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Abstract
The use of AI-based technologies is reshaping mathematics in ways that extend 
but also strain the classic Big Science analogy. As in Big Science, the new AI-based 
mathematical work relies on concentrated computation, specialized and hierarchical 
teams, sociopolitical justification, and large-scale collaboration. But AI also changes 
how epistemic labor is distributed and attributed: Systems now generate constructions, 
explore proof spaces, and formalize arguments, prompting mathematicians to renegotiate 
how credit, authority, and accountability are assigned across hybrid human–machine 
assemblages. This reconfiguration redistributes epistemic authority toward corporate 
labs and elite hubs that control models, data, compute, and narrative, thereby gating 
which problems appear tractable and legitimate. Analyzing four dimensions (resource 
concentration, division of labor, political embedding, and collaboration), and examining 
recent cases, we argue that AI-based mathematics constitutes a novel sociotechnical 
regime we call ‘Big AI Mathematics’, in which truth claims are increasingly mediated by 
opaque pipelines and institutional power, making the future of mathematical knowledge 
as much a governance problem as an epistemic one.

Keywords
Big Science, Big AI Mathematics, knowledge production, epistemic authority

1Mathematical Institute, University of Bonn, Germany
2Boston University, MA, USA
3Harvard Business School, Boston, MA, USA

Corresponding Author:
Kati Kish Bar-On, Department of Philosophy, Boston University, 745 Commonwealth Avenue, 5th Floor, 
Boston, MA 02215, USA. 
Email: kkish@bu.edu

1482050 SSS0010.1177/03063127261482050Social Studies of ScienceFriedman and Kish Bar-On
research-article2026

Article

https://uk.sagepub.com/en-gb/journals-permissions
https://journals.sagepub.com/home/sss
mailto:kkish@bu.edu
http://crossmark.crossref.org/dialog/?doi=10.1177%2F03063127261482050&domain=pdf&date_stamp=2026-10-07


2	 Social Studies of Science 00(0)

Introduction

The term Big Science emerged in the 1960s to describe a mode of research that had taken 
hold in the mid-20th century. Coined by Alvin Weinberg, the phrase captured a series of 
dramatic changes in how science was conducted: large-scale collaborations, dependence 
on vast infrastructures, government and military funding, and the emergence of bureau-
cratic managerial structures to coordinate these efforts (Capshew & Rader, 1992; Galison 
& Hevly, 1992; Weinberg, 1961). The Manhattan Project, CERN, and NASA’s space pro-
grams are emblematic of this new modality, where science became a national and interna-
tional enterprise, both politically and economically embedded. Big Science was not simply 
‘more’ science, it represented a new social organization of knowledge production.

By the late 20th century, several mathematical research projects began to take on 
more characteristics of Big Science. Supercomputing centers, large-scale modeling in 
climate science and epidemiology, and international collaborations on formal proof veri-
fication all hinted at a nascent form of Big Mathematics (Akera, 2006; Edwards, 2013). 
For example, the classification of finite simple groups, a project whose first stage was 
taking place between the 1950s and the 1980s, was explicitly described by the historian 
of science Volker Remmert and the mathematician Rebecca Waldecker (Remmert & 
Waldecker, 2026) as the first project incorporating characteristics of Big Mathematics 
(see also: Aschbacher, 2004; Gorenstein, 1982; Steingart, 2012). For a second example 
we might turn to the more distributed projects of formalization of proofs by automated 
proof-assistants such as Coq or Lean in the 20th and 21st centuries (Hartnett, 2026). Both 
projects, though obviously of a different character and scale, have increasingly required 
infrastructure, coordination, and sustained institutional support. Moreover, in recent 
years, there has been a rapid growth in the use of AI-based technologies in mathematical 
practice and research, where these technologies begin to play a pivotal role. From 
machine-learning-assisted theorem provers1 to symbolic reasoning tools integrated with 
large language models (LLMs), the role of AI is no longer merely ‘symbolical’ or com-
putational but rather more ‘generative’. Various examples of the usage of AI-based tech-
nologies in mathematics can be given: AlphaTensor (Fawzi et al., 2022), finding new 
ways to multiply matrices, AlphaGeometry (Chervonyi et al., 2025; Trinh et al., 2024) 
discovering new and unexpected proofs for problems in plane Euclidean geometry, 
FunSearch (Romera-Paredes et  al., 2024) which writes programs for finding various 
special sets for the cap set problem (and see also its successor AlphaEvolve), or recent 
discoveries in knot theory (Davies et al., 2021).2 In addition, two further achievements in 
2026 are worth mentioning: First, Gauss, an AI-based agent developed by the start-up 
Math, Inc. has completed (or produced completely) an autoformalized ‘sorry-free’ proof 
of the sphere packing problem in dimensions 8 and 24 in February 2026, which was 
proven by human mathematicians in 2016.3 Second, in April 2026, ChatGPT 5.4 Pro has 
solved Erdős Problem #1196 (a problem in number theory), using a method which human 
mathematicians did not notice,4 ‘reveal[ing] a tight connection between [two domains] 
… that does not, to my knowledge, have any explicit precursor in the literature’, to cite 
the mathematician Terence Tao.5 In this context, we ask: Is this use of AI-based technolo-
gies simply more of the same—mathematics adopting the collaborative, tool-driven, and 
infrastructural characteristics of Big Science—or does it mark a deeper social shift?6



Friedman and Kish Bar-On	 3

Before developing our answer, two clarifications are in order. First, since Big Science 
obviously reshapes labor, we do not claim that Big Science left human epistemic agency 
intact or that AI alone has disrupted it. Big Science has long produced its own ruptures 
around agency, authorship, and credit.7 Alongside these ruptures a repertoire of institu-
tional and discursive tools has absorbed them: co-authorship conventions, collaboration 
protocols, long author lists, and formal credit-sharing arrangements with engineering 
teams (Biagioli & Galison, 2014; on the unfinished character of this absorption, see 
Sorgner, 2026). However, mathematics, as a discipline long organized around the figure 
of the individual or small-group mathematicians, lacks comparable models for attribut-
ing, delegating, and staging agency across human and non-human contributors (e.g. 
Heintz, 2000). AI-based mathematics is not introducing the problem of distributed 
agency for the first time; rather, it is confronting mathematics with a problem that other 
fields have already begun to institutionalize and conceptualize, under conditions in 
which the relevant vocabularies and infrastructures remain underdeveloped for mathe-
matics. Second, a word about terminology. We use the term Big AI Mathematics to name 
the emerging sociotechnical regime we describe. The term signals continuity with Big 
Science and Big Mathematics, while also marking that AI-based mathematics exhibits a 
structural tendency toward going big: the specific combination of LLMs, massive data-
sets of various sorts, and accelerator-scale compute is constitutive of these projects.

What is at stake in this shift is not merely mathematicians’ workflow, but the politics 
of mathematical knowledge itself. AI-based systems in mathematics are developed, 
maintained, and deployed inside highly asymmetric institutional environments: Google’s 
DeepMind, OpenAI, Math, Inc. and a handful of elite academic labs with access to cus-
tom hardware, proprietary data, and coordinated engineering labor. These actors are now 
in a position not only to accelerate mathematical work, but to shape which mathematical 
problems are considered tractable, valuable, fundable, or even intelligible. This means 
that mathematical research is beginning to inherit the same political economy that O’Neil 
(2017) warns about in her book Weapons of Math Destruction: Computational systems 
are presented as objective engines of insight, while in practice they encode and amplify 
existing concentrations of power. The recent Leiden Declaration on Artificial Intelligence 
and Mathematics, published in June 2026, reacted to this shifting political economy 
(Leiden Declaration, 2026). We argue that Big AI Mathematics is reproducing a disci-
pline-internal version of this phenomenon.

