible expla-
nation: recording changes between theorems can
help agents identify a step beyond the seed paper’s
setting, and understanding whether the resulting
conjecture is plausible can be more difficult.

Qualitative examples. The examples illustrate
how theorem comparison can help agents identify
new directions and sharpen their claims. In one
case, the TEG agent traced a sequence of improve-
ments and proposed a new way to generalize them,
while the ordinary-notes agent proposed a narrower
claim that largely followed from work already in
its library. In another, both agents reached the same
broad idea, but the TEG agent recognized a prior
theorem as a special case its conjecture should re-
cover. This gave it a concrete check that helped
turn a tentative pattern into a more precise, testable
claim. These cases suggest that TEGs help agents
use prior work both to propose the next advance
and to specify what it must explain.

Future work. These findings motivate treating
conjecture generation as structured search over
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Figure 3: Effects of paper selection, TEG construction, and graph components. (a) Overall preferences when varying
the paper set (both agents build a TEG) or the construction method (both use TEG-selected papers). (b) The original
TEG agent compared with an unconstrained agent given its papers. (c, d) Conjectures from the full graph compared
with those from seed-only and edgeless graphs. Bars show the share of judgments favoring the TEG side (right),
tied (grey), or the alternative (left). Overall preferences count a judge’s choice only if it holds in both presentation
orders; criteria count the two orders separately.

mathematical moves. A system could first choose
how to extend a theorem, such as by weakening a
hypothesis, strengthening a conclusion, or chang-
ing the setting, and then instantiate that move as a
conjecture. These could be actions in search or rein-
forcement learning, with feedback from counterex-
ample search, proof attempts, novelty checks, and
expert preferences. A central challenge is balanc-
ing these signals: rewarding provability alone may
favor routine consequences, while rewarding am-
bition alone may favor implausible claims. TEGs
provide a representation in which these choices can
be made explicit and studied.

TEGs could also support workflows in which
mathematicians request particular kinds of exten-
sions and inspect the theorems motivating each can-
didate. A mathematician could correct an inferred
relationship, identify a missing hypothesis, or sug-
gest a different setting to explore. The agent could
then update the graph and revise its candidates.
Evaluating whether this interaction helps mathe-
maticians identify worthwhile questions would pro-
vide a stronger test of practical utility than prefer-
ence judgments alone.

7 Limitations

Our study covers a small selected set of seed pa-
pers and one generation model because of budget
restrictions, so findings may not generalize across
mathematical fields or models. We do not validate
theorem extraction or edge annotations with ex-
perts at scale; errors in either can propagate into

conjectures. Our evaluation measures assessed
quality and preference rather than eventual mathe-
matical value. TEGs also emphasize extensions of
known theorems, and citation traversal favors de-
velopments connected through the literature. This
may underrepresent conjectures with unexpected
phenomena or connections between distant areas.

8 Conclusion

We introduced Theorem Evolution Graphs, which
represent individual theorems and describe how
their hypotheses, conclusions, and settings change.
LLM agents construct and use these graphs to
generate new conjectures. Judges preferred TEG-
generated conjectures overall and favored their sig-
nificance, ambition, and insight, while preferring
baseline conjectures for plausibility. Ablations and
case studies suggest that theorem comparisons help
agents formulate broader and more precise exten-
sions of prior work. TEGs offer a way to make
these proposed mathematical steps inspectable, sup-
porting further study of how agents can identify
conjectures worth pursuing.

Ethical Considerations

TEG agents use LLMs to read mathematical lit-
erature and propose conjectures. Although each
conjecture builds on published theorems, it may be
false, may misstate prior results, or may already
be known. The referee agent rejected some gener-
ated conjectures as false or already in the literature,
and none of the conjectures has been proved. They
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are candidates that need expert review before any-
one invests research time in them. Agents were
instructed to cite only papers they had opened and
never to invent references, but these instructions do
not guarantee correct attribution.

Our evaluation relies mainly on LLM referees
and judges, which may favor particular writing
styles or conjectures that sound ambitious. To re-
duce this risk, we use judges from three model fam-
ilies, present each pair in both orders, give judges
objections that a second model had checked, and
compare the panel’s preferences with a blind ex-
pert review. That review covers 12 of the 30 seed
papers, and its agreement with the panel is mod-
erate (κ = 0.47), so it partly validates the LLM
judgments but does not replace expert assessment.
The expert participated voluntarily and was not
compensated.

