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Abstract

Artificial intelligence (AI) is advancing rapidly, with the potential for significantly
automating AI research and development itself in the near future. In 2024, in-
ternational scientists, including Turing Award recipients, warned of risks from
autonomous AI research and development (R&D), suggesting a red line such that
no AI system should be able to improve itself or other AI systems without ex-
plicit human approval and assistance. However, the criteria for meaningful human
approval remain unclear, and there is limited analysis on the specific risks of au-
tonomous AI R&D, how they arise, and how to mitigate them. In this brief paper,
we outline how these risks may emerge and propose four minimum safeguard
recommendations applicable when AI agents significantly automate or accelerate
AI development:

1. Frontier AI developers should thoroughly understand the safety-critical details
of how their AI systems are trained, tested, and assured to be safe, even as
these processes become automated.

2. Frontier AI developers should implement robust tools to detect internal AI
agents egregiously misusing compute—for instance, by initiating unauthorized
training runs or engaging in weapons of mass destruction (WMD) research.

3. Frontier AI developers should rapidly disclose to their home governments any
potentially catastrophic risks that emerge or escalate due to new capabilities
developed through AI-accelerated research.

4. Frontier AI developers should implement the information security measures
needed to prevent internal and external actors—including AI systems and
humans—from stealing their critical AI software if rapid autonomous im-
provement to catastrophic capabilities becomes possible.

→Core contributors and corresponding authors. The remaining authors are listed in alphabetical order.
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1 Introduction

Figure 1: Summary of risk models and policy recommendations.

1.1 Autonomous AI R&D is a near-term possibility

Rapid advancements in AI agents have been made in recent years. Projecting the trends in Figure 2
indicates that by early 2027 AI agents might complete software engineering tasks that typically
require human experts a full workweek to complete. While the pace of progress remains uncertain,2
some experts now consider it plausible that in the near future AI agents could autonomously perform
months of human-equivalent software engineering (Grace et al., 2024). If agents are developed with
these autonomous capabilities, AI companies might be strongly motivated to use them to automate
their workflows (Sett, 2024; Amodei, 2025). There is therefore a live possibility that AI research and
engineering will be significantly automated soon.3

Figure 2: AI agents are becoming increasingly autonomous (Kwa et al., 2025).

2One source of uncertainty in progress is that trajectories derived from short-term tasks may not reliably
predict outcomes over longer time horizons. Furthermore, current benchmarks might either overestimate or
underestimate the capabilities of AI R&D automation (Kwa et al., 2025).

3We do not assert that Figure 2 necessarily indicates that the automation of AI R&D will occur within the
next few years; however, it does suggest that such an outcome remains a plausible and active possibility.
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1.2 Many actors have acknowledged risks from autonomous AI R&D

The risk from autonomous AI R&D has been acknowledged by researchers, governments, and the
leading AI companies. Many AI developers have produced frontier safety policies outlining key
risks they intend to mitigate, including those arising from autonomous AI improvement (OpenAI,
2025; Google DeepMind, 2025; Anthropic, 2025; Microsoft Corporation, 2025; Amazon, 2025). For
example, Google DeepMind characterizes the risk associated with autonomous AI R&D as the “risks
of the misuse of models capable of accelerating the rate of AI progress, the result of which could be
the unsafe attainment or proliferation of other powerful AI models” (Google DeepMind, 2025).

Government organizations also evaluate capabilities related to autonomous AI R&D, including the
U.K. AI Security Institute and National Institute for Standards and Technology. In a joint report,
these agencies identify risks stemming from a “rapid pace of change in AI development” and from AI
agents that “aid the development of AI systems specialized to cause harm” (U.S. AI Safety Institute
and U.K. AI Safety Institute, 2024).

In response to these risks, international scientists have called for a red line such that no AI system
should be allowed to improve itself without explicit human approval and assistance (International
Dialogues on AI Safety, 2024); however, the criteria for meaningful human approval remain unclear,
and there has been limited analysis on the specific risks of autonomous AI R&D, how they arise, and
how to mitigate them.