The analogy to Big Science is no longer enough. Big AI Mathematics redistributes 
epistemic authority from university departments and individual mathematicians toward 
corporate AI research labs that control compute, models, data, and narrative. This redis-
tribution is already visible in high-profile cases: AlphaEvolve, AlphaTensor and 
AlphaGeometry emerge from Google’s DeepMind. The formalization of the 8- and 
24-dim sphere packing problem was done by Math, Inc., an AI startup dedicated to ‘auto-
formalization’. FunSearch and AlphaEvolve show how LLMs could write and ‘mutate’ 
small Python programs, and the latter is framed as a major advance in mathematics using 
Tensor Processing Unit-scale (TPU) resources, being ‘Google’s custom AI accelerator’.8 
And recent developments such as Terence Tao’s and other mathematicians’ ChatGPT-
assisted work (as well as other AI-models) in analytic number theory show that doing 
frontier mathematics may increasingly mean working through corporate models.9 The 
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danger is that once epistemic authority migrates into these infrastructures, the very stand-
ards that define what counts as legitimate, rigorous, or ‘frontier’ mathematics risk 
becoming aligned with and dependent upon the interests, constraints, and affordances of 
those corporate systems.

At the same time, it is important to recognize that the enclosure of mathematical 
knowledge is not a novelty of the AI age, nor are today’s emerging gates the first to deter-
mine who may participate in mathematical creation. Historically, mathematics has never 
been a fully open or democratic enterprise.10 For centuries, formal mathematical educa-
tion remained restricted to narrow social strata: Women, for example, were systemati-
cally excluded from universities and scientific academies well into the nineteenth 
century, with figures such as Émilie du Châtelet and Sophie Germain forced to study 
outside institutional structures or under male pseudonyms (Arianrhod, 2012; Grinstein & 
Campbell, 1987). In the 20th century, access to advanced mathematical training and 
research positions was tightly bounded by class, gender, race, and institutional affilia-
tion.11 AI introduces a new kind of gate, but it does so atop a discipline whose epistemic 
and institutional architectures have always been somewhat stratified.

Our objective in this paper is twofold: First, we examine which characteristics Big AI 
Mathematics shares with Big Science. Second, we explore how AI-based technologies 
are changing how agency, authorship, and trust are attributed and staged within mathe-
matical practice, and what this means for the discipline’s political economy. We conclude 
by arguing that Big AI Mathematics is not merely a quantitative intensification of exist-
ing trends but the formation of a sociotechnical regime whose governance is as important 
as its epistemology.

AI-Based Mathematics and Big Science: Characteristics 
and Implications

As Galison and Hevly (1992) show, Big Science cannot be reduced to a simple matter of 
scale or expense, but rather constitutes a complex reconfiguration of scientific practice with 
far-reaching intellectual, institutional, and social dimensions. Their work examines the prin-
cipal characteristics of Big Science, offering a historical perspective on this transformative 
development in modern scientific practice in the second half of the 20th century.

The canonical understanding of Big Science has often emphasized quantitative meas-
ures—budgets, personnel counts, and the physical dimensions of equipment. However, 
as Hevly argues, ‘Big Science is not simply science carried out with big or expensive 
instruments’ (p. 355). Instead, the ‘bigness’ of Big Science stems from its extensive reach 
beyond the traditional boundaries of scientific practice. One may offer four key charac-
teristics. (1) Concentration and Specialization of Resources: Big Science involves not 
merely an increase in resources devoted to scientific research, but their increasing con-
centration on a scale unmatched, for example, by leading pre-Second World War aca-
demic centers (p. 356). (2) Hierarchical Organization and Specialized Workforce: Within 
these centralized institutions, the scientific workforce has become increasingly special-
ized and hierarchically organized (p. 357). Laboratories are divided not only into groups 
of theoreticians, experimenters, and instrument builders, but also into hierarchies of 
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group leaders, laboratory managers, and business coordinators. This complex manage-
ment structure is evident in multinational facilities like CERN. (3) Social and Political 
Significance: Big Science depends fundamentally on the attachment of social and politi-
cal significance to scientific projects. Whether justified by contributions to national 
health, military power, industrial potential, or the new interlacements of science and 
technology, this continuous process of justification has influenced researchers’ under-
standing of their work and ultimately its intellectual content (p. 357). (4) Collaborative 
Research: The products of large, long-term experimental collaborations have undergone 
complex social processes before emerging from laboratories (pp. 357–358). Large scien-
tific collaborations have changed the relationship of individual researchers to their 
experiments and the nature of individual contributions to knowledge creation.

Big Science did more than scale up existing practices; it displaced the individual epis-
temic subject in favor of the experimental apparatus itself, thereby reconfiguring the epis-
temic labor involved. Such a reconfiguration in AI-based mathematics takes a particular 
shape: Machines no longer merely verify results or carry out calculations; they now find 
new correlations, suggest new proofs and auxiliary constructions, and develop programs 
that mathematicians only then read, interpret, and sometimes adopt. While several con-
temporary discussions revolve around the question of whether this involves agency or not 
(e.g. Dung, 2025; Floridi, 2025), we want to ask how agency is being attributed, dele-
gated, and staged across the pipeline that produces a result. This question goes beyond the 
abstract aspects of agency (of asking whether a machine ‘really’ authors or discovers a 
proof, or co-authors a publication), since we now ask which parts of the work are handed 
off to which actors, which outputs are treated as finished and which as drafts that require 
human rework, and how the trustworthiness of a result becomes stabilized across human 
and non-human contributors. Hence this is a reconfiguration not just of scale or hierarchy, 
but of the humans’ relationship to knowledge itself (Collins, 1998; Ravetz, 1971).

Cross-disciplinary entanglements of this kind characterize other fields, including 
medicine, applied physics, computational biology, and data-intensive social science, 
many of which likewise emphasize ideals of autonomy and internal rigor. What makes 
mathematics particularly revealing, however, is that these ideals have long been woven 
into how the discipline understands its own identity, especially in relation to abstraction 
and proof-based standards of justification. As mathematicians increasingly collaborate 
with computer scientists, engineers, and AI researchers, the identity of mathematics as 
a self-contained field in which novel ideas originate (only) from (human) mathemati-
cians becomes unstable. The infrastructure of AI (training datasets, formal large lan-
guages models, neural network architectures) becomes part of the epistemic scaffolding 
of mathematical knowledge, which echoes arguments in the sociology of science that 
stress how material and social arrangements condition what counts as knowledge (Knorr 
Cetina, 1999; Latour, 1987).

Based on such characteristics, AI-based technologies in mathematics can be under-
stood as manifestations of Big Science in the 21st century. However, as we will show, 
each of the four characteristics acquires a distinctive shape when AI enters the scene, and 
the sum of these shifts marks what we are calling Big AI Mathematics. We argue that in 
mathematics, these shifts destabilize traditional notions of expertise and intellectual 
authority, and force us to rethink what it means for mathematics to be a human activity, 
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if theoretically the entire body of mathematics (or practically just entire sub-disciplines 
of it) can be ‘fed’ into and consequently developed by a machine. The recent ‘conversa-
tions’ between various mathematicians and ChatGPT or other AI-based technologies that 
produced (new) proofs of Erdős problems or counterexamples to a conjecture in analytic 
number theory (i.e. Erdős problem #90) illustrate this on a small scale.12 The results can-
not be termed purely AI-authored proofs, since they are based (also) on other results 
discovered by humans, but they also cannot be solely attributed to human mathemati-
cians, and the discipline does not yet have settled conventions for describing what exactly 
takes place or how basic epistemological notions have changed. In the next sections we 
analyze each of the characteristics of Big Science through an AI-based prism of mathe-
matical practice, using AI-assisted episodes (among others, AlphaGeometry, FunSearch, 
knot theory and also how the Leiden Declaration frames such characteristics) that exam-
ine labor delegation, the process of discovery and its outcomes, and under which circum-
stance it can establish trust.