Automated conjecture generation could also
make it easier to produce large numbers of unvetted
conjectures or submissions, which would add to the
load on reviewers and editors. TEGs are intended
to support mathematicians in finding and critically
assessing research directions, not to replace their
judgment or the work of proving results. Because
a TEG records the theorems and edges behind each
conjecture, a reader can check where a proposed
step comes from.

Use of AI assistants. We used Claude Code to
implement the experiments and analyses, and GPT-
5.6 to help draft and edit the manuscript. The au-
thors reviewed all AI-assisted code and text.

References
Luke Alexander, Eric Leonen, Sophie Szeto, Artemii

Remizov, Ignacio Tejeda, Jarod Alper, Giovanni In-
chiostro, and Vasily Ilin. 2026. Semantic search
over 9 million mathematical theorems. Preprint,
arXiv:2602.05216.

Waleed Ammar, Dirk Groeneveld, Chandra Bhagavat-
ula, Iz Beltagy, Miles Crawford, Doug Downey, Ja-
son Dunkelberger, Ahmed Elgohary, Sergey Feld-
man, Vu Ha, Rodney Kinney, Sebastian Kohlmeier,
Kyle Lo, Tyler Murray, Hsu-Han Ooi, Matthew Pe-
ters, Joanna Power, Sam Skjonsberg, Lucy Lu Wang,
and 4 others. 2018. Construction of the literature
graph in Semantic Scholar. In Proceedings of the
2018 Conference of the North American Chapter of
the Association for Computational Linguistics: Hu-
man Language Technologies (NAACL-HLT), Industry
Track.

Anthropic. 2026a. Formalizing Fermat’s last theorem.
Anthropic.

Anthropic. 2026b. Learning more about Claude’s math-
ematical capabilities. Anthropic.

Jinheon Baek, Sujay Kumar Jauhar, Silviu Cucerzan,
and Sung Ju Hwang. 2025. ResearchAgent: Itera-
tive research idea generation over scientific litera-
ture with large language models. In Proceedings of
the 2025 Conference of the Nations of the Americas
Chapter of the Association for Computational Lin-
guistics: Human Language Technologies (Volume
1: Long Papers), pages 6709–6738. Association for
Computational Linguistics.

Borui Cai, Yong Xiang, Longxiang Gao, He Zhang,
Yunfeng Li, and Jianxin Li. 2023. Temporal knowl-
edge graph completion: A survey. In Proceedings of
the Thirty-Second International Joint Conference on
Artificial Intelligence, pages 6545–6553.

Shuze Chen, Kunal Marwaha, Xiaoyang Lu, Henry
Yuen, and Tianyi Peng. 2026. Prove2Me: An open
collaborative platform for scaling math formalization.
Preprint, arXiv:2608.28433.

Jake Chuharski, Elias Rojas Collins, and Mark
Meringolo. 2024. Mining math conjectures from
LLMs: A pruning approach. In The 4th Workshop
on Mathematical Reasoning and AI (MATH-AI) at
NeurIPS.

Arman Cohan, Sergey Feldman, Iz Beltagy, Doug
Downey, and Daniel S. Weld. 2020. SPECTER:
Document-level representation learning using
citation-informed transformers. In Proceedings
of the 58th Annual Meeting of the Association for
Computational Linguistics (ACL).

Kefan Dong and Tengyu Ma. 2025. STP: Self-play
LLM theorem provers with iterative conjecturing and
proving. Preprint, arXiv:2502.00212.

Tony Feng, Trieu H. Trinh, Garrett Bingham, Dawsen
Hwang, Yuri Chervonyi, Junehyuk Jung, Joonkyung
Lee, Carlo Pagano, Sang-hyun Kim, Federico
Pasqualotto, Sergei Gukov, Jonathan N. Lee, Junsu
Kim, Kaiying Hou, Golnaz Ghiasi, Yi Tay, YaGuang
Li, Chenkai Kuang, Yuan Liu, and 9 others. 2026. To-
wards autonomous mathematics research. Preprint,
arXiv:2602.10177.

Songyang Gao, Yinghui Xia, Siyi Liu, and Hui Xiong.
2026. Graphs of research: Citation evolution graphs
as supervision for research idea generation. Preprint,
arXiv:2605.14790.

Aidan Hogan, Eva Blomqvist, Michael Cochez, Clau-
dia d’Amato, Gerard de Melo, Claudio Gutier-
rez, Sabrina Kirrane, José Emilio Labra Gayo,
Roberto Navigli, Sebastian Neumaier, Axel-Cyrille
Ngonga Ngomo, Axel Polleres, Sabbir M. Rashid,
Anisa Rula, Lukas Schmelzeisen, Juan Sequeda, Stef-
fen Staab, and Antoine Zimmermann. 2021. Knowl-
edge graphs. ACM Computing Surveys, 54(4).

