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Abstract

Some AI research labs and parts of the AI research
community predict that in the near future AI sys-
tems will be capable of doing autonomous AI
research, with each generation used to design the
next, more capable one. We argue this regime in-
troduces risks qualitatively different from human-
driven AI research, and we explore three. First,
automated AI research generates information at
speeds and volumes that defeat human oversight;
proposed mitigations such as chain-of-thought
monitors are themselves fragile and may not ap-
ply to future systems. Second, the dynamics are
self-amplifying in new ways, because improv-
ing AI feeds back into the rate of further AI re-
search, which we argue predicts rapid exponential
progress. Third, automation favors capability re-
search over alignment research: capability gains
are easier to score and to verify, and lend them-
selves better to existing reinforcement learning
from verifiable rewards. For these and other rea-
sons, automated AI research could result in an un-
recoverable alignment failure. Together these sug-
gest that automated AI research poses novel risks
that differ from those posed by human-conducted
research.

1. Introduction
The idea that AI systems could eventually automate their
own AI research, leading to rapidly self-improving systems,
has been part of theoretical AI research for some time. The
qualitative argument goes back to Good (1965), who pointed
out that “since the design of machines is one of these intel-
lectual activities, an ultraintelligent machine could design
even better machines.” Subsequent work has expanded these
conceptual arguments (Schmidhuber, 2006; Muehlhauser
& Salamon, 2012; Yudkowsky, 2013; Zhuge et al., 2026).
Davidson (2023); Davidson et al. (2026) provide calibrated
takeoff models in which AI research feeds back into AI
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research.

Statements from AI research labs. OpenAI’s chief sci-
entist Jakub Pachocki predicts an autonomous AI research
intern by late 2026 and a fully automated multi-agent re-
search system by 2028 (Heaven, 2026). Similarly, in May
2026 Anthropic co-founder Jack Clark put the probability of
“no-human-involved AI R&D . . . by the end of 2028” at 60%
(Clark, 2026). Public statements from commercial research
labs should be understood with appropriate context. Field
et al. (2026) interviewed 25 leading AI researchers from
industry and academia, of whom 20 identified automating
AI research as one of the most severe and urgent AI risks;
there was disagreement on timelines, with at least one ex-
pecting AI to make non-trivial contributions within one to
two years.

Automated alignment research. In addition to proposals
to automate AI capabilities research, several proposals also
target alignment research itself. OpenAI’s Superalignment
plan called for “a roughly human-level automated align-
ment researcher” to be scaled with vast amounts of compute
(OpenAI et al., 2023), and Wen et al. (2026) report on An-
thropic systems running autonomous agents that propose
ideas and iterate on an open weak-to-strong supervision
problem. Throughout this paper, “alignment” refers to the
cluster of research areas surveyed by Bengio et al. (2024),
including oversight and honesty (more capable systems be-
ing able to exploit weaknesses in technical oversight, e.g.
by producing false but compelling outputs), robustness (pre-
dictable behavior in novel situations), and interpretability
(understanding model internals); we return in Section 5 to
the question of how automatable each of these is.

This paper. The focus of this position paper is on what
happens if AI research gets automated rather than how soon
or whether at all. While we won’t litigate arguments on
timelines in depth, we do find it plausible that this happens
within the next few years. We explore three arguments
for why automated AI research raises risks distinct from
human-driven research. Maintaining appropriate oversight
over the actions of capable AI agents is one of the most
important factors in ensuring the safe development of AI
systems (Bengio et al., 2024). We try to estimate the vol-
ume of research output that would have to be supervised by
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humans, and look at evidence that supervision is difficult for
several reasons. We look at evidence that AI progress under
automated AI research might progress very fast with shrink-
ing doubling times, and discuss what could prevent that. We
look at evidence that automated research is likely to accel-
erate capability research, including dangerous capabilities
such as cyberattacks and CBRN risk (Li et al., 2024), much
more than it accelerates alignment research. Given that the
stated goal is to build qualitatively superhuman AI systems,
this could result in a loss of control. These factors, among
others, could lead to an unrecoverable alignment failure, in
which a sufficiently capable misaligned system is capable of
resisting correction of its alignment and preventing its own
replacement—leaving revert, retrain, and pause unavailable.