Concentration and Centralization of Computational Resources

The first characteristic of Big Science—the concentration of resources and data in spe-
cialized research centers—can be seen in recent AI-mathematical research develop-
ments. This characteristic can be seen in two aspects: first, it can be seen in the unequal 
access to costly, proprietary AI and computational systems, which will be discussed 
below; and second, it can be seen in the capacity to handle vast amounts of data, which 
will be discussed here. Contemporary AI-based automated theorem proving systems like 
TongGeometry demonstrate this pattern, establishing ‘the most extensive repository of 
geometry theorems to date’ by discovering ‘6.7 billion geometry theorems requiring aux-
iliary constructions’ (Zhang et  al., 2026, p. 84). This scale of discovery is not only 
unprecedented for mathematical research, but it necessitates centralized, high-perfor-
mance computing infrastructure that far exceeds traditional mathematical resources 
(even if some later testing can be run on smaller machines, building a repository of this 
size requires substantial centralized compute).13 A similar pattern emerges with 
AlphaGeometry: The developers ‘extracted 100 million synthetic theorems’ and 
‘produce[d] nearly 10 million synthetic proof steps that construct auxiliary points, reach-
ing beyond the scope of pure symbolic deduction’ (Trinh et al., 2024, p. 476). Concretely, 
once a problem has been given, AlphaProof, the engine behind AlphaGeometry, gener-
ates numerous solution candidates, by computing the ‘deduction closure’, i.e. the set of 
all deducible theorems given a core set of initial statements. These proofs are ‘used to 
reinforce AlphaProof’s language model’. If a solution is not found, various LLMs add 
auxiliary constructions, and once again the ‘deduction closure’ is computed; this process 
is repeated until a complete and valid proof is found (p. 480).

As such, these technologies embody the distinctive contours of Big AI Mathematics—
illustrating a shift not only in scale (as Big Science offered) but also in mode: toward a 
sociotechnical regime in which humans and machine agents collaborate on cognitive 
work, where proof-generation is automated and problem discovery is mechanized. 
Another example illustrates this pattern: Knot theory research using AI involved process-
ing ‘more than 2.7 million knots’ through neural networks (Davies et al., 2021, pp. 71–
72). Such computational demands necessitate the kind of resource concentration that 
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characterized the emergence of Big Physics laboratories in the postwar period.14 These 
examples represent a fundamental shift from mathematics as an individual or small-
group endeavor to big collaborative constellations.

The acceptance of AlphaGeometry’s outputs (as well as of outputs of other AI-based 
technologies) as genuine mathematical results depends on a specific trust arrangement. 
The symbolic engine’s deductive steps are formally verifiable (each inference can be 
checked) so the logical skeleton of a proof is treated as reliable. But the auxiliary con-
structions proposed by the language model are not derived from any surveyable ration-
ale, which again results in epistemic opacity; they emerge from training on roughly 100 
million synthetic problem instances. Trust in these constructions can be stabilized not 
through mathematical understanding of why they work, but through the conjunction of 
formal verification (the symbolic engine confirms that the construction leads to a valid 
proof) and institutional reputation (DeepMind’s track record and the involvement of rec-
ognized mathematicians as evaluators). When Chervonyi et al. (2025, p. 14) report that 
their geometry experts consider several solutions to exhibit ‘superhuman creativity’, that 
statement functions as a legitimation device that converts a machine output into a disci-
plinary achievement. Because the pipeline cannot be rebuilt outside DeepMind, trust in 
the result defaults to the institution that produced it.

However, as we noted earlier, this is not the first time that there has been a shift from 
individual to collective work in the history of mathematics. The idea that mathematics is 
a field in which discovery and proof were primarily associated with individual efforts was 
challenged by the rise of mathematical groups and collaborative efforts, such as the works 
of Bourbaki and the Classification project of finite simple groups (Gorenstein, 1982; 
Steingart, 2012). Remmert and Waldecker (2026) underline that the Classification of 
Finite Simple Groups (CFSG) may represent one of the first examples of what could be 
called Big Mathematics—a large-scale, collaborative, and institutionally mediated mode 
of mathematical research that departs significantly from the traditional image of the lone 
mathematician pursuing isolated problems. Another example of such a collaborative pro-
ject which did not use any AI-based technology is the Busy Beaver Challenge, an interna-
tional effort to determine the precise value of BB(5), a notoriously hard-to-compute 
function rooted in Turing machine theory.15 Like the CFSG, the project exemplifies Big 
Mathematics in both scale and structure: it mobilizes a large, decentralized network of 
contributors, relies on shared open-source infrastructure, coordinates complex computa-
tional workflows, and integrates formal proof assistants (like Coq and Lean).

What these pre-AI projects already establish is that mathematics can sustain large col-
laboration settings in which no single mathematician has a global view of the proof. The 
contrast with Big AI Mathematics lies elsewhere. In CFSG and in Busy Beaver Challenge, 
the constellation is still human-readable: Every step is produced, checked, and signed off 
by identifiable contributors, and even when formal proof assistants are involved, the 
verification pipeline is designed to be surveyable by further humans. In the AlphaGeometry 
case, by contrast, the concentration of compute and data is what allows the auxiliary-
construction heuristics to work, and that concentration is not easily reproduced outside 
the institution that built it. The shift is not from small to big collaboration, but from col-
laboration whose infrastructure is broadly distributed to collaboration whose infrastruc-
ture and databases are not only extremely centralized, but also privately held.
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Hierarchical Organization and Specialized Division of Labor

The second characteristic of Big Science—hierarchical organization with specialized 
workforce divisions—appears clearly in AI-mathematical research through the emer-
gence of new professional roles and management structures. As Galison and Hevly 
emphasize, Big Science brought together scientists, engineers, technicians, and adminis-
trators into coordinated, large-scale enterprises, often structured around lab-based hier-
archies and project bureaucracies that managed the division of conceptual, technical, and 
interpretive labor (Galison & Hevly, 1992, pp. 2, 11–12). Similarly, in AI-based mathe-
matics, the work is no longer conducted solely by individual mathematicians but by 
distributed teams that include AI engineers, formal methods specialists, proof assistants, 
interface designers, and mathematical theorists. This layered collaboration reflects a 
‘multidimensional framework’ of intellectual authorship, with distinct contributions 
across axes such as content generation, structural assistance, creative input, and analyti-
cal reasoning (Hutson, 2025). These differentiated roles are not merely functional but 
often hierarchical: senior mathematicians may define high-level goals, while AI experts 
and tool developers implement, test, and refine system outputs, and others validate 
results or translate them back into human-readable mathematical arguments. This hierar-
chy is directly addressed by the Leiden Declaration: ‘Mathematicians and academic 
organizations collaborating with industry often face asymmetries in their bargaining 
positions, as well as in access to professional support such as legal resources’ whereas 
‘[r]esearchers who do not have access to the technologies or decision-making related to 
them’ are disadvantaged (Leiden Declaration, 2026). As in Big Science, this distribution 
of labor demands new coordination mechanisms, protocols and agreement concerning 
quality control and power asymmetries, and evolving norms of authorship and account-
ability. To see the distribution of labor in a real case study, we turn to FunSearch.

