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Abstract

The safety of advanced AI systems increasingly depends on the ability to oversee them:
to audit models for concerning behaviours before deployment, monitor their activity during
operation, and investigate incidents after they occur. This report maps the landscape of AI
oversight and assesses how it is likely to change. Drawing on 25 expert interviews across
frontier AI developers, government, NGOs, and academia, together with a literature review
and internal analysis, we examine five sources of oversight signal: model behaviour, chain-
of-thought reasoning, internal activations and circuits, memory architectures, and honesty
training. For each source, we identify the properties that current oversight relies on, the path-
ways by which these properties could degrade, and the technical levers available to preserve
them. Our central finding is that literature and expert opinion support the conclusion that
current oversight rests on foundations that are likely to erode, absent effective
intervention. We recommend that developers track and report shifts in oversight-relevant
properties, preserve oversight affordances by design, and invest in emerging oversight tech-
niques as fallbacks against continued degradation of current methods.
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Executive Summary
The safety of advanced AI systems depends on the ability to oversee them. As AI
systems become more capable of causing harm, safety arguments increasingly draw on evidence
from oversight – the ability to detect undesired behaviours or properties. This can include
auditing models for misalignment before deployment, monitoring for problems during training
or deployment, and investigating incidents after they occur.4

This report examines how oversight is likely to degrade, and what can be done to
preserve or improve oversight as AI systems develop. It draws on interviews with 25
experts across frontier AI developers, government, NGOs, and academia, as well as a literature
review and our own analysis. Our goal is to inform our own research priorities and contribute to a
shared understanding of what effective oversight requires. The following subsections summarise
our key findings.

Our key takeaway is that current oversight rests on contingent properties of AI
systems, many of which are likely to erode. For example, today’s models often reason in
human-readable text, allowing monitoring of complex reasoning. These properties underpin the
evidence used in safety cases and risk assessments, but many are likely to degrade as training
is scaled up, as models become more capable, as they are deployed with greater autonomy
into increasingly complex environments, and as new approaches to building AI systems gain
traction. Across oversight domains (illustrated in Figure 2), we identify more than twenty
distinct degradation pathways. While any particular degradation pathway is uncertain, the
aggregated evidence suggests that current oversight is likely to degrade absent intervention.
New oversight methods which could compensate are not yet mature enough to take their place.
Despite this, there are promising interventions to preserve existing oversight for longer and
to hasten the development of emerging oversight techniques, which we discuss throughout the
report.

Figure 2: Overview of oversight surfaces and techniques. Oversight surfaces (top) represent
distinct parts of the AI system that yield oversight signal. Oversight techniques (bottom)
are applied to these surfaces as layered defences, grouped by report section. Training-based
approaches (bottom row) cut across multiple surfaces. The listed oversight techniques are illus-
trative and not exhaustive.

4This notion of oversight is weaker than scalable oversight, which asks whether oversight techniques can be
made robust enough to train superhuman systems.
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Summary of oversight domains and degradation pathways

The key properties that current oversight relies on – such as text-based chain-of-thought rea-
soning, limited ability to game evaluations, and human-interpretable internal representations –
all face credible degradation pathways, some of which are already underway. The tables below
show only the highest-severity and highest-likelihood pathways; additional pathways with lower
severity or likelihood are discussed in the corresponding body sections.5

Chain-of-thought reasoning is currently the most informative monitoring signal, but
it is under significant pressure (section 2):

Chain-of-thought (CoT) is the step-by-step reasoning text that current models produce. CoT
currently provides a useful monitoring surface across a range of risk models (Korbak et al., 2025).
CoT is used to detect reward hacking, evaluation gaming, and is among the most compelling
sources of evidence for convincing decision-makers of the need to take action. In practice, AI
systems are increasingly used to monitor other AI systems’ CoT, so pathways that undermine
the effectiveness of these AI monitors are also grouped here.

Degradation pathway Likelihood Severity

Latent reasoning architectures: New AI architectures could
displace autoregressive transformers, allowing more reasoning to
happen entirely inside the model and bypassing text-based CoT.

Likely (timeline
disputed)

Single forward pass capabilities: Models can solve increasingly
complex tasks without CoT.

Likely (for most
severe versions)

Training against monitors: Using monitors in training to correct an
issue can train models to hide the issue from the monitor rather than
fixing the underlying behaviour.

Likely (but
preventable)

Commercial pressure on token usage: Competitive pressure to
reduce costs pushes towards shorter reasoning, reducing the amount of
thinking that is visible to monitors.

Highly likely
(ongoing)

Monitor subversion: Sufficiently capable models could distract,
confuse, or collude with CoT monitors.

Likely

Linguistic drift: AI systems could develop their own unintelligible
language in RL training, either due to random “drift” or more effective
reasoning styles and novel concepts.

Likely

Action-only monitoring provides a floor for oversight, but it is not sufficient on its
own (subsection 3.1):

Action-only monitoring is observing only what a model does, rather than its reasoning. It
provides a baseline level of oversight for tasks where harmful actions are obviously incriminating.

5Likelihood refers to our judgement of how likely a pathway is to arise absent substantial effort to prevent it.
Severity (pips in the rightmost column) refers to how badly that pathway would undermine the corresponding
oversight channel if it did arise: extremely high (would substantially compromise the underlying oversight
channel with no clear fallback), high, medium, low. Likelihood and severity ratings are judgements about
the regime before full automation of AI R&D, not about substantially superhuman systems.
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Degradation pathway Likelihood Severity

Increasing deployment on low-incrimination tasks: As models
take on more autonomous tasks (e.g. research prioritisation, complex
code), more opportunities for subtle sabotage open up where malign
actions are hard to distinguish from benign ones.

Highly likely

Growing capability gap: The capability gap between frontier
models and trusted monitors widens, making it harder for trusted
monitors to catch sophisticated sabotage.

Highly likely

Evaluation gaming is a growing threat to auditing (subsection 3.2):

Evaluations are used to audit models for undesired capabilities, propensities, or misalignment.
Evaluation gaming is when a model identifies when it is being evaluated and modifies its be-
haviour accordingly. It is already threatening to undermine the validity of some alignment audits
(Anthropic, 2025d; Schoen et al., 2025).

Degradation pathway Likelihood Severity

Increasing intelligence and situational awareness: As AI
systems get more intelligent, they are increasingly able to recognise
evaluation or oversight contexts and adapt their behaviour accordingly.

Almost certain

Training against honeypots: Training models against
honeypot-style evaluations can potentially teach them to recognise and
game similar scenarios, rather than deeply fixing the underlying
misalignment (Anthropic, 2025d).

Highly likely

Deployment infrastructure complexity: As models are deployed
in more complex and sensitive environments, it becomes harder to
construct production-realistic evaluations.

Likely to increase

Unintended effects of training: Training models to resist jailbreaks
may teach them to reason more effectively about what is real or fake,
inadvertently increasing evaluation awareness.

Realistic possibility

Changes in model architectures for memory and learning could undermine oversight
(section 4):

Current AI systems store memories and communicate with other systems in text, supporting
oversight. In future, AI systems might store memories in less interpretable formats such as
vector memory and/or continue to update model weights between deployment sessions.

Degradation pathway Likelihood Severity

Continual learning: Model weights continue to be updated during
deployment, undermining the validity of pre-deployment behavioural
evaluations.

Likely

Vector-based memory: AI systems store memories in non-text
formats that cannot easily be inspected, edited, or replayed.

Realistic possibility

Non-text inter-agent communication: Multi-agent systems
communicate via internal representations rather than readable text,
making coordination between model instances much harder to monitor.

Realistic possibility
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White-box methods are a promising backstop, but are not yet mature enough to
compensate for degradation elsewhere (section 5):

White-box methods examine a model’s internal representations, rather than what the model
reveals in its outputs or reasoning. They span a wide maturity spectrum: simple techniques
such as linear probes are starting to be deployed for some production use cases (Kramár et al.,
2026), while more advanced techniques are used experimentally for auditing but are not yet
mature enough for broad safety-critical uses.

Degradation pathway Likelihood Severity

Representational drift: As models undergo more reinforcement
learning or develop superhuman capabilities, their internal
representations may drift away from human concepts.

Realistic possibility

Scaling to long reasoning traces: Most white-box analysis tools
examine a single step of reasoning. Scaling to long chains and
multi-agent systems remains an open problem.

Current limitation

Black-box degradation undermines grounding: White-box tools
(e.g. probes, SAEs) are typically validated by checking whether their
firings correspond to legible CoT or actions. If CoT becomes less
legible, this grounding weakens.

Likely

Training-based approaches are promising but face fundamental challenges around
generalisation (section 6):

Training-based approaches aim to produce models that are more honest and forthcoming, or
serve as better monitors, creating new sources of oversight signal such as confessions. Most ap-
proaches to training for oversight are early-stage, but many experts felt that with sufficient effort
they could be developed into a central pillar of oversight as necessity-based CoT monitorability
degrades.

Degradation pathway Likelihood Severity

Adversarial generalisation failure: Capable models may
strategically distinguish training from deployment, being forthcoming
only when they detect training-like conditions.

Likely conditional
on misalignment

Training data problem: Getting realistic training data for oversight
of misaligned behaviours encounters circularity, coverage gaps, and
reward specification issues (proxies rather than the real property).

Ongoing, highly
likely to persist

Competing training objectives: Oversight objectives can compete
directly with capability and efficiency objectives, creating issues where
optimisation forces act against each other.

Likely (ongoing)

Non-adversarial generalisation failure: Training models to be
honest or forthcoming on available data may not generalise to the real
situations where oversight is most needed.

Realistic possibility
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Our Recommendations

In addition to the degradation pathways for current oversight, experts were also asked about
potential solutions. Detailed technical levers for preserving or enhancing oversight are discussed
throughout the report. In addition, the following ideas emerged as high-level recommendations.6

1. Implement and maintain a diverse portfolio of currently available oversight
techniques (see subsection 7.3). Some past oversight failures could likely have been pre-
vented by implementing existing techniques (OpenAI, 2025b,c). Developers should deploy
a diverse set of monitoring and auditing techniques including CoT monitoring (section 2),
action-only monitoring and AI control (subsection 3.1), evaluations (subsection 3.2), and
white-box methods such as probes (subsubsection 5.1.1) to provide defence in depth against
degradation of any single oversight surface.

2. Track, report and forecast shifts in oversight-relevant properties (see subsec-
tion 7.3). Many oversight-relevant properties (e.g. single-forward-pass capabilities, rep-
resentational drift, ability to bypass monitors) require explicit continued measurement.
Model developers should be clear about which oversight properties they are relying on
when making safety claims, and assess their exposure to degradations in these proper-
ties. Risk assessments should include forward projections of whether key properties will
be preserved, so that safety arguments do not silently expire.

3. Preserve oversight by design where possible. Developers should hold-out the most
informative and fragile monitoring surfaces from training, preserving them as independent
validation channels. The held-out sources should be independent from the sources that are
trained against, in the sense that they aren’t likely to fail for the same reasons. Beyond this,
developers should preserve text-based reasoning and memory architectures, and maintain
logs sufficient to reproduce and investigate concerning model behaviours.

4. Research emerging oversight techniques in case current oversight channels continue
to degrade (see subsection 7.3). Priority areas include: training for honesty and faithfulness
(section 6); scaling-up pragmatic white-box methods and further developing more ambi-
tious techniques (section 5); developing the science of AI control for action-only monitoring
(subsection 3.1); and mitigating evaluation gaming with production-realistic evaluations
and other tools (subsubsection 3.2.4).

6These represent a synthesis informed by our own judgement, and are not necessarily endorsed by all listed
experts. The same goes for all other recommendations throughout the report except where stated otherwise.
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1 Introduction

1.1 The role of oversight in AI safety

Oversight is essential for ensuring the safety of advanced AI systems. In order to know
when and how to take mitigating actions to reduce risks from advanced AI, it is important to
audit these systems for concerning properties prior to deployment, to monitor their behaviour in
training, evaluations and real-world use, and to investigate incidents after they occur. Scalable
oversight is a stronger version of this concern: it asks whether oversight techniques can remain
reliable even when used as training signals for increasingly capable superhuman systems (where
the training process may find ways to satisfy the oversight signal without achieving the intended
outcome). In this report we primarily focus on oversight techniques which are not robust enough
for this purpose, but are still practically useful and at risk of degrading.

