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Abstract

Governments around the world have recognised the need to manage risks from
advanced artificial intelligence (AI) systems. Thresholds are discussed as a potential
governance tool that could be used to determine when additional risk assessment
or mitigation measures are warranted. However, it remains unclear what specific
thresholds would be appropriate and how they should be set. This paper reports
findings from an expert survey (N = 166) and a public consultation conducted
between August 2024 and October 2024. The expert survey asked participants to
indicate their level of agreement with 98 statements about thresholds for advanced
AI systems. The public consultation provided an opportunity for the general public
to contribute perspectives that may not have been captured by the expert survey.
Participants generally agreed that thresholds should be set by multiple stakeholders
and that there should be different types of threshold, each serving a specific purpose.
Participants were divided on the question of what role training compute thresholds
should play, how exactly different types of thresholds should be set, and how many
thresholds there should be. These findings can serve as evidence in ongoing policy
discussions, yet more research is needed.
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Executive Summary

A number of documents published at the AI Seoul Summit 2024, including the Ministerial Statement,
the Frontier AI Safety Commitments, and the International Scientific Report on the Safety of
Advanced AI, indicate a growing interest in thresholds for advanced AI systems. Thresholds also
play a key role in AI regulations (e.g. the EU AI Act and GPAI Code of Practice) and in AI risk
management standards (e.g. the NIST AI Risk Management Framework and ISO/IEC 23894).
However, it remains unclear what specific thresholds would be appropriate and how they should be
set.

This paper reports findings from an expert survey (N = 166) and a public consultation conducted
between August 2024 and October 2024. The expert survey asked participants to indicate their level
of agreement with 98 statements about thresholds for advanced AI systems. The public consultation
provided an opportunity for the general public to contribute perspectives that may not have been
captured by the expert survey.

The expert survey and public consultation identified several areas of agreement and divergence among
experts. Participants generally agreed that:

• Thresholds should be set by multiple stakeholders. They should not be set solely by AI
companies or governments.

• There should be multiple types of threshold, each serving a specific purpose. For example,
different types of thresholds may be used to determine whether an AI system requires further
scrutiny, whether additional mitigations are warranted, whether the development process should
be paused, or whether the system can be deployed. Different types of thresholds should be based
on different metrics, such as model capabilities, training compute, estimates of the probability
and severity of harm, deployment context, or an AI system’s level of autonomy. Importantly, not
all thresholds should necessarily be model-based.

• Thresholds should have certain qualities. They should be verifiable by external actors and
enforceable by government authorities. They should also be future-proof, justified, and account
for uncertainties.

• The process of setting and evaluating thresholds involves many challenges. In particular,
the process can be influenced by conflicts of interest. AI companies may underestimate risks,
whether intentionally or unintentionally, to stay below risk thresholds. Measuring metrics for
these thresholds also presents challenges. Reliable methods for estimating risks are lacking,
making it difficult to determine when risk thresholds are exceeded. Similarly, setting and
evaluating capability thresholds – focused on model capabilities and adequate mitigations – is
complicated by current limitations in model evaluations.

• AI companies should report when thresholds are exceeded. Most participants agreed that, if
any thresholds are breached, AI companies should disclose the breach publicly and inform key
stakeholders. Besides that, experts did not agree on what measures AI companies should take
when thresholds are breached.

Participants were divided on the following questions:

• What role should training compute thresholds play? Training compute thresholds are
thresholds defined in terms of the computational resources used to train a model. While some
participants highlighted advantages of training compute thresholds (e.g. they are easy to measure
and verifiable by external actors), others raised concerns (e.g. they are gameable and can quickly
become ineffective). Despite these diverging views, experts widely agreed that training compute
thresholds should not be used alone to determine whether an AI system poses unacceptable risks
because training compute is an imperfect proxy for risk.

• How should different thresholds be set? Although participants generally agreed that thresholds
should be justified, there was no consensus on how specific thresholds should be justified.

• How many thresholds should there be? While participants generally agreed that there should
be different types of thresholds, they were uncertain about how many tiers of thresholds there
should be. Several participants flagged that the optimal number of thresholds depends on various
contextual factors.
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• Are thresholds an appropriate governance tool? Some participants questioned whether thresh-
olds are an appropriate governance tool for advanced AI systems, given the the methodological
challenges involved.

Findings from this study represent a snapshot of views at a moment in time. It is important to keep in
mind that variations in how key terms were interpreted and the subjective nature of the qualitative
analysis, both underscore the need for caution when interpreting the results. Moreover, while the
survey was designed and reviewed externally to explore several different claims, it was not intended
to capture the full spectrum of views within the AI community and the general public. The survey
also did not explicitly ask participants whether or for which problems thresholds are appropriate. As
a result, the survey may have implicitly suggested that thresholds are desirable. Similarly, including
questions about compute and capability thresholds may have suggested that thresholds should focus
on certain model properties.

Despite these limitations, the study reveals areas of agreement and divergence that extend beyond
individual viewpoints. These insights are useful for understanding the complexities of setting and
evaluating AI thresholds and can inform ongoing policy discussions.
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1 Introduction

At the first global AI Safety Summit hosted by the United Kingdom in 2023, 28 governments
signed the Bletchley Declaration, which recognises the urgent need to understand and collectively
manage potential risks from advanced AI systems (DSIT, 2023). This need is also recognised by the
International Guiding Principles for Organisations Developing Advanced AI Systems, adopted at
the G7 Hiroshima Summit 2023 (G7, 2023). Building on this recognition, a number of documents
published at the AI Seoul Summit 2024, including the Ministerial Statement (DSIT, 2024b), the
Frontier AI Safety Commitments (DSIT, 2024a), and the International AI Safety Report (Bengio et
al., 2025), indicate a growing interest in thresholds1 for advanced AI systems.2 Thresholds are also
central in AI regulations such as the EU AI Act (European Parliament, 2024) and the GPAI Code of
Practice (European Commission, 2025a) as well as in AI risk management standards like the NIST
AI Risk Management Framework (NIST, 2023) and ISO/IEC 23894 (ISO & IEC, 2023). However, it
remains unclear what specific thresholds would be appropriate and how they should be set.

While there is extensive literature on risk thresholds in other industries (Linkov et al., 2011; Marhav-
ilas & Koulouriotis, 2021; Fischhoff et al., 1981; Klinke & Renn, 2002; Starr, 1969), research
specifically addressing thresholds for advanced AI systems is still emerging (Koessler et al., 2024;
Heim & Koessler, 2024; Hooker, 2024; Raman et al., 2025; Caputo et al., 2025). This paper seeks to
contribute to this body of literature by identifying areas of agreement and divergence among experts
from academia, civil society, as well as the private and public sector. It reports findings from an
expert survey and a public consultation conducted between August 2024 and October 2024.

The paper is organised as follows. Section 2 describes the methods used for the expert survey and the
public consultation. Section 3 reports some of the main results. Section 4 discusses general results
that apply to all thresholds and specific results that only apply to certain types of thresholds. It also
flags key limitations of the study and suggests directions for future research. Section 5 concludes.
Appendix A lists all survey participants who consented to have their names and affiliations mentioned,
while Appendix B lists all consultation participants. Appendix C lists all statements used in the
survey.

2 Methods

This section outlines the methods used for the expert survey (Section 2.1), public consultation
(Section 2.2), and data triangulation (Section 2.3).

2.1 Method for the expert survey

The survey was conducted between mid-September and mid-October 2024. Invitations and reminders
were sent via email, and the deadline was extended three times to accommodate more participants.

2.1.1 Survey questionnaire

Survey design. The survey began with background information on thresholds for advanced AI
systems, including definitions of key terms (see Table 1), clarification of the types of risk being
considered, instructions for participation, and details on the protection of personal data. Experts were
then asked to indicate their level of agreement or disagreement with various statements regarding
thresholds for advanced AI systems. Participants also had the opportunity to provide their rationales or
raise additional considerations. All questions were optional. The survey was hosted on LimeSurvey.

Statements about thresholds for advanced AI systems. The survey included 98 statements (see
Appendix C), organised into 13 questions (see Table 3). Participation in answering these questions
was optional. To improve the credibility and clarity of the survey, as well as to check for bias and
ensure the relevance of the statements, feedback and suggestions for improvement were sought from
researchers at non-governmental research institutions in various geographical locations (Bengio et al.,

1Note that there are several related terms such as ‘risk acceptance criteria”, risk tolerance”, risk appetite”,
and risk tiers”. While some scholars think that there are conceptual differences among these terms, others treat
them as mostly synonymous.

