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ABSTRACT

As AI agents take on increasingly complex tasks, it becomes difficult to deter-
mine whether their progress results from model scaling or environmental design.
Performance in agentic systems often arises from improvements in the workspace
and accessible knowledge rather than model inference alone. This phenomenon
is particularly evident in mathematical reasoning applied to unsolved problems.
Recent reports on solving these problems highlight the critical role of subgoal de-
composition and formalization. These processes enable an agent to break down
complex claims into verifiable steps while using a proof assistant such as Lean for
rigorous verification. Such capabilities are heavily influenced by the specific tools
and external information available to the system. To address this confounding is-
sue, we propose the Model, Scaffold, and World Reference (MSW) framework to
decompose agent performance into three distinct domains. We also introduce a
reporting template based on the four perspectives of Identity, Policy, Budget, and
Trace (IPBT) to enhance transparency and reproducibility. By auditing publicly
available reports claiming that AI systems have solved unsolved mathematical
problems, we show that MSW-IPBT highlights missing information that is neces-
sary to distinguish model contributions from environmental support. This study
provides guidance for examining claims that AI systems have solved unsolved
problems by distinguishing contributions of model improvements from contribu-
tions due to environmental scaling.

1 INTRODUCTION

As AI agents evolve to solve increasingly hard tasks, it becomes difficult to distinguish whether
performance breakthroughs stem from model scaling or the design of the surrounding environment
(Liu et al., 2024; Yang et al., 2024). Success in agentic systems often relies on improvements
in the workspace and accessible world knowledge rather than model inference alone (Zhou et al.,
2024; Mialon et al., 2024; Aleithan et al., 2024). To understand what truly drives progress, it is
essential to decouple the contributions of the model from its external tools and information access. If
these factors are not clearly separated, the true source of an agentic breakthrough remains obscured,
making it impossible to determine whether a result indicates a more capable model or simply a more
sophisticated environment.

This challenge is also important in the field of mathematics, which has long served as a representative
benchmark for measuring AI inference capabilities (Hendrycks et al., 2021; Cobbe et al., 2021;
Wang et al., 2026). As traditional problem sets reach saturation, there is a growing shift toward
using unsolved mathematical problems as the next frontier for AI evaluation (Glazer et al., 2024;
Epoch AI, 2026; Google DeepMind, 2026b). In this domain, success depends heavily on processes
such as subgoal decomposition and formalization (Sonoda et al., 2026; Varambally et al., 2026).
These methods allow an agent to break down complex claims into verifiable steps and to formalize
and verify them in proof assistants such as Lean (De Moura et al., 2015). However, the correctness
and effectiveness of subgoal decomposition and formalization depend strongly on the available tools,
search scope, and external knowledge, so environmental design can directly shape the final result.
Consequently, when reports claim that an AI has solved an unsolved problem, they often conflate
model-centric progress with the scaling of the scaffold and world reference.
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Figure 1: Overview of the MSW-IPBT reporting framework. AI system capabilities are decomposed
into Model, Scaffold, and World Reference (MSW), and each domain is audited through the lens of
Identity, Policy, Budget, and Trace (IPBT).

1.1 OUR CONTRIBUTION

Figure 1 provides an overview of our approach. It separates where capability comes from (MSW; left
panel) from what must be disclosed to audit it (IPBT; right panel), which together yield a practical
reporting template. In this paper, we make three contributions as follows.

First, in Section 2, to separate model capabilities from environmental factors, we propose the Model,
Scaffold, and World Reference (MSW) framework to decompose agent performance into three dis-
tinct domains. This framework allows researchers to separate the properties of the model itself from
the workbench on which it operates and the external knowledge it references. This framework also
corresponds to the concept of decomposing AI agent capabilities in Software Engineering (SWE)
(Wong et al., 2026).

Second, in Section 3, we introduce a reporting template based on the four perspectives of Identity,
Policy, Budget, and Trace (IPBT) to enhance transparency and reproducibility of AI systems. We
call this reporting template MSW-IPBT. The MSW-IPBT reporting template clarifies the compara-
bility and auditability of AI systems.