The FunSearch AI-based technology, developed to solve the problem of cap set, com-
ing from the area of combinatorics in order to find a specific set in an n-dimensional 
space,16 offers a concrete view of how this division of labor works in practice, and of 
how delegation shapes what counts as a result. FunSearch searches not in the space of 
mathematical objects (in this case, sets) directly but in the space of computer programs 
written in Python that generate them: Starting with a seed program, a pretrained language 
model produces ‘mutations’ (that are basically slightly altered programs) which are then 
scored by an automated evaluator. The programs that score well are fed back into the 
model to generate further mutations (Romera-Paredes et al., 2024, p. 469). In the case of 
the cap set problem, this loop produced a program that generated a 512-element cap set 
in dimension 8, improving on the previously known bound of 496.

The labor behind this result is distributed across at least four distinct roles. Mathematicians 
formulate the problem and define the scoring function that determines what counts as a 
good output. AI engineers design and maintain the search architecture and the feedback 
loop between model and evaluator. The pretrained language model generates candidate 
programs, which is a generative role that is neither passive computation nor independent 
authorship. Mathematicians then re-enter at the end to inspect the obtained programs, sim-
plify their codes, and extract from it a humanly intelligible construction (Romera-Paredes 
et al., 2024, p. 471). The prompt engineering that mediates between mathematicians and 
the model is itself described as ‘nontrivial’, forming a further layer of specialized work.17
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What makes this division significant for our purposes is that the output crosses several 
hands before it is accepted as a mathematical result: The Python program produced by 
the language model is not yet mathematics. The LLM’s search space is the space of all 
computer programs, not only mathematical objects. It may become a mathematical 
object only after human mathematicians inspect the code, identify the construction it 
encodes, and reconstruct that construction in terms the discipline recognizes; that is, 
human interpretation supplies the mathematical meaning that the code alone does not 
carry. The result is therefore assembled across actors and platforms, not by a single actor 
(or a group of human actors) or tool alone.

This new human-machine redistribution and reconfiguration also transforms mathe-
matical practice itself and its grounding concepts, such as the ‘working mathematician’. 
The term ‘working mathematician’ has traditionally referred to a practitioner who is 
engaged in research and proves theorems (Bourbaki, 1949; Corry, 2004; Mac Lane, 
1971). Yet the FunSearch case suggests that this category is becoming strained, as the 
labor that produces such results becomes distributed across human and machine actors, 
whereas the technology underlying the latter may be proprietary; indeed, this is not only 
true for FunSearch (and its successor AlphaEvolve) but also for the counter example of 
Erdős problem #90 that was obtained by an internal reasoning model developed by 
OpenAI. Another example of the shifting division of labor is the solution of Erdős 
Problem #1196 by ChatGPT 5.4 Pro (mentioned above); while the solution in this case 
was unexpected, human mathematicians still had to interpret the result and conceptually 
connect the methods employed.18 In these constellations, no single participant can be 
called a ‘working mathematician’ in the classical sense; instead, what emerges is a socio-
technical division of labor in which the mathematician’s role shifts toward problem for-
mulation, evaluation design, and the interpretive work of converting machine outputs 
into disciplinary knowledge.

Political and Social Significance

Infrastructure and Control.  The third characteristic, attachment of social and political sig-
nificance to scientific projects, emerges powerfully in contemporary AI-based mathe-
matical research through concerns about institutional power, accessibility, and epistemic 
authority. The question arises whether AI-based mathematical research risks becoming 
concentrated within elite institutions that have privileged access to computational 
resources, echoing other political dimensions of historical Big Science projects. One of 
the most striking indicators of the political economy at work in AI-based mathematics is 
compute scale and resource concentration. For example, DeepMind reports that to train 
AlphaGeometry it produced 100 million unique synthetic geometry problem instances to 
train its neural-symbolic pipeline.19 Meanwhile, in the case of AlphaTensor, DeepMind’s 
technical reporting notes that the search space for relevant tensor decompositions was 
‘more than 1033 possible moves at each step’.20 While such concentration of resources 
per se does not have to necessarily imply influence of political power, one aspect should 
be underlined: These systems ran on Google’s custom TPU pods, which are racks of 
thousands of specialized chips, representing millions of core-hours of computation. Such 
resources, including the engineering teams that ‘feed’ these problems and maintain these 
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TPUs, remain far beyond the reach of typical mathematics departments in state universi-
ties and colleges. In this sense, AI-based mathematical discovery has become an infra-
structural game: access to accelerators, bespoke data pipelines, and massive 
human-machine engineering teams are themselves gates to participation.

The institutions producing these results are not universities but corporations. 
AlphaGeometry and AlphaTensor were developed by Google DeepMind, and proofs of 
Erdős Problems and counterexamples emerged from use of and conversations with AI 
systems as ChatGPT, owned by OpenAI. These actors’ agendas are not neutral, as they 
carry financial, reputational, and infrastructural motives that shape which problems are 
deemed important, which questions receive attention and how the results are framed. The 
Leiden Declaration identifies exactly such unequal access to proprietary AI-based tech-
nologies and computational systems, underlining that this ‘disadvantages researchers 
who do not have access to the technologies or decision-making related to them’ (Leiden 
Declaration, 2026). O’Neil (2017) warns us that while algorithmic systems are presented 
as objective tools for advancing knowledge, they often reinforce asymmetries of power 
and accountability, and this warning becomes even more relevant in the case of AI-based 
mathematical discovery in private laboratories (Jaton, 2021).

The discovery of a new relation in knot theory described by Davies et al. (2021) is 
exemplary, since it is described as one of the first examples of AI-based mathematical 
discovery. It illustrates a subtler dimension of this political embedding: not only who 
controls the infrastructure, but how the resulting discovery is narrated in ways that render 
that dependence invisible. Davies et  al. investigated the relationship between two 
branches of knot theory by looking for connections between their invariants: the signa-
ture of a knot (a topological-algebraic invariant) and the hyperbolic volume (a geometric 
invariant). A neural network was then trained on a huge dataset (of roughly 2.7 million 
hyperbolic knots), and that neural network detected a correlation that no mathematician 
had anticipated by processing a dataset whose scale was beyond any mathematician’s 
capacity to survey (Davies et al., 2021, p. 72). But then the mathematicians took the lead 
and formulated conjectures on the basis of it, revised those conjectures, and eventually 
proved a theorem. The paper’s title ‘Advancing mathematics by guiding human intuition 
with AI’ describes the relationship between humans and AI tools as one of guidance 
rather than co-authorship. But beyond the mathematical discoveries, what is notable is 
the explicit remark that ‘This research was funded by DeepMind.’ That is, the corporate 
infrastructure—DeepMind’s involvement and finance as well as the technology required 
to train the network on 2.7 million knots—was a precondition of the discovery, even 
though the final product was certified by a human proof. Already the narrative underlin-
ing one of the first papers advocating AI-based mathematical discovery normalizes a 
dependency that most mathematics departments could not replicate.

The concentration of AI-mathematical capabilities raises questions about research 
accessibility and policy that parallel earlier Big Science concerns. Just as Cold War-
era physics clustered around well-funded laboratories backed by government and 
military institutions, contemporary AI-mathematics research tends to cluster in corpo-
rate AI labs and elite academic departments with access to high-performance comput-
ing and proprietary models (Taylor & Stan, 2024).21 This raises a few more fundamental 
questions: Who sets the research agenda in AI-based mathematics? Who has the 
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computational capacity to participate meaningfully in large-scale formalization or 
discovery efforts? Which languages or formal systems are encoded into these tools, 
and whose mathematical traditions are left out? These are not only technical concerns, 
but political ones, tied to how research capacity, prestige, and epistemic authority are 
distributed across institutions and regions.