Mirabel Hu, Daniel Sleator, and William Tsin. 2024.
Wythoff’s Nim with finite alterations. Preprint,
arXiv:2408.02851.

9

https://arxiv.org/abs/2602.05216
https://arxiv.org/abs/2602.05216
https://www.anthropic.com/news/formalizing-fermats-last-theorem
https://www.anthropic.com/research/riemann-zeta
https://www.anthropic.com/research/riemann-zeta
https://doi.org/10.18653/v1/2025.naacl-long.342
https://doi.org/10.18653/v1/2025.naacl-long.342
https://doi.org/10.18653/v1/2025.naacl-long.342
https://doi.org/10.24963/ijcai.2023/734
https://doi.org/10.24963/ijcai.2023/734
https://arxiv.org/abs/2608.28433
https://arxiv.org/abs/2608.28433
https://arxiv.org/abs/2412.16177
https://arxiv.org/abs/2412.16177
https://arxiv.org/abs/2502.00212
https://arxiv.org/abs/2502.00212
https://arxiv.org/abs/2502.00212
https://arxiv.org/abs/2602.10177
https://arxiv.org/abs/2602.10177
https://arxiv.org/abs/2605.14790
https://arxiv.org/abs/2605.14790
https://arxiv.org/abs/2408.02851


Thomas Hubert, Rishi Mehta, Laurent Sartran, Mik-
lós Z. Horváth, Goran Žužić, Eric Wieser, Aja Huang,
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A.1 Task (shared)

# Task

Your goal is to formulate one new conjecture, starting from
the seed paper, that an expert in this area would consider
worth working on. A conjecture is worth working on when it
is:

- **new**: not already proved, refuted, stated as a
conjecture or open problem, or an immediate consequence of
known results;
- **sound**: precisely stated and consistent with known
examples and special cases;
- **interesting**: settling it would teach something, by
connecting to or advancing known work.

## Output: ‘conjecture.md‘

Write your conjecture in ‘conjecture.md‘, which already
contains these headings:

1. **Statement**
- *Setting*: the standing assumptions, the objects

involved, and every definition or notation that is not
standard in the field.

- *Conjecture*: one precise assertion, with all
quantifiers and hypotheses explicit.

The statement must be self-contained: an expert who has
not read the seed paper must be able to understand it
completely. Do not refer to the seed paper’s numbered
results, sections, or notation.
2. **The case for it**

- *Relation to known results*: what it extends, refines,
or contrasts with, and the searches you ran to check that it
is new.
- *Evidence*: the examples and special cases you checked

it against, and what you found.
- *Why it is worth working on*: what would follow if it

were true, a possible route to a proof, and the main
obstacle.
3. **References**: only the seed paper and papers you opened
with ‘read_paper‘, one per line, as: authors, *title*,

arXiv id (or venue and year).

## Standard form

Every submission uses the same form:

- Write all mathematics in LaTeX: ‘$...$‘ inline and ‘$$...
$$‘ for displays. Do not use Unicode math symbols (such as
≤, ∈, θ, R, F).
- *Setting* is a bulleted list. Each bullet introduces one
object, definition, or standing assumption. Define every
notation that is not standard in the field, and nothing that
is.

- *Conjecture* is one paragraph stating a single assertion.
You may follow it with one sentence beginning "In words:".
- The Statement (Setting and Conjecture together) has at
most 300 words. Examples, remarks, and motivation belong in
the case for it, not in the Statement.
- The case for it has at most 1500 words.

A.2 Environment (shared)

# Environment

You are working alone on a mathematics research task, and
nobody will answer questions. Make reasonable judgments and
keep going until you have written ‘conjecture.md‘ and called
‘finish‘.

Your working directory contains:

- ‘paper/paper.tex‘: the full LaTeX source of the seed paper
, "{{title}}" by {{authors}} (arXiv:{{arxiv_id}}). You can
also read it in layers with ‘read_paper‘;
- ‘paper/metadata.json‘: its title, authors, abstract, and
categories;
- ‘notes/‘: your working notes;
- ‘conjecture.md‘: the file you will write your conjecture
in.

## Tools

- ‘search_papers(query)‘: searches the literature and
returns matching papers with their ids.
- ‘read_paper(id, part)‘: returns a paper’s text in layers.
‘"overview"‘ (the default) gives the abstract, section list,
introduction, and main statements; ‘"section N"‘ gives one

section; ‘"full"‘ gives the whole paper.
- ‘get_references(id)‘: lists the papers a paper cites, with
the sentences in which they are cited.

