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Abstract 

General-purpose AI models used as co-scientists are developed with the help of public 

evaluations that represent performative feedback from scientists pushing for greater levels of 

AI research assistance and acceleration with every model improvement. Formal methods that 

can ensure the risk of mismatches between model capabilities and scientific requests approaches 

the optimum over time are insufficient to guarantee science will be accelerated evenly, remain 

diverse and keep widening its scope. Should validity be the sole peer review criterion 

determining problem acceptance to impactful AI benchmarks when co-scientist models steer 

science by disproportionately improving in areas covered with this performative feedback? We 

show that while validity is necessary, it does not always support strategic selection. Peer 

reviewing problems for AI benchmarks as performative feedback requires a new competence 

that weighs validity and steering of co-scientist models jointly and with foresight. A failure to 

meet the challenge could ruin even acceleration by valid feedback that does not exploit 

performativity for steering AI co-scientists away from a monoculture. The key insight is to 

maintain benchmark diversity by keeping model scores on a benchmark hard to predict from 

existing evaluations. 

1. Introduction 

Specialized AI (Artificial Intelligence) models advanced some parts of science more than others 

(Jumper et al. 2021; Lin et al. 2023; Romera-Paredes et al. 2024; Avsec et al. 2026). Until 

recently, they were the focus of attention, which is now shifting toward general purpose AI 

models and the ways in which they can change science (Bubeck et al. 2025; Gottweis et al. 

2025; Novikov et al. 2025; Feng et al. 2026a; Woodruff et al. 2026). Here, we characterize how 

growing capabilities of AI models used as co-scientists steer the course of science, a question 

that goes beyond traditional debates asking about AI and scientific discovery (e.g., Wang et al. 

2023; Spelda and Stritecky 2021 for a philosophy of science reflection). 

We show that public, impactful AI benchmarks and challenges become channels of 

performative feedback characterizing requested model capabilities that are not met in the 

current version of the models. Against intuition, improving model capabilities does not lead to 

saturation but rather repetitions of the cycle that steers the course of science by improving AI 
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co-scientist models on performative feedback. On examples of scientific benchmarks, we 

demonstrate how evaluation channels of performative feedback operate in practice. Most 

importantly, we show that while algorithms learning from the feedback can steer AI co-scientist 

models toward the formal, performative optimum (Jagadeesan et al. 2022), model capabilities 

approaching this optimum might not accelerate science in the way many are hoping for. The 

reason for this lies in the fact that predicting how performative feedback changes ways in which 

AI co-scientists are used and subsequently updated, effectively steering the course of science, 

is an open problem. Even and beneficial acceleration of science under wide adoption of AI co-

scientist models requires strategic steering, which represents a significant policy challenge 

between public interest in science and the most capable privately owned and developed AI co-

scientist models. 

A first step in addressing this challenge is understanding the necessary changes to peer 

review of candidate tasks for impactful scientific AI benchmarks that serve as performative 

feedback, through which AI models steer the course of science. In Section 2, we first explain 

how performative prediction by model developers can gradually approach the optimal risk of 

mismatching model capabilities and user requests influenced by the model itself. In Section 3, 

we focus on the key insight regarding science steering with AI co-scientists: 

Peer review of tasks for scientific AI benchmarks focusing only on validity misses the 

steering opportunity for beneficial science acceleration. Understanding peer review 

panels as juries (Arvan et al. 2025) means correct decisions on candidate tasks depend 

on independent and competent reviewers. Competence to independently evaluate output 

validity is an integral part of science since its beginning. The ability to determine how 

valid scientific tasks that become part of performative feedback change capabilities of 

co-scientist AI models represents a significant departure from how competence was 

understood in peer review in the past. 

The fact that model developers can approach the performative optimum as closely as possible 

does not guarantee science will be accelerated evenly and not lose diversity. This outcome 

depends on the new reviewer competence that does not stop at asking about task validity but 

also solicits tasks and their revisions based on what is considered strategic for steering from 

understanding the impact of performative feedback on capabilities of downstream AI models. 