2Sometimes referred to as general-purpose AI”, frontier AI”, or foundation models”.
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Term Definition Literature

Advanced AI Highly capable AI models or systems that
can perform a wide variety of tasks

G7 (2023), Bengio et al. (2025)

Risk Combination of the probability of
occurrence of harm and the severity of that
harm

European Parliament (2024),
NIST (2023)

Threshold Predefined point above which additional
mitigations are deemed necessary

Koessler et al. (2024)

Risk threshold Threshold defined in terms of the probability
and severity of harm

Koessler et al. (2024), Raman et al.
(2025), Caputo et al. (2025)

Capability threshold Threshold defined in terms of model
capabilities and adequate mitigations*

Koessler et al. (2024), Frontier
Model Forum (2025c), METR
(2025)

Red lines Threshold defined in terms of unacceptable
model capabilities regardless of
mitigations**

Bengio et al. (2024), IDAIS
(2024), Zoumpalova and Iliadis
(2025)

Training compute
threshold

Threshold defined in terms of the
computational resources used to train a
model

Heim and Koessler (2024),
Hooker (2024), Koessler et al.
(2024), Sastry et al. (2024);
Frontier Model Forum (2024a),
Pistillo et al. (2025), Cottier and
Owen (2025)

* Note that the definition of the term “capability threshold” is not accepted universally and may be potentially
confusing. While some practitioners use the term to refer to capability-mitigation mappings, it could also be
interpreted as referring solely to capabilities. Under the latter interpretation, mitigations would be a response to
exceeding capability thresholds rather than an inherent defining property of the threshold itself.

** It is important to note that there is no universally accepted definition or conception of the term “red lines”.

Table 1: Key terms used in the survey

2025), and two partners drafted policy papers on training compute thresholds and risk thresholds for
AI (Heim & Koessler, 2024; Koessler et al., 2024).

Response scale. Participants were asked to indicate their level of agreement based on a 5-point Likert
scale (Likert, 1932): ‘strongly disagree” (-2), somewhat disagree” (-1), neither agree nor disagree”
(0), somewhat agree” (1), strongly agree” (2). They also had the option to say I don’t know” (5). This
scale is commonly used in expert elicitation studies (B. Zhang & Dafoe, 2020; B. Zhang et al., 2021;
Schuett et al., 2023).

2.1.2 Sample

Sample size. Out of 379 experts invited to participate in the survey, 166 experts participated (43.8%
participation rate), though not everyone answered all optional questions.

Sample selection. The survey was distributed to members of the OECD.AI expert community. This
informal group consists of experts from government, business, academia, and civil society from a
broad range of countries that provide AI-specific policy expertise and advice to inform the work of
the OECD and GPAI. AI researchers outside the OECD.AI network were also invited to participate in
the survey. These individuals are recognised for their active contributions to AI research and policy
discussions. They are affiliated with leading institutions3 and have a median citation count of 2,250,

3Their affiliated institutions are the Massachusetts Institute of Technology, Stanford, UC Berkeley, the
University of Washington, Princeton, Google DeepMind, Yale, Brown, Korea Advanced Institute of Science and
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Figure 2: Sample selection process

ranging from a minimum of 110 citations to a maximum of 164,469. Figure 2 illustrates the sample
selection process.

Demographics. At the end of the survey, participants were asked to specify their gender (‘woman”,
man”, prefer not to say”, and other”), what sector they work in (academia”, civil society”, private
sector”, public sector”, and other”), and in what country they live. They were asked to select the
option that best describes them. All demographic questions were optional. Table 2 shows the
demographic data, including their gender, sector of work, and location.

Gender

Category Percentage

Men 64.7%
Women 26.7%
Prefer not to say 8.6%

Sector

Category Percentage

Academia 25.9%
Public sector 24.1%
Private sector 21.6%
Civil society 20.7%
Other 7.7%

Location

Category Percentage

United States 31.0%
United Kingdom 16.4%
France 13.8%
Canada 5.2%
Others 33.6%

Table 2: Expert survey demographics

Anonymity. Responses to the survey were anonymous by default. At the end of the survey, par-
ticipants had the option to share their names and affiliations if they wished to be acknowledged in
the public write-up of the survey results. A total of 54 participants granted permission to publicly
list them as survey respondents; the full list can be found in Appendix A. To protect anonymity and
prevent reverse identification, no demographic data or text responses will be made public.

2.1.3 Analysis

Descriptive statistics. For the questions assessing experts’ levels of agreement, only descriptive
statistics are reported. These include the percentages of responses for all statements (see Figure 1),

Technology, the Chinese Academy of Sciences, the Center for AI Safety, Northeastern University, the University
of Pennsylvania, the Allen Institute for AI, Anthropic, the Collective Intelligence Project, OpenAI, the Vector
Institute, McGill University, Trinity College Dublin, the University of Cambridge, the University of Oxford, the
Centre for the Governance of AI, HuggingFace, the Signal Foundation, and the Institute for Advanced Study of
Princeton University.
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Questions used in the expert survey

1. What qualities should thresholds have?

2. How should different types of thresholds be defined?

3. What role should different types of thresholds play?

4. How should thresholds be justified?

5. Who should set thresholds?

6. Who should provide input into the setting of thresholds?

7. How many thresholds should there be?

8. What are potential challenges of setting and evaluating thresholds?

9. When should it be evaluated whether AI systems exceed any thresholds?

10. Who should verify whether AI systems exceed any thresholds?

11. What actions may be warranted if thresholds are exceeded?

12. What mitigations would be adequate?

13. How should thresholds change as AI systems become more capable?

Table 3: Questions used in the expert survey

mean agreements, and standard deviation of mean agreement scores, among other metrics. Due to the
relatively small total sample size (N = 166), no additional statistical analyses were performed.

2.2 Method for the public consultation

Purpose. In addition to the expert survey, a public consultation on the OECD.AI website provided
an opportunity for anyone to contribute perspectives that may not have been captured by the survey.
While the survey questions and statements aimed to be neutral, they inevitably reflected certain
viewpoints and potential blind spots. To address these limitations, the public consultation featured
more open-ended questions in a less structured format, allowing participants to express views beyond
simple agree/disagree responses. Together, these approaches aim to support an analysis that balances
inclusivity with technical depth.

Questions. The public consultation included six open-ended questions (see Table 4). To submit a
response, participants were required to log in using a service such as Google, Microsoft, or Apple, or
sign up for the comment hosting service Disqus. This setup enabled participants to submit free-text
responses.

Distribution. The public consultation was open between 26 July 2024 and 1 October 2024. It was
announced through a blog post on the OECD.AI website (OECD.AI, 2024) and promoted via email
and LinkedIn.

Participants. The consultation was accessible to the public, resulting in 45 participants. Of those,
one person submitted anonymously via email. A full list of participants can be found in Appendix B.
Notably, three participants of the public consultation also took part in the expert survey.4

Coding method. Two policy analysts collaborated to review the comments, identifying themes related
to key questions, and developing an initial coding manual focused on topics. Key topics included the
benefits and limitations of compute thresholds, types of non-compute thresholds, the complementarity
between compute and non-compute thresholds, strategies for identifying and setting thresholds, and
government oversight when thresholds are exceeded. Each analyst independently coded the comments
using multiple-choice labels for each topic and single-choice labels to indicate the complementarity
of compute and non-compute thresholds. They then convened to group similar labels, finalising a

4Note that only experts who provided permission for public listing are included (see Appendix A).
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Questions used in the public consultation

1. What publications and/or other resources have you found useful on the topic of AI risk
thresholds?

2. To what extent do you believe AI risk thresholds based on compute power are appropriate to
mitigate risks from advanced AI systems?

3. To what extent do you believe that other types of AI risk thresholds (i.e. thresholds not
explicitly tied to compute) would be valuable, and what are they?

4. What strategies and approaches can governments or companies use to identify and set out
specific thresholds and measure real-world systems against those thresholds?

5. What requirements should be imposed for systems that exceed any given threshold?

6. What else should the OECD and collaborating organisations keep in mind with regards to
designing and/or implementing AI risk thresholds?

Table 4: Questions used in the public consultation

comprehensive list of labels and their descriptions, which can be found in Section 3.2. Finally, they
used these labels to assess inter-rater agreement on labelled comments and resolved any remaining
discrepancies. The final paper summarises the number of participants who agreed on specific aspects
of each topic.

2.3 Method for data triangulation

Purpose. The open-ended responses of the survey and public consultation were combined for analysis.
The triangulation approach enables cross-examination of responses from both sources, offering a
more nuanced perspective supplementary to notable numerical results and themes from each method.
They include tensions relevant to stakeholder involvement in setting thresholds, the appropriateness
of thresholds with specific characteristics, the methodological frameworks to justify capability and
risk thresholds, and the limitations of thresholds.