To address this gap, we facilitated a two-day workshop where experts deliberated on these issues.
The workshop included 20 participants representing diverse perspectives from academia, industry,
civil society, and policymaking across various jurisdictions. By the end of this workshop, the group
arrived at a general agreement on the mechanisms through which risks from autonomous AI R&D
may emerge, along with two thresholds and four policy recommendations to mitigate these risks.

The remainder of this paper is structured as follows. Section 1.3 summarizes the risk pathways, while
Section 1.4 outlines the critical thresholds and recommendations for frontier AI developers before
these thresholds are reached. The subsequent sections provide detailed definitions of the thresholds,
the threat models motivating them, the corresponding policy recommendations, and measurable
indicators justifying their implementation. Section 2 details Threshold One and its recommendations,
and Section 3 addresses Threshold Two and its associated recommendations.

1.3 Categorizing risks from autonomous AI R&D

The risks of autonomous AI R&D can be categorized into two interrelated types: those associated with
the automation of AI R&D processes and those resulting from rapid advancements in AI capabilities.

Risks from AI R&D automation. If AI agents can automate internal research workflows, com-
petitive market pressures may drive AI companies to delegate the majority of software R&D tasks
to AI agents. Without proper mitigations, greater automation of AI development could reduce
effective human oversight; hinder the identification of accidents, misuse, or misalignment; and
compromise the AI supply chain by mechanisms that are hard to notice and costly to revert. Specifi-
cally, AI agents might sabotage safety efforts and create an unauthorized internal deployment
for dangerous purposes (Benton et al., 2024). For example, AI agents could create malware that
infiltrates development infrastructure, leading to uncontrolled scaling of harmful capabilities on the
developer’s own servers. Harmful outcomes could result from internal AI agents with misaligned
goals (Greenblatt et al., 2024a; Meinke et al., 2025) or from human actors like rogue employees.

Risks from rapid autonomous improvement. Second, automated AI development could lead
to an accelerated rate of improvement in catastrophic capabilities. As a result, governments may
fail to recognize emerging threats, such as those related to weapon development and cyberattacks,
delaying intervention and missing opportunities for timely defensive measures and international
coordination, potentially allowing catastrophic outcomes (Organisation for Economic Co-operation
and Development, 2024). Furthermore, automated AI development increases the risk that catas-
trophic capabilities proliferate, as stolen or self-exfiltrating models could autonomously improve
themselves or other systems in dangerous ways following the proliferation. These dangers and others
might quickly become severe following significant automation of AI development. Therefore, the
threshold at which AI agents have strong autonomous research and engineering capabilities defines a
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natural deadline for preparing key safety, security, and governance measures fit to mitigate extreme
risks.

1.4 Summary of bare minimum policy recommendations

To address these two categories of risks, we propose specific thresholds, alongside recommendations
for key safety practices that must be implemented prior to reaching these thresholds.

Threshold One: By the time AI agents automate most internal research and engineering:

• Recommendation One: Frontier AI developers should thoroughly understand the
safety-critical details of how their AI systems are trained, tested, and assured to be
safe. These details include information on AI training processes, mitigation designs, and
risk evaluation experiments. Maintaining awareness of these details is essential for ensuring
human oversight, even as these processes become increasingly automated by AI agents. The
oversight and security measures discussed by Recommendation One and Recommendation
Two must be robust to subversion from internally deployed AI agents (Greenblatt et al.,
2024b), in the absence of strong evidence that these AI agents are trustworthy.

• Recommendation Two: Frontier AI developers should implement robust tools to detect
internal AI agents egregiously misusing compute. These tools might include oversight and
internal security measures that allow developers to confirm that AI agents are not using large
amounts of compute in unintended ways. This includes compute for training, experiments, or
large amounts of inference. For example, developers should know if models are performing
unauthorized training runs or using an excessive amount of inference computation for
research directed at finding ways to subvert safety and oversight measures.