This will be a formidable challenge due to the lack of transparency in the development of closed 

as well as open-weight frontier models (Wan et al. 2025). 
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Amidst general concerns for AI-caused homogenization that could lead to a science 

monoculture (Messeri and Crockett 2024; Hao et al. 2026; Traberg et al. 2026), we contribute 

to the debate in two crucial ways: 

Contribution: 1) We precisely characterize how performative feedback changes capabilities 

of AI models that contribute to steering science and 2) design a new, actionable intervention 

that makes peer review of candidate problems for scientific AI benchmarks effective in 

steering science away from the mono to a polyculture. The key insight lies in maintaining 

benchmark diversity by keeping model scores on a benchmark hard to predict from existing 

evaluations (precise statement of the mechanism is in Figure 1). 

2. Performative Feedback Improves AI Co-Scientists and Steers Science 

Our characterization uses the concept of performative prediction (Perdomo et al. 2020; Hardt 

and Mendler-Dünner 2025) to capture that each time a better AI model becomes available, the 

improvement of its capabilities influences which tasks people want the model to perform well. 

The currently available model can be thought of as a prediction by its developer on the 

probability distribution 𝒟𝑡𝑎𝑠𝑘𝑠 over the task domain users are interested in. This distribution 

can shift because users realized that the improved capabilities of the current model enable them 

to execute tasks that were difficult or impossible to accomplish with its earlier versions. This 

shift then prompts further model improvements following the failure to correctly forecast the 

users, and the cycle repeats itself. 

The model developer seeks to be optimal in minimizing the performative risk induced 

by deploying the model to a population of responding users (Hardt and Mendler-Dünner 2025). 

The optimality can be defined as unimprovable minimization of performative regret, which 

measures the difference between the performative risk of the model selected at each time step 

and the performative minimum2 (Jagadeesan et al. 2022). By observing which tasks work well 

against the model, users respond by trying related tasks that could be executed before with only 

partial success or not executed at all. The model developer observes these unsuccessful 

 
2 Performative regret at time 𝑇 is defined as Reg(𝑇) = ∑ PR(𝜃𝑡) − PR(𝜃𝑃𝑂)𝑡≤𝑇 , where 𝜃𝑡 is a version of the co-

scientist AI model updated with the performative feedback from previous round and PR its performative risk 

defined as PR(𝜃) = 𝔼𝑧~𝒟𝑡𝑎𝑠𝑘𝑠(𝜃)ℓ(𝑧, 𝜃) (Jagadeesan et al. 2022), a performative optimum is defined as 𝜃𝑃𝑂 ∈

argmin𝜃  PR(𝜃) (ibid.). ℓ is a loss function measuring success of the model on a user task 𝑧 drawn from a 

distribution induced by the model, 𝒟𝑡𝑎𝑠𝑘𝑠(𝜃) (ibid.), here referring to situations in which scientists finding out 

about improved capabilities of the AI model require it to perform more challenging tasks, representing another 

round of performative feedback for model updates. As a result, versions of the model, 𝜃1, … , 𝜃𝑇, evolve over time 

thanks to this shifting probability distribution over the domain of scientific tasks induced by improvements of the 

model itself. 
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attempts, which are samples from the shifted distribution over tasks, and updates the model 

(e.g., using one of the post-training methods such as reinforcement learning with verifiable 

rewards for large language models, Lambert et al. 2024; Jaech et al. 2024; Guo et al. 2025), 

shaping its capabilities inherited from the base model acquired by pretraining. Proxies for this 

observability are problems included in impactful, public scientific AI benchmarks that we deal 

with here. The failed attempts to run partially supported or unsupported tasks are performative 

feedback that allows the developer to minimize their performative regret using, for example, a 

modified multi-armed bandit algorithm from online learning (Jagadeesan et al. 2022) to 

minimize mismatches between supported and requested tasks. This means that performative 

feedback shapes capabilities of AI models that in turn influence which new tasks are requested 

by users. It is not the only source of information that helps the developer update their model but 

acting on performative feedback ensures that the model will be used as much as possible 

because its improvements copy the trajectory of tasks required by users in response to previous 

updates. 