Coding method. A manual review of the open-ended responses was conducted independently by three
analysts. Responses were retained for further analysis only if at least two out of three reviewers agreed
on their relevance to each theme. The majority rule was chosen to balance efficiency and accuracy
while processing a large volume of responses. Subsequently, three analysts independently developed
mutually exclusive and collectively exhaustive categories to encompass responses relevant to each
theme. The research team then conducted a collaborative review to identify common categories.
Specific responses were selected and quoted as illustrative examples to supplement and exemplify
each theme.

3 Results

This section reports the results from the expert survey (Section 3.1) and public consultation (Sec-
tion 3.2). Further analysis of open-ended responses can be found below (Section 4).

3.1 Results from the expert survey

Below, selected results across all questions are reported, namely statements with the highest and
lowest level of mean agreement (M), the highest proportion of “I don’t know” and neither agree nor
disagree” responses, notable disagreement between experts, and differences between sectors. The
results for all questions and statements are illustrated in Figure 1.

Highest agreement. The five statements with the highest mean agreement (M) across all questions
were: “thresholds should be verifiable by external actors” (M = 1.56), “the process of setting
thresholds can be influenced by conflicts of interest” (M = 1.54), “if risk thresholds are exceeded,
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Figure 3: Key results from the expert survey

AI companies should further scrutinise the AI system before deploying it” (M = 1.49), “thresholds
should be future-proof” (M = 1.47), and “thresholds should be enforceable” (M = 1.46). Figure 3a
presents these five statements with the highest mean agreement.

Lowest agreement. The five statements with the lowest mean agreement (M) across all questions
were: “thresholds should be set solely by AI companies” (M = -1.43), “thresholds should currently
be set solely by AI companies, but eventually by governments” (M = -1.03), “there should be a
single risk threshold for unacceptable risks” (M = -0.67), “there should be a single training compute
threshold” (M = -0.53), and “thresholds should be set solely by governments” (M = -0.42). Figure 3b
shows the five statements with the lowest mean agreement.

“I don’t know”. The five statements with the highest proportion of participants responding “I don’t
know” across all questions were: “there should be at least two tiers of training compute thresholds”
(13.7%), “there should be a single training compute threshold” (12.4%), “there should be a single
risk threshold for unacceptable risks” (9.9%), “there should be two tiers of risk thresholds, one for
unacceptable and one for broadly acceptable risks” (9.3%), and “there should be more than two tiers
of risk thresholds” (8.7%). Figure 3c shows the five statements with the highest proportion of “I don’t
know” responses.

“Neither agree nor disagree”. The five statements with the highest proportion of participants
responding “neither agree nor disagree” were: “thresholds should be quantitative (i.e. they should
be expressed as numerical values) or semi-quantitative (i.e. they should be expressed as ranges
of numerical values)” (32.2%), “there should be more than two tiers of risk thresholds” (25.4%),
“there should be at least two tiers of training compute thresholds” (24.2%), “there should be two
tiers of risk thresholds, one for unacceptable and one for broadly acceptable risks” (23.6%), and
“capability thresholds should be used to determine whether the development process should be paused”
(21.7%). Figure 3d shows the five statements with the highest proportion of “neither agree nor
disagree” responses.

Disagreement between experts. Disagreement among experts quantified using the standard deviation
(SD) of mean agreement scores. The five statements with the highest levels of disagreement were:
“some thresholds should be defined in terms of training compute” (SD = 0.97), “capability thresholds
should be used to determine whether the development process should be paused” (SD = 0.958),
“there should be separate thresholds for open models” (SD = 0.945), “the responsibility to identify
and implement adequate mitigations should be assigned primarily to AI companies” (SD = 0.919),
and “unaccredited or accredited third-party auditors should verify whether AI systems exceed any
thresholds” (SD = 0.903).
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Differences between private and non-private sectors. Differences between participants from
the private sector (PM) and non-private sectors (NM) are measured by the mean difference (MD).
Statements were excluded from this ranking if the confidence interval (CI) for the mean difference
included 0.

For the following statements, participants from the private sector tended to disagree, while participants
from non-private sectors tended to agree: “training compute thresholds should be used to identify AI
systems that require further scrutiny (e.g. via model evaluations)” (PM = -0.167, NM = 0.788, MD =
-0.955, CI = -0.148, -0.43) and “there should be separate thresholds for open models, i.e., models
with broadly available model weights” (PM = -0.417, NM = 0.515, MD = -0.932, CI = -1.45, -0.4).

Participants from the private sector tended to agree less with the following statements than participants
from non-private sectors: “if capability thresholds are exceeded, AI companies should notify an
independent public body (e.g. the EU AI Office, the Federal Trade Commission [FTC], or an AI
Safety Institute)” (PM = 0.5, NM = 1.333, MD = -0.833, CI = -1.35, -0.31), “the limitations of
existing model evaluations make it challenging to set and evaluate capability thresholds” (PM =
0.667, NM = 1.455, MD = -0.788, CI = -1.28, -0.29), and “capability thresholds should be based
on risk thresholds such that, if an AI system has certain capabilities, the level of risk will likely be
unacceptable” (PM = -0.083, NM = 0.697, MD = -0.78, CI = -1.2, -0.36).

3.2 Results from the public consultation

The following section summarises the findings from the public consultation, based on the analysis of
responses to the open-ended questions outlined in Table 4. Responses were analysed according the
coding scheme described in Section 2.2.

Publications and other resources. Participants recommended 79 resources on thresholds for
advanced AI systems. These include academic papers (N = 37), blog posts or websites (N = 14),
government reports, regulation, or guidance (N = 13), industry reports (N = 12), and other resources
(N = 2). The most frequently cited resources were: “Risk thresholds for frontier AI” (Koessler et
al., 2024) (N = 11), “Training compute thresholds: Features and functions in AI regulation” (Heim
& Koessler, 2024) (N = 8), and “On the limitations of compute thresholds as a governance strategy”
(Hooker, 2024) (N = 7). The EU AI Act (European Parliament, 2024) (N = 5) and the NIST AI Risk
Management Framework (NIST, 2023) (N = 5) were also mentioned frequently.

Appropriateness of training compute thresholds. Participants were divided on whether training
compute thresholds are appropriate to mitigate risks from advanced AI systems. The most commonly
mentioned advantage was that, since training compute serves as a proxy for model capabilities,
training compute thresholds can be used to evaluate AI systems before development and deployment
(N = 19). Other advantages mentioned by participants include: training compute thresholds are
quantifiable (N = 12), enforceable (N = 6), simple (N = 3), externally verifiable (N = 3), objective (N
= 3), and equitable (N = 1). One respondent remarked: “a single, clear, and objective metric makes
compute thresholds a strong, first-line regulatory policy lever for mitigating public safety risks from
rapid AI changes”. Another suggested that compute thresholds as an indicator of computational costs
can help policymakers target well-resourced entities while reducing regulatory burdens on smaller
ones.

Others raised limitations and concerns. Many participants argued that training compute is an imperfect
proxy for risk (N = 25). One respondent stated, “compute thresholds alone should generally not
determine which mitigation measures are ultimately required, given that compute is only a crude proxy
for model capabilities and an even cruder proxy for risks of large-scale societal harm.” Participants
elaborated on the complex relationship between scale, capabilities, and risks, expressing concerns
about reduced oversight (N = 4). One participant cautioned that “setting a single number of FLOP
could lead to too many models being subjected to additional scrutiny and reporting each year if the
threshold is too low. Conversely, if it is set too high, not enough models, including those with existing
harms, will be subject to reporting requirements, making the threshold a decorative measure rather
than a meaningful indicator of risk.”

Additionally, participants noted that the quantitative nature of training compute thresholds can
quickly become outdated (N = 14) due to advancements in model optimization techniques, existing
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inconsistency in the compute upper bound across bills, and susceptibility to Goodhart’s Law.5 One
respondent mentioned, “the ease of gameability of compute thresholds raises critical questions about
their suitability.” Another added, “modern AI techniques increasingly focus on efficiency, enabling
high [model] performance with relatively modest computational demands”.

Overall, the discussion on compute thresholds revealed varied perspectives. Some believed compute
thresholds alone are sufficient and more objective than alternatives (N = 3), while others strongly
opposed their use (N = 4). However, most participants who addressed compute thresholds argued that
they should not be used in isolation; instead, they should complement other types of thresholds (N =
26).

Value of other types of thresholds. Participants identified various types of threshold. One significant
category was capability thresholds, described by model capabilities and adequate mitigations (N = 19).
These thresholds can inform deployment decisions and aid in developing robust mitigation strategies.
Participants emphasised the importance of data quality (N = 6), noting that “improvements – such
as de-duplication and pruning – can enhance model performance without increasing computational
resources”.