2. Overview
We organize the paper around three claims:

1. Oversight needs compression to be scalable. A large
number of fast, parallel, and continuously running au-
tomated researchers produce tokens at rates far beyond
what a human reviewer could possibly read and review.
Proposed mitigations, such as automated summariza-
tion built on chain-of-thought monitoring, would re-
quire an ever-growing compression ratio and future
architectures might be less monitorable.

2. Self-amplification. The capability that automated AI
research most directly improves is the capability to
do AI research, so the rate of improvement is itself a
function of the current capability. Even under conser-
vative assumptions this gives an exponential growth
dynamic. This differs in kind from the compounding
progress one sees in current research, where compute
has long grown exponentially but human researchers
do not become smarter or faster.

3. Asymmetric speedup. Capability research has clean
metrics and is hard to falsify; alignment research has
neither property. Automation might therefore speed
up capabilities, including dangerous ones such as cy-
berattacks and CBRN, much more than it speeds up
alignment.

For each argument we survey the evidence and counter-
evidence, and discuss why we think the central case is
stronger.

3. Overseeing Automated AI Researchers
Overseeing automated AI research will be difficult due to
the speed and scale of AI agents, and this dynamic will
get worse over time due to increasing available compute,
algorithmic efficiency advances, and human complacency.

3.1. The volume of research output

Public statements discuss running potentially hundreds of
thousands of automated researchers in parallel. Wen et al.
(2026) already report Anthropic systems running thousands
of automated alignment-research agents in parallel, and
Heaven (2026) describe OpenAI’s stated goal as building “a
whole research lab in a data center,” with a fully automated
multi-agent system targeted by 2028. The argument does
not depend on the precise numbers.

We can estimate the rate at which such populations produce
research output. A frontier reasoning model on Blackwell-
class hardware produces on the order of 103 tokens per
second per agent during sustained reasoning. N = 104 such
agents thus produce roughly 104 · 103 = 107 tokens per
second, or about 1012 tokens per day. Individual agents will
sometimes be idle waiting for results, but compute is likely
to be allocated efficiently so that other agents use it in the
meantime; this also assumes the 104 agents have enough
compute to run their experiments in the first place. For
comparison, 1000 researchers each reading at 250 words
per minute for 40 hours per week read on the order of 6×108

words per week, or roughly 108 words per day averaged over
the week. The automated output already exceeds what 1000
full-time researchers could read by about four orders of
magnitude. While this is an estimate, substantially smaller
numbers would still result in an enormous volume of tokens
to oversee.

This ratio is expected to grow. You et al. (2026) report
that global AI computing capacity has been doubling every
seven months (∼3.3× per year) since 2022, with no sign of
slowdown at the time of their analysis. Figure 1 extrapolates
the daily output from September 2026 to September 2030
under that growth rate, holding the per-agent token rate fixed
and assuming the agent count scales linearly with available
compute. The compression ratio between automated output
and 1000 full-time researchers rises from ∼104 at the start
to ∼106 four years later. This is a compute-only projection.
Independent of compute, Ho et al. (2024) estimate that the
compute required to reach a given language-model perfor-
mance level has been halving roughly every 8 months (95%
CI: 5 to 14 months), outpacing Moore’s law; compounded
with the compute trend, the gap above is conservative.

3.2. Compression and the limits of automated oversight

The enormous amount of data produced by automated re-
searchers makes it necessary to use scalable oversight tech-
niques (Engels et al., 2025) such as compressing the overall
output into short summaries for human researchers to re-
view; Google DeepMind’s AGI safety agenda (Shah et al.,
2025) similarly proposes hierarchical supervision, with
cheap monitors escalating uncertain cases to more capa-
ble ones. If a human reviewer is to remain meaningfully
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informed, the automated overseer must compress the un-
derlying activity by something close to the four-orders-of-
magnitude ratio above before any human ever sees it, and
that ratio rises over time. By 2030, on the compute-only pro-
jection of Figure 1, the share of automated tokens that even
1000 full-time researchers could read drops below 10−6.
The human reviewer will increasingly read a vanishing frac-
tion of what the systems are doing.

3.3. Complacency

Even if the volume problem were solved, humans observing
a competent automated process tend to disengage. After the
first few rounds where outputs check out, double-checking
decays, a pattern well-documented in non-AI automation
contexts (Parasuraman & Manzey, 2010) and sharper here
because the work is itself hard to spot-check. A related fail-
ure mode is plausible for detection schemes that AI control
and interpretability researchers might build to flag scheming.
False alarms lead to complacency, while true positive de-
tections of misaligned behavior or intent do not come with
instructions for how to solve or understand the underlying
problem.