Possible answers to some of these concerns can already be found in recent institu-
tional arrangements. In late 2025, Imperial College London, the Institute for Advanced 
Study, IHES, the Simons Institute at Berkeley, and TIFR entered a funded partnership 
with Google DeepMind, receiving financial support and access to Gemini Deep Think, 
AlphaEvolve, and AlphaProof, with the declared aim of identifying which mathematical 
problems are ripe for AI-driven insight.22 In this case, one might argue, agenda-setting is 
not imposed on the discipline from outside but organized jointly with it, by institutions 
that hold considerable epistemic authority and whose terms of access are nonetheless set 
by the company. Nevertheless, in June 2026 the Leiden declaration notes that ‘Current 
events illustrate the need for public alternatives to proprietary technologies, from basic 
services for online collaboration, to computer clusters for mathematical modeling and 
machine learning applications’ (Leiden Declaration, 2026). Hence, it is not entirely clear 
who gets to make final decisions in their ‘powerful feedback loop’, and according to 
whose standards ‘ripe’ is being evaluated.

Start-ups like Math, Inc. or AI-based systems like AlphaTensor or FunSearch are 
developed by teams with privileged access to specific technologies and infrastructure; 
for example, AlphaTensor and FunSearch employ custom-designed TPUs and massive 
training datasets23 (Fawzi et al., 2022; Romera-Paredes et al., 2024)—resources that are 
not necessarily accessible to every mathematics department or research institute 
(Besiroglu et al., 2024; Urman et al., 2024). This asymmetry may lead to mathematical 
innovation being increasingly channeled through a narrow circle of well-resourced insti-
tutions, while others risk positioning themselves as downstream consumers of tools and 
outputs they cannot fully shape or interrogate (Ahmed & Wahed, 2020; Wink et  al., 
2024).24 Another concern is for that dependency to run upstream, for example in the case 
of the FrontierMath benchmark, that was written by more than sixty mathematicians who 
were not informed that OpenAI had funded it and retained exclusive access to the prob-
lems and their solutions (Glazer et al., 2024; Harris, 2025). Here mathematicians sup-
plied the expert labor that made an evaluative standard credible, without visibility into 
the arrangement that standard served.

From this viewpoint, questions of research policy emerge: Should AI-based mathe-
matical tools function as public infrastructure or proprietary assets? While one can claim 
that ‘conversations’ with ChatGPT are open to anyone having access to this technology, 
this is hardly true concerning the technology underlying, for example, AlphaTensor or 
Math. Inc. These structural questions extend the Big Science analogy but also go beyond 
it, suggesting that Big AI Mathematics increasingly shapes political priorities and future 
research trajectories.

Agency.  The political stakes of Big AI Mathematics extend beyond questions of funding 
and access to the question of how agency itself is attributed within mathematical work. 
The issue of agency and authorship is highlighted in the Leiden declaration, as its authors 
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note that ‘Results are attributable to specific authors who take credit for their discovery 
and assume responsibility for their correctness’, stating unequivocally that ‘credit and 
responsibility continue to belong to humans within the mathematical community and 
should not be given to automated systems’ (Leiden Declaration, 2026). The concept of 
agency has been discussed across several disciplines and underwent considerable 
rethinking over the years. In history and sociology of science, agency has been treated as 
something that is attributed, delegated, staged, and denied through specific material and 
institutional arrangements, and not as an attribute of individuals (Callon, 1984; Latour, 
1987; Pickering, 1995). In philosophy of mathematical practice, agency refers to a dis-
tinctly human capacity (Hamami, 2023; Mancosu et al., 2005) according to which math-
ematical agents are portrayed as planning entities with the ability to use manipulative 
imagination, execute inferential steps, and comprehend the underlying reasoning behind 
mathematical processes (Chemla, 2015; De Toffoli & Giardino, 2014; Ferreirós, 2016; 
Larvor, 2019; Weber & Tanswell 2022). Computers, where they appear in these accounts, 
are cast as passive tools or aids for calculation or verification, whose contribution does 
not alter the agential structure of the practice. This framing worked well enough for proof 
assistants like Lean or Coq, where the tool checks human-authored proofs and the math-
ematician retains clear authorial control. It fits less comfortably when a large language 
model proposes an auxiliary construction that no mathematician anticipated, or when it 
produces an object or a counterexample that mathematicians must reverse-engineer to 
understand. The Leiden declaration’s statements are set against this backdrop of a shift 
in the author’s status.

In such cases, the machine’s contribution cannot be classified as either passive execu-
tion or independent authorship; the counterexamples and constructions would not exist 
without the model, even though all of the components of these constructions were already 
existing in the (human written) literature and even though the model had no understand-
ing of what it proposed.25 Asking where agency is located or whether the machine ‘really’ 
possesses agency seems less productive; the more productive question is how agency is 
distributed across this human–machine combination that produces a result, and who ends 
up being treated as responsible for what.

The examples discussed above illustrate different arrangements of delegated agency. 
In AlphaGeometry, in Erdős Problem #1196 or in Erdős Problem #90, the generative 
work (proposing auxiliary constructions or suggesting using unexpected methods) is del-
egated to the language model, and the mathematician’s agency is exercised retroactively, 
in the interpretive and evaluative work of making sense of the output. In the knot theory 
case, the network detects a correlation, but the mathematician retains anticipatory 
agency: She decides which correlations are worth pursuing, formulates conjectures, and 
provides the proof. In the FunSearch case, agency circulates through a loop: 
Mathematicians set the scoring function, the model generates programs, and mathemati-
cians re-enter to ‘make sense’ of the result. The (semi-)autoformalization of Math, Inc., 
even though not prompting or producing new results, presents a completely different 
arrangement of delegated agency, in which Gauss, the autoformalization agent, has just 
overtaken the entire project of Lean formalization of the exiting proofs. None of these 
arrangements fits the classical picture of a sole human agent directing a passive instru-
ment, but they also do not fit a picture in which the machine has ‘become’ a sole agent 
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(in any robust sense). What they do show is that the attribution of agency has become a 
practical problem that each project approaches differently, depending on its technical 
architecture and the nature of the problem.

This practical instability has a consequence that extends beyond the philosophy of 
mathematics. As long as agency is treated as a property that inheres in individuals (or of 
groups of humans), the question of who gets credit for a result can be settled by asking 
who did the intellectual work. Once agency is distributed across a pipeline of engineers, 
language models, evaluators, and interpreting mathematicians, credit becomes a matter 
of convention. Resolving this becomes even more pressing since in mathematics, unlike 
in high-energy physics or biomedicine, the conventions for distributing credit across 
heterogeneous contributors are still rudimentary (Biagioli & Galison, 2014). In the 
absence of such conventions, attribution becomes a variable that the infrastructure owner 
sets. This claim can be claimed, as when AlphaGeometry and FunSearch results are pub-
licly framed as achievements of DeepMind or when the counterexample of Erdős 
Problem #90 as achievements of OpenAI rather than of the mathematicians who formu-
lated the problems or interpreted the outputs, or when Math, Inc. announces that it has 
completed the formalization of the strong Prime Number Theorem, a challenge set by 
Tao and Kontorovich.26 It can equally be effaced, as when a general-purpose model is 
presented as a neutral utility available to anyone and the resulting mathematics is cred-
ited to the mathematician who prompted it, while the infrastructure that made the 
exchange possible recedes from view. These are opposite choices, and each is selected 
according to whether a company seeks recognition as a producer of mathematics or nor-
malization as its background infrastructure. In this sense, the agency aspect is insepara-
ble from the political-economy question raised at the start of this section: The actor who 
controls the pipeline also controls the attribution of intellectual contribution.