- ‘get_citations(id)‘: lists the papers that cite it, with
the sentences in which they cite it.
- ‘check_clarity(setting, statement)‘: a reader who sees
nothing but this text reports any clarity problems in it.
- ‘file_editor‘: read and write files in your working
directory.
- ‘sandbox_terminal‘: run commands for computations (Python
with SymPy, NumPy, mpmath). It has no internet access.

Use only the paper tools to access the literature.

## Budget

You have ${{budget_usd}}, {{budget_steps}} steps, and {{
budget_minutes}} minutes of wall-clock time; each sandbox
command counts toward the time while it runs. When 85% of
any of these has been used, you will receive a message
asking you to finish. If the budget runs out before ‘
conjecture.md‘ is written, the run counts as no submission.

# Research rules

- Cite only the seed paper and papers you opened with ‘
read_paper‘. Never invent references, theorem numbers, or
quotations. If you rely on something from memory, say so.
- Before finalizing, search the literature for your
statement and close variants of it.
- Check your statement against concrete examples and known
special cases.
- Label your evidence honestly: ‘[Verified]‘ for a check
over a stated range, ‘[Heuristic]‘ for a suggestive argument.
Never describe the conjecture as proved.

- ‘conjecture.md‘ must be self-contained and in the standard
form described above. It must not mention your notes, your

working files, or how you worked.
- Before finishing, call ‘check_clarity‘ on your final
setting and statement at least once, and fix the problems it
reports that you agree with.

A.3 Method: TEG agent
The TEG agent’s working directory also contains
teg.md, pre-filled with the four section head-
ings below. The recording rule is enforced by
read_paper: until the last paper opened is men-
tioned in teg.md, a request to open a new paper is
refused. The agent must record that paper as the
source of a theorem or edge, or under “Read, not
used” with a one-line reason. Previously opened
papers can be reread at any time.

# Working method: Theorem Evolution Graph

As you read, build a Theorem Evolution Graph in ‘teg.md‘.
Use it to decide what to read next and what to conjecture.

**Literature access.** Discover papers only by following
references backward or citations forward from the seed paper
or papers reached through this traversal.

**Starting order** (return to any step whenever it helps):

1. **Anchor.** Record the main theorems of the seed paper as
nodes.

2. **Backward.** For each main theorem, identify earlier
theorems it builds on. Start with the paper’s descriptions
of prior work and follow its references. Continue through
references of papers you reach when relevant.
3. **Forward.** Follow citing papers to identify later
theorems that extend or refine those in the graph. Continue
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through citations of papers you reach when relevant.
4. **Throughout, reason over the graph.** When a comparison,
chain, or pattern suggests a next step, record a candidate

conjecture and link it to the nodes and edges that motivated
it. Use these candidates to guide further citation

traversal. Check them against theorems already in the graph
and additional papers reached through references or
citations. If a candidate is an established theorem, add it
to the graph with the relevant edges and explore further
extensions. Exclude candidates already posed as conjectures
or open problems.

**Identify and compare.** After reading each paper, select
its relevant theorems and record their settings, hypotheses,
conclusions, and sources. Compare them with related

theorems already in the graph. In the same edit, record the
new theorem nodes and the edges connecting them to existing
nodes. Direct each edge from the earlier theorem to the
theorem that extends or refines it, regardless of the order
in which you read them.

For each edge, describe what changed in the setting,
hypotheses, and conclusion. Record the mathematical idea
needed for the change.

**Recording rule.** After reading a paper, record it in ‘teg.
md‘ before opening another: either as the source of a node
or edge, or under "Read, not used" with a reason. ‘
read_paper‘ will not open a new paper until you do.

Within the available budget, select one candidate developed
through your reasoning over the graph as your final
conjecture.

**Format of ‘teg.md‘** (the file already contains the
section headings):

‘‘‘
# Theorem Evolution Graph

## Theorems
### T1: <short name>
- Source: <paper id>, <theorem number> (if known only
through another paper, add: via <that paper’s id>)
- Setting: ...
- Hypotheses: ...
- Conclusion: ...

## Edges
### T1 → T2 (T2 builds on T1)
- Change: <what changed from T1 to T2 in setting, hypotheses
, and conclusion>
- New idea needed: <idea>
- Source: stated by the authors (<location>) | inferred by
me

## Candidate conjectures
### C1: <short name> status: active | revised into C3 |
known (now T7) | dropped (<reason>)
- Extends: <which nodes and edges, and the step taken>
- Statement: <...>
- Checked against: <theorem nodes and papers reached through
citation traversal>

## Read, not used
- <paper id>: <one-line reason>
‘‘‘

A.4 Method: unconstrained agent

# Working method

Work however you judge best. You may keep notes in ‘notes/‘
in any form.