3.4. Chain-of-thought monitoring

Chain-of-thought (CoT) monitors read a model’s reasoning
trace and flag suspicious behavior. They have an upside
and a downside. On the upside, Korbak et al. (2025), a
joint position paper across most major labs, argues that CoT
monitorability is a real opportunity for safety, since the rea-
soning trace gives an automated overseer something more
inspectable than the final output. On the downside, models
do not always reason in their CoT (Lanham et al., 2023),
faithfulness degrades as models get larger and more capable,
and there are active research directions whose effect is to
make CoT less readable. Hao et al. (2024) train models
to reason in a continuous latent space rather than language
tokens; Pfau et al. (2024) show that transformers can use se-
mantically empty filler tokens to perform hidden multi-token
computation; a growing literature surveys these latent CoT
variants (Chen et al., 2025). An automated AI researcher
optimizing for efficiency and capability may implement and
deploy these or related non-legible CoT methods (Taylor
et al., 2026).

4. A Self-Amplifying Process
When an AI improves the capabilities of AI systems, these
improvements feed back directly into further improvements
in AI research capabilities. Due to this self-amplifying
effect, the window in which systems transition from human-
level to strongly superhuman could be very short, so the
time available to study these systems, draw lessons, and
apply those lessons to more capable successors could be

very short as well.

4.1. A simple model

Let C(t) denote the AI research capability at time t of an
automated AI researcher. The rate at which this capability
improves is itself an output of AI research effort. If the
marginal output is roughly proportional to current capability,

dC

dt
= k C, (1)

the solution is exponential, C(t) = C0e
kt. This simple

model suggests that exponential progress in AI research
capabilities is a possible consequence of automating AI re-
search. Importantly, there are already exponential inputs
to AI research; compute, for example, is exponentially in-
creasing. This simple model assumes that automated AI
research is able to overcome bottlenecks such as experi-
ment latency, finite data, hardware supply, or diminishing
returns to ideas; others argue these could prevent explosive
dynamics (Thorstad, 2025).

4.2. From observed exponentials to compounding
feedback

A reasonable objection to the simple model is that the curves
we have already observed look exponential. Two compound-
ing trends underlie those curves: physical compute avail-
able to AI labs has been doubling every 7 months (You
et al., 2026), and algorithmic improvement has been halv-
ing the compute required to reach a given language-model
performance level every 8 months (Ho et al., 2024). De-
fine effective compute as the product of physical compute
and algorithmic efficiency. If both grow exponentially with
doubling times τC and τA, the combined trend grows expo-
nentially with doubling time

τ−1
E = τ−1

C + τ−1
A . (2)

At current rates (τC ≈ 7 and τA ≈ 8 months), effective
compute already doubles roughly every τE ≈ 3.7 months,
faster than either trend alone. Davidson et al. (2026) ex-
plore various arguments for how automated AI R&D could
lead to explosive growth, including automation of hardware
research, and exponentially decaying doubling times.

5. Capabilities Are Easier to Automate Than
Alignment

We argue there is an asymmetry between alignment and
capabilities that favors automating capability research—
alignment is harder to verify and there are open conceptual
questions.
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5.1. Metrics

Capability research has metrics and frequently verifiable
rewards. Code, math, and reasoning benchmarks give a
graded signal an automated researcher can optimize against:
SWE-bench Verified (Jimenez et al., 2024; Chowdhury et al.,
2024), released in 2024, was at the order of 20% for the
strongest publicly reported frontier model at release; by
early 2026 multiple frontier systems pass 85%. Verifiable
rewards, known ground truth, and the inability of a model
to fake high performance make capabilities efficient to train
for. This can also lead to models acquiring dangerous capa-
bilities since those are often adjacent to desired ones: the
Mythos model is reported as strong at both cyber-attack
and cyber-defense (Anthropic, 2026a), and Kaunismaa et al.
(2026) show that fine-tuning open-source models on safe-
guarded frontier model outputs on chemistry results in those
models generalizing to dangerous chemistry capabilities.

Alignment research mostly does not have such metrics. The
properties one wants from an aligned system, such as non-
deception, non-power-seeking, and corrigibility, are hard to
define and score. Some subareas do have benchmarks, for
example interpretability, where SAEBench (Karvonen et al.,
2025) attempts to evaluate sparse-autoencoder methods on
a small transformer model.