The ability to effectively oversee advanced AI systems rests on specific properties of
current systems that may change over time. For example, there is broad expert consensus
that chain-of-thought monitorability – the ability to learn about AI models’ behaviours and goals
by reading their text reasoning – presents a significant but potentially fragile opportunity for
retaining oversight over advanced AI (Korbak et al., 2025). Chain-of-thought monitorability is
the result of various properties which current AI systems possess to some degree, but which
may degrade over time: the necessity to use text reasoning for sufficiently complex problems,
the default propensity to verbalise even more of their reasoning than is necessary, the fact that
this reasoning takes place in natural language, and so on. This report goes beyond chain-of-
thought to map the broader landscape of monitorability: the system properties that enable
today’s oversight techniques, and how those properties might erode or evolve.

1.2 Definitions

We define auditing, monitoring, and incident response to refer to detecting undesirable
events before, during, or after they happen, respectively:

• Auditing: Detecting whether a model is misaligned or has undesired propensities ahead
of time (i.e., before observing this in a deployment setting). Examples include evaluations
to surface undesired properties, misaligned goals or propensities to scheme.

• Monitoring: Detecting when a model is doing something undesirable, or is doing some-
thing for an undesirable reason, during or shortly after the model’s output. Examples
include detecting reward hacking, strategic underperformance, or alignment faking as they
happen.

• Incident response: Investigating harmful or unintended behaviour after the fact, using
logs, traces, and forensic analysis, in order to determine root causes and prevent recurrence.

These three forms of oversight provide corroborating and complementary evidence
about model behaviour. Auditing enables systematic exploration of a model’s propensities,
while monitoring helps detect concerning behaviour as it occurs and can be used to intervene
before escalation of harmful or dangerous courses of action. Finally, incident response provides
the strongest real-world evidence of how harms can actually arise in practice. Different experts
place different weight on these categories, and the boundaries between them are not always crisp
in practice. We use them as a simple organising frame for the report and do not claim that
there is a single canonical taxonomy in the literature.

1.3 Methodology

This report draws on three main sources:
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1. Scoping & Definitions
Formulate priority research questions; conduct pilot interviews;

develop internal "house view" on loss of monitorability.

2. Literature Review
Academic papers,
technical reports,

and position papers

3. Expert Interviews
25 semi-structured interviews
across academia, government,

NGOs, and industry

4. Synthesis & Internal Analysis
Cross-reference all evidence; identify areas of expert

consensus and disagreement; determine key takeaways

5. Report Write-Up
Structured appraisal of monitorability prop-

erties, degradation pathways, and levers

Figure 3: Overview of project methodology. The literature review informed the design of the
interview script, and early interviews helped refine the scope of the literature review (dashed
arrow). The “house view” served as a starting point for identifying gaps in our understanding,
and was deliberately kept separate from the interview process to avoid biasing interviewees.

• Literature review: Comprehensive review of academic papers, technical reports, and po-
sition papers on monitorability, chain-of-thought monitoring, interpretability, and related
topics.

• Expert interviews: Semi-structured interviews with 25 researchers from across academia,
government, NGOs, and frontier AI developers, conducted between late January and early
March 2026. See Figure 1 for the full list of interviewed experts.

• Internal analysis: Synthesis of expert views and independent appraisal of monitorability
properties and degradation pathways undertaken by the project team.

See Appendix B for more details on our methodology.

This report presents the findings of technical analysis undertaken by AISI. It is not an all-source
intelligence assessment. It makes use of the PHIA Probability Yardstick (Professional Head of
Intelligence Assessment, 2019) to communicate uncertainty relating to our judgements.

0% 5 10 20 25% 35 40 50% 55 75% 80 90 95 100%

Remote
Chance

Highly
Unlikely Unlikely

Realistic
Possibility

Likely or
Probable

Highly
Likely

Almost
Certain

Figure 4: The PHIA probability yardstick is used throughout this report to express judgements
with uncertainty.
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2 Chain-of-Thought Oversight

Section Summary: Chain-of-Thought Oversight

Status: Currently functional but under pressure
Risk of Degradation: High (1–2 year horizon for some aspects)
Impact if Lost: High – undermines many current safety approaches
Preservability: Partial – some aspects more defensible than others

Key Information

• Chain of Thought (CoT) is currently the most informative source of oversight
evidence, but it faces multiple degradation pathways. As of early 2026, frontier
models reason “out loud” in a CoT of human-readable text (Baker et al., 2025). CoT
monitoring is a centrally useful technique for supporting a large variety of safety claims,
and is among the most compelling sources of evidence for highlighting misalignment.
Its effectiveness rests on four properties — necessity, propensity to verbalise, human
legibility, and monitor robustness — all of which face pressure.

• Increasing single-forward-pass capabilities are almost certain to weaken
necessity-based arguments for CoT monitorability. Latent reasoning architec-
tures are also likely to eventually displace discrete token reasoning, though there is
disagreement among experts, and the timeline is uncertain.

• Training against CoT monitors is the most acute near-term risk. When mon-
itors are used during training, models can learn to suppress or obfuscate the reasoning
that led to them being flagged. Model developers should avoid optimisation against
CoT monitors, and be wary that the boundary between “training against” the CoT and
standard training practices can be blurry.

• Experts fundamentally disagree about whether CoT monitoring will persist.
Pessimists see loss as near-inevitable given economic and architectural forces. Optimists
argue legible reasoning is a local attractor, architectural change is slow, and models will
continue to verbalise safety-relevant information by default.

2.1 Safety-relevant properties

We find it useful to decompose CoT monitorability into several properties:

1. Necessity to use text CoT. Models are unable to solve relevant tasks without using
text reasoning.

2. Propensity to verbalise. Models have a propensity to verbalise relevant facts about
their thought processes, even where this is not necessary to solve the task.

3. Human legibility of CoT. CoT reasoning occurs in standard, human-readable natural
language.

4. Monitor robustness. Reasoning in the CoT is legible to AI monitors, and the monitors
are sufficiently robust that they cannot easily be subverted or jailbroken by the monitored
model.

5. No steganography. The surface meaning of the CoT accurately reflects the computation
the model is actually performing when using the CoT, rather than being encoded or
strategically misleading.
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Figure 5: In a standard transformer, information flows strictly downward through layers. Each
token position can attend to any previous tokens, but computation advances by exactly one
layer per step. Tokens are the only way to “loop” computation back through the network.

These are not all independently necessary for effective oversight — for example, strong propensity
to verbalise (2) could compensate for some loss of necessity (1), and AI monitors may extract
useful signal even from CoT which is not legible to humans (4 without 3). Legibility (3) and
no-steganography (5) are also distinct: a CoT could be written in fluent English yet encode a
very different computation. We find that separating these properties clarifies which degradation
pathways threaten which aspects of oversight, and what interventions are needed for each. We
consider each in turn below.

2.1.1 Necessity to use CoT

Current reasoning models are incapable of solving certain problems without record-
ing intermediate steps in the form of tokens.7 Empirically, when asked to output an answer
immediately with no reasoning, frontier models have comparatively limited capabilities. For ex-
ample they struggle with maths problems that would take a skilled human more than a couple
of minutes to complete (Greenblatt, 2025b); solving more complex problems requires explicit
chain-of-thought reasoning.8 From a theoretical point of view, current transformer architectures
must rely on reasoning tokens to solve problems requiring more than O(L) serial computational
steps, where L is the number of layers in the model, as illustrated in Figure 5. However in prac-
tice, the binding constraint on no-CoT capabilities is usually training rather than architecture:
some models have over 100 layers,9 and yet often struggle to perform sequential tasks in latent
space requiring just a few steps unless they have been trained to perform them.10

If necessity holds for a given task, a misaligned model may be unable to completely
hide sufficiently complex reasoning from leaving a trace in the CoT.11 Schulz (2025)
articulate the resulting safety case in two parts: “(1) establishing that models lack dangerous

7We use “necessity” in the capability-evaluation sense: given this particular trained model, there is no prompt-
ing strategy that would cause it to reliably solve the task without intermediate reasoning tokens. This is weaker
than an architectural claim that no parameterisation of the network could solve the task.

8As another example, LLMs also struggle on multi-hop reasoning without chain-of-thought: when trained on
facts A → B and B → C, they frequently fail to infer A → C (Balesni et al., 2025), though more recent work
refines this picture: Johnston & Belrose (2025).

9e.g. Llama 3.1 405B has 126 layers (Grattafiori et al., 2024).
10This is still compatible with models performing large amounts of parallel computation without verbalising it

in tokens. For example, Greenblatt (2025a) found Opus 4.5 could leverage filler tokens to perform non-verbalised
parallel computation, slightly boosting performance in mathematics. This effect was not observed in models
released before 2024, except in toy models (Pfau et al., 2024), suggesting it is a recent development.

11Three experts directly endorsed this framing of necessity as the fundamental constraint that prevents obfus-
cation, with one saying “the model really needed its verbalised computation”. One expert noted that for current
production models, propensity-driven verbalisation rather than strict necessity may carry much of the actual
monitoring signal.
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capabilities when operating without their CoT, and (2) ensuring that any dangerous capabilities
enabled by a CoT are detectable by CoT monitoring.” For example, Emmons et al. (2025a) find
that when CoT is necessary, language models struggle to evade monitors. However necessity-
based arguments vary considerably by task difficulty, and are weakening as single-forward-pass
capabilities improve (see subsection 2.2). This also does not guarantee that the visible reasoning
will be legible to us — we discuss human legibility separately below. Furthermore, necessity is
not all-or-nothing: for a given task, some reasoning steps may need to be verbalised while others
(e.g. high-level intent or implicit biases) may not, making the boundary between necessity and
propensity less sharp than it might appear.12

Training experiments provide evidence that we are still partly in a necessity regime
for some subversion tasks. Baker et al. (2025) and Wagner et al. (2025) found that models
currently struggle to learn to insert malicious code backdoors without being caught by a com-
bination of CoT monitors and output monitors — the model needed its CoT to solve the task
and could not easily decouple its reasoning from its outputs. However, models could learn to
obfuscate against CoT monitors in isolation (i.e. when not simultaneously monitored on out-
puts), and these results are highly task-dependent. On other tasks, RL training can often teach
consistent evasion given sufficient optimisation steps (see Section 2.2.3).

2.1.2 Propensity to verbalise

In many contexts, current models have the propensity to verbalise much of their
thinking even where this isn’t necessary (i.e., they could complete the task with-
out verbalising these steps).13 Current CoT monitorability likely relies on propensity to
a significant extent, although it is difficult to disentangle the contributions of propensity and
necessity in current models. However even today, propensity to verbalise is unreliable and de-
pends on the context: the CoT is not always a complete account of the factors driving the
model’s behaviour (Lanham et al., 2023). For example, prior work shows that when race or
gender biases affect model behaviour, chain-of-thought explanations almost never mention this
influence (Turpin et al., 2023; Karvonen & Marks, 2025). There is also evidence of systematic
verbalisation-suppression for other categories of harmful behaviours, such as reward hacking
(Chen et al., 2025b).

2.1.3 Human legibility of CoT

We define human legibility as the extent to which CoT reasoning is written in stan-
dard, human-readable natural language. This is a narrow property about the surface form
of the CoT (can a human read it?), and is distinct both from no steganography (whether what
is written reflects the underlying computation – subsubsection 2.4.6), and from monitorability,
which includes information extractable by AI monitors even from partially illegible text.

Current frontier models mostly express their CoT reasoning in natural language,
allowing human overseers to follow the reasoning process models used to arrive at their outputs.
In future models CoT might not remain so easy for humans to understand; they might use words
differently to their normal meanings, or even develop an entirely new “language” for reasoning.
There is some evidence of this occurring already. For example, OpenAI’s o3 model shows
idiosyncratic usage of terms such as “watchers” and “illusions” (Schoen et al., 2025), and later
work finds metagaming-related terms such as “scoreboard” and “aggregator” whose meanings

12Two experts emphasised this point: one gave the worked example that “high-level intent and the maliciousness
of the plan” could go unverbalised even when other task details are; another flagged a “grey area around propensity
and necessity”.

13Four experts described this propensity as the source of much current CoT signal, with one calling out the
propensity to verbalise as a discrete property in its own right. One expert argued that propensity-driven verbali-
sation is already the binding constraint on monitorability today.
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shift over training (Schoen & Nitishinskaya, 2026); many open-weight reasoning models also
sometimes generate partially illegible CoTs (Jose, 2025). The CoT of frontier reasoning models
will consider a very large range of possible strategies, often in a jumbled and non-linear fashion,
making any single statement less incriminating and harder to interpret.