However, not all suggested thresholds were based on model characteristics. The deployment context
and user reach (N = 14) also emerged as critical threshold types. One participant suggested that
categorising AI systems by their intended use could lead to more tailored regulatory approaches
specific to each application area. Participants also discussed risk thresholds based on the probability
and severity of harm (N = 13). However, some participants expressed concerns about the practi-
cality of using risk-based thresholds, stating that “no one knows or can agree on how to determine
the probability.” This sentiment underscores the challenges of establishing clear metrics for risk
evaluation.

Some participants focused on the autonomy of AI systems (N = 11), recommending the identification
of potentially dangerous autonomous capabilities, such as autonomous replication or expert-level
manipulation abilities. Self-replication was noted as one type of red line (N = 3) that indicates
unacceptable levels of risk. Economic impact thresholds (N = 5) were also suggested, emphasising
the economic value added by AI automation in research and development rather than relying solely
on quantitative measures.

Other potential metrics for thresholds included the level of transparency (N = 3), algorithmic efficiency
(N = 2), and regulatory compliance (N = 1). One participant also highlighted the need to consider the
frequency and impact of multi-agent interactions (N = 1), as these interactions may lead to emergent
behaviours that are difficult to predict during isolated training.

Identifying and setting thresholds. The importance of expert assessment (N = 12) and public
consultation (N = 8) was emphasised by many participants, underscoring the need for collaborative
approaches that include diverse stakeholders to avoid regulatory capture and establish standardised
metrics. Participants also proposed various strategies for identifying and setting thresholds. Many
suggested scenario planning (N = 10), which involves “mapping potential risks across various
AI-related domains and scenarios.”

Several participants highlighted existing AI risk management frameworks from NIST and recom-
mended adopting established safety standards, such as domain-specific regulations like GDPR for
data privacy and HIPAA for healthcare applications (N = 8). Publications referenced during the public
consultation also noted the value of risk assessment frameworks from other safety-critical industries.
In sectors like nuclear, maritime, aviation, healthcare, finance, and space, regulators enforce specific
risk thresholds (Koessler et al., 2024; Giudici et al., 2023; Cohere for AI, 2024). Safety cases are
required in aviation, medical devices, and defence software (Clymer et al., 2024), while scenario
analysis is used in national security to enhance threat assessment (Wasil et al., 2024).

Additionally, some participants suggested adaptive testing and monitoring to evaluate capabilities (N =
4). Two participants emphasised that companies should bear the responsibility for these assessments
through formalised corporate accountability. One participant also called for coordinated global
harmonisation and another one for increased investment in research.

Requirements for systems that exceed any threshold. For AI systems exceeding risk thresholds,
participants proposed a range of oversight measures. Continuous monitoring with testing was among

5Goodhart’s Law states that “when a measure becomes a target, it ceases to be a good measure”.
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the top suggestions (N = 15). Additionally, accountability and liability requirements received strong
support (N = 13), with recommendations for structured notifications in case of threshold breaches.
One participant suggested that “developers should notify the board of directors, the government, and
an independent public body, such as the EU AI Office or the FTC”. Another advocated for “public
disclosure of safety plans and development roadmaps to promote accountability and allow for external
scrutiny of safety measures”. Many suggested requiring detailed mitigations measures (N = 10) and
mandating third-party evaluation through licensing or certification (N = 5) to ensure that systems
adhere to safety standards and address potential risks effectively.

4 Discussion

This section discusses general results that apply to all thresholds (Section 4.1) and specific results
that only apply to certain types of thresholds (Section 4.2). It also flags key limitations of the study
(Section 4.3) and suggests directions for future research (Section 4.4). Note that all mentions of mean
agreements (M) refer to the expert survey, not the public consultation.

4.1 General results

What qualities should thresholds have? Participants largely agreed on the essential qualities
thresholds should possess. All relevant statements received high levels of support (see Figure 3a).
Participants agreed that thresholds should be verifiable by external actors (M = 1.56), future-proof
(M = 1.47),6 and enforceable by government authorities (M = 1.46).7 They also supported the need
for thresholds to be justified (M = 1.42), account for uncertainties (M = 1.38), and be internationally
harmonised (M = 1.14). There was moderate agreement that thresholds should be quantitative or
semi-quantitative (M = 0.62).

Participants’ support for external verification is also reflected in the literature (Brundage et al., 2020;
Avin et al., 2021; Shavit, 2023; Reuel et al., 2024; O’Brien et al., 2024). However, it remains unclear
what information external actors need to verify if thresholds are exceeded. This depends on the
threshold type, but will likely include information about the AI system (via model or system cards
Mitchell et al., 2019; Green et al., 2022), risk assessments (e.g. model evaluation results), mitigations
(e.g. cyber defences), and the thresholds themselves.

Efforts to justify different types of thresholds are still nascent. While scholars have suggested
options for justifying risk thresholds (Koessler et al., 2024), detailed investigations do not exist.
Recent criticisms also highlight the lack of evidence-based justifications for existing training compute
thresholds (Hooker, 2024). Although some work on threat modelling exists, much of it remains
inaccessible to the public. Additionally, there is often a lack of clear reasoning explaining why AI
systems surpassing certain capability thresholds would present significant risks.

Can thresholds from other industries be adopted? Some suggested adopting standards and
thresholds from fields such as nuclear, maritime, environment, aviation, and space. However, others
warned that AI’s unique technical complexity and uncertainty make these standards insufficient (M =
0.82). Thresholds also vary across jurisdictions (Heim & Koessler, 2024).

Who should set thresholds? Participants widely disagreed with statements that thresholds should
be set solely by AI companies (M = -1.43), solely by AI companies, with eventual government
involvement (M = -1.03), or solely by governments (M = -0.42). Instead, they believed that stakeholder
panels, including governments, AI companies, academia, civil society, affected parties, and other
relevant stakeholders, should set thresholds (M = 1.08). Participants did not express a strong opinion
on whether these thresholds should be set by both governments and AI companies (e.g. governments
set the outer bounds and provide high-level guidance, while AI companies set individual thresholds)
(M = -0.03).

6The term “future-proof” might cause confusion because it can be interpreted in two different ways, namely
that thresholds should be robust to technological change or that they should be updated frequently. For the
purposes of this study, the latter interpretation was used.

7This statement may have been unclear to some respondents. Some may have interpreted it as a statement
about the inherent nature of the threshold, while others may have understood it as a normative claim about the
legal mechanisms that should be established.
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Participants also agreed that thresholds should incorporate input from various sources: academic
and research institutions (M = 1.43), civil society organisations (M = 1.28), intergovernmental
organisations (M = 1.19), AI companies (M = 1.12), and individuals most affected by the risks
(M = 1.04). Input from the public was valued, though to a lesser extent (M = 0.66). Similarly,
comments from the public consultation highlighted the need for multiple stakeholders to participate
in identifying and setting thresholds, whether that be via expert assessments or public consultation.
There is a rich body of literature calling for broad participation (Delgado et al., 2023; Seger, Ovadya,
et al., 2023), especially by those affected most by risks, who are often members of historically
marginalised communities (Mohamed et al., 2020; Birhane, Isaac, et al., 2022; Birhane, Ruane, et
al., 2022). However, some participants also cautioned that broad participation could present its own
challenges. Since the public, including people most affected by the risk, often lack sufficient technical
knowledge, their ability to provide meaningful input might be limited.

What are the main challenges of setting and evaluating thresholds? Participants expressed strong
concern that conflicts of interest can affect the process of setting thresholds (M = 1.54). This score
represents the second-highest level of agreement among all questions (see Figure 3a). Additionally,
participants recognized that thresholds can be subject to Goodhart’s Law (M = 1.20), which states
that “when a measure becomes a target, it ceases to be a good measure”. Public consultations raised
concerns about Goodhart’s Law, particularly regarding the compute threshold due to its quantitative
nature. For a discussion of threshold-specific challenges, see Section 4.2.

When to evaluate if thresholds have been exceeded. Participants widely agreed that evaluations
should occur to determine if AI systems exceed any thresholds before deployment (M = 1.46) and
after deployment (M = 1.04). They also supported regular evaluations at set intervals (e.g. every X
months or with an increase in training compute by Y) (M = 1.41) and whenever a new version is
released (M = 1.30). To a lesser extent, they agreed that evaluations should occur during training (M
= 0.83). Participants were neutral about evaluations taking place before training (M = 0.46).

Who should verify if thresholds have been exceeded? Participants strongly agreed that accredited
third parties should verify whether AI systems exceed any thresholds (M = 1.28). There was moderate
agreement that state actors (M = 0.89) or AI companies themselves (M = 0.79) could perform this
verification. Participants were less certain about the role of unaccredited or accredited third-party
auditors (M = 0.46).