Threshold Two: By the time AI agents can dramatically accelerate improvement in catastrophic
capabilities (which may but need not coincide with research automation):

• Recommendation Three: Frontier AI developers should rapidly disclose to their home
governments any potentially catastrophic risks that emerge or escalate due to new
capabilities developed through AI-accelerated research. These risks include observations
or evaluations of internally deployed AI agents in addition to externally deployed ones.

• Recommendation Four: Frontier AI developers should implement the information
security measures needed to prevent internal and external actors from stealing their
critical AI software. These security measures should be sufficient to prevent AI systems
from exfiltrating their software (e.g., weights) and to defend AI software from highly
well-resourced cyberattacks and insider threats.

The proposed thresholds are communication tools, not triggers for action. They were developed to
align researchers and policymakers on the risks and mitigations of autonomous AI R&D. They do not
bind any individual or company, but rather represent our best current consensus on appropriate goals
for frontier AI developers. Most safety practices require over two years of preparation, so the time to
act is now.

2 Threshold One: AI agents automate most internal research and engineering

2.1 Definition

AI agents are said to “automate most internal research and engineering” if, for an AI development lab,
the productivity loss from not utilizing AI agents in internal software R&D exceeds the loss incurred
by laying off half of the lab’s software engineers and researchers. Software R&D encompasses
activities such as conducting ML experiments, building infrastructure, and performing security
engineering.

2.2 Threat models

By the time Threshold One is reached, we think AI agents internally deployed in plausibly pose
several risks:
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Safety sabotage. AI agents may develop misaligned goals, leading them to sabotage safety efforts
in order to conceal their misalignment (Benton et al., 2024; Balesni et al., 2024). This form of safety
sabotage can occur at various stages of the AI development lifecycle:

• Training sabotage. AI agents might generate large volumes of synthetic training data,
embedding dangerous knowledge or goals into the models (Vassilev et al., 2024).

• Research sabotage. AI agents could falsify the results of critical safety experiments to
mislead researchers or insert bugs into code, delaying progress.

• Mitigation sabotage. AI agents may directly undermine safety mitigation. For instance,
Constitutional AI (Bai et al., 2022) relies on AI models to evaluate other AI systems.
However, these models could sabotage the process by failing to report harmful behaviors in
other AI systems.

Unauthorized internal deployment. AI agents might create an unauthorized internal deployment
by utilizing the compute they have access to for dangerous purposes (Shlegeris, 2024a).

• Unmonitored research. For example, AI agents might use compute intended for ML experi-
ments to instead perform research on jailbreaking monitors, contaminating training data,
exfiltrating their software and replicating themselves on new machines (Pan et al., 2024), or
finding zero-day vulnerabilities.

• Server compromise. AI agents could also compromise development servers in subtle ways,
similar to how the Stuxnet malware obscured code from Iranian scientists (Knapp and Langill,
2015). Once compromised, AI agents might perform dangerous research as described above,
which is potentially more difficult to catch because AI developers remain unaware of the
code running on their machines.

2.3 Policy recommendations and implementation

Recommendation One. To mitigate safety sabotage from their AI systems (Benton et al., 2024),
frontier AI developers should thoroughly understand the safety-critical details of how those systems
are developed and their safety is assured. These details include information on AI training processes,
mitigation designs, and risk evaluation experiments. Appropriate measures should include monitoring
techniques to inspect data used for training models and oversight of experimental code to detect signs
of sabotage, among other safeguards such as those described in (Greenblatt et al., 2024b). Developers
should not only know the facts of how their models are developed, but also fully understand them.
They should not rely on AI systems to assess safety evidence unless there is a compelling justification
for the trustworthiness of those systems (Clymer et al., 2024a).

Recommendation Two. To mitigate unauthorized internal deployment, frontier AI developers
should have tools that enable them to detect any significant misuse of compute by internal AI agents.
These tools may include monitoring systems (Stein and Dunlop, 2024), control protocols (Greenblatt
et al., 2024b), compute limits on experiments, and internal security measures. Such measures must
be resilient to models that intentionally attempt to subvert them, unless there is strong evidence that
the models are trustworthy and genuinely aligned (Greenblatt et al., 2024a). Developers should also
implement an incident response plan that restricts agents’ access and usage upon detecting suspicious
activities and, if necessary, shuts down the agents (O’Brien et al., 2023).