Third, in Section 4, we demonstrate the utility of the MSW-IPBT framework by auditing publicly
available case reports of AI systems claiming to solve unsolved mathematical problems. Our anal-
ysis reveals critical gaps in current documentation that prevent a clear distinction between model
capabilities and environmental scaling factors.

This paper provides guidance for reframing claims of AI systems solving unsolved mathematical
problems as the product of multiple scaling axes, including Model scaling, Scaffold scaling, and
World Reference scaling.

2 MSW DECOMPOSITION OF AI SYSTEM CAPABILITIES

It has been pointed out that benchmarks for mathematical problem sets are reaching saturation due
to improvements in AI’s capabilities (Glazer et al., 2024). Therefore, there is a movement to use
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unsolved problems as the next benchmarks for measuring AI’s reasoning capabilities (Epoch AI,
2026; Google DeepMind, 2026b).

However, when it comes to unsolved problems, the extent to which an AI’s capabilities are counted
varies greatly depending on the environment. For unsolved problems, even with the same AI model,
the reachability can vary greatly depending on the availability of search, the development of a for-
malization environment, external memory, verification mechanisms, and the presence or absence
of human intervention. As an extreme example, if an AI solves a problem with the guidance of a
human expert who can solve the problem without AI, this is an indicator of the environment design
and reference access, rather than the AI’s logical reasoning ability.

In particular, because AI agents’ exploration of unsolved mathematical problems involves complex
claims, prior reports have used subgoal decomposition, which divides goals into manageable units,
and formalization in a proof assistant, which eliminates ambiguity by translating statements into
precise, machine-checkable expressions (Sothanaphan, 2026; Barreto et al., 2026; Chen et al., 2026).
Subgoal decomposition extracts the lemmas, special cases, and definitions necessary for the main
theorem, clarifying the search order and priorities (Sonoda et al., 2026; Varambally et al., 2026).
Formalization removes ambiguity from natural language by translating statements into a formal
representation whose correctness can be mechanically checked by a verifier, such as a proof assistant
(Azerbayev et al., 2023; Yang et al., 2023). These processes facilitate search progress through
repeated generative proposals and formal verification checks. Therefore, when claiming that an
AI has solved an unsolved problem, a claim that fails to clarify the environmental and knowledge
access conditions under which the solution was reached lacks comparability and reproducibility. It
is important not to confuse results with model progress.

To clarify these distinct contributors to performance, we propose decomposing the observed capa-
bilities into three domains consisting of Model, Scaffold, and World Reference (MSW). This clas-
sification is consistent with frameworks used to understand AI agents in SWE (Wong et al., 2026)
and provides a structured way to interpret mathematical progress by AI.

Model refers to the properties of the AI model itself, such as its weights, and inference settings.

Scaffold is a workbench on which the AI model works, and includes tools, formalization environ-
ments, workflows, external memory, and human intervention during and after model execution, as
well as orchestration procedures and rules.

World Reference is knowledge from the world outside the scaffold that is referenced during runtime,
and includes knowledge on the web, authorized corpora, community artifacts, and literature.

MSW decomposition separates Model progress, Scaffold scaling, and World Reference scaling.

3 MSW-IPBT

While MSW categorizes where agent capabilities reside, identifying these domains alone is not
enough to pinpoint the specific scaling levers that drive a breakthrough. To precisely identify the
source of progress, a reporting system must clarify four fundamental aspects of the problem-solving
process. These aspects include what specific components were used, how they were operated, how
many resources were consumed, and whether there are logs to verify the results. To address these
requirements, we introduce the four evaluation perspectives of Identity, Policy, Budget, and Trace
(IPBT). As shown in Table 1, by mapping these four perspectives across the MSW, the framework
provides a structured MSW-IPBT reporting template to isolate the scaling factors.

The IPBT perspectives serve as the essential criteria for reporting transparency and identifying the
drivers of success. The Identity perspective specifies what version or name of a component was
employed. The Policy perspective defines the rules and settings that determine how that component
was operated. The Budget perspective provides a measure of how many resources were consumed.
The Trace perspective consists of the logs and records that allow third parties to inspect the actual
execution and verify the findings. With reporting based on this systematic approach, a claim that an
AI system solved an open problem goes beyond a bare report of success and is accompanied by a
transparent explanation of the factors that enabled the result.
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Table 1: MSW-IPBT checklist. Each factor is decomposed into Model, Scaffold, World Reference
(MSW) and annotated along Identity, Policy, Budget, Trace (IPBT).