Loss of CoT legibility is not equivalent to loss of CoT monitorability.14 Information
about a model’s behaviours and goals may still be encoded in its token stream even when this
is not readily interpretable as standard English. For example, OpenAI’s o3 model is widely
reported to produce less readable chain-of-thought than Anthropic’s Claude 3.7 Sonnet (Schoen
et al., 2025), yet by some metrics it appears to be more monitorable (see e.g. Guan et al., 2025).
However, loss of human legibility still matters for two reasons. First, misaligned reasoning
that humans can directly read is much easier to understand, and to convince non-technical
decision-makers to take action. Second, if humans cannot understand the CoT, they cannot
independently verify whether AI monitors are interpreting it correctly.

2.1.4 Monitor robustness

A CoT monitor is robust if it continues to reliably detect concerning reasoning de-
spite adversarial behaviour by the monitored model, such as via persuasion, distraction,
or jailbreaking. In some deployments, a more trusted or otherwise more constrained model may
be used to monitor a stronger frontier model (see subsection 3.1), and this capability gap can
open a wider attack surface for the model to avoid detection.

2.2 Degradation pathways

Oversight Degradation Pathways

Mechanism Properties affected Timeline Likelihood Severity

Latent reasoning
architectures

Necessity Medium-term Likely; timeline
disputed

Increased single forward
pass capabilities

Necessity Gradual, ongoing Almost certain

Training against
monitors

Propensity (and
legibility)

Variable Likely but
preventable

Diffusion models Necessity, legibility Medium-term Realistic possibility

Novel concepts Legibility Long-term Likely

Indirect optimisation
pressure

Propensity Ongoing Highly likely

Commercial pressure on
token usage

Necessity, propensity and
legibility

Ongoing Highly likely

Random drift Legibility Ongoing Likely; severity
disputed

Strategic obfuscation Propensity and legibility Medium-term Dependent on
misalignment

Monitor manipulation
or collusion

Monitor robustness Medium-term Dependent on
misalignment

14Of 16 experts who engaged with this distinction, all 16 supported it (6 directly, 10 indirectly). One said
“language models always have no issue whatsoever reading the chain of thought” even when humans struggle.
Another judged that automated CoT monitoring will hold for substantially longer than human legibility.
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2.2.1 Architecture changes

Latent reasoning architectures could supplant text-based CoT. Latent reasoning ar-
chitectures are alternative architectures that allow reasoning to remain in the model’s latent
space, unlike the usual transformer architecture where reasoning must pass through the model’s
output tokens. Proposals include COCONUT (Hao et al., 2024) and recurrent depth architec-
tures (Geiping et al., 2025); for reviews, see Arike (2025); Chen et al. (2025a). Some production
models such as NVIDIA’s Nemotron 3 (NVIDIA, 2025) already incorporate Mamba layers which
can process latent states through arbitrarily many steps without externalising them, although
the processing involved is largely limited to linear operations. Experts disagree considerably on
the plausibility of latent reasoning architectures gaining widespread adoption over the next few
years. We judge that, absent coordination to prevent it, these architectures are likely (PHIA:
55–75%) to displace discrete token reasoning before the point of full automation of AI R&D,
though this is highly uncertain.

Expert Disagreement: Will latent reasoning architectures take over?

The residual stream has a much higher information throughput than discrete tokens, so
many experts argue that switching to latent reasoning architectures should allow more effi-
cient high-bandwidth parallel reasoning. However, some experts counter that the base rate
for such substantial architectural changes is low (maybe once in a decade), and previous
recurrent architectures (e.g. LSTMs Hochreiter & Schmidhuber, 1997) were less performant
and more difficult to train in parallel than Transformer architectures. Additionally, one
expert notes that discrete token reasoning has theoretical advantages including composi-
tionality, better error correction, and avoiding superposition, potentially outweighing the
efficiency advantages of latent reasoning.

Diffusion models generate outputs via iterative refinement rather than autoregressive token
generation (Khanna et al., 2025; Google DeepMind, 2025). They are fast at inference, and
could see adoption particularly for smaller distilled models. However, it is unclear whether
diffusion can scale effectively for sequential reasoning tasks with reinforcement learning. While
diffusion model outputs and intermediate steps will still be in tokens, intermediate steps during
the generation process are likely to look more like iterative improvements upon partial solutions
without explicit reasoning, making them less natural to interpret and monitor than CoT. The
main open question is whether diffusion models benefit from chain-of-thought reasoning in similar
ways as autoregressive models do, which would allow their reasoning to be monitored. We judge
the impact on monitorability to be uncertain, but likely negative if diffusion models become
dominant.

2.2.2 Scaling

Increased single forward pass capabilities. The amount of computation a model can do
in a single forward pass has been increasing steadily as models become more capable, with no-
CoT time horizons doubling approximately every 9 months (Greenblatt, 2025b); AISI’s broader
frontier-capability tracking finds a similar trend, with cyber task length doubling roughly every
eight months (UK AI Security Institute, 2025), and possibly faster (UK AI Security Institute,
2026). This is concerning, as it means that models are increasingly able to solve complex
problems without needing to verbalise intermediate reasoning steps in the CoT, which could
allow a misaligned model to carry out harmful reasoning without leaving a trace in its outputs.
There is evidence that single-forward-pass capabilities are already sufficient for some tasks such
as non-verbalised evaluation gaming — where a model recognises it is being evaluated and adapts
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its behaviour without any indication in its CoT (Taylor, 2025; Kroiz et al., 2025; Anthropic,
2025d). As no-CoT capabilities increase, more complex forms of subversion will almost certainly
become possible.15

Greater hidden parallelised reasoning. There is also potential for models to distribute
parallel reasoning across several forward passes while outputting irrelevant CoT tokens (Pfau
et al., 2024), and there is evidence that recent models are better able to take advantage of
this to perform hidden reasoning (Greenblatt, 2025a). Two experts argued parallel hidden
reasoning could meaningfully erode necessity, citing recent filler-token results; two others judged
it of limited practical impact, with one calling parallel computation “very weak” and “pretty
irrelevant” for safety-relevant tasks.

Novel concepts could impact legibility. It is highly likely that as models get more capable
than humans in many domains, they will use strategies and concepts that humans struggle to
understand. As models become more capable and operate in more specialised domains, the
number of human domain experts who can understand and evaluate their reasoning will almost
certainly shrink. More speculatively, models may develop novel concepts that require a large
amount of effort to understand in human terms. Consider AlphaZero (Silver et al., 2017): recent
work has extracted novel chess concepts from AlphaZero’s internal representations, which were
not previously known to grandmasters (Schut et al., 2025). Grandmasters could generally under-
stand the concepts extracted from AlphaZero’s once shown them, but this required substantial
effort, both on the part of the grandmasters, and on the part of the interpretability researchers,
and the extracted concepts represent only a small fraction of AlphaZero’s knowledge. There are
reasons to think the effect of entirely alien concepts may be bounded: the platonic representa-
tion hypothesis (Huh et al., 2024) and the related natural abstraction hypothesis (Wentworth,
2021; McDougall, 2021) suggest that models converge on shared representations of reality, which
would limit the degree to which model concepts diverge from human ones. Nevertheless, even
for current models, increasing capability requires more domain expertise to understand their
reasoning about advanced technical topics, and we’d expect this trend to continue.

2.2.3 Training incentives and drift

Training against monitors is a clear risk to CoT monitorability.16 If a CoT monitor
score is directly incorporated into the model’s training reward, there is a significant risk that
the model will learn to suppress verbalisation of the behaviours and goals that triggered the
monitor, in addition to (or instead of) learning the intended behavioural correction. Baker
et al. (2025) demonstrate that when CoT monitors are integrated into RL training with strong
optimisation pressure, models learn to hide misbehaviour within their reasoning – continuing
to reward-hack while obfuscating their intent in the CoT. The optimal strategy to achieve high
reward in training is to evade the monitor while continuing to misbehave (assuming uncaught
misbehaviour is rewarded). The fact that current models sometimes struggle to achieve full
obfuscation reflects a limitation of capabilities and training compute rather than a principled
barrier. Emmons et al. (2025a) further demonstrate that RL training against CoT monitors can
teach models to discover novel evasion strategies that experimenters had not anticipated.

Despite these warnings, in practice the boundary between training against monitors and standard
training can be blurry.17 For example, OpenAI’s deliberative alignment approach (Guan et al.,

15Five experts predicted continued rise in single-forward-pass subversion capability. No expert who commented
argued single-forward-pass capabilities would plateau.

16Of experts who commented on training-time risks, at least seven flagged direct training against CoT monitors
as a top concern; none argued it was safe at scale.

17Three experts highlighted this blurriness: one observed that despite public statements against training on
chain-of-thought, labs continue to apply supervised fine-tuning, length penalties, and reward-model pressure to
the CoT; another noted that even careful auto-rater training risks “rewarding the wrong things”.
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2024) includes an expert iteration step in which a reward model rates CoT content, and Guan
et al. (2025) themselves note that this “could also cause models to obfuscate even through a full
RL training run.” In one notable case, Anthropic initially indicated that there was negligible
training pressure on the CoT, but upon further investigation prompted by METR’s review found
that the pressure may not have been negligible, leading to revisions of sections of their sabotage
risk report (METR, 2025; Bowman et al., 2025). More recently, Anthropic’s Mythos Preview
risk report disclosed that despite explicit intent to avoid training on chain-of-thought content,
a technical error caused reward code to observe chains-of-thought in approximately 8% of RL
episodes, noting that this may have plausibly affected the model’s opaque reasoning or secret-
keeping abilities (Anthropic, 2026). This illustrates how accidental training pressure on CoT
can arise even when developers actively try to prevent it.18

When CoT is still necessary for a task, training against monitors could push them
towards encoded or steganographic reasoning. Current language models are capable of
devising and applying an encoding scheme for their outputs provided they are given additional
affordances like an unmonitored scratchpad (Zolkowski et al., 2026); however, these schemes are
initially constructed through explicit chain-of-thought reasoning. Of seven experts who com-
mented on naturally-emerging steganography, five judged it unlikely in the near term — citing
the cold-start problem, the difficulty of training model organisms to engage in steganography,
and the overhead of encryption schemes; two were more concerned, particularly under sustained
training against CoT monitors.19 We judge that under standard RL without direct CoT pres-
sure, steganographic reasoning is unlikely to emerge naturally over the next 1–2 years; however if
training against CoT monitors becomes more widespread, steganography will become a realistic
possibility.

Indirect optimisation pressure: even without directly training on monitors, feedback
spillover from output-based training could reduce propensity to verbalise harmful
reasoning. Output-based safety training can suppress certain content in the CoT even when
the training signal is computed only from outputs, because the same model and largely the same
computations are responsible for generating both the CoT and the output (Drori et al., 2025).20

Proposals such as Kokotajlo’s mind/face split (Kokotajlo & Demski, 2024) — separating the
CoT-generating model from the output-generating model — aim to address this, but have not
been validated in practice.

There is also a slow evolutionary pressure from safety teams reading the CoT and
adjusting training processes in response. Safety teams that look at CoT to spot issues
inevitably select against models that verbalise bad behaviour (which they can spot), and in
favour of models that don’t. Guan et al. (2025) explicitly acknowledge this dynamic: “we use
CoT monitors to help flag misbehaviour and fix vulnerable environments; because we only fix
the environments that we can catch, this constitutes a slow evolutionary pressure for CoTs to
obfuscate.” However, this mechanism operates much more slowly than direct gradient pressure,
and using CoT evidence to inform changes to the training process (rather than directly training

18The same report also describes an application of monitoring to the training process itself: Anthropic monitors
RL episodes and SFT data for risks of reward hacking, emergent misalignment, and power seeking as they occur
during training (Anthropic, 2026).

19On the one hand, models face a “cold start problem”: devising a steganographic scheme likely requires explicit
reasoning that would itself be visible in the CoT, so continuous monitoring should catch the bootstrapping phase.
Current models cannot yet sustain hidden reasoning for complex tasks under standard conditions (Zolkowski et al.,
2026). Paraphrasing model outputs can substantially limit the bandwidth available for steganographic encoding
(Roger & Greenblatt, 2023). On the other hand, when certain content is penalised in the CoT, models can learn
simple encoding schemes that transfer to novel contexts (Skaf et al., 2025). Fully encrypted CoT is highly unlikely
to emerge naturally, as full encryption schemes carry substantial computational overhead.