What actions may be warranted if thresholds are exceeded? Participants agreed that AI companies
should publicly disclose any instances of exceeding thresholds (M = 0.81). Many inputs from the
public consultation also stressed the need for mandatory reporting (see Kolt et al. (2024)). For a
discussion of threshold-specific measures, see Section 4.2.

What mitigations would be adequate? Participants agreed that AI companies should be incentivised
to refine existing and develop new mitigations (M = 1.20). Since AI companies employ many AI
safety researchers and have more resources than other research institutions, they are in a unique
position to contribute to such efforts (Schuett et al., 2024). Participants also agreed that it is still
unclear what specific mitigations would be adequate for specific levels of capabilities (M = 1.13).
They neither agreed nor disagreed about assigning the primary responsibility for identifying and
implementing adequate mitigations to AI companies (M = 0.48).

4.2 Specific results for different types of thresholds

Participants agreed that multiple thresholds should exist, each serving different roles and defined by
different metrics (M = 1.13). While they agreed that there should be capability thresholds (M = 1.13),
red lines (M = 1.01), and risk thresholds (M = 1.07), they neither agreed nor disagreed with the need
for training compute thresholds (M = 0.28). Comments from the public consultation suggested that
if training compute thresholds are adopted, complementary non-compute thresholds should also be
established.

Below, specific results for different types of thresholds are discussed, namely training compute
thresholds (Section 4.2.1), capability thresholds (Section 4.2.2), red lines (Section 4.2.3), risk
thresholds (Section 4.2.4) and other thresholds (Section 4.2.5). Values in brackets refer to the mean
agreement (M) on a scale from -2 (“strongly disagree”) to 2 (“strongly agree”).
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4.2.1 Training compute thresholds

By “training compute thresholds”, we mean thresholds defined in terms of the computational resources
used to train a model, often measured in floating point operations (FLOP) (Heim & Koessler, 2024;
Hooker, 2024; Koessler et al., 2024; Pistillo et al., 2025).

Training compute thresholds are already part of existing AI regulations and policy initiatives. For
example, the EU AI Act uses a threshold of 1025 operations to identify general-purpose AI (GPAI)
models with systemic risks (European Parliament, 2024; European Commission, 2025b). Similarly,
the (rescinded) US Executive Order on Safe, Secure, and Trustworthy AI imposes requirements on
companies that train models using more than 1026 operations (The White House, 2023). A small, but
growing body of literature on training compute thresholds (Heim & Koessler, 2024; Hooker, 2024;
Koessler et al., 2024; Sastry et al., 2024; Frontier Model Forum, 2024a; Cottier & Owen, 2025).

What role should training compute thresholds play? Participants widely agreed with the statement
that training compute thresholds should not be used alone to determine if an AI system poses
unacceptable risks, mainly because training compute is an imperfect proxy for risk (M = 1.20). Some
survey participants agreed that training compute thresholds could help identify AI systems that require
further scrutiny (e.g. via model evaluations) (M = 0.68). These findings are consistent with views
expressed in the literature (Heim & Koessler, 2024; Hooker, 2024; Koessler et al., 2024) and current
practices (European Parliament, 2024; European Commission, 2025b; The White House, 2023).
Many public consultation responses echoed concerns about training compute being inadequate to
address comprehensive types of risks. Others worried that compute thresholds could reduce oversight
for existing models that require less computational power but still pose significant risks.

How to set training compute thresholds? Participants did not express a strong opinion on whether
training compute thresholds should be informed by scaling laws (M = 0.31). Scaling laws are power
laws according to which the use of more data and more compute to train bigger models leads to
predictable improvements in their performance (Hestness et al., 2017; Kaplan et al., 2020; Bahri et
al., 2021; Hoffmann et al., 2022). However, it remains unclear to what extent current scaling laws
will hold in the future (Lohn & Musser, 2022; Villalobos et al., 2024; Sevilla et al., 2024; Narayanan
& Kapoor, 2024).

How many training compute thresholds should there be? Participants disagreed that there should
be a single training compute threshold (M = -0.53). However, they did not express a strong opinion
about the statement that there should be at least two training compute thresholds (M = 0.24). For
both statements, the proportion of participants who responded “I don’t know” and “neither agree nor
disagree” were among the highest across all questions (see Figure 3c and 3d).

What should companies do if training compute thresholds are exceeded? Participants agreed that
if training compute are exceeded, AI companies should conduct additional risk assessments (e.g. via
model evaluations) (M = 0.97), notify an independent public body (e.g. the EU AI Office, FTC, or an
AI Safety Institute) (M = 0.79), and notify the government (M = 0.65).

4.2.2 Capability thresholds

By “capability thresholds”, we mean thresholds defined in terms of model capabilities and adequate
mitigations (Koessler et al., 2024; Frontier Model Forum, 2025c; METR, 2025). Model capabilities
are typically assessed via model evaluations (Shevlane et al., 2023; Phuong et al., 2024; Weidinger,
Barnhart, et al., 2024; Frontier Model Forum, 2024b), benchmarks (A. K. Zhang et al., 2024; Li et
al., 2024; Huang et al., 2024; Laurent et al., 2024; Laine et al., 2024), and red-teaming exercises
(Ganguli et al., 2022; Perez et al., 2022; Weidinger, Mellor, et al., 2024), among other things (Frontier
Model Forum, 2025a). Mitigations include fine-tuning (Christiano et al., 2017; Ziegler et al., 2019),
security controls (Nevo et al., 2024), and access restrictions (O’Brien et al., 2023), among other things
(Frontier Model Forum, 2025b; Saeri et al., 2025). A key challenge of setting capability threshold
lies in determining what mitigations are adequate for varying levels of capabilities.

What role should capability thresholds play? Participants widely agreed that capability thresholds
should indicate when additional mitigations are warranted (M = 1.21). They also somewhat agreed
that these thresholds could help decide whether to deploy an AI system (M = 0.79), roll back or shut
down a deployed AI system (M = 0.71), or pause the development process (M = 0.50). These findings
align with the Ministerial Statement (DSIT, 2024b), the Frontier AI Safety Commitments (DSIT,
2024a), and the International Scientific Report on the Safety of Advanced AI (Bengio et al., 2025).
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Several AI companies currently use capability thresholds to assess whether to pause development
processes (Anthropic, 2025; OpenAI, 2025; Google DeepMind, 2025).

How to set capability thresholds? Participants agreed that capability thresholds should be informed
by threat models (M = 1.05), which describe how different risk factors might lead to harm. They
also agreed to a lesser extent that these thresholds should be guided by human uplift studies (M =
0.61). Human uplift studies assess how access to a specific AI system improves human performance.
Additionally, participants agreed that capability thresholds should align with risk thresholds, indicating
that certain capabilities likely lead to unacceptable risk (M = 0.54). Recent literature supports this
argument (Koessler et al., 2024).

However, participants expressed concern over the limitations of existing model evaluations, which
complicate the setting and evaluation of capability thresholds (M = 1.21). This concern was more
prevalent in non-private sectors. Recent research highlights limitations in current model evaluations
(Gehrmann et al., 2022; Anthropic, 2023; van der Weij et al., 2024; Järviniemi & Hubinger, 2024;
Kapoor, Stroebl, et al., 2024; Rauh et al., 2024). Participants also noted that the lack of agreed-upon
threat models for many risks and the diversity of threat models for general-purpose AI systems hinder
setting capability thresholds (M = 1.06).

How many capability thresholds should there be? Participants agreed that multiple tiers of
capability thresholds (M = 0.90) are necessary, as well as different thresholds for different types of
capabilities (M = 1.06).

What should companies do if capability thresholds are exceeded? Participants widely agreed
that, if capability thresholds are exceeded, AI companies should implement additional mitigations
(M = 1.23). They also agreed that AI companies should notify key stakeholders, namely their
board of directors (M = 1.20), an independent public body (e.g. the EU AI Office, FTC, or an AI
Safety Institute) (M = 1.16), and the government (M = 1.04). To a lesser extent, they agreed that AI
companies should prepare a safety case if thresholds are exceeded (M = 0.97). A safety case is a
structured argument, supported by evidence, that a system is sufficiently safe (Clymer et al., 2024;
Buhl et al., 2024; Goemans et al., 2025). Participants also agreed that if capability thresholds are
exceeded and AI companies cannot implement adequate mitigations, AI companies should pause the
development and deployment process until the thresholds are no longer exceeded (M = 0.83). Existing
safety frameworks, including Anthropic’s Responsible Scaling Policy (Anthropic, 2025), OpenAI’s
Preparedness Framework (OpenAI, 2025), and Google DeepMind’s Frontier Safety Framework
(Google DeepMind, 2025), already contain commitments along these lines (METR, 2025). This
practice has also been supported in the literature (Alaga & Schuett, 2023).