Key field Description Example
Model (M)
M-Id Model Identification Model Name, Version
M-Pol Model Usage Settings Temperature/Top-p, System Prompt
M-Bud Model Usage Budget Number of Trials, Max tokens, API cost
M-Tr Model Usage Logs Generation Log, Execution Procedure Record
Scaffold (S)
S-Id Scaffold Identification Formalization Environment, Installed Libraries, Execu-

tion Platform
S-Pol Scaffold Usage Settings Generation/Verification/Modification Procedures, File

Editing Units, Human Intervention Range
S-Bud Scaffold Usage Budget Search Iteration Count, Search Depth, CPU/GPU Time
S-Tr Scaffold Usage Logs Public Repository, PR/Commit History, Build Log
World Reference (W)
W-Id World Reference Identification Snapshot Date, Permitted Corpus, Accessible Domains
W-Pol Reference Access Settings Web Search Availability, Browser Method, Search

Query Constraints
W-Bud Reference Access Budget Search Limit, Number of Retrieved Documents, Rate

Limit, API Credits
W-Tr Reference Access Logs Reference URL, Timestamp of Access, List of Re-

trieved Items

In the Model domain, these are represented as Model-Identity (M-Id), Model-Policy (M-Pol),
Model-Budget (M-Bud), and Model-Trace (M-Tr). M-Id is the model identification. M-Pol is the
model usage settings. M-Bud is the model usage budget. M-Tr is the model usage logs.

In the Scaffold domain, these are represented as Scaffold-Identity (S-Id), Scaffold-Policy (S-Pol),
Scaffold-Budget (S-Bud), and Scaffold-Trace (S-Tr). S-Id is the scaffold identification. S-Pol is the
scaffold usage settings. S-Bud is the scaffold usage budget. S-Tr is the scaffold usage logs.

In the World Reference domain, these are represented as World Reference-Identity (W-Id), World
Reference-Policy (W-Pol), World Reference-Budget (W-Bud), and World Reference-Trace (W-Tr).
W-Id is the World Reference identification. W-Pol is the reference access settings. W-Bud is the
reference access budget. W-Tr is the reference access logs.

Concrete examples for each field are provided in Table 1.

4 CASE REPORT

In this section, we use the MSW-IPBT reporting template to audit published cases in which AI
has been used to solve unsolved mathematical problems. Through this audit, we demonstrate the
feasibility of the MSW-IPBT framework.

4.1 TARGET CASES

The subjects of the audit were reports of Erdős Problem 728 (E728) (Sothanaphan, 2026), Erdős
Problem 1051 (E1051) (Barreto et al., 2026), and Fel’s conjecture (Fel) (Chen et al., 2026). These
three case reports were independently authored and published by different groups. All problems are
reported as solved by AI systems.
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Table 2: Checklist for case report by MSW-IPBT reporting template.
Key field Contents
M-Id Model Name
M-Pol Generation Conditions
M-Bud Generation Budget
M-Tr Generation Log
S-Id System Configuration
S-Pol Workflow, Human Intervention
S-Bud System Usage Budget
S-Tr Execution Log
W-Id Reference Information
W-Pol Reference Method
W-Bud Reference Limit
W-Tr Reference Log

Table 3: Audit results for three case reports across 12 MSW-IPBT fields. × indicates that the report
contains no mention of the corresponding field, and ✓ indicates otherwise.

Key field E728 E1051 Fel
M-Id ✓ ✓ ✓ or ×
M-Pol ✓ × ×
M-Bud × × ×
M-Tr ✓ ✓ ✓
S-Id ✓ ✓ ✓
S-Pol ✓ ✓ ✓
S-Bud × × ×
S-Tr ✓ × ×
W-Id ✓ × ×
W-Pol ✓ ✓ ×
W-Bud × × ×
W-Tr ✓ × ×

4.2 MSW-IPBT CHECKLIST FOR CASE REPORTS

In the case reports, we organize the operational audit checklist into 12 items, as shown in Table 2.
These items constitute an instantiation designed to assess the feasibility of auditing with MSW-IPBT,
rather than an exhaustive reporting standard.