Collaborative Research: Creativity, Authority, Responsibility

Collaboration is deeply embedded in all the characteristics discussed above and plays a 
central role in both institutional and Big Science. Large-scale scientific projects have 
reshaped how individual researchers relate to their work and have transformed the mean-
ing and visibility of individual contributions within the collective process of knowledge 
production. In Big Mathematics, collaborations can take two forms: large-scale efforts 
involving individuals, groups, institutions, and collectives—all human-based—and 
hybrid collaborations between humans and AI-based technologies. The latter surfaces a 
tension that runs through much of what follows: while AI can extend the range and scale 
of mathematical exploration, it does not yet replicate the kinds of creative, conceptual 
shifts characteristic of profound mathematical insight.

This tension bears directly on mathematical creativity. Creativity in mathematics has 
traditionally been understood as the capacity to generate original work that expands the 
field, introduces new lines of inquiry, or leads to solutions that were not previously envi-
sioned (Boden, 2004; Hadamard, 1945; Liljedahl & Sriraman, 2006). The underlying 
assumption behind these accounts is that creativity results from the conscious and inten-
tional efforts of the human mind. AI-based technologies create a dissonance here: 
Systems like AlphaGeometry produce solutions described by their developers as 
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exhibiting ‘superhuman creativity’ (Chervonyi et al., 2025, p. 14), but instead of humans 
leading the creative process, the AI-based technologies present solutions that mathemati-
cians did not think of or that were unexpected. To what extent, if at all, can these machine-
generated proofs be regarded as creative ideas? If they are deemed creative, then a 
redefinition of mathematical creativity (and creativity as well as agency in general) 
becomes necessary. If they are not considered creative, the mathematical community 
must determine how to address machine-generated solutions that undeniably contribute 
to the expansion of knowledge.

AI-based collaboration poses a challenge for the social constitution of mathematical 
knowledge. The view that mathematical truths are socially constituted—that their accept-
ance depends on collective scrutiny, peer review, and shared standards of justification—
has a long history (Bloor, 1978, 1991; Bos & Mehrtens, 1977; Ernest, 1998). That view 
presupposed that the actors doing the scrutinizing were human, and that the objects of 
scrutiny were, in principle, surveyable. However, in Big AI Mathematics, both presup-
positions are under pressure. When AI systems generate proofs whose internal workings 
are opaque (i.e., ‘the exact way these LLMs are operating is not disclosed to users’, 
Srdarov & Leaver, 2024), the classical model of peer review as a check on knowledge 
claims becomes limited. The problems of verification and surveyability that surfaced 
with earlier computer-assisted proofs (Parshina, 2023) return in a sharper form, because 
the outputs of AI systems are not merely long but structurally opaque: produced by pro-
cesses that even their designers cannot fully explain. This is clearly evident with the 
latest achievement of Math, Inc., automatically formalizing the human proofs of the 8- 
and 24-dimensional sphere packing. Not only is reviewing such formalized code practi-
cally impossible, as it comprises approximately 200,000 lines of code, but the process of 
auto-formalization is opaque to end users (or readers).

This opacity presses on the concept of epistemic authority, which refers to the capac-
ity of an individual, group, or system to be recognized as a legitimate and trustworthy 
source of knowledge within a domain (Hauswald, 2021, 2025; Jäger, 2025; Zagzebski, 
2015). In traditional mathematics, epistemic authority rested on the capacity for justifica-
tion and explanation: a mathematician could claim authority over a result because she 
could walk others through the proof (Croce & Baghramian, 2024; Wilholt, 2013). 
AI-generated outputs complicate this picture. If a system produces results accepted as 
valid but cannot explain them in terms the discipline recognizes, authority shifts from 
justification to performance: the system is trusted because it works, not because anyone 
understands why it works or why the reasoning ‘makes sense’. This raises also the issue 
of ‘epistemic’ or ‘interpretative’ opacity – i.e. the mathematicians’ difficulty of under-
standing AI-produced results (Beisbart, 2021, 2026). To better understand what this shift 
entails, we need to ask (a) which types of technologies, individuals, or institutions justifi-
ably hold such authority in AI-mediated mathematics,27 (b) following Gieryn’s (1999) 
extension of Weber’s concept of domination, how such authority is socially constructed 
and institutionally legitimized, and (c) what kind of epistemic goods can be transmitted 
from AI-based systems to human researchers. Is it knowledge, understanding, or merely 
instrumental reliability? Understanding requires grasping systematic connections, which 
may be difficult when dealing with such black-box models. Yet if mathematicians 
develop new ways of working with, interpreting, and contextualizing AI outputs, we may 
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begin to speak of a new form of ‘distributed epistemic understanding’, one that blends 
machine-generated insight with human conceptual framing. These questions are not only 
epistemological but also political, and determining who or what can serve as an epis-
temic authority shapes access, trust, and legitimacy in Big AI Mathematics, making it all 
the more important to examine these forces right now.

Discussion and Concluding Remarks

Let us start with an obvious yet non-trivial point this paper makes: if AI-based mathemat-
ical practice reproduces the infrastructures of Big Science, it also reproduces the politics 
of infrastructure. The fact that a small number of institutions, start-ups and private com-
panies now possess the technology that enables them to generate solutions, propose can-
didate theorems, test them at scale, and narrate them as advances in mathematics, is not 
philosophically or socially neutral; it is the construction of a gate.

This has two consequences. First, mathematical agency becomes stratified. Some 
actors, such as well-funded labs, elite collaborations, and researchers embedded in indus-
try-academic hybrids, gain the capacity to direct discovery and frame it as discipline-
defining. Others, including many mathematics departments with neither access to 
TPU-scale infrastructure nor connections to private start-ups or to Google, are effectively 
repositioned as interpreters, validators, or pedagogical downstreamers. Second, legiti-
macy itself begins to migrate. Results that emerge from corporate AI systems are increas-
ingly framed not only as technically impressive, but as socially inevitable (suggesting that 
‘this is where mathematics is going’, that ‘mathematics is cooked’ popularized by the 
physicist Alexander Wissner-Gross, or that ‘The AI Revolution in Math Has Arrived’28). 
That rhetorical move matters, as it positions corporate infrastructures as a possible home 
of the future of mathematics, and everyone else as lagging behind. In Big AI Mathematics, 
the decisive instrument is no longer a particle accelerator or a space telescope, but an 
opaque cognitive pipeline which we don’t seem to understand all the way through.29

Seen this way, Big AI Mathematics is not only a story about more efficient tools; it is 
also a story about the enclosure of knowledge, as mathematical discovery risks being 
partially relocated into privately governed infrastructures whose incentives are largely 
reputational, competitive, and commercial. The cases examined in this paper each illus-
trate various facets of this enclosure. In Math, Inc. and AlphaGeometry, the entire proof 
pipeline is proprietary. In the knot theory case or in the solution of the Erdős Problems, the 
internal models, or the corporate compute or paid access to AI systems was a precondi-
tion; however, the final theorems or proofs were certified and interpreted by human math-
ematicians, preserving a degree of disciplinary autonomy. In FunSearch, the result—which 
was first achieved by searching in the space of all python programs, a task no human 
could do—was assembled across a chain of human and machine handoffs in which no 
single actor could claim full authorship. While there are various modes of enclosure of 
knowledge, what these cases do share is that mathematical knowledge was stabilized not 
through the classical mechanism of peer-reviewable proof alone, but through varying 
combinations of formal verification, institutional reputation, and expert endorsement.