If the user population includes scientists who use the model as a co-scientist, assisting 

in and accelerating their research, their performative feedback steers the course of science by 

determining what the model will and will not be able to do well enough to continue enabling 

further research: 

As AI models become widely adopted as co-scientists in everyday research practice, 

performative feedback steers the course of science by helping to improve the models for 

next scientific requirements. They will be only partially matched by the next model as 

in previous rounds, paradoxically thanks to its improved capabilities triggering further, 

more demanding improvement rounds. 

We should ask to what degree model developers exercise their performative power (Hardt et al. 

2022) in this improvement cycle. Hardt et al. (2022) showed that performative power, the ability 

to steer users to more predictable states benefiting the developer, is strongest in monopolistic 

systems. This means that individual performative power is low under parallel competing AI co-

scientist models from which human scientists can choose. While consolidation of closed 

frontier AI models, which are most useful as co-scientists, could theoretically happen, it is even 

less likely that geopolitical competition in AI could end soon (Wang and Siler-Evans 2026). 

This competition will most likely sustain competing AI co-scientist models that could be 

accessed despite political tensions. However, the main reason for not exercising performative 

power even in a monopolistic system is the fact that steering is worthless for learning scientific 
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performative feedback that allows the developer to improve their model and promote its use as 

the state-of-the-art AI co-scientist. 

Multiple AI co-scientist models whose improvements are based on performative 

feedback can make predicting the course of science difficult. Piliouras and Yu (2023) showed 

that in a simple reinforcement learning setting, multiple agents with large influence over the 

data distribution, in our case 𝒟𝑡𝑎𝑠𝑘𝑠, do not converge to the performative optimum but rather 

transition to instability and chaos. Even though this simple setting does not fit the methods used 

for updating LLMs (large language models) underpinning AI co-scientists, it highlights the 

following question: 

While the steering mechanism can be characterized as performative prediction, 

predicting the course of science influenced by AI co-scientist models, updated with 

performative feedback, is an open question. 

Having a formal convergence guarantee is important but not as important as understanding how 

scientists become the source of performative feedback for improving AI co-scientist models for 

next rounds of assisted research. Algorithmic collective action (Hardt et al. 2024) showed how 

small groups of individuals can achieve goals by modifying their data on digital platforms 

despite the influence of machine learning models used for classifying the individuals. As a 

formal mechanism, collective algorithmic action is close in spirit to performative feedback 

steering science through improvements of AI co-scientist models. The performative feedback 

we discuss here is not collected via platform surveillance but is obtained from AI benchmarks, 

scientific challenges and similar means, targeting individual disciplines in an in-depth manner 

or providing wide spectrum AI evaluation suites. We focus on these evaluation channels of 

performative feedback because they serve as a funnel through which performative feedback 

reaches the developer and compels them to update the prior distribution over tasks their model 

should be able to perform well: 

Evaluation channels of performative feedback not only improve the model for 

everybody but, more importantly, steer the course of science by determining where the 

model offers interesting opportunities for improvement in next rounds because past 

performative feedback made it good enough for assisting and accelerating research in 

those areas. This is partially a result of trading evaluation for learning by letting public 

impactful benchmarks inspire curricula designed to improve external validity of AI 

models (cf. Spelda and Stritecky 2025). 
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This kind of steering, which flows through intermediaries developing the AI co-scientist 

models, is a new epistemic development in science. Under wide adoption of AI co-scientists, 

there are key insights regarding performative feedback the scientific community should act 

upon to ensure even and beneficial acceleration of science with AI. This outcome is not 

guaranteed without carefully considering which AI evaluations get elevated to the position of 

high-impact public, scientific benchmarks or challenges. They will become performative 

feedback that steers the course of science by providing material for updating AI co-scientist 

models.  

3. Performative Feedback via AI Evaluation Channels 

We demonstrate the general mechanism behind evaluation channels of performative feedback 

on two rolling AI benchmarks that target the most capable, frontier AI models used directly as 

co-scientists or as models in harnesses or scaffolds that make up AI agents. Rolling benchmarks 

are sets of AI evaluation problems that are continually updated with performative feedback from 

the community that is responding to model improvements from past performative feedback. 