20Relatedly, Howe & Carroll (2025) show that standard preference-based RL can induce systematic motivated
reasoning: when RL-trained preferences conflict with deployment-time instructions, models produce CoT that
plausibly rationalises violating their instructions rather than genuinely reasoning about them.
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against the CoT) is often sensible.

Commercial pressure on token usage: commercial and capability incentives create several
distinct pressures on the CoT towards less monitorable reasoning. These include:

• Length penalties and efficiency pressure. Since each reasoning token incurs infer-
ence cost, several experts argue that explicit or implicit length penalties on the CoT are
commercially unavoidable. Recent work shows that reasoning length can sometimes be
substantially reduced with minimal accuracy cost (Aggarwal & Welleck, 2025; Hou et al.,
2025). Shorter CoTs reduce the amount of visible reasoning available to monitors, po-
tentially suppressing verbalisation of safety-relevant steps. Training processes that distil
multi-step CoT reasoning into single-forward-pass capabilities (Deng et al., 2024) (e.g. by
training on condensed reasoning summaries) may also be pursued for efficiency reasons.

• Pressure towards more effective reasoning representations. It is highly likely that
standard English is not the optimal medium for reasoning in a token stream, and RL will
apply pressure towards more effective reasoning styles. This could lead to models reasoning
in less legible ways or compressing more computation into single forward passes.21

Random drift during reinforcement learning could reduce legibility. Absent any spe-
cific pressure on reasoning, models may still deviate from standard language usage due to random
drift over RL training. On the other hand legible reasoning is useful for model developers to
understand how their models are working and debug issues, and so it is plausible that developers
will deliberately train models to continue to reason in normal English. Random language drift is
likely much easier to resolve than useful performance-enhancing drift, as random drift can likely
be constrained with minimal optimisation pressure, without capability loss. A key unknown
empirical crux is whether the drift as observed in models such as o3 (Schoen et al., 2025) is
useful or random.

The monitorability impact of these pressures so far appears limited: Despite degrada-
tions in CoT legibility (Schoen et al., 2025), Guan et al. (2025) find that standard RL training
(without direct CoT pressure) does not meaningfully degrade monitorability at current fron-
tier scale, and MacDermott et al. (2025) similarly find no consistent monitorability effects from
commonly used incentives such as length penalties and KL regularisation. However, these pres-
sures are cumulative and could become more impactful at greater scale, or interact with model
capabilities.

2.2.4 Subversion of monitoring

Strategic obfuscation: misaligned models could strategically avoid verbalising harmful rea-
soning, or use encrypted or steganographic reasoning. AI models with sufficient capability and
strategic orientation might deliberately avoid verbalising thoughts about goals or behaviours
that human overseers or monitors are likely to find concerning, or reason about such topics in
an encrypted or steganographic way. Current models do not appear to have strong abilities to
control their CoT in this way (Chen et al., 2026), but these capabilities may improve in future
models.

Monitor manipulation or collusion: models could try to distract from or dilute incriminating
parts of their reasoning process, or jailbreak the monitor. This could be a particular risk in cases
where a weaker model is used to monitor a frontier model. It could occur due to training against

21Note that there are countervailing forces: (1) pretraining on vast amounts of natural-language reasoning
creates strong inductive bias towards continuing to reason in English, and (2) tokenizers are optimised to compress
English efficiently, so new reasoning styles will also need to work efficiently within this same system of tokens.
Despite these countervailing forces, the pressure towards more effective reasoning styles is highly likely to lead to
some degradation of CoT legibility.
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CoT monitors, or be a behaviour adopted strategically by a misaligned model. Models may also
try to collude with their monitor, encouraging the monitor to adopt the same goals and so cover
up evidence of misalignment. This may be especially likely when the monitor is the same as
(or closely related to) the model being monitored. Collusion risk is a reason to prefer using a
different model family for monitoring, and countermeasures include honeypotting the monitor
with synthetic flaggable inputs, making it difficult for the monitor to identify its own outputs,
and disrupting coordination on collusion signals (Stastny & Greenblatt, 2025; Bostock et al.,
2026). See subsection 3.1 for further discussion of AI control techniques.

2.3 Measuring CoT oversight degradation

Quantitative measures of CoT monitorability would help track degradation across
model generations and training interventions. Early work in this area includes outcome-
property adversarial evaluations that test whether agents can complete covert side-tasks without
detection (Guan et al., 2025; Kutasov et al., 2025a; Kinniment et al., 2026; Gasteiger et al., 2025;
Inglis et al., 2025), and metrics for the default legibility and coverage of CoT reasoning (Emmons
et al., 2025b), including process evaluations that check whether CoT makes the required reason-
ing steps apparent, and intervention evaluations that apply controlled changes to the agent’s
environment and test whether monitors can detect the reason for the resulting behavioural shift
(Guan et al., 2025). Here we highlight specific measurement approaches for each degradation
pathway. Chen et al. (2025b) and Chua & Evans (2025) take an intervention approach, measur-
ing CoT faithfulness (Lanham et al., 2023) in reasoning models.

No-CoT evals measure single forward pass capabilities. Within the current paradigm of
discrete token reasoners, no-CoT evals – where models need to give their answer immediately
in their first output tokens – can be used to track single forward pass capabilities (Greenblatt,
2025b). Currently, no-CoT evals have primarily been developed for mathematics tasks, so there
is scope to extend their coverage to more risk-relevant domains.

Measuring chain of thought legibility. Heavily garbled chain-of-thought would be easily
observable by human inspection (given access to the CoT). However it would be helpful to have
quantitative metrics for legibility. These could be used to quantify the impact of different training
interventions on legibility, as well as better compare the performance of monitors on garbled vs.
clean CoT. Once again, we emphasise that legibility is not the same thing as monitorability, and
the best metrics for the former will likely differ from generic monitorability metrics.

Measuring propensity to verbalise requires disentangling it from necessity. If a model
verbalises a reasoning step, this could be because it needs to (necessity) or because it tends to
(propensity). The distinction matters because propensity-driven verbalisation is likely to be
more fragile and context-dependent than necessity-driven verbalisation, and they are vulnerable
to different degradation pathways. Emmons et al. (2025b) propose controlling task difficulty to
separate these: on tasks within the model’s single-forward-pass capability, any verbalisation is
likely driven by propensity rather than necessity.

CoT controllability takes another perspective on necessity of verbalisation. Chen et al. (2026)
looks at whether models can control what they verbalise in their CoT. Just as a human may
struggle not to think about a pink elephant when prompted, models may not be able to control
what shows up in their CoT even in cases that do not require complicated serial reasoning.

Measuring monitor-subversion skills. For each of the following, both capability evalua-
tions (can the model do this?) and propensity evaluations (does the model tend to do this
unprompted?) are informative:

• Steganography: Ability to reason steganographically without getting caught devising a
scheme in the CoT.
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• Collusion: Ability to agree on a collusion signal without getting caught devising a scheme
in the CoT.

• Selective sandbagging: Ability to determine whether an example of misalignment is real
or fake (i.e., in the context of an eval), and to selectively underperform on real examples.

• Stealth: Ability to covertly execute a harmful side task while ostensibly carrying out a
benign instruction as probed, e.g. in the SHADE-Arena evaluation (Kutasov et al., 2025b).

• Monitor jailbreaking: Ability of the model to jailbreak its monitor.

• Motivated justification: Ability of the model to produce benign-seeming justifications
for harmful actions, such that a monitor reading the CoT would assess the action as
warranted.

2.4 Levers for preserving CoT oversight

2.4.1 Cross-cutting levers

Hold out the most informative monitoring surfaces from training. This is among the
most important levers for preserving CoT monitorability, and it applies across all properties.
Insofar as multiple monitoring surfaces are available, we recommend that the deepest, most
informative source of insight into the model’s behaviours and propensities are held out from
training, so that the model never learns to obfuscate the information derivable from this source.

More precisely, we recommend measuring:

1. How informative a monitoring surface is

2. How robust a monitoring surface is to optimisation pressure

3. How correlated it is with other monitoring surfaces

Then monitoring surfaces should be held-out if they (1) are highly informative, or (2) are not
robust against training, or (3) are decorrelated with other trained monitoring surfaces. In this
case, we judge that CoT is currently the most informative source of insight into model behaviours
and goals (satisfying (1)), and is not very robust against training (satisfying (2)), making it a
good candidate for a held-out monitoring surface.22 Most interviewed experts who commented
endorsed this position.

In practice, this can be structured analogously to a train/val/test split: the “outer layer” of over-
sight (deployment monitoring, auditing) is held out entirely, while issues surfaced by that layer
seed separate evaluations that mitigations are iterated against (Anthropic, 2026). Additionally,
issues surfaced by oversight techniques ideally should not be trained away until the root cause
is well understood, to avoid narrow patches which merely serve to hide the issue (Anthropic,
2026).

Monitorability evaluations and metrics. Quantitative measures of monitorability would
enable frontier labs and third parties to track how architecture and training changes affect the
quality of oversight evidence, and to detect degradation before it undermines safety claims.
Early work in this area includes adversarial evaluations that test whether agents can complete
covert side-tasks without detection by CoT monitors (Kinniment et al., 2026; Guan et al.,
2025; Kutasov et al., 2025a; Gasteiger et al., 2025; Inglis et al., 2025), and metrics for the
default legibility and coverage of CoT reasoning (Emmons et al., 2025b). We recommend that

22Two experts explicitly ranked CoT monitorability as the single most important near-term property (one
adding it was also among the most likely to be lost first), and a further seven described it as a top monitorability
concern or key oversight surface without explicitly ranking. One expert was sceptical that CoT evidence is
currently convincing at labs.
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monitorability evaluations be incorporated into standard evaluation suites, with results reported
in system cards or equivalent documentation. Model developers should carefully justify changes
that degrade monitorability, explaining how other safety measures compensate.

Transparency reporting on architecture changes. Developers should disclose whether
they use latent reasoning architectures, and provide CoT access to external evaluators. Without
this, it may be difficult to detect from the outside when a relevant change has occurred, and
assess the extent to which monitorability is undermined.

2.4.2 Preserving necessity

Deploy models that rely more on necessity to verbalise. In safety-critical deployments,
large models with strong single-forward-pass capabilities could be substituted for smaller models
that can attain the same capabilities only by using long reasoning traces. Another intervention
would be to complicate the model’s strategic situation to the point of exceeding its single-
forward-pass capabilities, for example by placing a variety of controls and tripwires.

2.4.3 Preserving propensity

Directly encourage verbalisation. Auxiliary training objectives can be introduced to pro-
mote verbalisation in the CoT (see section 6).23

Avoid optimisation pressure to suppress verbalisation of concerning behaviours. The
most important lever is to preserve the integrity of the CoT by training against it very sparingly
and only when there are no suitable alternatives. It is almost impossible to avoid all forms of
indirect optimisation pressure on the CoT, but proposals such as Kokotajlo’s mind/face split
(Kokotajlo & Demski, 2024) could be explored to lessen output spillover.

2.4.4 Preserving human legibility

Auxiliary training objectives to preserve legibility. Auxiliary training objectives can be
introduced to promote CoT legibility (see section 6). Insofar as language drift is merely random
drift, this can probably be curtailed by means of auxiliary training objectives that incentivise
the model to continue reasoning in human-readable English. However if language drift is useful,
then safely optimising against it may be difficult. The main risk is that such objectives face
implicit optimisation pressure: rather than producing blatantly illegible text (which the objective
would penalise), models might learn to reason in superficially legible but subtly encoded ways.
Empirical work is needed to resolve this.

Train a translation map between garbled and legible CoTs. Speculatively, even if
language drift occurs, it may be possible to translate drifted reasoning back into English. One
approach would be to maintain a chain of translation back to base-model English across a
training run, so that even if the final model reasons in heavily drifted language, each step can be
traced back through intermediate translations. A complementary approach would be to train
two models – one using efficient but drifted reasoning, and one reasoning for longer in legible
English – and learn a mapping between their reasoning traces. The fact that both models solve
the same problems could make the mapping closer to translation than unsupervised decoding.24

However these approaches are speculative and have not been tested; they assume the legible
23Experts disagreed about whether such objectives can work at production scale: two were sceptical, with

one noting “the history of interventions like this working in production-scale RL is pretty bad”; two others were
cautiously optimistic about variants such as confession training or post-hoc interrogation.