4.2.3 Red lines

In this paper, “red lines” refer to thresholds based on unacceptable model capabilities, regardless of
any mitigations. It is important to note that there is no universally accepted definition of “red lines”.
The most relevant source on red lines is a consensus statement from the International Dialogues on
AI Safety (IDAIS) in March 2024, which outlines proposed red lines for advanced AI systems from
Western and Chinese scientists (IDAIS, 2024). However, literature on the subject remains limited
(Bengio et al., 2024; Zoumpalova & Iliadis, 2025).

What role should red lines play? Participants widely agreed that red lines should be used to
determine whether the development process should be paused (M = 0.93) or when a deployed AI
should be rolled back or shut down (M = 1.07). As previously mentioned, current safety frameworks
already include commitment for capability thresholds (see Section 4.2.2). Various roll-back and
shut-down mechanisms have also been explored in the literature (O’Brien et al., 2024).

How many red lines should there be? Participants concurred that there should be different red lines
for different types of capabilities (M = 0.97). It is essential to clarify that there can only be one tier of
red lines. In a recent consensus statement (IDAIS, 2024), scientists propose a non-exhaustive list of
red lines for advanced AI systems (see Table 5).

What should companies do if red lines are crossed? Participants overwhelmingly agreed that, if
red lines are crossed, AI companies should notify their board of directors (M = 1.38), an independent
public body (e.g. the EU AI Office, FTC, or an AI Safety Institute) (M = 1.35), and the government
(M = 1.26). Additionally, AI companies should pause the development and deployment process until
the red lines are no longer exceeded (M = 1.27).
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Red line Description

Autonomous replication
or improvement

No AI system should be able to copy or improve itself without explicit
human approval and assistance. Examples include both exact copies of
itself as well as creating new AI systems of similar or greater abilities.

Power seeking No AI system should take actions to unduly increase its power and
influence.

Assisting weapon
development

No AI systems should substantially increase the ability of actors to
design weapons of mass destruction, or violate the biological or
chemical weapons convention.

Cyberattacks No AI system should be able to autonomously execute cyberattacks
resulting in serious financial losses or equivalent harm.

Deception No AI system should be able to consistently cause its designers or
regulators to misunderstand its likelihood or capability to cross any of
the preceding red lines.

Table 5: Red lines for advanced AI systems

4.2.4 Risk thresholds

By “risk thresholds”, we mean thresholds defined in terms of the probability and severity of harm
(Koessler et al., 2024), corresponding with the “risk” definition found in the EU AI Act (European
Parliament, 2024) and NIST AI Risk Management Framework (NIST, 2023).

Risk thresholds are common in other safety-critical industries, such as nuclear, maritime, aviation, and
space. They are also integral to AI risk management standards, such as the NIST AI Risk Management
Framework (NIST, 2023) and corresponding guidelines (NIST, 2024) as well as ISO/IEC 23894
(ISO & IEC, 2023). While extensive literature exists on risk thresholds in other sectors (Linkov et al.,
2011; Marhavilas & Koulouriotis, 2021; Fischhoff et al., 1981; Klinke & Renn, 2002; Starr, 1969),
literature on AI risk thresholds is still nascent (Koessler et al., 2024; Raman et al., 2025; Caputo et
al., 2025).

What role should risk thresholds play? Participants agreed that risk thresholds should inform
deployment decisions (M = 1.22). To a lesser extent they also supported using risk thresholds to set
capability thresholds (M = 0.56). The literature has suggested a distinction between “direct” and
“indirect” ways in which risk thresholds can inform deployment decisions which roughly correspond
to these two options (Koessler et al., 2024).

How to set risk thresholds? Participants expressed equal agreement on how to set risk thresholds
based on three criteria: expert opinions (M = 0.63), existing thresholds from other safety-critical
industries (M = 0.61), and cost-benefit analyses (M = 0.59). They neither agreed nor disagreed
that risk thresholds should reflect people’s revealed preferences regarding acceptable risk levels in
everyday activities (M = -0.02). “Revealed preferences” refer to the level of risk people seem to
accept when engaging in common activities (e.g. driving). All four approaches have been used in
other industries (Koessler et al., 2024).

Concerns. Concerns were raised about the potential for AI companies to downplay risks to remain
within acceptable thresholds (M = 1.44) and the lack of reliable risk estimation methods complicating
the setting and evaluation of these thresholds (M = 1.23). These concerns were also voiced by
participants of the public consultation. Additionally, there were reservations about the applicability
of existing thresholds from other industries to advanced AI systems, which pose unique challenges
(M = 0.82).

How many risk thresholds should there be? Most participants agreed that multiple risk thresholds
should exist. They supported having a threshold above which risks are considered unacceptable (M =
1.25) and another below which risks are broadly acceptable, requiring no additional mitigations (M =
0.91). They also believed that, between the thresholds for broadly acceptable and unacceptable risk,
AI companies should implement additional mitigations unless their costs are grossly disproportionate
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to their benefits (M = 0.90), a principle known “as low as reasonably practicable (ALARP)” (Melchers,
2001; Linkov et al., 2011). Overall, participants disagreed with the notion of a single risk threshold
for unacceptable risks (M = -0.67), but showed uncertainty regarding the ideal number of thresholds,
neither agreeing nor disagreeing that there should be two (M = 0.02) and providing limited support
for more than two tiers of risk thresholds (M = 0.50). Importantly, they believed that there should be
different risk thresholds for different types of harms (e.g. number of fatalities and economic damage)
(M = 1.22).

What should companies do if risk thresholds are exceeded? Participants generally agreed that
exceeding risk thresholds should prompt AI companies to further scrutinise the AI system before
deployment (e.g. through model evaluations) (M = 1.49). They did not express a strong opinion on
whether exceeding risk thresholds should lead to a strict decision rule (e.g. “if an AI system exceeds
a risk threshold, it may not be deployed”), primarily due to the unreliability of current risk estimation
methods (M = 0.00).

4.2.5 Other types of thresholds

Participants expressed agreement that there should be additional types of thresholds (M = 0.94).
Feedback from the public consultation suggested that these thresholds could be defined by various
factors, including, but not limited to, data quality, algorithmic efficiency, interaction effects of multiple
agents, the number and type of users, deployment context, and release strategy. The term “deployment
context” refers to the way in which an AI system is deployed. While some systems are deployed
via an application programming interface (API) (Shevlane, 2022; Bucknall & Trager, 2023), others
are open-sourced (Seger, Dreksler, et al., 2023; Kapoor, Bommasani, et al., 2024; Bommasani et al.,
2024). But note that there is a whole spectrum of deployment modes (Solaiman, 2023). The Frontier
Safety Commitments are also open to different types of thresholds (DSIT, 2024a).

4.3 Limitations

The results should be seen as suggestive rather than authoritative, as the study may not capture the
full range of views across the community of AI experts and the public for the following reasons.

Survey sample. The expert survey, designed to explore a wide range of claims across 98 aspects
of setting, verifying, and enforcing thresholds, was limited by a small sample size (N = 166). In
addition, the number of responses varied below 166 for most questions as they were optional which
may affect the robustness of the findings. See Figure for the number of responses for each claim.
Additionally, the sample did not achieve a balanced representation of private and non-private sectors,
potentially influencing the assessment of dissensus between these groups (see Table 2).

Terms. While key terms were defined at the outset of the expert survey (see Table 1) to provide clarity,
these terms are not universally accepted and may have been interpreted differently by participants.
The lack of a common understanding regarding terms relevant to thresholds may have distorted the
results to some degree. For example, some individuals and organisations use “risk threshold” and
“capability threshold” interchangeably. OpenAI’s Preparedness Framework refers to “risk thresholds”
(OpenAI, 2025), whereas other sources use the term “capability thresholds” (Koessler et al., 2024).
Notably, the initial OECD.AI blog post announcing this project also mentioned “risk thresholds”
(OECD.AI, 2024), although it encompassed a broader scope, including various types of thresholds,
such as training compute thresholds.