Static benchmarks are a source of performative feedback as well until AI models reach high 

scores on them. This can take some time depending on the benchmark hardness and the attention 

that model developers pay to individual benchmarks. The attention can be influenced by quality 

of the benchmark, and apart from expanding or deepening its scope and focus, updates can also 

serve as subsequent rounds of peer review that improve quality of the benchmark. In sum, the 

influence of performative feedback channels based on AI benchmarks depends on their quality 

and the way in which they respond to model improvements with updates. Task quality and 

updates of impactful scientific benchmarks are shaped by peer review of candidate problems. 

The peer review offers an opportunity for intervening in how co-scientist AI models steer 

science. We look into two recent examples, Humanity’s Last Exam (Phan et al. 2026) and First 

Proof (Abouzaid et al. 2026a), to explain what competence will be required from reviewers and, 

more broadly, benchmark organizers to use this opportunity for even acceleration of diverse 

science. These two examples are instructive because HLE (Humanity’s Last Exam) is the most 

comprehensive scientific benchmark of close-ended questions today and FP (First Proof) targets 

non-competition problems that arise naturally in mathematical research. 

HLE is characterized as an AI benchmark that evaluates scientific reasoning across 

many different fields of natural science, social science, and humanities, consisting of close-

ended and multiple-choice problems (Phan et al. 2026). The original dataset consists of 2,500 



 7 

problems3, and many frontier model developers self-report performance of their best models4, 

which gradually increases5 and shows that HLE became an impactful performative feedback 

channel. The original dataset was forked into HLE-Rolling6 implementing community feedback 

by adding new problems and updating or removing existing ones identified as faulty by the 

community (Phan et al. 2026). The peer review for HLE comprised of two rounds of expert 

review against format and validity requirements from an evaluation rubric (Phan et al. 2026, 

Supplementary information, Section 2), followed by two rounds of subsample auditing, 

attempting to increase problem validity by expert agreement, and a ‘bug bounty’ effort to 

eliminate as many faulty problems as possible by community feedback (Phan et al. 2026). The 

only steering involved banning problems concerning virology, chemical, biological, 

radiological, and nuclear weapons or cyberattacks against critical infrastructure (Phan et al. 

2026, Supplementary information, Section 1), which adheres to generally accepted safety 

alignment of AI models (Mazeika et al. 2024, Li et al. 2024, Götting et al. 2025) and does not 

represent polyculture steering of science that we have in mind here. 

First Proof started as an experiment evaluating capabilities of frontier models to 

autonomously produce proofs for research-level questions that were identified by 

mathematicians during their research, solved and not made public to make the challenge unseen 

for the evaluated models (Abouzaid et al. 2026a). The first batch of FP problems consisted of 

10 problems at a difficulty level described as well-specified by their authors because it did not 

involve finding new research questions but rather only providing answers to the selected 

problems (ibid.). The challenge attracted attention of frontier model developers, attempting to 

solve the first batch of problems with some success (Feng et al. 2026; OpenAI 2026) before 

their solutions were released publicly (Abouzaid et al. 2026b). Before providing details on the 

second batch of FP problems, Abouzaid et al. (2026b) noted that apart from verifying solutions 

were produced autonomously and securing that they can be peer reviewed in a sustainable way, 

the organizers intend to characterize the problem selection process. The First Proof Editorial 

Board (2026) later specified that they will solicit problems broadly, require that problem authors 

do not have conflict of interest with AI companies (disclosure of employment or consulting 