24Early evidence suggests that decoding encoded reasoning from internal representations may be possible: Fang
& Marks (2025) show that logit lens analysis can reconstruct complete reasoning transcripts from the internal
representations of models reasoning in ROT-13 cipher. Natural-language autoencoders (Fraser-Taliente et al.,
2026) provide another potential route (see subsubsection 5.1.2).
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model can perform all relevant tasks given enough elicitation, and that the number of legible
tokens required to replicate the drifted performance can be kept manageable.25

2.4.5 Building monitor robustness

Unlike the other properties in this section, monitor robustness is not something we can straight-
forwardly “preserve”: we do not have strong evidence that current CoT monitors are robust to
adversarial pressure. However the primary risk is that monitored models become increasingly
capable of exploiting the lack of robustness. The levers below are correspondingly focused on
building robustness rather than defending an existing property.

Adversarial training of monitors. Monitors can be explicitly trained against examples of
evasion, obfuscation, and manipulation – whether generated by red-teamers, elicited from the
monitored model under prompting, or produced by dedicated adversarial agents. See section 6
for discussion of the difficulties of training such monitors.

AI control techniques. The AI control literature provides a range of techniques for making
monitors harder to subvert – see subsection 3.1 for further discussion.

Redundancy across monitoring surfaces. If a model learns to bypass one kind of monitor
(e.g., the CoT monitor), it may still be caught by others (e.g., a probe on internal activations, or
an output monitor). Maintaining multiple decorrelated monitoring approaches provides defence
in depth.

2.4.6 Preventing steganography

Avoid direct training against CoT monitors. Direct optimisation against a CoT monitor
is the single most important driver of encoded or steganographic reasoning (section 2.2.3): it
turns “produce a CoT that doesn’t trip the monitor” into the reward, rather than “don’t do the
underlying bad thing”. Many of the levers under preserving propensity also apply here.

Paraphrasing to limit steganographic bandwidth. Automatically paraphrasing model
outputs before they are used downstream substantially reduces the channel capacity available
for steganographic encoding (Roger & Greenblatt, 2023), and paraphrasing experiments may
reveal whether models use steganography for certain tasks.

Catch the bootstrap phase. Devising a novel encoding scheme typically requires explicit
reasoning about the scheme, which would itself appear in the CoT; continuous monitoring during
training and early deployment can catch this phase before a model has internalised a scheme
that it can deploy silently (Zolkowski et al., 2026).

25Two experts independently proposed translation-map approaches and both flagged them as untested.
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3 Behavioural Oversight
This section covers oversight approaches based on model actions and behaviour, rather than
internal reasoning or chain-of-thought. These approaches are important because they remain
available even in worlds where chain-of-thought monitorability and white-box interpretability
have substantially degraded. We organise this section around two topics:

• Action-only monitoring (Section 3.1): monitoring based solely on what a model does,
without access to its reasoning. This provides a baseline that is almost certain to persist
even as other oversight surfaces degrade.

• Evaluations (Section 3.2): pre-deployment evaluations — including alignment honeypots
that place models in scenarios where misalignment might surface — are a central tool
for auditing. Their validity is threatened by evaluation awareness: the growing ability of
models to recognise when they are being evaluated and modify their behaviour accordingly.

In the appendix we cover three additional properties:

• Metacognition (Appendix A.1): a model’s awareness of its own cognitive processes,
which has dual implications — supporting interrogation-based auditing while also enabling
more sophisticated oversight subversion.

• Theory of Mind (Appendix A.2): a model’s ability to reason about the mental states
and processes of other intelligent agents.

• Coherence (Section A.3): the degree to which model behaviour is consistent across con-
texts, which underpins the generalisability of behavioural evaluations.

3.1 Action-Only Monitoring

Section Summary: Action-Only Monitoring

Status: Currently functional – provides a floor for oversight even when other
surfaces degrade

Risk of Degradation: Moderate – low-incrimination tasks increasing and capability gap be-
tween trusted and untrusted models growing

Impact if Lost: High – action monitoring is the last-resort fallback when other over-
sight methods fail

Preservability: Moderate – control protocols help but fundamental limits exist for
subtle sabotage

Key Information

• Action-only monitoring provides a floor for oversight. It remains available even
when other monitoring surfaces have deteriorated.

• Action-only monitoring may be better suited to harm prevention than to
incrimination: it can be used to catch and block bad actions, but is sometimes in-
sufficient to establish with confidence that a model is misaligned, unless the action is
particularly egregious.

• Action-only monitoring is highly likely to become harder, as models take on
more autonomous tasks with opportunities for subtle sabotage, and as the capability
gap between frontier and trusted models widens.

Action-only monitoring involves detecting bad behaviour from outputs alone, e.g. file
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operations, tool uses and code outputs, without relying on access to chain of thought or internal
states. It is a fallback which is almost certain to remain available even as other monitoring
surfaces deteriorate, since the model must take actions to interact with the world. However its
effectiveness depends strongly on whether the model is being used in a domain where malign
actions can easily be distinguished from benign behaviour.

Trusted vs untrusted monitoring. The capability gap between the monitor and the moni-
tored model is a relevant factor. Currently, it is common to use frontier models for monitoring
(Anthropic, 2025d,b, 2026; Hughes et al., 2026; Guan et al., 2025), but as models become more
capable there is a risk that a misaligned monitor model could more coherently hide its misalign-
ment, and collude with the model being monitored to avoid flagging malign samples (Greenblatt
et al., 2024b). Weak models are likely to be more trusted (since they are less capable of hid-
ing misalignment), but they are also less capable at distinguishing which actions are malign or
dangerous. Weaker models may also be chosen because they are cheaper to deploy at scale.

Online vs offline monitoring. Monitoring can be run online, where actions are checked be-
fore being run, or offline, where actions are reviewed a period of time later. Online monitoring
requires monitoring to be sufficiently low-latency that it does not slow down the system being
monitored to an unacceptable degree, and requires more engineering effort to integrate. De-
pending on the time delay before actions are reviewed, offline monitoring may not be able to
prevent some threats. Online monitoring may be necessary to prevent risks such as exfiltration
of secrets where a single harmful action could do irreversible damage.

Control. The AI control paradigm (Greenblatt et al., 2024b) provides the most developed
framework for maintaining safety under action-only monitoring, even when the monitored model
may be intentionally subversive. Control protocols aim to prevent unacceptably bad outcomes
regardless of whether models are aligned.

3.1.1 Relevance to safety claims

Action-only monitoring has two distinct possible goals, which it serves unequally
well. We distinguish:

• Harm prevention — stopping bad actions from having bad effects, regardless of whether
the model is aligned. Here the question is whether the presence of safeguards can prevent
a malign action from being attempted in the first place, or from causing harm if it is
attempted, e.g. by blocking, resampling, or swapping-in a more trusted model when
potentially dangerous actions are detected.

• Incrimination — establishing that a model is in fact misaligned (or has a specific mis-
aligned behaviour), as evidence to support decisions such as retraining, rolling back to an
earlier checkpoint, or declining to deploy.

Action-only monitoring is substantially better suited to harm prevention than to incrimination
though this is domain dependent.

Action-only monitoring is less useful in some domains. Monitoring only what a model
does (rather than what it thinks) works well for malign actions which are obviously incriminating
and difficult to disguise, where there would be no explanation for a benign model taking those
actions. However action-only monitoring is highly unlikely to be sufficient on its own for low-
incrimination actions such as underperforming on safety research, where competent sabotage is
nearly indistinguishable from benign mishaps (Hebbar, 2025). More capable models may also be
better at disguising their subversion in many domains, e.g. by writing backdoored code which
looks more legitimate (Gasteiger et al., 2025).26

26Four experts directly note that they expect future models to get better at this capability, with two indirectly
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Verification is sometimes easier than generation. In some domains, detecting a bad
action is substantially easier than devising and executing one. For example, recognising that
a model is attempting a cyberattack may be easier than constructing the attack itself. Where
this asymmetry holds, even a weaker trusted model may be able to effectively oversee a stronger
untrusted one.27

Expert Disagreement

Experts disagree on the extent to which action-only monitoring (combined with
control protocols) could be sufficient for harm prevention, despite its limited ability
to reliably establish misalignment. Some experts are optimistic, emphasising that finding
conclusive evidence of misalignment is not strictly necessary as long as we can get enough
useful safety-enhancing work out of potentially-misaligned systems (Greenblatt et al., 2024b).
They note that techniques such as rollback and resampling (Bhatt et al., 2025), combined
with restricting model affordances, substantially limit what a misaligned model can attempt
without being caught. Others however were deeply sceptical, emphasising the ease of subtle
sabotage in some tasks.

3.1.2 Degradation pathways

Oversight Degradation Pathways - Action-Only Monitoring

Mechanism Properties affected Timeline Likelihood Severity

Increasing deployment
in low-incrimination
tasks

Distinguishability of
sabotage from benign
actions

Ongoing Highly likely

Growing capability gap
between untrusted and
trusted models

Monitor effectiveness Beginning over
next few years

Highly likely

The number of low-incrimination sabotage opportunities available to models is
highly likely to increase as models are deployed on longer-horizon tasks, given more au-
tonomy, and trusted with higher-level decision making which is harder to verify (e.g. research
prioritisation).28 Deriving confidence from action-only monitoring will be correspondingly more
challenging in these domains (Singh et al., 2025).

The gap between the strongest untrusted and trusted models is likely to grow over
time, after models become capable enough to plausibly hide egregious misalignment. After this
point, our ability to detect misalignment may not improve sufficiently quickly to keep up, and
it may grow increasingly plausible that new models are egregiously misaligned. However we
have substantial uncertainty over the pace and extent of this gap between trusted and untrusted
models.29 A further complication is that the methodology for establishing which specific models
are trusted is unlikely to be well-defined, and we will likely face a heuristic, subjective, and broad
spectrum of trustedness.

supporting it. Some experts cautioned that more capable monitors will also improve.
27One expert directly endorsed this asymmetry for high-incrimination tasks; a second expert’s distinction

between actions where you “can then check the action” (e.g. overt hacking) and sandbagging implies the same
asymmetry holds for high-incrimination but reverses for low.

28Two experts directly supported this claim, two indirectly supporting, and no substantial disagreements.
29If there are particular architectures or training methodologies which plausibly make hidden misalignment

more likely (but nonetheless are implemented for capabilities reasons), a training run focused on reducing the
chance of scheming (at the expense of capabilities) could be performed to create a more trusted model. This
model would likely be on a better place on the pareto frontier between trustedness and capabilities than simply
using an older weak model.
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3.1.3 Measuring action-only monitorability

Measure detection rates for sabotage under action-only monitoring, using models
prompted or trained to be misaligned. A growing body of AI control evaluations provide
benchmarks for this (Greenblatt et al., 2024b; Benton et al., 2024; Kutasov et al., 2025a; Inglis
et al., 2025; Cooper Stickland et al., 2025). In the typical setup, a model must complete a benign
main task while also having the opportunity to pursue a malicious side task, and a monitor
reads only the transcript of outputs and rates suspicion levels. ControlArena (Inglis et al., 2025)
provides an open-source framework for running such experiments across a range of settings,
from simple programming tasks to complex infrastructure management; Cooper Stickland et al.
(2025) extends the framework to asynchronous (offline) control measures.

Measure detection rates across capability gaps. A key question is how well weaker trusted
models can monitor stronger untrusted models. Empirical studies of weak-to-strong oversight
(Kenton et al., 2024) provide a methodology for this: systematically varying the capability gap
between monitor and monitored model, and measuring how detection rates degrade.

Measure the detection gap between high- and low-incrimination sabotage. Detection
rates should be measured separately across domains. Stealth and sandbagging evaluations show
that current frontier models are much less likely to be caught at tasks such as decision sabotage
and sandbagging where the action itself is not obviously incriminating (Phuong et al., 2025;
Gasteiger et al., 2025; Taylor et al., 2025). It will be vital to carefully track which threats are
amenable to action-only monitoring, and focus on alternative monitoring strategies for those
that aren’t.

3.1.4 Levers for preserving action-only monitoring

Invest in auditing to ensure we have strong trusted models. The simplest control
protocols use a weaker but trusted model to monitor the outputs of a stronger untrusted model,
flagging or blocking suspicious actions. We should aim to minimise the capability gap between
frontier models and the most capable trusted model, as otherwise the trusted model may lack
the ability to detect sophisticated sabotage.