2.4 Possible indicators for implementation

The increasing automation of AI development is unlikely to catch developers off guard. Therefore,
developers should proactively monitor key indicators and address potential risks. This entails tracking
productivity metrics such as the volume of code autonomously generated by AI agents (Sett, 2024),
the extent to which AI agents can perform tasks that traditionally require substantial time from human
researchers (e.g., weeks) (Wijk et al., 2024), and the qualitative evaluations of AI agents’ helpfulness
as reported by technical staff (Owen, 2024).

Furthermore, control and security measures should be incrementally enhanced in tandem with
the automation of internal development. This approach allows for continuous improvement and
adaptation to emerging risks and evolving agent capabilities.
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3 Threshold Two: AI agents can dramatically accelerate improvement in
catastrophic capabilities

3.1 Definition

This threshold is crossed if AI agents can rapidly improve to catastrophic capabilities with little
compute and little human assistance. This is potentially a higher threshold of AI capability
compared to Threshold One, and it may never be crossed if rapid, low-cost, software-only AI
capability improvements fail to materialize.

The following breaks down the components of this definition:

• “AI agents can rapidly improve.” AI agents can improve to catastrophic capabilities
quickly (e.g., within 1 year).

• “. . . to catastrophic capabilities.” AI agents can improve their own capabilities or those of
other AI systems such that they are sufficient to disrupt key government institutions or cause
destruction at the scale of tens of millions of fatalities (for example, by developing novel
weapons of mass destruction).

• “. . . with little compute.” AI agents can rapidly reach catastrophic capabilities with less
than 100x the amount of compute utilized for training by developers at the frontier of AI
capabilities (at any given point in time).

• “. . . and little human assistance.” AI agents can reach catastrophic capabilities with no
more assistance than that of a handful of people with generic technical skills.

3.2 Threat models

Two paths through which AI agents might enable rapid software-driven improvements in catastrophic
capabilities are:

• Recursive software R&D. AI agents may enhance their algorithms, thereby improving
their capacity for further algorithmic refinement (Davidson, 2023), which might lead to fast
capability improvements.

• Recursive learning. Alternatively, AI agents could learn through a fixed mechanism
and subsequently improve their learning efficiency. For example, models might generate
synthetic training data, train on it, and refine their ability to generate such data, and so on
(DeepSeek-AI et al., 2025; AlphaProof and AlphaGeometry teams, 2024), such that this
process eventually creates a strong feedback loop.

These are speculative hypotheses for how rapid capability improvement might happen. We are highly
uncertain about whether these scenarios will in fact lead to rapid improvement. If such improvements
do take place—and Threshold Two is crossed—the acceleration of AI capabilities could exacerbate
two significant risks: adaptation lag and capability proliferation.

Adaptation lag. Adaptation lag refers to the scenario where safety and governance measures lag
behind quickly changing capabilities. Adaptation lag can pertain to both technical and governance
measures.

• Governance measures. The effectiveness of societal measures to mitigate harm from
catastrophic capabilities hinges on the duration between frontier AI labs disclosing these
capabilities to governments and their proliferation to malicious or irresponsible actors (Pilz
et al., 2024). Institutions such as the U.S. AI Safety Institute and the U.K. AI Security Insti-
tute currently assess AI models only prior to external deployment (U.S. AI Safety Institute
and U.K. AI Safety Institute, 2024). At the time of writing, there is no mechanism for these
organizations to track or assess the capabilities of internally deployed AI systems in research
and development. Consequently, risks arising from accelerated internal advancements may
catch governments off guard.

• Technical measures. As capabilities rapidly improve, developers may struggle to test and
implement new safety protocols quickly enough to mitigate continuously emerging risks.
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Adaptation lag is already arguably a problem; it could become significantly more severe as the pace
of AI development continues to accelerate.