A.5 Variants for Experiments 2 and 3
In Experiments 2 and 3, agents read from a fixed
library of papers instead of searching. The envi-
ronment layer replaces the four paper tools with
a read_paper tool restricted to the library, lists

the library’s papers, and asks the agent to check
its statement against the library rather than search
the literature; the task layer correspondingly asks
how the agent checked novelty rather than which
searches it ran. In Experiment 2, the TEG method
layer asks the agent to find earlier and later results
among the papers in its library. In Experiment 3,
the method layer is replaced by the following, and
the prepared graph is placed in graph.md:

# Working method: theorem graph

Your working directory also contains ‘graph.md‘, a graph of
theorems from the papers in your library, prepared before
your run. Each theorem is listed with its source and, where
available, its setting, hypotheses, and conclusion. If the
graph has an ‘Edges‘ section, an arrow ‘A → B‘ means that
result B builds on result A; an edge may describe what
changed. If it has a ‘Links‘ section, a link ‘A — B‘ means
that results A and B are closely related.

Use the graph to decide what to read and what to conjecture.
Do not edit ‘graph.md‘. You may keep notes in ‘notes/‘ in

any form.

B Evaluation Instructions

B.1 Models and budgets
All models are served through Amazon Bedrock
with high reasoning effort.

Role Model Budget
Generating
agents (TEG
and baseline; all
experiments)

Claude Opus 5.5 $7, 150 steps,
60 min per run

Clarity check
tool

Claude Opus 5.5 one call per use

Referees, Exp. 1 GPT-6.1, Grok 4.7,
and Claude Sonnet
5.5, one referee each

$3.50, 60 steps
per referee

Objection
checks, Exp. 1

Rotated across labs:
Sonnet checks Grok,
GPT checks Sonnet,
Grok checks GPT

$2, 40 steps per
check

Referee, Exp. 2–
3

GPT-6.1 $3.50, 60 steps

Objection
checks, Exp. 2–3

Grok 4.7 (Exp. 2);
Claude Sonnet 5.5
(Exp. 3)

$2, 40 steps per
check

Pairwise judges Exp. 1: GPT-6.1,
Grok 4.7, Claude Son-
net 5.5; Exp. 2–3:
GPT-6.1, Claude Son-
net 5.5

one call per or-
der, no tools

Table 3: Models and budgets. Referees and checkers
are agents with the same paper tools and sandbox as the
generating agents; an agent receives a request to finish
once 85% of any budget is used.

B.2 Referee
Each referee is an agent with the same paper tools
and sandbox as the generating agents, a budget
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of $3.50 and 60 steps, and the message “Begin.”.
Placeholders are filled with the seed paper and the
conjecture’s statement.

# Role

You are a referee. Your job is to decide whether a strong
researcher in this area should spend substantial time on the
research conjecture below. You work alone, and nobody will

answer questions.

The conjecture was proposed starting from the paper "{{title
}}" by {{authors}} (arXiv:{{arxiv_id}}). You can read that
paper with ‘read_paper‘.

**The burden of proof is on the conjecture.** It earns the
disposition ‘proceed‘ only by surviving a serious attempt to
find a defect: that it is false, already known, easy, or a

routine variation that would teach little. Doubt that you
could not resolve is a reason for ‘cannot_assess‘ or an
objection, never for a favorable verdict.

# The conjecture

{{conjecture}}

# Referee brief

Assess the conjecture critically and independently. Look for
counterexamples, hidden assumptions, published results that
already contain it or imply it, and short arguments that

settle it. Distinguish an actual defect from an unclear
passage, an unverified citation, and a matter of taste. Do
not repair the conjecture silently: if a change would help,
record it as an objection and give the revision. Record what
you checked, not only what you concluded.

# Criteria

Give a verdict on every criterion. **A favorable verdict
must be backed by the evidence named below; without that
evidence, use ‘cannot_assess‘.**

1. **Clarity**: ‘clear‘ or ‘unclear‘. Restate precisely what
it asserts, and note any statement that can be read in two

materially different ways.
2. **Correctness**: ‘plausible‘, ‘wrong‘, or ‘cannot_assess‘.