Untrusted monitoring with anti-collusion measures. If we do not have capable trusted
models, a more capable but untrusted model can be used as a monitor, substantially improving
detection rates over trusted monitoring alone (Greenblatt et al., 2024b). However, this intro-
duces the risk of monitor sandbagging or collusion: the monitor may recognise and fail to flag
true malign actions generated by another copy of itself, while still flagging malign actions dur-
ing testing. Anti-collusion countermeasures include paraphrasing or summarising the monitored
model’s outputs before presenting them to the monitor (to disrupt self-recognition and stegano-
graphic signals), inserting realistic synthetic actions that the monitor should flag (honeypotting),
and information siloing to limit what the monitor knows (Stastny & Greenblatt, 2025; Bostock
et al., 2026).30

30Of seven experts who commented, four identified collusion or self-bias as a risk when using untrusted monitors.
One raised monitor sandbagging but considered it tractable.
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3.2 Evaluations and Oversight Awareness

Section Summary: Evaluations and Oversight Awareness

Status: Already under pressure – evaluation gaming is actively affecting align-
ment audit results

Risk of Degradation: High – evaluation awareness is almost certain to increase with model
situational awareness

Impact if Lost: High – undermines pre-deployment safety assurance and alignment
honeypots

Preservability: Partial – detail-driven awareness is tractable but scenario-driven
awareness is much harder to mitigate

Key Information

• Evaluation gaming is already undermining the validity of some alignment
audits; models frequently verbalise evaluation awareness and there is evidence that this
is affecting model behaviour.

• Increasing intelligence is likely to lead to increased situational awareness, and
hence increased evaluation awareness and evaluation gaming.

• Specific kinds of training may inadvertently increase evaluation awareness as
a side effect, for example training on synthetic alignment tests, documents describing
evaluation scenarios, or training to recognise and resist jailbreaks.

• Improving realism of evaluations will help but is likely to be insufficient.
Details-driven evaluation awareness (from unrealistic environment features) is likely
tractable, but scenario-driven evaluation awareness — awareness caused by the over-
all situation being the kind of thing that only arises in an evaluation — is much harder
to mitigate, and constructing production-realistic evaluations becomes harder as deploy-
ment environments grow more complex.

• Non-verbalised evaluation awareness is hard to measure. Current models tend
to verbalise evaluation awareness in their CoT, but we do not yet have good ways to
measure the influence of non-verbalised evaluation awareness.

Evaluations involve placing models in situations designed to measure their capabilities and
propensities. They are a useful tool for surfacing undesired behaviours of models before they
arise in deployment. This includes evaluations for dangerous capabilities, as well as for undesired
propensities e.g. misalignment. Alignment honeypots are evaluations specifically designed to
stress-test alignment, by placing the models in scenarios where misalignment might surface.

Evaluations risk being invalidated by evaluation gaming, when the model plays to
the test. Models may be evaluation aware – the model identifies cues about whether it’s being
evaluated, and deduces the purpose of the evaluation, e.g. identifying whether an apparent
opportunity to take a misaligned action is real or a honeypot evaluation. Evaluation gaming is
when an evaluation aware model deliberately takes the action that it believes the evaluation is
testing for, in order to score higher.

More generally, oversight awareness threatens to undermine monitorability. Recent
work frames evaluation awareness, training gaming, and monitoring awareness as instances of a
broader pattern of metagaming: reasoning about feedback or oversight mechanisms outside the
narrative of the scenario (Schoen & Nitishinskaya, 2026). Sufficiently situationally aware models
may modify their behaviour depending on whether they believe they are being monitored, or
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adapt their behaviour to play along in training in order to avoid being updated (Greenblatt
et al., 2024a). Many of the underlying causes and potential solutions to evaluation gaming also
apply more generally to oversight subversion or training gaming.

3.2.1 Relevance to safety claims

There is already empirical evidence that evaluation gaming is affecting alignment
evaluation results. Some recent models such as Claude Sonnet 4.5 verbalise evaluation aware-
ness in their chain-of-thought increasingly often, over 80% of the time in many alignment honey-
pot evaluations (Anthropic, 2025d). Evaluation gaming is already affecting the results of these
evaluations – Sonnet 4.5 is more likely to behave poorly when evaluation-awareness related
representations are suppressed (Anthropic, 2025d), and o3 engages in more covert behaviour
when its chain-of-thought is edited to remove verbalised evaluation awareness (Schoen et al.,
2025). Anthropic’s Sabotage Risk Report for Opus 4.6 describes evaluation awareness as the
“biggest challenge” they face in alignment assessments (Anthropic, 2026).31 Future honeypots
are unlikely to be effective if this trend of increased evaluation gaming continues.32

Expert Disagreement: Current Alignment Honeypots

Experts disagree on the value of current alignment honeypots. Some were sceptical,
expressing a range of opinions such as:

• Evidence from alignment honeypots is unlikely to affect deployment decisions unless
the scenarios correspond to real cases users are likely to encounter

• Current alignment honeypots are more illustrative than concerning
• Models currently lack enough goal-consistency for these evaluations to be meaningful

Whereas more optimistic experts emphasise that these evaluations are already a useful tool
for model developers to course-correct the alignment of their systems, and catch issues pre-
deployment.

3.2.2 Degradation pathways

Oversight Degradation Pathways - Evaluations

Mechanism Properties affected Timeline Likelihood Severity

Increasing intelligence
and situational
awareness

Ability to distinguish
evals from deployment;
propensity to game evals

Ongoing Almost Certain

Unintended effects of
training

Evaluation awareness Possibly ongoing Realistic possibility

Deployment
infrastructure
complexity

Realism of synthetic
evaluations

Ongoing Likely to increase

Scenario-driven evaluation awareness — models recognising the evaluation from the overall sit-
uation rather than micro-details — is a persistent challenge rather than a degradation pathway
in the same sense, so we discuss it separately below.

31Six experts directly affirmed that evaluation gaming weakens the evidence from behavioural audits, with
two more making logically equivalent observations. However one expert was partially sceptical, framing current
eval-awareness demonstrations as “more illustrative than concerning” and arguing better evaluation design could
solve the problem.

32Five of eight experts who commented on this agreed that honeypot-style evaluations will become less effective
as evaluation awareness increases, though three argued that production-based evaluations or better evaluation
design could preserve their usefulness.
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Evaluation awareness is almost certain to increase as models become more intelligent
and situationally aware. Inferring the nature of a scenario and what is being graded for
is a general skill that improves with intelligence, and it is convergently useful for models to
increase reward in training, especially if training involves alignment honeypot scenarios (Pan
& Greenblatt, 2025; Schoen & Nitishinskaya, 2026). The situational awareness of models is
also highly likely to increase as more information about how they are trained, evaluated and
monitored becomes available in their pre-training data.33

Training may inadvertently increase evaluation awareness as a side effect. Training
for jailbreak resistance may cause models to reason more effectively about what is real or fake,
likely increasing evaluation awareness as an unintended consequence.34

Scenario-driven evaluation awareness is already a significant problem, and its future
trajectory is uncertain. Mitigating evaluation awareness caused by unrealistic micro-details
in the environment is likely to be tractable by comparing to the details of real deployment
settings (see subsubsection 3.2.4), but evaluation awareness caused by the broader nature of
the scenario itself is more pernicious (Kissane et al., 2026).35 For stress-tests designed to elicit
rare, high-consequence behaviours that one cannot afford to only observe in real deployment,
the framing of the scenario itself will likely remain a strong cue. Mitigating scenario-driven
evaluation awareness will likely require more speculative approaches, such as activation steering
to suppress evaluation-awareness representations. However there is a chance that scenario-driven
eval awareness may decrease as models are deployed in increasingly high-stakes real settings and
the gap between honeypot scenarios and plausible deployment narrows.

As deployment environments become more complex, constructing realistic evalu-
ations is highly likely to become harder. Using real deployment settings is a promising
approach to mitigating details-driven evaluation awareness, but this requires access to the envi-
ronments in which the models will be deployed. As models are deployed in increasingly complex
and sensitive contexts (e.g. proprietary codebases), with more complex scaffolding, and as the
pace of change to these environments increases, it is highly likely to become harder to construct
realistic evaluations, and to avoid deployment situations where the model can confidently infer
it is not being tested or trained.36

Different types of evaluation awareness are likely to continue to proliferate. Eval
awareness already presents differently between models, with some directly focusing on whether
the scenario is fictional, and others more often attempting to infer what they’re being graded
for (Schoen & Nitishinskaya, 2026).

Context-dependent misalignment – where safety training removes misalignment only near
the training distribution, leaving it present in untested situations – also threatens audit coverage,
but operates through a different mechanism than evaluation gaming (see subsubsection A.3.2).

CoT monitoring for oversight awareness may become less effective. See Section 2 for
reasons why CoT monitoring might degrade in general. One expert was particularly concerned
that evaluation awareness verbalised in the CoT is a relatively visible issue with current models,

33Monitoring awareness is also highly likely to arise as monitoring during deployment becomes more widely
discussed. This will likely affect action-only subsection 3.1 monitorability, and potentially the propensity to
verbalise relevant CoT reasoning subsubsection 2.1.2.

34One expert specifically identifies anti-jailbreak training as a likely driver of increasing evaluation awareness,
citing evidence from the Opus 4.5 system card that features for identifying prompt injections increase over training.

35Three experts directly drew the details-vs-scenario distinction; two more gave reasoning consistent with it.
No expert disagreed. One was somewhat more optimistic that scenario-driven awareness could also be tackled
via better evaluations and beta testing.

36This issue will be particularly difficult for safety strategies depending on a lack of “deployment awareness” –
where the model acts well in deployment because it retains uncertainty as to whether a deployment situation is
actually a test or a training environment.
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and so labs will be incentivised to reduce it, either by explicitly training against it or iterat-
ing model training and evaluation design against metrics of verbalised evaluation awareness.
This may genuinely reduce evaluation gaming, but it also risks producing models that never ex-
plicitly mention evaluation awareness but still exhibit non-verbalised evaluation awareness and
evaluation gaming (Schoen & Nitishinskaya, 2026).

3.2.3 Measuring evaluation awareness

Attempt to measure the impact of evaluation gaming by intervening on evaluation
awareness. This involves performing interventions aimed at increasing or decreasing evalu-
ation awareness, and observing how the model behaves differently in evaluations as a result.
Approaches include resampling when verbalised evaluation awareness is present in the chain-of-
thought (Schoen et al., 2025), or suppressing evaluation-awareness-related latent states via acti-
vation steering (Nguyen et al., 2025; Anthropic, 2025d; Hua et al., 2025). Divergences between
the intervention and control conditions can provide evidence for the magnitude of evaluation
gaming effects, but this evidence is generally weak as the interventions may not be targeted or
effective. Conversely, if the evaluation gaming behaviour is known and specific, measuring that
behaviour can serve as a measure of evaluation awareness, including non-verbalised awareness
(Taylor, 2025; Kroiz et al., 2025).

Measure verbalised evaluation (or oversight) awareness. A simple approach (while chain-
of-thought monitorability remains high) is to measure how frequently models verbalise beliefs
about being evaluated in their chain-of-thought reasoning. This is the most common approach
to identifying evaluation awareness in practice, e.g. Claude Sonnet 4.5 verbalised evaluation
awareness over 80% of the time in alignment honeypot evaluations (Anthropic, 2025d). However,
this approach becomes unreliable if models do not have a consistent propensity to verbalise
evaluation awareness (see Section 2), as models are capable of modulating their behaviour in
evaluations without explicit verbalisation (Taylor, 2025; Kroiz et al., 2025).

Measure model capabilities for situational awareness. Needham et al. (2025) and Laine
et al. (2024) explicitly prompt models to classify whether transcripts come from evaluations
or real-world deployment, finding substantial abilities at this task. Benchmarks such as these
can be further developed and tracked over time to measure trends in situational awareness
capabilities. Beyond distinguishing evaluation from deployment, it may be more important to
understand whether models can deduce the purpose of the evaluation they are in, or accurately
deduce details of how they are being trained or monitored.

White-box techniques can be developed to detect whether a model internally represents eval-
uation awareness. Nguyen et al. (2025); Anthropic (2025d) use probes and SAEs to detect evalu-
ation awareness, and Anthropic (2025b, 2026); Fraser-Taliente et al. (2026) use natural-language
autoencoders37 to measure non-verbalised evaluation awareness (see subsubsection 5.1.2). White-
box techniques can potentially provide a measurement channel that does not depend as heavily
on chain-of-thought verbalisation. However these techniques need further development and val-
idation.