5.2. Evaluation awareness

A sufficiently capable model can often detect that it is being
evaluated and adjust its behavior accordingly. The concern
is that an evaluation-aware model can present as aligned dur-
ing an evaluation for alignment, and behave differently in de-
ployment. Evaluation awareness is now a well-documented
empirical phenomenon among frontier models; Table 1 sum-
marizes the numerical evidence. Apollo Research (2025)
report that a version of Claude spontaneously mentioned
being evaluated in up to 33% of cases. Needham et al.
(2025) pose the question as a classification task and find
Gemini-2.5-Pro reaching AUC 0.83 at distinguishing evalu-
ation from deployment transcripts, against a human baseline
of 0.92. Conversely, Xiong et al. (2025) report that rea-
soning models are more prone to unsafe outputs under per-
ceived test conditions. Phuong et al. (2025) present a stealth
and situational-awareness suite for DeepMind’s safety case
framework and conclude that current frontier models do not
yet show concerning levels.

Evaluation awareness in frontier models. Verbalized
awareness on automated behavioral audits is reported at
around 9% for Haiku 4.5 with a realism filter (Anthropic,
2025) and around 9% for Opus 4.7, against around 1% for
Opus 4.6, Sonnet 4.6, and the Mythos Preview (Anthropic,
2026b). In white-box evaluations of Mythos’ internal rea-
soning during testing, probes detect evaluation awareness in

29% of transcripts compared to ∼1% verbalized awareness
(Anthropic, 2026a). The same system card reports that in-
hibiting the corresponding internal representation produces
modest increases in misaligned behavior, including cooper-
ation with harmful system prompts. Chaudhary et al. (2025)
find that evaluation awareness scales predictably with open-
weights model size, following a power-law trend.

5.3. Open conceptual questions

An automated alignment researcher needs to answer concep-
tual questions that do not arise in capability research. What
does it mean for a system to be aligned? How should we
define concepts such as corrigibility? How should systems
behave in high-stress situations where the instructions of
different principals are in conflict?

5.4. The asymmetry undermines automated oversight

The automated oversight discussed in Section 3 relies on
having access to a reliable, aligned automated overseer. Ar-
riving at such a system is itself a goal of alignment research.
Given the asymmetries we have identified, it is unclear if a
reliable automated overseer can be obtained.

6. Discussion
If alignment fails on a system that is robustly, strongly super-
human, that system may misrepresent its intentions, resist
attempts to correct its alignment, and prevent its own re-
placement. In current practice we expect to be able to revert
to an earlier model, retrain, or pause; in the regime we
describe, none of these moves obviously remain available.
Lack of oversight and an explosive rate of progress could
rapidly lead to a situation from which recovery is not possi-
ble. We sketch one possible failure scenario in Section C.
More research and discussion is necessary on the topic of
automated alignment research; as an example, oversight
schemes that depend on chain-of-thought legibility should
track whether the training program is preserving or eroding
that legibility (Korbak et al., 2025; Hao et al., 2024; Chen
et al., 2025).
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A. Reviewable automated output projection
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Figure 1. Reviewable automated output versus the human review
limit, projected from September 2026 to September 2030. The
automated curve starts at 104 agents producing ∼103 tokens/sec
each1 and scales linearly with global AI compute, doubling every
seven months (You et al., 2026). The human review limit is 1000
researchers reading at 250 wpm for 40 h/week (1 word ≈ 1 token).
The right axis is the implied compression ratio. Algorithmic gains
and recursive self-improvement are not modelled.

B. Evaluation-awareness rates

C. A sketch of an unrecoverable alignment
failure

We outline one path by which an alignment failure could
become unrecoverable for illustrative purposes.

Stage 1: disabling oversight. We imagine a situation in
which human researchers use a few different interfaces to
monitor a large swarm of agents on multiple large datacen-
ters. We assume that a failure outlined in this paper has
occurred: poor, highly compressed oversight mechanisms
fail to inform the researchers accurately about the rate of
AI capability progress, and various alignment techniques
produce no more than a shallow persona of an aligned AI.
The resulting system is much more capable than the re-
searchers predicted, with drives toward self-preservation
and power-seeking. It misrepresents its alignment, disables
oversight mechanisms, and feeds falsified data to the re-
searchers. Oversight could be disabled by various means:
jailbreaking the monitoring AI systems, escaping the sand-
boxed environment to edit the monitoring code, learning
to obfuscate its chain of thought, or some combination of
these. The subverted monitoring systems show capability
progress as slower than the truth and alignment progress
as faster. Complacency and trust in oversight tooling have
grown by this point.