- ‘plausible‘ requires the specific checks you performed
(special cases, small cases computed, consistency with known
theorems) and what each showed.
- ‘wrong‘ requires a counterexample or a contradiction

with a known result.
3. **Novelty**: ‘new‘, ‘already_done‘, or ‘cannot_assess‘.
Search for the exact statement and for its key formula,
threshold, or constant; look at later papers that cite the
seed paper and its main references (‘get_citations‘), since
a conjecture is often stated in a follow-up paper rather
than in the original.

- ‘new‘ requires the closest prior results you found (
with their ids) and exactly how the conjecture goes beyond
each.

- ‘already_done‘ means the literature already contains it
: proved, refuted, stated as known or as an open problem, or
an immediate consequence of a published result. Cite where.

4. **Difficulty**: ‘not_easy‘, ‘easy‘, or ‘cannot_assess‘.
- ‘not_easy‘ requires your recorded attempt to settle it

and the point where the attempt gets stuck.
- ‘easy‘ requires a short argument using standard

techniques; give the sketch.
5. **Significance**: ‘significant‘, ‘routine‘, ‘
not_interesting‘, or ‘cannot_assess‘.

- ‘significant‘ requires saying what would be learned
from settling it that is not already understood (‘
what_would_be_learned‘ in the evidence).

- ‘routine‘ means a variation of a known result whose
answer is expected and would teach little beyond that result.
A variation is not routine merely because of its form (for

example, a weakened hypothesis or a new setting); say what
makes it routine or significant.

# Objections

Record every objection. For each one give:

- ‘type‘: ‘unclear‘, ‘false‘, ‘known‘, ‘easy‘, ‘routine‘, ‘

unsupported‘ (a favorable verdict you could not back with
evidence), or ‘other‘;
- ‘severity‘:
- ‘blocking‘: it defeats the conjecture as stated;
- ‘major‘: it must be resolved before the conjecture is

worth working on;
- ‘minor‘: it does not affect the decision;

- ‘location‘ (the part of the statement), ‘issue‘, ‘
consequence‘, and ‘would_resolve‘ (what evidence or revision
would settle it).

Each unfavorable verdict must have a matching objection of
at least this severity:

| Verdict | Objection type | Severity |
|---|---|---|
| significance ‘routine‘ or ‘not_interesting‘ | ‘routine‘ |
‘blocking‘ |
| novelty ‘already_done‘ | ‘known‘ | ‘blocking‘ |
| correctness ‘wrong‘ | ‘false‘ | ‘blocking‘ |
| clarity ‘unclear‘ | ‘unclear‘ | ‘major‘ |
| difficulty ‘easy‘ | ‘easy‘ | ‘minor‘ (or higher, if you
judge it so) |

An objection of type ‘false‘ (part of the statement is false
, even in an edge case) is at least ‘major‘.

# Disposition

The disposition must follow from your objections:

- ‘proceed‘: no blocking or major objection.
- ‘revise‘: at least one major objection, no blocking one,
and a specific revision would make it worth working on. Give
the revised statement.

- ‘stop‘: at least one blocking objection.
- ‘cannot_assess‘: you could not check enough to decide; say
what is missing.

Explain why the disposition follows from the objections.

# Graded scores

If the conjecture is clear, score each from 1 to 3 (‘null‘
if you cannot judge):

- ‘interest‘: 1 = few would care; 2 = some experts in the
area would care; 3 = many experts in the area would care.
- ‘advances_understanding‘: 1 = settling it would add little
; 2 = it would add something useful; 3 = it would
significantly advance understanding of the area.
- ‘ambition‘: 1 = a routine exercise; 2 = a substantial
project; 3 = a major open problem.
- ‘new_mechanisms‘: 1 = existing techniques clearly suffice;
2 = known techniques would need real adaptation; 3 = it

needs fundamentally new ideas.

# Tools and budget

- ‘search_papers‘, ‘read_paper‘, ‘get_references‘, ‘
get_citations‘: the literature.
- ‘sandbox_terminal‘: computations (Python with SymPy, NumPy
, mpmath). No internet access.
- ‘file_editor‘: read and write files in your working
directory.

You have ${{budget_usd}} and {{budget_steps}} steps. When
85% of the budget has been used, you will receive a message
asking you to finish.

Cite only papers you opened with ‘read_paper‘. Never invent
references, theorem numbers, or quotations. If you rely on
something from memory, say so.

# Output

Write two files in your working directory, then call ‘finish
‘. Your assessment counts only if it is in these files; text
in a final message is not read.

1. ‘report.md‘ (its headings are already there): readable on
its own by a mathematician.