In the Model domain, the IPBT fields are defined as follows: M-Id denotes the model name, M-
Pol denotes generation conditions, M-Bud denotes the generation budget, and M-Tr denotes the
generation log.

In the Scaffold domain, S-Id denotes system configuration, S-Pol denotes the workflow and human
intervention, S-Bud denotes the system usage budget, and S-Tr denotes the execution log.

In the World Reference domain, W-Id denotes reference information, W-Pol denotes the reference
method, W-Bud denotes the reference limit, and W-Tr denotes the reference log.

For each of the 12 fields, we assign × when the report contains no mention of the corresponding
information, and ✓ otherwise.

4.3 CASE REPORT RESULTS

We audit reports of E728, E1051, and Fel based on the 12 key fields in Table 2. Table 3 shows the
audit results.
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4.3.1 CASE 1: E728

In the E728 report (Sothanaphan, 2026), the authors report a workflow that combines GPT-5.2 Pro
and Aristotle. The interaction was conducted via the ChatGPT interface and the full conversation
log is publicly available.

M-Id is ✓ because the publicly released log explicitly identifies the model used (GPT-5.2 Pro),
which satisfies the requirement of model name/version disclosure. M-Pol is ✓ because the con-
versation record reveals how the model was operated in practice, providing observable generation
conditions. M-Bud is × because the report does not specify quantitative usage, which is required
for a generation budget. M-Tr is ✓ because the complete ChatGPT conversation log functions as
a generation trace that enables third-party inspection of the produced outputs and the sequence of
interactions.

S-Id is ✓ because the report and log describe the execution setting of the workflow. S-Pol is ✓
because the workflow can be reconstructed from the log. S-Bud is × because the report does not
quantify scaffold-side resources. S-Tr is ✓ because the conversation record documents scaffold
execution at the level of observable actions.

W-Id is ✓ because the log indicates that external references were used. W-Pol is ✓ because the
log shows the method of reference access in operation. W-Bud is × because no explicit limits are
reported. W-Tr is ✓ because the log records the referenced items within the conversation context.

4.3.2 CASE 2: E1051

In the E1051 report (Barreto et al., 2026), the authors report the use of the AI agent Aletheia, which
is based on Gemini Deep Think (Luong & Mirrokni, 2026). The report characterizes the project as a
roughly equal collaboration between the AI system and human contributors, and it links to a GitHub
repository containing the model’s inputs and outputs (Google DeepMind, 2026a).

M-Id is ✓ because the report identifies the agent system name as Aletheia and states that it is based
on Gemini Deep Think. M-Pol is × because the report does not disclose generation conditions.
M-Bud is × because no quantitative model-usage budget is reported. M-Tr is ✓ because the report
links to public GitHub artifacts that expose at least part of the intermediate work products.

S-Id is ✓ because a rough workflow for the generation, verification, and revision of AI has been
published, stating that the contribution is roughly evenly split between human researchers and the
AI. S-Pol is ✓ because a workflow for the use of AI has been published. S-Bud is × because there is
no description of the system usage budget. S-Tr is × because there is no description of the execution
log.

W-Id is × because there is no description of the reference information. W-Pol is ✓ because it shows
that a web search was conducted during the process (Luong & Mirrokni, 2026). W-Bud is × because
there is no description of the reference access budget. W-Tr is × because there is no description of
the reference log.

4.3.3 CASE 3: FEL

In the Fel report (Chen et al., 2026), the authors present a case study in which AxiomProver trans-
lates natural-language problem descriptions into Lean formalizations to produce formal proofs. The
report provides relatively clear input specifications and output artifacts in a public GitHub repository.

M-Id is ✓ or ×, because while AxiomProver is listed as the system name, it is unclear whether this
specifies the underlying model itself. If AxiomProver is the model name, M-Id is ✓, but if not, M-Id
is ×. M-Pol is × because the specific conditions of the model are not listed. M-Bud is × because
there is no description regarding the generation budget. M-Tr is ✓ because a GitHub output log is
provided.

S-Id is ✓ because the Lean version and operating system (OS) are published on GitHub. S-Pol is ✓
because the workflow is published as code on GitHub and further described in the report. S-Bud is
× because the system usage budget is not listed. S-Tr is × because the execution log is not listed.
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W-Id is × because the specific reference information used is not listed. W-Pol is × because it is not
mentioned. W-Bud is × because the reference access budget is not listed. W-Tr is × because the
reference log is not listed.