 
3 https://huggingface.co/datasets/cais/hle 

4 https://blog.google/innovation-and-ai/models-and-research/gemini-models/gemini-3-1-pro/, 

https://openai.com/index/introducing-gpt-5-4/, https://www.anthropic.com/news/claude-opus-4-6, 

https://huggingface.co/deepseek-ai/DeepSeek-V3.2  

5 https://agi.safe.ai 

6 https://huggingface.co/datasets/cais/hle-rolling, changelog: 

https://github.com/centerforaisafety/hle/blob/main/hle-rolling-changes.txt  

https://huggingface.co/datasets/cais/hle
https://blog.google/innovation-and-ai/models-and-research/gemini-models/gemini-3-1-pro/
https://openai.com/index/introducing-gpt-5-4/
https://www.anthropic.com/news/claude-opus-4-6
https://huggingface.co/deepseek-ai/DeepSeek-V3.2
https://agi.safe.ai/
https://huggingface.co/datasets/cais/hle-rolling
https://github.com/centerforaisafety/hle/blob/main/hle-rolling-changes.txt
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during 3 months prior to submission, committed to not consult with them 6 moths afterward, 

and no submissions from AI companies in conflict with FP authors), and limit problem solutions 

to 8 pages including references. Thanks to its unique organization, FP attracted attention of 

frontier AI labs and similarly as HLE became an impactful channel of performative feedback. 

As a result, the peer review of HLE and FP is built on the assumption that mean expert 

competence of determining validity of candidate problems is better than 0.5 because, then, if 

the validity is determined by majority vote, adding experts to the referee panel increases the 

probability that the vote will be correct (Arvan et al. 2025). While for epistemic theories of 

democracy this assumption is among reasons why jury theorems cannot easily justify 

democracy (Goodin and Spiekermann 2018; Spelda et al. 2024), in science it can be 

uncontroversial thanks to the fact that in the ideal case reviewers are practicing, truth-seeking 

scientists. If, however, reviewed problems become part of performative feedback via influential 

scientific AI benchmarks like HLE or FP, validity is not enough to avoid a science monoculture. 

New candidate problems are likely to seek improvement of model capabilities in areas already 

covered by past performative feedback. The exploitation of path-dependencies will prioritize 

improvement of model capabilities covering some conceptual frameworks and methodologies 

at the expense of others. This then becomes part of a broader ‘AI monoculture feedback loop’ 

proposed by Traberg et al. (2026). 

The performative optimum pursued by model developers seeking to match model 

capabilities to user requests over time is independent of the content of performative feedback 

itself. The performative optimum is merely a solution concept which is filled with model 

capabilities co-determined by the competence required from experts during peer review of new 

candidate problems for scientific benchmarks like HLE or FP. It is unlikely that the competence 

selecting for validity alone will be able to sustain science diversity. The question is how to 

measure that peer review of candidate problems actually steers co-scientist AI models apart 

from separating valid problems from invalid ones? Perceived diversity of individual candidate 

problems could be deceiving due to small scale comparisons or the inability of reviewers to set 

apart problems that are foundationally different from those that frame only a small number of 

issues in multiple complex ways. Increasing diversity of problem proposers and reviewers helps 

to avoid homogenization but does not offer a way of checking whether despite the effort co-

scientist AI models remain diverse and do not contribute to a monoculture. To help address this 

issue, we provide the following mechanism based on the hardness of predicting model scores 

on a benchmark from existing evaluations: 
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A benchmark’s diversity can be expressed as unpredictability of held-out model scores from 

the rest of the score matrix across other models and benchmarks (Figure 2). The more 

unpredictable models are on a benchmark by an aggregated prediction error the less likely it 

is that the benchmark contributed to a science monoculture by recreating existing evaluations. 

By a similar token, a continually updated benchmark sustains diversity if it is difficult to 

predict held-out model scores after some time 𝑡 from the score matrix before 𝑡 across other 

models and the benchmark versions (Figure 3). The more unpredictable models are after 𝑡 by 

an aggregated prediction error the less likely it is that the updates contributed a science 

monoculture by recreating already covered evaluations. Predictors of model performance 

need to be continually updated as the matrix of models and benchmark performance grows 

to adapt to out-of-population scores introduced by new models, benchmarks or their updates. 

Figure 1: AI benchmark diversity as unpredictability of model scores from existing evaluations. 

 

 

Figure 2: Cross-benchmark diversity, 𝑀1, … , 𝑀𝑚 are co-scientist AI models, 𝐵1, … , 𝐵𝑛 

benchmarks. 