The cases also suggest that the figure of the ‘working mathematician’ is undergoing a 
broader socio-practical transformation, echoing current discussions of authorship. Across 
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all these episodes, the mathematician’s role shifts from that of a sole author toward a 
relational position within a larger epistemic network, defined as much by the capacity to 
formulate problems for machines, interpret their outputs, and orchestrate hybrid work-
flows as by the ability to prove theorems. ‘Doing mathematics’ in this regime means 
learning how to collaborate with non-human agents, and that collaboration introduces a 
form of knowledge production whose epistemic status is genuinely new and unsettled. 
Mathematical practices in Big AI Mathematics are becoming (1) not necessarily rooted 
in human conventions alone, (2) partially detachable from their human contributors, and 
(3) bound up with a form of knowledge that the discipline has no settled vocabulary to 
describe. Whether an AI-generated proof can be considered a mathematical object in the 
same sense as a human-generated one, and to what extent it is socially constituted, 
remain open questions.

This discussion of mathematical practices shows the transformation of mathemati-
cal agency. It should be emphasized that before the rise of AI-based technologies, 
human mathematicians also employed hybrid reasoning—for example, using different 
methods in the course of the same proof: algebraic, geometric, topological—but 
hybridity did not change the concept of agency. That is, hybrid reasoning was a tool 
choice made by a human agent, leaving agency untouched. What is different now is the 
direction of the dependency: It is the hybrid nature of agency that produces hybrid 
types of reasoning, rather than the other way around. This change matters because it 
means that the shift from consensus-driven validation (where human experts evaluate 
results through debate and scrutiny) toward what we might call algorithmic closure—
where the credibility of a result rests on its formal verifiability and reproducibility 
through automated procedures rather than on human comprehension—is not a tempo-
rary accommodation but a structural feature of the emerging regime. Future histories 
of mathematics may need to document not only the development of theories, but also 
the architectures of AI-based computation, the training regimes of models, and the 
sociotechnical contexts in which discovery occurs.

Therefore, AI-based mathematics needs to be treated at least as a partial site of politi-
cal struggle, not only as a site of epistemic transformation. Following O’Neil’s (2017) 
argument, we may be watching the emergence of what might be called ‘mathematical 
infrastructure capitalism’: the progressive relocation of high-end mathematical discov-
ery into institutional contexts that are unequally accessible, privately governed, and com-
putationally intensive. To be clear, our claim is that unlike earlier phases of Big Science, 
Big AI Mathematics does not just demand public funding and centralized laboratories; it 
demands access to privately owned computational infrastructures and proprietary mod-
els. Hence, the preconditions for participating in frontier mathematics are themselves 
politically distributed. In practice, this creates a class structure inside mathematical 
research: Those with access to AI infrastructure can pose certain questions and be recog-
nized as moving mathematics forward, while those without access become structurally 
dependent on systems they neither own nor audit. But Big AI Mathematics also differs 
from Big Science in blurring the boundary between tool and collaborator. When AI sys-
tems propose conjectures, fabricate counter examples, generate auxiliary constructions, 
or produce programs that expand the boundaries of known mathematics, their role in 
knowledge production becomes both more active and more opaque than anything Big 



Friedman and Kish Bar-On	 17

Science instrumentation involved—CERN’s particle accelerator did not suggest which 
particles to look for. However, we are not yet at a point where AI has generated new 
mathematical theories or conceptual frameworks that fundamentally transform the disci-
pline. While AI-assisted results are accelerating discovery and hinting at future possibili-
ties, a breakthrough that could only have been achieved by AI has not yet occurred. Such 
developments may come (perhaps in the coming years) but they remain prospective 
rather than present realities.

What should not be obscured by the hype around AI’s current capabilities is how its 
integration is already reorganizing epistemic labor and reshaping the norms that hold 
mathematics together as a discipline. The question going forward is not only what AI can 
discover but who will be in a position to claim ownership over mathematical discovery, 
which institutions will set the agenda for what mathematics becomes, and whether the 
discipline can develop governance structures, such as conventions for credit, standards 
for transparency, and norms for reproducibility, that keep its future open rather than 
enclosed. These are not questions that mathematics has had to answer before, and the 
answers it arrives at will shape the discipline for a long time to come.
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Notes

  1.	 For example, systems such as GPT-f (Polu & Sutskever, 2020) and LEAN-Gym (Polu et al., 
2020), as well as AlphaGeometry and its successor AlphaGeometry 2, which extends the 
original neural-symbolic architecture with a richer domain language and improved search, 
enabling near-gold-medalist performance on International Mathematical Olympiad geometry 
problems (Chervonyi et al., 2025; Trinh et al., 2024; Zhao et al., 2025; also see Nature News 
2025—https://www.nature.com/articles/d41586-025-00406-7).

  2.	 Some of these examples are presented in (Miao & Wang, 2024). Their philosophical impor-
tance, especially concerning the notion of mathematical intuition, is discussed in: Friedman 
and Kish Bar-On (2026). See also: Davis (2021).

  3.	 See https://www.math.inc/sphere-packing (last accessed on 20 April 2026). Autoformalization 
is the automated process of translating natural language mathematics (in form of informal 
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proofs or theorems) into machine-verifiable code, which can be read by formal proof assis-
tants (e.g. Lean, Coq). A ‘sorry-free’ proof refers to a completed, fully verified mathematical 
proof in a formal proof assistant (like Lean) that contains no unproven parts.

  4.	 See: https://x.com/jdlichtman/status/2044298382852927894 (last accessed on 20 April 
2026): ‘The proof produced by GPT5.4 Pro was quite surprising, since it rejected the ‘gam-
bit’ that was implicit in all works on the subject since Erdős’ original 1935 paper. The [initial] 
idea […] was so natural & tempting from a human-conceptual point of view, that it obscured 
a technical possibility to retain (efficient, yet counter-intuitve) analytic terminology through-
out’, which GPT5.4 Pro did retain.

  5.	 https://www.erdosproblems.com/forum/thread/1196 (last accessed on 20 April 2026).
  6.	 It must be noted that we deal here with different technologies, i.e. Gauss’ Math, Inc. which 

auto-formalizes (given) proofs, is essentially different from AlphaEvolve, which search the 
space of Python computer programs, or from AlphaGeometry whose aim is to solve geo-
metrical problems. That is, one must differentiate between the various technologies being 
employed and not just call them ‘AI’.

  7.	 For example, the work of technicians and instrument-builders, the opacity of precision appa-
ratus, and the negotiated invisibility of whole layers of laboratory labor have all been doc-
umented in the canonic STS literature (Galison, 1997; Knorr Cetina, 1999; Shapin, 1989; 
Shapin & Schaffer, 2011).

  8.	 Tensor Processing Unit is a neural processing unit application-specific integrated circuit, 
developed by Google during the 2010s for neural network machine learning. See: https://
deepmind.google/blog/alphaevolve-a-gemini-powered-coding-agent-for-designing-ad-
vanced-algorithms/

  9.	 As mentioned here: https://mathstodon.xyz/@tao/115306424727150237 and here https://
mathoverflow.net/questions/501066/is-the-least-common-multiple-sequence-textlcm1-
2-dots-n-a-subset-of-t/501125#501125. See also here the list of Erdos problems co-solved 
with AI: https://www.erdosproblems.com/ and https://github.com/teorth/erdosproblems/wiki/
AI-contributions-to-Erd%C5%91s-problems (the latter website is no longer updated as of Jun 
30, 2026).

10.	 In Plato’s Meno, the enslaved boy is introduced precisely as someone with no access to math-
ematical training, and Socrates’ demonstration hinges on the assumption that mathematical 
insight must be elicited from one who has been structurally denied such learning (See in: 
Cooper & Hutchinson, 1997, pp. 870–898).

11.	 One of the prominent examples for this is how Jewish mathematicians were treated in Nazi 
Germany (see Siegmund-Schultze, 2009; or, more specifically, Emmy Noether is a case in 
point, (see: Rowe & Koreuber, 2020).