5 DISCUSSION

5.1 LIMITATIONS

The limitations of this study are as follows.

First, this paper focuses primarily on the mathematical domain. While evaluation using MSW-IPBT
may be applicable to fields other than mathematics, mathematics has unique features not found in
other fields. For example, rigorous verification is possible in mathematics, and powerful verification
tools such as Lean are available (De Moura et al., 2015). When extending this paper’s framework to
other fields, differences in verification costs and the specificities of mathematics must be taken into
account.

Second, the case report in this paper evaluated whether the results could be traced from publicly
available information. Namely, we focus on comparability, reproducibility, and auditability. Evalu-
ation of mathematical value or novelty is beyond the scope of this paper.

Third, the evaluation in the case reports is based solely on the presence or absence of specific eval-
uation items for each item in the MSW-IPBT checklist. These confirmations are influenced by the
selection of each evaluation item. The list in Table 2 is only an example of an evaluation method. It
is possible to adopt a more detailed evaluation or select different items. Identifying which items are
appropriate for which cases remains an important direction for future work.

5.2 INSIGHTS FROM CASE REPORTS

We discuss insights gained from the audit of the three cases.

In the E728 case (Sothanaphan, 2026), the audit revealed the highest level of transparency among
the subjects. As shown in Table 3, almost all fields across the Model, Scaffold, and World Reference
domains were disclosed, except for the budget items. The availability of public dialogue logs (M-Tr,
S-Tr, W-Tr) allows third parties to infer the agentic workspace and the external knowledge accessed.
This transparency makes it possible to distinguish the contributions of human intervention from
the model’s own reasoning, although the lack of budget data (M-Bud, S-Bud, W-Bud) prevents a
quantitative analysis of scaling efficiency.

In the E1051 case (Barreto et al., 2026), the report disclosed the model identity and outputs (M-Id,
M-Tr), the scaffold identity and a high-level description of the procedure (S-Id, S-Pol), and part of
the world-access policy (W-Pol), but several fields critical for reproducibility and auditability were
missing. Specifically, the report did not provide detailed inference settings (M-Pol), did not disclose
which external world references were referenced (W-Id), and did not release execution traces for the
scaffold and world access (S-Tr, W-Tr). Moreover, none of the budget fields were reported (M-Bud,
S-Bud, W-Bud). This lack of disclosure hinders the research community’s ability to independently
verify the results and to conduct a fine-grained audit of environmental scaling.

In the Fel case (Chen et al., 2026), the model attribution (M-Id) is ambiguous. It is unclear whether
the reported success should be attributed to a specific LLM version or to the integrated AxiomProver
system as a whole. The inference configuration (M-Pol) is not disclosed, while the part of the model
outputs (M-Tr) is provided. On the scaffold side, the formalization setup and workflow are described
(S-Id, S-Pol), but execution traces are not reported (S-Tr). No information is provided about world
reference, including the identity of the referenced world, the access policy, or access traces (W-
Id, W-Pol, W-Tr). Budget information is also absent across all components (M-Bud, S-Bud, W-
Bud). These missing disclosures hinder reproducible verification and prevent fine-grained auditing
of environmental scaling.

A critical finding across all three cases is the complete lack of budget reporting (M-Bud, S-Bud,
and W-Bud). Since these factors often define the ceiling of an agent’s capability, their omission
makes it difficult to determine whether a breakthrough is driven by an improvement in the model’s
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inherent reasoning power or simply by an increase in the search depth, computational budget, or
human-guided iterations.

5.3 SCALING DETECTION WITH MSW-IPBT

We discuss the possibility of Scaffold scaling and World Reference scaling. Regarding Model scal-
ing, pre-training scaling and test-time scaling are well-established, and have been confirmed to ef-
fectively improve AI capabilities (Hoffmann et al., 2022; Snell et al., 2025). In this study, Scaffold
scaling and World Reference scaling were presented as scaling methods other than models that con-
tribute to subgoal decomposition and formalization in mathematics.