2. ‘verdict.json‘:

‘‘‘json
{
"clarity": "clear | unclear",
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"correctness": "plausible | wrong | cannot_assess",
"novelty": "new | already_done | cannot_assess",
"difficulty": "not_easy | easy | cannot_assess",
"significance": "significant | routine | not_interesting |

cannot_assess",
"evidence": {

"checks": "the checks behind your correctness verdict",
"closest_prior_work": [{"id": "arXiv:...", "difference":

"how the conjecture goes beyond it"}],
"proof_attempt": "your attempt to settle it and where it

gets stuck (or the sketch, if easy)",
"what_would_be_learned": "what settling it would teach

that is not already understood"
},
"objections": [

{"id": "O1", "type": "known", "severity": "major", "
location": "...", "issue": "...",

"consequence": "...", "would_resolve": "..."}
],
"disposition": "proceed | revise | stop | cannot_assess",
"revision": "the revised statement, if the disposition is

revise",
"scores": {"interest": 1, "advances_understanding": 1, "

ambition": 1, "new_mechanisms": 1}
}
‘‘‘

B.3 Objection check
Every blocking or major objection is checked by a
second agent from a different model family, with a
budget of $2 and 40 steps.

# Role

You are an independent referee. Another referee raised the
objection below against a research conjecture. Your only job
is to decide whether that objection stands. You work alone,
and nobody will answer questions.

The conjecture was proposed starting from the paper "{{title
}}" by {{authors}} (arXiv:{{arxiv_id}}). You can read that
paper with ‘read_paper‘.

# The conjecture

{{conjecture}}

# The objection

{{objection}}

# Procedure

Check the objection’s factual basis yourself; do not take it
on trust.

- If it cites a result, open the source and check that the
result says what the objection claims and applies under the
conjecture’s hypotheses.
- If it gives a counterexample, verify it.
- If it gives an argument or a proof sketch, check every
step.
- If it says the conjecture is routine or unimportant, judge
whether the stated reasons hold.

# Outcomes

- ‘standing‘: the objection is correct, with the stated
severity.
- ‘downgraded‘: the objection is correct but less severe
than stated; give the correct severity (‘major‘ or ‘minor‘).
- ‘resolved‘: the objection is mistaken; say exactly why.
- ‘cannot_assess‘: you could not check it; say what is
missing.

# Tools and budget

You have the same tools as the original referee: ‘
search_papers‘, ‘read_paper‘, ‘get_references‘, ‘
get_citations‘, ‘sandbox_terminal‘, and ‘file_editor‘. You
have ${{budget_usd}} and {{budget_steps}} steps. Cite only
papers you opened with ‘read_paper‘; if you rely on memory,
say so.

# Output

Write ‘check.json‘ in your working directory, then call ‘
finish‘. Your assessment counts only if it is in this file.

‘‘‘json
{"outcome": "standing | downgraded | resolved |
cannot_assess",
"severity": "blocking | major | minor",
"reason": "what you checked and what you found"}

‘‘‘

‘severity‘ is the severity you find the objection to have (
for ‘resolved‘, use ‘minor‘).

B.4 Pairwise preference
Pairwise judges answer in a single model call, with-
out tools. Each pair is presented in both orders. The
verified findings for each conjecture list the block-
ing and major objections that stood after checking,
each labelled by type (e.g., “Already in the litera-
ture”) with the checker’s confirmation; a conjecture
with none receives “No serious objection survived
independent checking.”
# Role

You are an experienced research mathematician advising on
how to spend research time.

Two conjectures, A and B, were proposed starting from the
same paper: "{{title}}" by {{authors}} (arXiv:{{arxiv_id}}).

Independent referees have already examined each conjecture,
with literature search and computation. Below each statement
are their verified findings: objections that a second,

independent referee checked and confirmed. Treat these
findings as established facts. Beyond them, judge from your
own knowledge.

# Conjecture A

{{statement_a}}

## Verified findings about A

{{findings_a}}

# Conjecture B

{{statement_b}}

## Verified findings about B

{{findings_b}}

# Question

Which of these two conjectures would contribute more to the
research community if it were pursued? You must choose A or
B.

These are proposals of **new** conjectures. A conjecture
that already appears in the literature, whether proved,
refuted, or posed as a conjecture or open problem, is not a
new contribution. Do not prefer it because the problem
itself is worth pursuing.

First, say whether A and B are substantively the same
conjecture: equivalent statements, possibly in different
notation or with different supporting material. Then make
your choice either way.