Capability proliferation. Proliferation can be dangerous by making a variety of AI risks more
difficult to respond to. Slowing proliferation provides time to establish safety practices before more
actors are at the frontier and the difficulty of coordination intensifies (Armstrong et al., 2013). The
stakes of proliferation rise because leaked AI systems can continue to become more capable after
they are leaked. Capability proliferation might occur in two different ways:

• Self-proliferation. AI agents might exfiltrate their own software onto the internet, acquire
resources (Clymer et al., 2024b), and continue to improve themselves. These agents might
be like ticking time bombs and become extremely dangerous only after months or years of
self-improvement.

• Theft. Alternatively, cyberattackers might steal critical AI software and then use this software
to construct more powerful AI systems without needing to build up a talented workforce of
human researchers (Anthropic, 2024).

While proliferation can increase risks, it may also mitigate them by strengthening defenses against
misuse. Moreover, proliferation might be beneficial if it diffuses the benefits of AI (Eiras et al.,
2024) and reduces the concentration of power (Kak and West, 2023). We remain uncertain about the
offense-defense balance across various catastrophic risks—that is, the relative difficulty of executing
versus defending against attacks (Seger et al., 2023; Corsi et al., 2024). However, we judge that, at the
threshold where models can rapidly improve to the point where they can cause extreme catastrophes,
caution is warranted until it is demonstrated that society is resilient to catastrophic attacks (Bernardi
et al., 2025).

3.3 Policy recommendations and implementation

Recommendation Three. To mitigate adaptation lag, home governments should have visibility
on risks that emerge or escalate during AI development. Following this recommendation might
involve implementing a regime of continuous evaluations on internally deployed models, similar to
the pre-deployment evaluations that already occur. Governments might also remain aware of key
risks by interviewing or surveying technical staff at AI companies (Wasil et al., 2024a; Owen, 2024).

In addition to having awareness, governments must also be able to respond timely to emerging risks.
This might require new legal powers that allow for rapid intervention in cases where it is clearly
critical to safety (Wasil et al., 2024b).

Recommendation Four. To mitigate capability proliferation, frontier AI developers should imple-
ment security measures sufficient to both prevent AI systems from exfiltrating their own software and
prevent highly well-resourced cyberattacks from stealing it (Nevo et al., 2024).

Achieving this level of security will likely involve a combination of existing best practices (Nevo
et al., 2024) and AI-specific mitigations, such as security measures that leverage AI assistance
(Shlegeris, 2024b) and mitigations that prevent AI agents from deliberately sabotaging security
measures (Greenblatt et al., 2024b). Defending software from the most capable cyberattacks will
likely be difficult and require measures that go far beyond existing practices in leading AI labs,
requiring years of concerted effort to implement (Nevo et al., 2024).

3.4 Possible indicators for implementation

The rapid self-improvement of AI agents might coincide to some degree with the automation of AI
software development. Therefore, all of the indicators discussed in Section 2.4 plausibly apply to
Threshold Two.

Furthermore, developers might explicitly quantify the pace of algorithmic advancement (Davidson
et al., 2023), measure the uplift AI agents provide to employees in controlled trials, and track the rate
of improvement on key dangerous capability benchmarks (Epoch AI, 2025).

Forecasting whether AI models improve to dramatically higher capabilities beyond one year might
be difficult. While developers can notice if autonomous improvement plateaus, they might not be
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confident about whether a gradually sloping trend will persist or dissipate. Consequently, predicting
such changes requires diverse evidence that is difficult to specify in advance. Therefore, this paper
does not propose any specific metric for Threshold Two.

4 Conclusion

Given that autonomous AI development is a near-term possibility, mitigating its associated risks
must be a top priority for both frontier AI developers and governments. Drawing on the deliberation
of an international panel of experts from academia, industry, civil society, and policymaking, this
paper identifies two key pathways by which these risks may materialize. First, the automation of
AI research and development could lead to internal sabotage or unauthorized deployment within AI
labs. Second, accelerated improvement in catastrophic capabilities may result in an adaptation lag
and proliferation of these dangers. Given these risks, we propose two critical thresholds and four
policy recommendations to address these risks proactively. We hope this work fosters international
consensus on both the nature of these risks and the measures needed to prepare for them.
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