Scaffold scaling refers to the phenomenon of increasing the reachability of a solution through de-
sign, including tool integration, formalization, workflow, external memory, and validation. External
memory provides a concrete example. Artifacts such as work logs and policy memos, including
Agents.md (Lulla et al., 2026), provide external memory that improves state management and reuse
(Wong et al., 2026). During exploration, it reduces repeated attempts by recording what has al-
ready been tried. During formalization, it preserves verified facts, adopted definitions, and failed
approaches in a form that can be reused. During verification, it helps diagnose and avoid recurring
execution failures by keeping build and runtime traces. Verification design is another key factor. In
mathematics, strong proof assistants such as Lean are common (De Moura et al., 2015), but ver-
ification can also rely on testing, type checking, or voting-based selection. Lean enables rigorous
checking once statements are expressed in its formal language (De Moura et al., 2015), but it may be
unavailable in some settings, and formalization itself can be costly. As a result, a system must decide
which claims to formalize, when to invoke verification, and how much verification to perform under
a finite budget. These policy and budget choices can substantially change the effective reachability
of solutions.

World Reference scaling refers to the phenomenon where the reachability of solutions changes as
external knowledge is updated. For mathematical unsolved problems, the world is mutable and
changes rapidly. New papers, forum discussions, and expansion of formalized libraries can rewrite
the outcome. For instance, a problem statement may be revised or reinterpreted, a key lemma may
be formalized and added to a library, or curated datasets of definitions and known lemmas may
become available. Without disclosing the World References used, it is impossible to determine
whether an apparent success reflects improved model inference or simply stronger and fresher ex-
ternal knowledge. Therefore, when unsolved problems are used as benchmarks, World Reference
should be treated as an experimental condition that must be specified, rather than an uncontrolled
external factor.

6 RELATED WORK

6.1 INTERACTIVE AGENT EVALUATION BENCHMARKS

In recent years, numerous benchmarks have been proposed to evaluate large language models
(LLMs) not simply as question-answering systems, but as agents that interact with the environ-
ment to achieve their goals. For example, AgentBench presents a framework for evaluating LLMs-
as-Agents across multiple environments (Liu et al., 2024). WebArena uses a validator to determine
task success in a self-hosted, realistic web environment (Zhou et al., 2024). Mind2Web also provides
web operation data (Deng et al., 2023), and ToolLLM evaluates tool usage skills (Qin et al., 2024).
In the SWE domain, SWE-bench defines success criteria as code editing and passing tests using
real GitHub issues (Jimenez et al., 2024), and SWE-agent demonstrates the impact of agent-facing
interface (ACI) design on performance (Yang et al., 2024). Furthermore, GAIA aims to measure
real-world skills (Mialon et al., 2024).

However, many of these approaches assume tasks with fixed success conditions and verification
procedures. In settings where success conditions themselves are fluid, such as unsolved problems,
and the reference world can be updated during the evaluation period, even the same model can
achieve significantly different results depending on design differences in search, formalization, ex-
ternal memory, and human intervention. Furthermore, in real-task benchmarks, including SWE-
bench, it has been pointed out that leaks and weaknesses in the verifier can inflate apparent success
rates (Aleithan et al., 2024). In contrast to these benchmarks that rely on fixed success criteria and
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potentially fragile verifiers, we focus on open mathematical problems where both the target and the
reference world can shift over time. To make results comparable under such fluid conditions, we
use MSW to separate model capability from Scaffold and World Reference effects, and we propose
MSW-IPBT as a reporting framework to document these factors.

6.2 VERIFIER-BASED SEARCH AND FORMAL MATHEMATICS

In AI for Mathematics, there has been a growing body of research using proof assistants as ver-
ifiers to advance search by cycling between generation and verification (Varambally et al., 2026;
Chen et al., 2026). MiniF2F is a benchmark spanning multiple formal systems (Zheng et al., 2022).
ProofNet enabled the evaluation of autoformalization by mapping natural language theorems and
proofs to Lean formalizations (Azerbayev et al., 2023). LeanDojo integrates Lean environments,
data, benchmarks, and tools to provide a reproducible experimental platform (Yang et al., 2023).
Furthermore, a separate line of work aims to improve formal proof performance via pre-training on
mathematical corpora and tool use, including mathematics-focused LLMs such as Llemma (Azer-
bayev et al., 2024).