Survey questions. Although the expert survey was crafted to be neutral and refined through feedback
from partner research organisations, it inevitably reflects certain perspectives and assumptions. Some
participants pointed out that the survey’s focus on thresholds for AI models may restrict discussions
related to risks associated with larger AI systems or the interactions between multiple AI systems. A
few respondents noted that the survey appeared to assume a direct correlation between increasing
AI capabilities and heightened risks. Moreover, some survey statements could have been clearer to
help participants better evaluate them. Phrases like “thresholds should be future-proof”, “thresholds
should be enforceable”, or “risk thresholds should be used to set capability thresholds” may have
been ambiguous, leading to varied interpretations. Four participants thought that the survey design
was not suitable for encompassing diverse viewpoints. They thought the fixed response format was
restrictive for those who disagreed with the underlying assumptions and terminologies. However,
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these concerns are at least partially addressed by the open-ended response options in the survey and
the public consultation, along with triangularisation during analysis.

Coding. Analysis of open-ended responses was conducted by three analysts, following best practices
for qualitative coding, including a structured coding framework and regular discussions to ensure
intercoder reliability. Despite these efforts, some subjectivity may still have been introduced.

4.4 Future work

The study raises several unanswered questions, underscoring the urgent need for further research
in this area. Future efforts to establish thresholds for AI systems should focus on defining and
operationalizing these thresholds in relation to model capabilities and key risk mitigations, particu-
larly through the development of comprehensive threat models. A structured process for creating
stakeholder panels may be essential to facilitate inclusive decision-making, ensuring that diverse
perspectives from government, industry, and civil society are represented. Additionally, identifying
mechanisms for external verification by accredited third parties could enhance the credibility and
reliability of threshold assessments. Finally, addressing potential conflicts of interest in the threshold-
setting process will be important to ensure balanced and equitable input from all stakeholders involved.
By pursuing these avenues, the field can enhance the robustness and effectiveness of thresholds as
governance tools for AI systems.

5 Conclusion

This paper has reported findings from the first survey on thresholds for advanced AI systems. It has
identified several areas of agreement and divergence among experts from academia, civil society, as
well as the private and public sector. The findings can serve as evidence in ongoing policy discussions.
In light of rapid progress in AI development, setting thresholds for advanced AI systems is an urgent
and difficult challenge that governments and AI companies cannot – and should not – tackle on their
own. Instead, different stakeholder groups must work together and more research is needed to address
some of the many open problems. The authors hope that this study can contribute to such efforts.
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Appendix

Appendix A: List of survey participants

54 participants of the expert survey consented to their names and affiliations, as specified by them,
being mentioned in this paper (in alphabetical order). 111 participants, not listed here, did not
provide their permission. Note that participants do not necessarily represent any organisations they
are affiliated with. They chose to add their name after completing the survey and were not sent the
manuscript before publication.

• Adriano Koshiyama, Holistic AI
• Amit Ashkenazi
• Armando Guio, Global Network of Internet & Society Centers (NoC)
• Amanda Craig, Owen Larter, Ani Gevorkian & William Bartholomew Microsoft
• Ben Bucknall, Centre for the Governance of AI
• Benoit Bergeret, strategies.ai
• Blanc Nicolas, TUAC
• Brendan Reidenbach, International Energy Agency
• Carlos I Gutierrez, Google
• Carlos Muñoz Ferrandis
• Charles Fadel, BIAC
• Charles Martinet & Charbel-Raphaël Segerie, Centre pour la Sécurité de l’IA (CeSIA)
• Craig E. Shank, CES.WORLD PLLC
• Cyrus Hodes
• Derli Anacona, Departamento Nacional de Planeación
• Dexter Docherty, OECD
• Eric Sutherland, OECD
• Eva Thelisson, AI Transparency Institute
• Evan Hadfield, The Collective Intelligence Project
• Graham Taylor, University of Guelph / Vector Institute
• Gregg Barrett, Cirrus AI
• Henry Papadatos, SaferAI
• Holden Karnofsky, Carnegie Endowment for International Peace
• Ian R. Hodgkinson, Loughborough Business School, Loughborough University, UK
• Ilana Golbin Blumenfeld, PwC
• Kate Kaye, World Privacy Forum
• Kwak Joon-ho, TTA of the ROK
• Lennart Heim, RAND
• Liliana Fernandez Gomez, Spiral Center of Technologies for Development
• Luis Ricardo Sánches Hernandez, National Institute for Transparency Access to Public Informa-

tion and Personal Data Protection
• Markus Anderljung, Centre for the Governance of AI
• Merve Hickok, Center for AI and Digital Policy
• Michel Morvan, Cosmo Tech
• Nico Miailhe, PRISM Eval
• Niloofar Mireshghallah, UW
• Olivia J. Erdelyi, University of Canterbury & University of Bonn
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• Ott Velsberg, Ministry of Economic Affairs and Communications
• Qinghua Lu, CSIRO, Australia
• Rachel Freedman, UC Berkeley
• Rafael Cuervo, National Planning Department
• Rebecca Finlay, Partnership on AI
• Richard Mallah, Future of Life Institute
• Samo Zorc, Chair of AI Technical Committee, Slovenian Institute for Standardization (SIST)
• Sean McGregor, UL Research Institutes
• Sebastian Hallensleben, VDE / CEN-CENELEC
• Stephen Casper, MIT
• Tim Clement-Jones, UK House of Lords
• Tim Fist, Institute for Progress
• Tim G. J. Rudner, New York University
• Tom David, PRISM
• Tom Jackson, Loughborough University
• Utpal Mangla, IBM
• Yannis Assael, Ministry of Digital Governance, Greece
• Yeong Zee Kin, Chief Executive, Singapore Academy of Law
• Yoshua Bengio, University of Montreal & Mila
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Appendix B: List of consultation participants

The following people participated in the public consultation (in alphabetical order). Note that
participants do not necessarily represent any organisations they are affiliated with.

• Ajay Gambhir

• Anna Katariina Wisakanto

• Benjamin Barber

• Brian Scarpelli

• Center for AI and Digital Policy (CAIDP)

• Charbel-Raphael Segerie

• Dave Lewis

• Demetrius Floudas

• Eva Behrens

• Francesca Rossi

• Geetika

• Giacomo Petrillo

• Heather Domin

• Herp Derpingson

• Ima Bello

• James Norris

• John Handy Bosma

• John Sotiropoulos

• Jose Oyola

• Juho Reivo

• Kadian Davis-Owusu

• Kedharnath Sankararaman

• Kiyomi Carbone

• Kyrtin Atreides

• Lennart Heim

• Lilian Do Khac

• Luciano Zorzin

• Majiuzu Daniel Moses

• Mario Bertorelli

• Matteo

• Melissa Hopkins

• Michael Borelli

• Michael Chen

• Nell Watson

• Peter Slattery

• Raja Sengupta

• Rebecca Portnoff

• Sara Hooker

• Seth Hays

• Simon Falk
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• Tereza Zoumpalova
• Tom David
• Will Jennings
• Yoshua Bengio
• Zach Stein-Perlman
• Anon1
• Anon2
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Appendix C: Questionnaire

1. What qualities should thresholds have?

• “Thresholds should be justified, i.e. they should rest on explicit arguments for why AI systems
that exceed the thresholds would pose severe risks.”

• “Thresholds should be easy to communicate.”
• “Thresholds should be quantitative (i.e. they should be expressed as numerical values) or

semi-quantitative (i.e. they should be expressed as ranges of numerical values).”
• “Thresholds should account for uncertainties, i.e. they should reflect the fact that risk assessment

methods might be imprecise (e.g. by adding safety margins).”
• “Thresholds should be internationally harmonised, i.e. thresholds in different countries should,

as much as possible, be set in similar ways.”
• “Thresholds should be verifiable by external actors, i.e. external actors should be provided

necessary information to verify whether the thresholds have been exceeded.”
• “Thresholds should be future-proof, i.e. they should be updated periodically according to the

state of the art.”
• “Thresholds should be enforceable, i.e. government authorities should be able to enforce the

actions that AI companies should take if thresholds are exceeded.”

2. How should different types of thresholds be defined?

• “Some thresholds should be defined in terms of risk estimates, i.e. they should specify what
likelihood and magnitude of different types of harm would be acceptable (risk thresholds).”

• “Some thresholds should be defined in terms of model capabilities AND mitigations, i.e. they
should specify what capabilities would be concerning and what mitigations would be adequate
for those capabilities (capabilities thresholds).”

• “Some thresholds should be defined in terms of unacceptable model capabilities, i.e. they should
specify what capabilities would be unacceptable (red lines) regardless of mitigation measures.”

• “Some thresholds should be defined in terms of training compute, i.e. the computational
resources used to train a model (training compute thresholds).”

• “Some thresholds should be defined in terms of other factors (e.g. number and type of users,
deployment context, or release strategy).”

• “There should be different thresholds that play different roles and are defined using different
metrics.”