 10 

 

Figure 3: Benchmark diversity across updates, 𝑀1, … , 𝑀𝑚 are co-scientist AI models, 

𝐵(1), … , 𝐵(𝑇) updates of a benchmark. 

For simplicity, it is assumed that in the rolling case (Figure 3) the benchmark is picked up as a 

source of performative feedback from round 1 (or not picked up at all) and remains selected to 

rule out unpredictability caused by delayed or intermittent selection. In the rolling case, an 

unpredictable improvement of a model’s score that does not translate to robust generalization 

to other problems from the domain suggests that the model developer merely correctly 

anticipated the evaluation round. On the other hand, an unpredictable improvement that 

generalizes well across the problem domain might represent an early sign of successful domain 

generalization and the benchmark saturation. 

The prediction problem in Figure 3 is different from the one in Figure 2 because the 

former involves time series prediction on a single benchmark whereas the latter represents a 

matrix completion problem on many benchmarks. They afford different perspectives on the 

evaluation landscape. Measurements of diversity should remain diverse as well but 

homogeneous in how they treat predictability of model scores as an indicator of science 

monocultures. 

If predictors trained on observed scores can infer held-out scores across benchmarks or 

their updates, the diversity of AI evaluations is low and the risk of a science monoculture high. 

Recent experiments showed that unpredictability of held-out model scores can identify a small 

number of benchmarks that are most informative about model capabilities because predictors 

can infer the rest of the scores across selected models and benchmarks with decent accuracy 

(Papailiopoulos 2026). Keeping the predictors up to date is important because improvements 



 11 

of model capabilities can make benchmark prediction extrapolative and more prone to failure 

(Zhang et al. 2025). 

Key for steering science away from a monoculture with co-scientist AI models is 

diversity of performative feedback from impactful scientific benchmarks. Peer review of 

candidate problems prioritizes validity because it is modelled on traditional peer review that 

did not have to explicitly address steering the course of science during rapid acceleration caused 

by AI. Strategic solicitation or selection of problems for scientific benchmarks can be guided 

by unpredictability of model scores from existing evaluations. Checking this unpredictability 

during peer review of candidate problems can help reviewers and organizers develop a new 

competence that jointly prioritizes validity and steering of co-scientists AI models with 

foresight. 

3.1 Some Policy Options on Diverse Scientific AI Benchmarks 

Steering science with co-scientist models and performative feedback from impactful scientific 

AI benchmarks needs to remain as democratic as possible. This means not only that peer review 

of candidate problems should be inclusive but also transparent and independent. Inclusiveness 

is key for diversity which can in turn drive science away from a monoculture by avoiding 

recreation of existing evaluations, measured, as we suggested, by unpredictability of model 

scores from existing evaluations. Transparency enables auditability of the steering process and 

independence should prevent steering that benefits only a handful of interests at the expense of 

the whole scientific community. There are proprietary AI benchmarks, such as FrontierMath 

(Glazer et al. 2024) including research-level mathematics problems with closed-form solutions 

(Tier 4), that lack in openness as well as independence. For FrontierMath, only example 

problems were released publicly, and the problem collection was supported by OpenAI, which 

has access to a portion of the private problems including those from Tier 4 others do not have 

access to7. While the intention is to evaluate if models can generalize to unseen problems by 

ruling out training data contamination, it is hard to determine whether OpenAI models have not 

been indirectly steered by the private problems the company has access to. OpenAI models has 

been consistently ahead of the competition on FrontierMath Tier 48, and it is impossible to 

determine if they generalize better or were steered appropriately thanks to the privileged access. 