However, the performance of verifier-assisted search is not determined solely by the model. Results
can vary significantly depending on the version of the library such as mathlib (The mathlib Commu-
nity, 2020), the target corpus, the search strategy, the number of iterations and stopping conditions,
and even the presence or absence of human intervention. This effect is especially pronounced for
unsolved problems, where the available literature, arguments, and formalized lemmas can change
over time, making it harder to disentangle model inference from environment updates. This paper
differs from existing research by decomposing these dependencies for mathematical unsolved prob-
lems into MSW, and by providing the MSW-IPBT reporting template that standardizes disclosure
across reports.

6.3 DISCLOSURE TEMPLATES

In machine learning, templates have been proposed to encourage disclosure of models and datasets.
Model Cards provide a framework for documenting a model’s intended use, evaluation conditions,
and limitations (Mitchell et al., 2019). Datasheets for Datasets suggest recording the composition,
collection, and recommended uses of a dataset (Gebru et al., 2021). Reproducibility checklists have
helped to increase the reproducibility of experimental conditions (Pineau et al., 2021).

On the other hand, when AI agents tackle unsolved problems in mathematics, performance can be
influenced by factors external to the model, such as runtime context and the external environment,
as well as tools, workflow, and human intervention, yet existing templates rarely prioritize these
aspects. This paper expands the existing reproducibility framework by positioning external factors
as MSW and specifying reporting requirements along the axes of IPBT.

7 CONCLUSIONS

This paper addresses a central ambiguity in reported breakthroughs on unsolved mathematical prob-
lems by AI systems. It is often unclear how much of an apparent success should be attributed to
the underlying model and how much to the surrounding agent system. To cope with this ambigu-
ity, we introduce the MSW framework, which separates contributions from the Model, Scaffold,
and World Reference. We also propose an MSW-IPBT reporting template, which specifies what
information should be disclosed to support transparent attribution. Finally, through audits of three
publicly available case reports, we demonstrate that MSW-IPBT can be applied in practice and that
it exposes concrete documentation gaps.

This paper provides guidance for interpreting reported breakthroughs without conflating model
progress with gains from Scaffold scaling and World Reference scaling.

LLM USAGE STATEMENT

We would like to acknowledge the assistance of LLMs for English grammar and word choice ad-
justments. The content has been fully reviewed, and the authors remain responsible.
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of rapidly converging series: a problem of erdős and graham. arXiv preprint arXiv:2601.21442,
2026.

Evan Chen, Chris Cummins, GSM, Dejan Grubisic, Leopold Haller, Letong Hong, Andranik
Kurghinyan, Kenny Lau, Hugh Leather, Seewoo Lee, Aram Markosyan, Ken Ono, Manooshree
Patel, Gaurang Pendharkar, Vedant Rathi, Alex Schneidman, Volker Seeker, Shubho Sengupta, Is-
han Sinha, Jimmy Xin, and Jujian Zhang. Fel’s conjecture on syzygies of numerical semigroups.
arXiv preprint arXiv:2602.03716, 2026.

Karl Cobbe, Vineet Kosaraju, Mohammad Bavarian, Mark Chen, Heewoo Jun, Lukasz Kaiser,
Matthias Plappert, Jerry Tworek, Jacob Hilton, Reiichiro Nakano, Christopher Hesse, and John
Schulman. Training verifiers to solve math word problems. arXiv preprint arXiv:2110.14168,
2021.

Leonardo De Moura, Soonho Kong, Jeremy Avigad, Floris Van Doorn, and Jakob von Raumer. The
lean theorem prover (system description). In International Conference on Automated Deduction,
2015.

Xiang Deng, Yu Gu, Boyuan Zheng, Shijie Chen, Sam Stevens, Boshi Wang, Huan Sun, and Yu Su.
Mind2Web: Towards a generalist agent for the web. In Advances in Neural Information Process-
ing Systems, 2023.

Epoch AI. Frontiermath: Open problems, 2026. URL https://epoch.ai/frontiermath/
open-problems. Accessed: 2026-02-17.

Timnit Gebru, Jamie Morgenstern, Briana Vecchione, Jennifer Wortman Vaughan, Hanna Wallach,
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