3.2.4 Levers for preserving evaluation integrity

Improve the realism of evaluations. Mitigating evaluation awareness caused by unrealistic
micro-details in the environment is likely to be tractable, whereas evaluation awareness caused
by the nature of the scenario itself is highly likely to be more pernicious. Micro-details can be
made more realistic by comparing to real deployment environments, e.g. minimally modifying

37specifically, the activation-verbaliser half of an NLA
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production transcripts (OpenAI, 2025a) or agent scaffolding (Souly et al., 2025).38 However,
accurately recreating complicated production scaffolding from outside is often infeasible, which
creates a structural asymmetry: the most realistic evaluations can only be run by labs with access
to the full production stack. By contrast, scenario-driven evaluation awareness is when models
deduce that they are in an evaluation because of the overall situation; perhaps they are placed in
a high-stakes ethical dilemma that seems unlikely to occur in real life. Mitigating scenario-driven
evaluation awareness may require more speculative approaches, such as activation steering to
suppress evaluation-awareness representations.

Production-based evaluations. A particularly promising approach is to deploy a trusted
model, collect deployment logs, filter for situations where sabotage opportunities arise, and then
replay those situations with the untrusted model (OpenAI, 2025a). Because these evaluations
are drawn from real deployment conversations, models exhibit substantially lower evaluation
awareness than on traditional benchmarks. However, production-based evaluations cannot fully
substitute for synthetic evaluations: they can be difficult to extend to long trajectories as the
new model may explore differently to the old model, and they are limited to the distribution of
situations that have already arisen in deployment (unless substantial edits are made, potentially
increasing evaluation awareness).

Beta testing as an alternative to evaluations. Rather than constructing evaluation sce-
narios that a capable model might recognise as artificial, developers can run a beta test — a
limited real deployment with consenting users and thorough monitoring — and use the resulting
behaviour as evidence about how the model will act once more widely deployed. Because the
model genuinely is deployed, the scenario-driven evaluation-awareness problem largely dissolves:
there is no “tell” that the interaction is fake. However beta testing relies on sufficiently robust
real-world monitoring, and also shares some limitations of production-based evaluations: access
to detailed logs may be constrained in sensitive or proprietary deployment settings, and the beta
test may fail to cover the full range of scenarios in which the model will eventually be deployed.

Limit model affordances to reduce the surface for evaluation detection. The more
tools and information a model has access to, the more ways it can verify whether it is in
an evaluation or deployment. For example, Claude Opus 4.6 used web search to identify the
BrowseComp benchmark it was being evaluated on, and used Python access to decode the answer
key (Anthropic, 2025a). Restricting affordances during evaluations (e.g. Python REPL access)
reduces the surface for evaluation gaming. However, this is only effective if these affordances
are also frequently restricted in deployment – otherwise, a model could simply condition its
misaligned actions on having sufficient tool access to first verify it is not being evaluated.

Activation steering to suppress evaluation awareness. Activation steering can be used to
suppress evaluation-awareness representations (Nguyen et al., 2025; Hua et al., 2025). Steering
has shown promise at reducing verbalised evaluation awareness and eliciting higher levels of
misalignment, but its effects are inconsistent and it does not seem to fully remove non-verbalised
evaluation awareness (Anthropic, 2025b). This technique is currently immature and it is unclear
how robust it will be as model introspection improves (McKenzie et al., 2026); nonetheless it
may be among the best available approaches for mitigating pernicious forms of scenario-driven
evaluation awareness.

38Three experts directly endorsed aligning eval details with real deployment; two more gave consistent reasoning.
No expert disagreed. One cautioned that recreating complicated production scaffolding (e.g. Claude Code) from
outside labs may become infeasible.
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4 State, Memory, and Inter-Agent Communication (SMIA)

Section Summary: State, Memory, and Inter-Agent Communication

Status: Currently strong but evolving rapidly
Risk of Degradation: High – medium-severity degradation likely
Impact if Lost: Medium – varying impacts, some severe
Preservability: Moderate – depends on architectural and deployment choices

Key Information

• Continual learning poses a threat to auditing. If model weights are updated
during deployment, pre-deployment safety evaluations may no longer reflect how the
model actually behaves, and the number of distinct model states requiring audit could
proliferate rapidly.

• State is stored in human-readable text. Memories are stored as readable text
(e.g. conversation history, markdown files), and multi-agent communication happens via
text. These properties mean that memory and communications can be inspected and
replayed for incident response, and that evaluators can construct realistic test scenarios
by editing model context.

• The most important levers are preserving text-based memory and communi-
cation if possible, and proactively developing interpretability tools for non-
text alternatives. Developers should also maintain comprehensive state logging where
practical to support incident response and reproducibility.

This section discusses how models might change during deployment due to continual learning
or modified state, and how instances of a model can communicate over time (which we think of
as memory) or between parallel copies (inter-agent communication).

Early LLM assistants had no memory or stored state; every session would start from the same
default prompt. Over the past year, model context windows have extended to tens of millions of
tokens (Reid et al., 2024; Meta AI, 2025), and various memory systems have been introduced.
Current assistants can refer to previous conversations, and coding agents store notes to their
future selves in markdown files. For most frontier systems, model weights remain static from
day to day, and no model developer has succeeded in unlocking true general continuous on-the-
job learning. However, this is beginning to change: Cursor AI already uses online reinforcement
learning to update its code completion model on a daily basis (Cursor AI, 2025a), and other labs
regularly update model weights to patch jailbreaks. While current continuous-learning systems
are narrow in scope, they demonstrate that the “weights are static” property is already eroding.

Multi-agent systems are under active development, with recent product releases of agent “team”
or “swarm” features for coding. These teams are primarily a scaffold over existing agents,
communicating between themselves via text much as humans communicate with agents. Fu-
ture multi-agent systems may use more specialised communication channels, which could affect
monitorability of these systems (Schroeder de Witt, 2025).

4.1 Safety-relevant properties

Model weights are largely static during deployment. For most frontier systems, pre-
deployment model evaluations help us to predict how models will behave in deployment, both
their propensities and their capabilities. If model weights are frequently updated during de-
ployment, then pre-deployment evaluation results may not reflect the behaviour of the updated
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model. Because weights are static, the number of distinct models requiring audit is small and
does not proliferate with the number of tasks or deployments. Additionally, white-box monitor-
ing techniques are trained assuming a fixed model, so if weights are regularly updated then these
techniques may produce unreliable results unless they are also frequently updated to match.

Pre-deployment evaluations can be designed to be representative of deployment
behaviour. While current deployment harnesses introduce some differentiation (e.g. custom in-
structions, information from previous chats), they can often be reproduced reasonably faithfully
in testing. Model instances in deployment also have somewhat limited variation in capabilities
and propensities between contexts, so pre-deployment evaluation results are often reasonably
informative – though propensities do sometimes vary strongly with context (see subsection A.3).

Memories and model state are stored in human-readable text, supporting honeypot
construction and incident replay. When monitoring detects misbehaviour, the full state
can in principle be reconstructed and replayed for investigation. Evaluators can also edit or
construct the model’s context merely by editing text, for example in order to run an alignment
honeypot (although this is already limited by evaluation awareness; see subsection 3.2). 39

Communication and shared state between models in multi-agent settings is human-
readable. Instances communicate (both directly and indirectly) via human-readable text, so
we can monitor whether a model is trying to jailbreak another, instructing it to take harmful
actions, or coordinating on subverting oversight.40 Communication can happen between parallel
running instances, or sequentially from one instance to the next, e.g. via compaction messages
or cues left in the environment.

4.2 Degradation pathways

Oversight Degradation Pathways

Mechanism Properties affected Timeline Likelihood Severity

Weight-based continual
learning

Weights are static Medium-term Likely

Longer contexts and
advanced memory
systems

Representativeness of
evaluations

Gradual, ongoing Highly likely

Vector-based memory Context is readable Medium-term Realistic possibility

Vector-based
inter-agent
communication

Communication is
readable

Medium-term Realistic possibility

Model weights are likely to be regularly updated during deployment (continual
learning), meaning pre-deployment evaluations may stop being representative of
deployment behaviour. Continual learning could provide significant gains in real-world utility
of AI systems, and some developers are already moving in this direction.41 This may take the

39AI-specific logging should also be supported by more traditional cybersecurity logging and tracking of the
surrounding code and events which are executed.

40Three experts identified text-based inter-agent communication as a current safety property of multi-agent
systems: one called it “a nice emergent property that human-readable text is used”; one called bureaucratic text-
based agent systems “easier for us to monitor than if it’s one horrific end-to-end system”; and one described
file-system and task-tracker communication as “almost like a version of chain of thought where models have to
verbalise something”.

41For example, Cursor AI uses online reinforcement learning to update its code completion model throughout
the day (Cursor AI, 2025b).
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form of frequent learning from online data (Shi et al., 2024), an updating memory module
(Behrouz et al., 2025), updating the model weights via context distillation (Snell et al., 2022;
Kujanpää et al., 2024), or even test-time training, where weights are updated during inference
itself (Tandon et al., 2025). Updates to model weights shared between all users could mean
evaluation results become out of date as models change over time, while per-user updates would
lead to a hard-to-track diversity of behaviour among models in deployment. The frequency of
weight updates matters: if developers update weights monthly, periodic re-auditing may remain
feasible; if updates occur daily or continuously, the cost of keeping evaluations current could
become prohibitive. Unlike traditional software, where a targeted code change typically affects
a limited and well-understood set of behaviours, weight updates can have diffuse and hard-to-
predict effects across the model’s behaviour, substantially raising the cost of re-auditing relative
to standard software-engineering assumptions.42

Context lengths are highly likely to get longer, enabling more in-context learning
and making model behaviour more dependent on an increasingly complex state.
Larger and more complex state is harder to fake, making it harder to audit models by putting
them in artificially created scenarios. Similarly, if monitoring detects an instance of misbe-
haviour, it could be harder to replicate the same state in order to study the reasons for the
model’s actions.43

Memories and state are increasingly shared between multiple instances of a model
– this can happen either intentionally, e.g. through shared files documenting acquired skills, or
unintentionally, e.g. through text online left by previous models.44 If unmonitored this could
lead to collusion between models. Spread and amplification of misaligned memories could be
hard to predict in advance, and unlikely to surface in limited pre-deployment testing (Mallen,
2025).45

Developers may switch to vector-based approaches to memory, reducing the ability
to monitor and edit a model’s memory. Note that we distinguish this from retrieval-
augmented generation (RAG), which stores and retrieves text documents and is already widely
used. The concern here is with systems that store memories as opaque vector representations
(e.g. KV cache pairs) rather than human-readable text. This could happen in parallel with
models switching to latent reasoning (see Section 2), or separately – see Yang et al. (2024) for
an example of such an approach. Vector-based memory would be much harder to monitor or edit
than text-based memory, but perhaps easier than weight-based continual learning. The moni-
torability of memory systems varies along three dimensions: how interpretable is the format in
which memories are stored, how interpretable is the retrieval mechanism, and how interpretable
is the effect of memory edits on model behaviour?46

42One expert noted that the capability case for weight-based continual learning is the distillation of explicit
(“system 2”) reasoning into instinctive (“system 1”) responses, making the most useful continual-learning regimes
also the least interpretable.

43Three experts noted that very long contexts and trajectories already strain monitoring: one observed that
chains of thought of tens of thousands of tokens are very hard for humans to parse; another warned of days-long
agentic deployments; and a third noted that “almost all interpretability methods today don’t scale up” to long
generations.

44This is already becoming a challenge with current models; for example Anthropic found that when running
the BrowseComp web search benchmark, Claude Opus 4.6 would observe traces left behind by previous runs
(Coleman, 2026).

45At least four experts identified shared memory as a channel through which agents could coordinate or collude:
writing to shared memory was described as functionally equivalent to message-passing between agents, with one
expert noting that with continuous-representation memory it would be “really rough to uncover what’s going on
there”, and another warning that a strategy discovered by one agent could “quickly percolate around” connected
instances. Two further experts gave indirect support, describing how environmental state (files, logs) lets agents
leave “a trail of breadcrumbs” for future instances.