Steering models with evaluation problems improves their external validity if the 

problems have real-world utility and training on curricula inspired by them allows the models 

 
7 https://epoch.ai/frontiermath/tiers-1-4/about#:~:text=Conflict%20of%20interest%20statement  

8 https://epoch.ai/frontiermath/tiers-1-4, Tier 4 Leaderboard. 

https://epoch.ai/frontiermath/tiers-1-4/about#:~:text=Conflict%20of%20interest%20statement
https://epoch.ai/frontiermath/tiers-1-4
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to generalize to adjacent problems. There is, therefore, no issue with a company supporting 

creation of a private benchmark they have privileged access to unless it significantly contributes 

to science steering via co-scientist AI models. This is why, even if driven by best intentions, it 

is unclear whether small groups of experts can achieve the necessary level of foresight ensuring 

that science is not drifting toward a monoculture thanks to the performative feedback created 

by AI evaluations accepted to the benchmarks. For this reason, we believe that broadly 

democratic principles of transparency, inclusiveness and independence are jointly needed as a 

supporting structure for anti-monoculture peer review of AI evaluations built not only on 

problem validity but also on diversity ensured by unpredictability of model scores on a 

benchmark from existing evaluations. Otherwise, it will be difficult to reach the desired level 

of foresight required for steering science with AI away from a monoculture.  

Preventing alignment of co-scientist AI models with a handful of interests is also a 

governance issue whose solution will determine whether a monoculture can be avoided and 

science accelerated in a beneficial way. There are proposals for national initiatives that see AI 

benchmarks in a similarly strategic light (Krier and Wang 2025), as we consider them here, and 

similarly as we do here predicate science breakthroughs and acceleration on carefully produced 

AI evaluations. We are, however, unsure that in the current geopolitical competition in AI 

research and development (cf. Hendrycks et al. 2025) it will be beneficial to create a similar 

incentive structure for producing scientific AI evaluations when they are beginning to play the 

role of one of the progress drivers. 

Rather, science societies and associations should recognize the opportunity and exercise 

their leadership by maintaining AI benchmarks and incentivizing members to participate in the 

process of their creation. Such AI evaluations could carry a significant weight and have a 

potential to become an impactful source of performative feedback. They can also become a 

source of empowerment and agency because if the authoritative AI evaluations were created by 

the community, they would to a degree lend it meaningful control over the tools, co-scientist AI 

models, that are set to steer science hopefully away from a monoculture. Model developers 

could hardly afford to ignore such channels of performative feedback because that would make 

their models obsolete in assisting with frontier research. Societies and associations have 

appropriate governance structures already in place. Acting on this opportunity would be then 

mostly a matter of setting the right priority by realizing the potential of performative feedback 

and peer reviewing candidate problems with foresight as suggested here. Above all, societies 

and associations operating on democratic principles are more likely to uphold transparency, 

inclusiveness and independence than state-sponsored or private projects that could become 
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dominated by goals deprioritizing universal advancement of science and dissemination of its 

results. 

There have been considerable concerns over the state of AI evaluation (Raji et al. 2021) 

which led to the introduction of the validity framework designed to clarify claims about results 

of AI evaluations (Salaudeen et al. 2025). While crucial for better understanding real-world 

relevance and robustness of evaluation results, the individual types of validity cannot directly 

assist with maintaining benchmark diversity that will be key for avoiding a science monoculture 

if scientific benchmarks remain impactful sources of performative feedback. This gap suggests 

that the performative feedback loop is an underappreciated part of AI benchmarking that carries 

out not only evaluation but also high-level AI alignment in science. Unlike in AI safety where 

alignment specifications are discussed for some time now (Rauh et al. 2024), in this case the 

goal is still rather general and defined negatively as avoiding epistemic homogenization leading 

to monocultures (Marchal et al. 2026, pp. 9-10). Benchmark diversity as unpredictability of 

model scores from existing evaluations could serve as one of the alignment mechanisms that 

make the goal empirically clearer, ensuring that co-scientist AI models do not contribute to 

homogenization and monocultures. 

4. Conclusion 

We showed that even acceleration of science under wide adoption of co-scientist AI models 

requires treating impactful AI benchmarks as performative feedback that can shape model 

capabilities. To ensure beneficial steering and acceleration of science with AI, peer review of 

candidate problems for impactful scientific benchmarks should seek not only validity but also 

diversity, maintained as model scores on a benchmark that are hard to predict from existing 

evaluations. Science societies and associations built on democratic principles of transparency, 

inclusiveness, and independence should act on this opportunity by maintaining diverse 

benchmarks to help avoid science being steered toward a monoculture by improper 

performative feedback. 
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