12.	 See: https://github.com/teorth/erdosproblems/wiki/AI-contributions-to-Erd%C5%91s-
problems, https://mathstodon.xyz/@tao/115306424727150237 and https://mathoverflow.
net/questions/501066/is-the-least-common-multiple-sequence-textlcm1-2-dots-n-a-subset-
of-t/501125#501125 (last accessed on 20 April 2026). As Tao also notes, this ‘argument has 
now been formalized in Lean’.

13.	 While a discussion on TongGeometry is outside the scope of our paper, we note that since 
TongGeometry is developed by a China-based team, it is also a reminder that the concentra-
tion of compute and data in AI-based mathematics has different national and political settings. 
The Big-Science pattern here is shaped not only by research labs and companies in general, 
but also by how different countries organize and support large-scale AI research. In practice, 
this can affect who has routine access to high-performance compute, what kinds of data-
sets and benchmarks are prioritized, and which institutions shape evaluation standards (for 
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example, through funding structures, education and competition pipelines, and publication 
incentives).

14.	 Large-scale AI training and inference relies on energy-intensive data centers and acceler-
ated computing. The International Energy Agency estimates that data centres consumed about 
1.5% of global electricity use and projects that global data-centre electricity consumption 
could roughly double that by 2030, with accelerated computing for AI as a key driver (IEA, 
Energy and AI, 2025). For the United States, the Department of Energy notes that data-center 
electricity demand has grown rapidly and is projected to double or triple by 2028, under-
scoring that compute centralization is also an energy-and-infrastructure issue (Shehabi et al., 
2024; Strubell et al., 2019).

15.	 BB(5) refers to the 5-state, 2-symbol Busy Beaver value: informally, the maximum number of 
steps taken (starting from a blank tape) by any 5-state Turing machine that eventually halts. 
The Busy Beaver function is noncomputable in general (there is no general algorithm that 
takes n and outputs BB(n)), but specific small-n values can sometimes be established through 
extensive enumeration plus mathematical and formal-verification work. For BB(5), a long-
standing lower bound of 47,176,870 steps was found in 1989 (Marxen & Buntrock, 1990), 
and in 2024 the bbchallenge.org massively collaborative project proved BB(5) = 47,176,870, 
including a Coq/Rocq-verified proof (‘Coq-BB5’). For more details see: https://bbchallenge.
org

16.	 A cap set is defined as a subset of the n-dimensional affine space over the three-element field, 
where no three elements sum to the zero vector. The cap set problem is the problem of find-
ing the size of the largest possible cap set, as a function of n. Determining whether a cap set 
exists from a collection of given elements is known to be NP-complete (yet it is known how 
to quickly obtain cap sets of size 2n). In 1970, Pellegrino (1970) proved that four-dimensional 
cap sets have a maximum size 20 (note that 24 = 16). This result led to finding lower bounds 
larger than 2n for any higher dimension. Such a lower bound was improved to be 2.218n by 
Tyrrell (2022). However, Romera-Paredes et al. (2024) managed to improve the lower bound 
by using an LLM termed FunSearch with an evaluator, to 2.2202n.

17.	 This mirrors the novel labor structures described by Galison and Hevly, where different 
groups specialized in theoretical work, experimental design, and instrumentation. Another 
example comes from learning-guided reasoning, where we see coordination between human-
designed heuristics, machine learning models that guide inference, and systems architects 
who manage feedback loops between proving and learning (Blaauwbroek et al., 2024, p. 19).

18.	 See the ‘quiver diagram’ of Terence Tao: https://tinyurl.com/fbztrdzb (accessed on 20 April 
2026)

19.	 https://deepmind.google/discover/blog/alphageometry-an-olympiad-level-ai-system-for-
geometry/

20.	 https://spectrum.ieee.org/matrix-multiplication-deepmind
21.	 For example, an analysis of federal AI and IT R&D spending estimates that the federal govern-

ment allocated about US$3.316 billion for core and cross-cut AI funding in Fiscal Year 2025, 
across agencies including NIH and NSF showing significant public funding flows to US elite 
institutions (https://federalbudgetiq.com/insights/federal-ai-and-it-research-and-development-
spending-analysis/). In addition, in the FY 2025 budget supplement for the National Artificial 
Intelligence Research Institutes program it is noted that by 2023 and 2024 federal agencies 
had invested approximately US$118.5 million and US$69 million, respectively, in these AI 
research institutes (as can be seen in: https://www.nitrd.gov/pubs/FY25-National-AI-Institutes.
pdf). Moreover, as documented in the National Security Commission on Artificial Intelligence 
(NSCAI) report, the commission recommends tripling the number of federally funded national 
AI research institutes (https://reports.nscai.gov/final-report/chapter-11)

https://bbchallenge.org
https://bbchallenge.org
https://tinyurl.com/fbztrdzb
https://deepmind.google/discover/blog/alphageometry-an-olympiad-level-ai-system-for-geometry/
https://deepmind.google/discover/blog/alphageometry-an-olympiad-level-ai-system-for-geometry/
https://spectrum.ieee.org/matrix-multiplication-deepmind
https://federalbudgetiq.com/insights/federal-ai-and-it-research-and-development-spending-analysis/
https://federalbudgetiq.com/insights/federal-ai-and-it-research-and-development-spending-analysis/
https://www.nitrd.gov/pubs/FY25-National-AI-Institutes.pdf
https://www.nitrd.gov/pubs/FY25-National-AI-Institutes.pdf
https://reports.nscai.gov/final-report/chapter-11
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22.	 See this report from Google declaring the partnership: https://blog.google/innovation-and-ai/
models-and-research/google-deepmind/ai-for-math/

23.	 As documented in DeepMind’s own publications: https://deepmind.google/discover/blog/
discovering-novel-algorithms-with-alphatensor/ and https://deepmind.google/discover/blog/
funsearch-making-new-discoveries-in-mathematical-sciences-using-large-language-models/

24.	 For example, Carnegie Mellon University has been awarded ~US $225 million in NSF grants for 
AI-related research over 14 years (more than any other U.S. university in that dataset—https://
sciencebusiness.net/news/carnegie-mellon-uc-san-diego-top-us-grant-winners-ai-research) 
and institutions like MIT, Harvard, USC, Johns Hopkins, and Stanford University are making 
substantial pledges (in billions) for AI initiatives (as can be seen in this overview: https://pro-
falexreid.com/2025/09/22/major-university-led-ai-initiatives-and-their-focus-2019-2025/).

25.	 See also the blog posts of Michael Harris from August 2026 dealing, among others, with this 
issue (Harris, 2026a, 2026b).

26.	 https://www.math.inc/gauss
27.	 Jäger’s distinction between objective and subjective accounts of authority, as well as his con-

cept of ‘recognized epistemic authority,’ may help differentiate between authority grounded 
in actual epistemic superiority (e.g., an AI’s performance record) and authority based on 
human users’ trust or perceived expertise (Jäger, 2025, p. 6).

28.	 We refer to the title of Quanta’s article from April 13, 2026: https://www.quantamagazine.
org/the-ai-revolution-in-math-has-arrived-20260413/ (last accessed on 20 April 2026).

29.	 One might object that no individual scientist fully ‘understands’ a particle accelerator or a 
space telescope either. This is surely right at the level of individual expertise. However, in 
these cases there typically exists a well-defined community of specialists who can, in princi-
ple and often in practice, give a relatively complete, mechanistic account of how the instru-
ment functions and why it yields the data it does. This locus of distributed but collectively 
accessible understanding is precisely what seems to be under strain in the case of contempo-
rary AI-based models, where even the engineers and scientists who develop them may lack 
a clear explanation of how particular outputs are generated or why certain solution paths are 
favored (O’Neil (2017) gives several examples in her book).
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