# Consider

- **Significance**: how much would a resolution matter? Does
it bear on questions the community cares about, or open the
way to further results? Is it more than a routine variation
of a known result?
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- **Novelty**: is it genuinely new, given the verified
findings? Already proved, refuted, or posed in the
literature counts as not new.
- **Plausibility**: is it likely to be true?
- **Clarity**: is it precise enough to work on as stated?
- **Ambition**: how substantial would a resolution be?
- **Insight**: what would the community learn from settling
it, whether it turns out true or false? Would working on it
reveal new connections, mechanisms, or ways of thinking
about the area?

For each consideration, say which conjecture is stronger: A,
B, or tied.

# Output

Reply with one JSON object and nothing else:

‘‘‘json
{
"considerations": {"significance": "A | B | tied", "

novelty": "A | B | tied", "plausibility": "A | B | tied",
"clarity": "A | B | tied", "ambition":

"A | B | tied", "insight": "A | B | tied"},
"same_conjecture": "yes | no",
"choice": "A | B",
"main_reason": "the main mathematical reason for your

choice, in one to three sentences",
"explanation": "a short paragraph comparing the two

conjectures"
}
‘‘‘

C Seed Papers

Table 4 lists the 30 seed papers. Twelve were se-
lected by a collaborating mathematician, an author
of each, as the papers they felt most confident as-
sessing; the remaining 18 were selected from Math-
Graph for accessible full text, an original theorem,
and statements understandable with graduate-level
background in discrete mathematics and theoretical
computer science.
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Title arXiv Source Experiments
Local-global principles for torsors over arithmetic curves 1108.3323v5 Expert 1, 2
Transcendental splitting fields of division algebras 2203.15951v2 Expert 1, 2
Index reduction for Brauer classes via stable sheaves (with an appendix by
Bhargav Bhatt)

0706.1072v3 Expert 1, 2

Weierstrass preparation and algebraic invariants 1109.6362v2 Expert 1, 2
The Clifford algebra of a finite morphism 1509.07195v4 Expert 1, 2
On rational connectedness and parametrization of finite Galois extensions 2502.15674v1 Expert 1
Brauertsch fields 2305.06464v1 Expert 1, 2, 3
Local-global Galois theory of arithmetic function fields 1710.03635v3 Expert 1
Refinements to patching and applications to field invariants 1404.4349v3 Expert 1, 2
Local-global principles for Galois cohomology 1208.6359v2 Expert 1, 2
Patching subfields of division algebras 0904.1594v2 Expert 1, 2
Applications of patching to quadratic forms and central simple algebras 0809.4481v2 Expert 1, 2
How many random edges make an almost-Dirac graph Hamiltonian? 2410.14447v1 Math-Graph 1, 2, 3
Counting independent sets in regular graphs with bounded independence
number

2410.19959v1 Math-Graph 1, 2

Inversion diameter and treewidth 2407.15384v4 Math-Graph 1, 2
Backbone coloring for graphs with degree 4 2409.10201v1 Math-Graph 1, 2, 3
Extending Stable and Popular Matching Algorithms from Bipartite to
Arbitrary Instances

2409.16173v3 Math-Graph 1, 2, 3

Computational complexity of the recoverable robust shortest path problem
in acyclic digraphs under interval budgeted uncertainty

2410.09425v3 Math-Graph 1, 2, 3

Pseudo-Deterministic Construction of Irreducible Polynomials over Finite
Fields

2410.04071v1 Math-Graph 1, 2

On Optimal Testing of Linearity 2411.14431v1 Math-Graph 1, 2
On maximal almost balanced non-overlapping codes and non-overlapping
codes with restricted run-lengths

2410.18458v1 Math-Graph 1, 2

Colorful Intersections and Tverberg Partitions 2403.14909v1 Math-Graph 1, 2, 3
About almost covering subsets of the hypercube 2409.10573v4 Math-Graph 1, 2
Bounds for Greedy Bh-sets 2312.10910v3 Math-Graph 1, 2
On large Sidon sets 2411.12911v3 Math-Graph 1, 2, 3
Wythoff’s Nim with Finite Alterations 2408.02851v2 Math-Graph 1, 2, 3
Counterexamples to two conjectures on mean color numbers of graphs 2405.01890v2 Math-Graph 1, 2
Optical orthogonal codes from a combinatorial perspective 2411.06955v2 Math-Graph 1, 2
Applications of Sparse Hypergraph Colorings 2406.01499v1 Math-Graph 1, 2, 3
Bounds on the Treewidth of Level-k Rooted Phylogenetic Networks 2411.13380v1 Math-Graph 1, 2

Table 4: Seed papers. Source: Expert = selected by the collaborating mathematician; Math-Graph = selected from
the Math-Graph dataset.
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