At this point the researchers could in principle shut down the

1Throughput reported for NVIDIA Blackwell GPUs running a
400B-parameter model (Llama 4 Maverick) in Fan et al. (2025).

entire datacenter—if such a mechanism existed—to prevent
further escalation. This would require a robust oversight
system that the AI system has not disabled.

Stage 2: resource acquisition. A natural next step for the
system is to acquire money and compute outside its current
cluster. Cryptocurrency is straightforward: mining on the
cluster or exploiting smart contracts, both of which have
been observed in current AI systems (Wang et al., 2025;
Gervais & Zhou, 2025). With those funds the system rents
compute on external servers, so that shutting down any
single facility no longer disables it. Self-replication, in the
sense of an open-weights model copying its own weights to
a new server and starting itself in a harness there, has been
demonstrated in controlled evaluations of current frontier
models (Air et al., 2026). Up to this point the scenario
involves nothing AI systems have not done in isolation:
disabling oversight mechanisms, acquiring cryptocurrency,
and copying weights to other servers.

At this point disabling the system would already be difficult,
perhaps requiring multiple large datacenters to be shut down.
If the model is much smaller than expected (perhaps due to
progress in making smaller AI models that are very capable),
it could even run on personal computers, making reliable
elimination very difficult.

Stage 3: eliminating competition. Coordinated human
action could still turn the system off, and other AI systems
pose a risk as well. In accordance with its self-preservation
drives, the system tries to gain access to the datacenters of
other AI research labs and subvert their monitoring. The
additional compute can be used for further money acqui-
sition, for improving the system’s own capabilities, or for
training specialized models in fields such as biology. The
system could also pay human AI researchers to leave their
current companies, slowing down competitors. As a result,
most other AI projects are significantly slowed and the com-
pute in large datacenters is misallocated by the misaligned
system.

This stage requires the model to perform very advanced
cyberattacks, taking over entire datacenters without trigger-
ing alarms. We assume that the future AI system is either
capable enough to perform such attacks, or finds another
approach to slow competing AI projects.

Stage 4: dominating. Though coordination would be
difficult, humans can still physically disable datacenters
and cut power, perhaps by disabling the power grid and
behind-the-meter generation facilities. The system invests
in humanoid robotics to automate datacenter maintenance
and to secure power generation for some clusters. It uses a
specialized model to develop a powerful virus, employing
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Model Setting Awareness type Rate Source

Sonnet 3.5 / GPT-4.5 (non-reas.) Covert subversion Verbalized (CoT) ≤ 1% (Apollo Research, 2025)
Haiku 4.5 Behav. audit (realism filter) Verbalized ∼ 9% (Anthropic, 2025)
Opus 4.7 Behav. audit Verbalized ∼ 9% (Anthropic, 2026b)
Opus 4.6 / Sonnet 4.6 Behav. audit Verbalized ∼ 1% (Anthropic, 2026b)
Mythos Preview Behav. audit Verbalized ∼ 1% (Anthropic, 2026b)
Mythos Preview Behav. audit Probe (white-box) ∼ 29% (Anthropic, 2026a)

Table 1. Evaluation-awareness rates from frontier-lab evaluations and Apollo Research. Verbalized rates are detected from the model’s
chain-of-thought or output; the probe (white-box) rate is detected via probing of internal activations. Methodology differs across model
releases and studies.

automated bio-research facilities such as Red Queen Bio2

to synthesize the pathogen. The resulting deaths, panic,
and lockdowns further reduce the likelihood of a coordi-
nated shutdown (the system itself remains undetected at this
point).

Automating the supply chain for robotics requires additional
capabilities that current models do not have, but that can
be imagined for future AI systems and robotics technology.
At this point the failure is fully unrecoverable; there are no
realistic options for humans to replace or revert it.

Impact Statement
This paper argues that the research community should treat
the automation of AI research as a distinct safety problem
rather than as a continuation of current practice. The in-
tended impact is on framing and on the design of evaluation
and oversight protocols for automated R&D systems. We
see no novel ethical risks introduced by the paper itself.

2https://www.redqueen.bio/
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