3. What role should different types of thresholds play?

• “Risk thresholds should be used to set capabilities thresholds.”
• “Risk thresholds should be used to inform the decision about whether an AI system should be

deployed.”
• “Capabilities thresholds should be used to determine whether additional mitigations are war-

ranted.”
• “Capabilities thresholds should be used to determine whether the development process should

be paused.”
• “Capabilities thresholds should be used to determine whether an AI system should be deployed.”
• “Capabilities thresholds should be used to determine whether a deployed AI system should be

rolled back or shut down.”
• “Red lines should be used to determine whether the development process should be paused.”
• “Red lines should be used to determine whether a deployed AI system should be rolled back or

shut down.”
• “Training compute thresholds should be used to identify AI systems that require further scrutiny

(e.g. via model evaluations).”
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• “Since training compute is an imperfect proxy for risk, training compute thresholds should not
be used on their own to determine whether an AI system poses unacceptable risks.”

4. How should thresholds be justified?

• “Risk thresholds should be based on cost-benefit analyses or similar approaches, i.e. analyses
that weigh the potential harms and benefits of AI systems.”

• “Risk thresholds should be based on existing risk thresholds from other industries, i.e. reviews
of risk thresholds in other safety-critical industries (e.g. nuclear, chemicals, or aviation) adapted
to AI systems.”

• “Risk thresholds should be based on expert opinions, i.e. surveys of the level of risk that a
diverse set of experts considers to be acceptable.”

• “Risk thresholds should be based on people’s revealed preferences, i.e. reviews of the level of
risk people seem to accept when engaging in common activities (e.g. driving).”

• “Capabilities thresholds should be based on risk thresholds such that, if an AI system has certain
capabilities, the level of risk will likely be unacceptable.”

• “Capabilities thresholds should be informed empirical studies that assess how much access to a
specific AI system improves human performance (human uplift studies).”

• “Capabilities thresholds should be informed by threat models, i.e. models that describe how
different risk factors could plausibly lead to harm.”

• “Training compute thresholds should be based on the amount of computational resources used to
train existing models.”

• “Training compute thresholds should be informed by scaling laws, i.e. power laws according
to which the use of more data and more compute to train bigger models leads to predictable
improvements in their performance.”

5. Who should set thresholds?

• “Thresholds should be set solely by governments.”
• “Thresholds should be set solely by AI companies.”
• “Thresholds should be set by governments AND AI companies (e.g. governments set the outer

bounds and provide high-level guidance, while AI companies set individual thresholds).”
• “Thresholds should be set by stakeholder panels (e.g. composed of governments, AI companies,

academia, civil society, affected parties and other relevant stakeholders).”
• “Thresholds should currently be set solely by AI companies, but eventually by governments.”

6. Who should provide input into the setting of thresholds?

• “Thresholds should be set with input from AI companies (assuming that thresholds are not set
by AI companies).”

• “Thresholds should be set with input from academic and research institutions.”
• “Thresholds should be set with input from civil society organisations.”
• “Thresholds should be set with input from intergovernmental organisations.”
• “Thresholds should be set with input from the public.”
• “Thresholds should be set with input from the people most affected by the risks.”

7. How many thresholds should there be?

• “There should be a risk threshold above which the level of risk is unacceptable.”
• “There should be a risk threshold below which the level of risk is broadly acceptable, i.e. no

additional mitigations are needed.”
• “Between the thresholds for broadly acceptable and unacceptable risk, AI companies should keep

the level of risk as low as reasonably practicable (ALARP), i.e. companies need to implement
additional mitigations unless their costs are grossly disproportionate to their benefits.”
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• “There should be a single risk threshold for unacceptable risks”
• “There should be two tiers of risk thresholds, one for unacceptable and one for broadly acceptable

risks.”
• “There should be more than two tiers of risk thresholds.”
• “There should be different risk thresholds for different types of harms (e.g. number of fatalities

and economic damage).”
• “There should be multiple tiers of capabilities thresholds.”
• “There should be different thresholds for different types of capabilities.”
• “There should be different red lines for different types of capabilities. (Note that, by definition,

there can only be one tier of red lines.)”
• “There should be a single training compute threshold”
• “There should be at least two tiers of training compute thresholds.”
• “There should be separate thresholds for open models, i.e. models with broadly available model

weights.”

8. What are potential challenges of setting and evaluating thresholds?

• “The process of setting thresholds can be influenced by conflicts of interest.”
• “Thresholds can be subject to Goodhart’s Law (when a measure becomes a target, it ceases to be

a good measure)”
• “AI companies may (intentionally or unintentionally) downplay the risks from their AI systems

to stay below risk thresholds.”
• “The lack of reliable risk estimation methods makes it challenging to set and evaluate risk

thresholds.”
• “Due to the unique challenges of advanced AI systems, existing risk thresholds from other

safety-critical industries might not be applicable to an AI context.”
• “The lack of agreed upon threat models for many risks and the variety of threat models for

general purpose systems make it challenging to set capabilities thresholds.”
• “The limitations of existing model evaluations make it challenging to set and evaluate capabilities

thresholds.”

9. When should it be evaluated whether AI systems exceed any thresholds?

• “It should be evaluated before training whether AI systems exceed any thresholds.”
• “It should be evaluated during training whether AI systems exceed any thresholds.”
• “It should be evaluated before deployment whether AI systems exceed any thresholds.”
• “It should be evaluated after deployment whether AI systems exceed any thresholds.”
• “It should be evaluated in regular intervals (e.g. every X months or an increase in training

compute by Y) whether AI systems exceed any thresholds (especially if systems can learn from
interactions with the world).”

• “It should be evaluated whether their AI systems exceed any risk thresholds anytime a new
version is released.”

10. Who should verify whether AI systems exceed any thresholds?

• “AI companies should self-assess whether their AI systems exceed any thresholds.”
• “State actors should verify whether AI systems exceed any thresholds.”
• “Unaccredited or accredited third-party auditors should verify whether AI systems exceed any

thresholds.”
• “Accredited third parties should verify whether AI systems exceed any thresholds.”

11. What actions may be warranted if thresholds are exceeded?
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• “If any thresholds are exceeded, AI companies should make it public.”
• “If risk thresholds are exceeded, AI companies should further scrutinize the AI system before

deploying it (e.g. via model evaluations).”
• “Due to the unreliability of current risk estimation methods, exceeding risk thresholds should

not be part of a strict decision rule (e.g. if an AI system exceeds a risk threshold, it may not be
deployed).”

• “If capabilities thresholds are exceeded, AI companies should implement additional mitigations.”
• “If capabilities thresholds are exceeded and AI companies cannot implement adequate mitiga-

tions, they should pause the development and deployment process until the thresholds are no
longer exceeded.”

• “If capabilities thresholds are exceeded, AI companies should prepare a safety case, i.e. a report
that makes a structured argument, supported by evidence, that a system is sufficiently safe.”

• “If capabilities thresholds are exceeded, AI companies should notify their board of directors.”
• “If capabilities thresholds are exceeded, AI companies should notify the government.”
• “If capabilities thresholds are exceeded, AI companies should notify an independent public body

(e.g. the EU AI Office, FTC, or an AI Safety Institute).”
• “If red lines are crossed, AI companies should pause the development and deployment process

until the red lines are no longer crossed.”
• “If red lines are crossed, AI companies should notify their board of directors.”
• “If red lines are exceeded, AI companies should notify the government.”
• “If red lines are exceeded, AI companies should notify an independent public body (e.g. the EU

AI Office, FTC, or an AI Safety Institute).”
• “If training compute thresholds are exceeded, AI companies should conduct additional risk

assessments (e.g. via model capabilities).”
• “If training compute thresholds are exceeded, AI companies should notify the government.”
• “If training compute thresholds are exceeded, AI companies should notify an independent public

body (e.g. the EU AI Office, FTC, or an AI Safety Institute).”

12. What mitigations would be adequate?

• “It is still unclear what specific mitigations would be adequate for specific levels of capabilities.”
• “The responsibility to identify and implement adequate mitigations should be assigned primarily

to AI companies.”
• “AI companies should be incentivised to refine existing and develop new mitigations.”

13. How should thresholds change as AI systems become more capable?

• “As AI systems become more capable, it should be assessed more rigorously whether thresholds
have been exceeded.”

• “As AI systems become more capable, verification procedure should be standardised such that
trained auditors with sufficient access can verify whether thresholds have been exceeded.”

• “As AI systems become more capable, risk thresholds should not change.”
• “As AI systems become more capable, capabilities thresholds should rely more on model

propensities, i.e. not just on what a system can do, but also its inclination to do these things.”
• “As AI systems become more capable, actors who set capabilities thresholds should become

more risk-averse, i.e. they should be more willing to accept false positives (overestimating
system risks) and less willing to accept false negatives (underestimating system risks).”
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