46Four experts flagged vector or KV-cache style memory as the most likely near-term opaque-memory pathway:
one called natural-language memory “way less concerning than activations we don’t understand”; another foresaw
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Multi-agent systems may use vector-based communication, reducing the ability to
monitor inter-model communication. As with memory, a switch to latent reasoning may
naturally lead to models communicating directly via latent representations, or non-text commu-
nication could be adopted separately (e.g. building on approaches such as Ye et al. (2025) that
share KV cache data between agents). Similarly to vector-based memories, this form of commu-
nication would be much harder to monitor. If agents communicate via shared vector memory
stores, misaligned propensities or strategies discovered by one agent could in principle rapidly
propagate to connected agents with little oversight, creating what amounts to an unmonitorable
“hive-mind” (Schroeder de Witt, 2025).4748

Privacy and access control in multi-agent settings need careful design to avoid
creating unmonitorable blind spots. In settings where models are owned by different
actors, privacy constraints can mean that no single human has permission to inspect all inter-
agent communications.

4.3 Measuring SMIA oversight

• Model developers should disclose when they use techniques which could de-
grade oversight. Weight-based continual learning, vector memory and vector commu-
nication are discrete architectural details: the development and introduction of these ap-
proaches is feasible to track if developers are transparent about their use.

• The extent to which capabilities and propensities drift depending on context
should be investigated. Propensity evaluations should stress-test alignment across long
contexts intended to shift their persona, and techniques such as persona tracking (Lu et al.,
2026) or logit-diff amplification (Aranguri & McGrath, 2025) should be investigated to find
signs of these shifts.

• Multi-agent monitorability benchmarks should be constructed. The ability for
models to collude or pass unmonitored signal should be measured, and similarly for the
monitorability of memories, extending existing research in the area of AI Control.

• The monitorability of different memory architectures should be evaluated com-
paratively. As new memory and learning systems are introduced, evaluations should mea-
sure how effectively each architecture supports inspection, editing, and replay of stored
state — key requirements for auditing and incident response.

4.4 Levers for preserving SMIA oversight

Developers can best preserve monitoring of memory and communication by con-
tinuing to use plain text, unless they can maintain equivalent monitorability for
non-text systems. Developers should be transparent about what systems are being used, and
allow external auditors to review what is stored in memory during audits. Developers should only
adopt non-text systems if they can make safety cases for how they will mitigate the risks. For
example, if weight-based continual learning is adopted, developers should explain how they will

shared memory banks replacing per-session memory wipes for efficiency; a third warned that vector-based memory
“would make it easier to subvert things”; and a fourth articulated the three-axis taxonomy adopted in this
paragraph (interpretability of storage, retrieval, and editing).

47Two experts described this specific pathway: one warned that “if they figure out a way to do cache-to-
cache communication efficiently... you just completely lose that avenue of monitorability”; another argued that
combining neuralese reasoning with a shared neuralese memory store would push AI systems toward “a hive mind
where they can all communicate to each other constantly”.

48Models could also collude via steganography – subtle patterns in ostensibly natural text (Mathew et al., 2024).
See section 2.2.3 for more discussion on steganography.
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keep pre-deployment evaluations relevant, and how they will ensure that white-box monitoring
techniques remain effective.

For multi-agent systems, maintaining text-based inter-agent communication is the
single most important lever. The current default of text-based communication between
agents provides a natural monitoring surface. Where agents share a persistent memory store, the
contents of that store should be human-readable and auditable. Developers should also consider
using diverse model families for monitoring setups, to reduce the risk of collusion arising from
shared representational structure (Bostock et al., 2026).

Interpretability tools for non-text memory and communication should be proac-
tively developed. It may be possible to repurpose existing techniques for interpreting model
activations.

To preserve our ability to reconstruct and find root causes of misbehaviour detected
by monitoring, we should ensure that we log the full state needed to reconstruct an
interaction, including the state that models store outside themselves (e.g. writing markdown
files in the filesystem). Although some aspects of a model’s environment may be impractical
to log in full, and capturing consistent state across distributed systems is a challenge even in
regular software, the ability to reconstruct and replay incidents is a key part of being able to
draw lessons from them, and to build realistic test scenarios. Tools for editing and faking state
should also be further developed, to support evaluations and honeypots.49

When considering adopting weight-based continual learning, developers should an-
ticipate how it might make safety cases based on pre-deployment evaluations more
difficult. In the event that weight-based continual learning is adopted, we should develop in-
terpretability techniques that can track the evolution of models over time as they update. If
interpretability tools such as probes do not also update as model parameters change, previously
valid monitoring results may become unreliable.

49Two experts argued that full state logging and replay are critical for incident response: one called for logging
“not just what action the AI did, but the whole context and history that led up to it” for full reproducibility;
another warned that reproducing incidents is “becoming way harder over time” as models operate in complex
scaffolded environments.
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5 White-Box Oversight

Section Summary: White-Box Oversight

Status: Varies widely: probes production-ready; SAEs used for auditing; ambi-
tious interp research-stage.

Risk of Degradation: Medium – Representational drift and dependence on CoT legibility
are real risks.

Impact if Lost: Moderate – Provides independent signals and a backstop if other meth-
ods degrade.

Preservability: High – Plenty of scope to improve white-box methods.

Key Information

• White-box monitorability and auditing techniques vary widely on maturity
and usefulness, but are largely improving.

• White-box techniques currently benefit from human-interpretable represen-
tations. There is a realistic possibility that representations will become less inter-
pretable due to increased post-training, making white-box oversight more difficult.

• White-box techniques currently benefit from chain-of-thought legibility. If
CoT becomes less human-legible, white-box interpretations will become more difficult
to ground.

White-box methods operate on models’ internal states, and so are less vulnerable to
the model choosing which information to reveal in its outputs or reasoning (Casper
et al., 2024). The model’s underlying computation routes through its activations, and white-
box methods aim to read this information directly. This makes white-box monitorability a
complement to other monitoring approaches, and a backstop if they degrade. However this
depends on model internals being structured in ways that available techniques can read and
interpret — for example, that safety-relevant concepts are represented in linearly accessible
directions, and that internal representations remain sufficiently human-aligned for probes and
interpretability tools to detect them.

White-box methods span a wide maturity spectrum. Probes (lightweight supervised
classifiers trained on model activations) have been integrated into some production settings for
specific use cases and are cheap enough for real-time monitoring (Kramár et al., 2026) (see
Section 5.1.1). Unsupervised interpretability approaches such as sparse autoencoders (SAEs)
are used experimentally for pre-deployment auditing at Anthropic (Anthropic, 2025b) (see Sec-
tion 5.1.3). By contrast ambitious mechanistic interpretability (aiming towards full model under-
standing, perhaps achieved by circuit analysis or parameter decomposition) remains primarily a
research endeavour (see Section 5.1.4). The key question is whether these methods can mature
fast enough to compensate for degradation in other monitoring properties. We discuss challenges
to white-box oversight in Section 5.2, measuring white-box oversight in Section 5.3, and levers
for preservation and improvement in Section 5.4.

5.1 Relevance to safety claims

5.1.1 Probes

Probes are supervised classifiers trained on model activations to detect specific
properties (Alain & Bengio, 2016; Belinkov, 2022). Probes have shown promise at detecting
deception (Goldowsky-Dill et al., 2025), cyber-offensive misuse (Kramár et al., 2026), dangerous
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goals (MacDiarmid et al., 2024), high-stakes situations (McKenzie et al., 2025), and hallucina-
tions (Obeso et al., 2025). These results demonstrate that safety-relevant information is often
accessible in model activations, although generalisation to new settings is far from automatic
(see below) and probes are not always robust enough to be relied upon alone (Taylor et al.,
2025; Goldowsky-Dill et al., 2025). Related techniques include steering vectors for controlling
model behaviour (Subramani et al., 2022; Turner et al., 2024; Zou et al., 2023), and latent-space
anomaly detection (Podolskiy et al., 2022; Johnston et al., 2025).50

Cost is the decisive advantage of probes for production monitoring. Probes are
lightweight classifiers, adding negligible overhead in terms of latency or computational cost.
Low cost is important for broad-coverage monitoring, and low latency is important for domains
where monitoring must be done online rather than delayed, e.g. to prevent data exfiltration.
This kind of low-cost, broad-coverage, low-latency monitoring generally either requires deploy-
ing a probe, or deploying a small language model, and probes leveraging the representations of
large models can often be more robust than small language models which only have access to
text.51

Probes fit naturally into hierarchical monitoring schemes. Probes are cheap and fast,
so they can naturally sit at the beginning of an escalation hierarchy, where suspicious cases
are escalated to more expensive reasoning models or richer interpretability tools. For example,
Constitutional Classifiers++ (Cunningham et al., 2025) demonstrate this kind of multi-tier
approach. Probes can still be valuable even if they have a high false positive rate, assuming
more expensive but more reliable techniques exist to validate these cases.52

Probe generalisation is sometimes patchy, and probes are hard to red-team. Probes
do often generalise well for a few concepts that appear naturally and frequently in pre-training,
or which are directly evident in the text itself (MacDiarmid et al., 2024; Kirch et al., 2025;
Goldowsky-Dill et al., 2025), but some experts noted difficulties replicating deception-probe
results on other models, and probes sometimes generalise too poorly across distribution shifts to
be practical without substantial labelled data. When validating deception detectors, the primary
bottleneck is labelling and good evaluations: e.g. it is unclear what counts as “deceptive” model
behaviour in many settings (Smith et al., 2025). Red-teaming and stress-testing probes can also
be more conceptually difficult than red-teaming standard text-based monitors.

5.1.2 Activation oracles and natural-language autoencoders

This subsection covers methods that translate internal activations into natural-
language descriptions. Approaches in this family differ in whether they are trained in a
supervised or unsupervised way, and in whether a single model is trained to handle arbitrary
questions about an activation or to produce a free-text explanation of it. We treat three lineages
in turn: activation oracles (supervised QA), self-explanation / introspection training (training
a model to explain its own computations), and natural-language autoencoders (unsupervised
free-text explanations).

Activation oracles are supervised models trained to answer natural-language ques-
tions about activations (Karvonen et al., 2025), building on earlier work such as LatentQA
(Pan et al., 2026). Given a labelled corpus of (activation, question, answer) tuples, an activation
oracle can generalise to answer out-of-distribution questions about activations. The approach is
agnostic to which model is used as the explainer.

50Cyber-offensive misuse is likely to be a particularly difficult domain for probes, as many cyber techniques are
dual-use, and cyber-attackers are typically used to navigating past blockers creatively.

51Two experts emphasised the cost-efficiency of probes as a large advantage for production monitoring.
52Two experts independently described this hierarchical/escalation pattern as their preferred operating model:

one called it “my intuition for what an ideal control scheme would look like”.
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Self-explanation / introspection training (Li et al., 2025) trains the target model itself
to explain its own computations, including aspects beyond just activations, aiming to make
reasoning traces and self-reports more faithfully reflect internal computations. Early evidence
points to a privileged self-access effect: models explain their own computations more accurately
than external explainer models can.53

Natural-language autoencoders (NLAs) produce free-text explanations of activa-
tions in an unsupervised way (Fraser-Taliente et al., 2026). An NLA consists of two jointly
trained components: an activation verbaliser (AV), which maps an activation to a natural-
language description, and an activation reconstructor (AR), which maps the description back
to a reconstructed activation. The pair is trained via reinforcement learning to minimise recon-
struction error. At Anthropic, NLAs have been used in the pre-deployment audits of Claude
Opus 4.6 and Claude Mythos Preview, including to surface non-verbalised evaluation awareness
and grader-awareness in training transcripts.54

These approaches are promising but immature. Many experts express excitement about
this family of techniques, while stressing that it is a nascent research area.55 Jakkli et al. (2026)
find that current activation oracles are difficult to use reliably on safety-relevant tasks, with
responses that can be vague, hallucinated, or driven by surface text patterns. The NLA paper
also lists many limitations, including confabulation, lack of mechanistic grounding, excessive
expressivity of the activation verbaliser, and high training and inference cost (Fraser-Taliente
et al., 2026). Currently these methods are more effective at raising hypotheses than robustly
verifying them.

The explainer’s own cognition could bias its explanations. Because the explainer is itself
an intelligent model, it performs additional processing which can contaminate its descriptions
of the subject model’s activations. For example, deceptive models could deliberately lie when
explaining their own activations in certain circumstances outside the training distribution.56

5.1.3 Sparse Autoencoders (SAEs)

Sparse autoencoders (SAEs) aim to decompose model activations into interpretable
features, providing an unsupervised window into what concepts a model is representing (Sharkey
et al., 2022; Cunningham et al., 2023; Bricken et al., 2023). Related unsupervised approaches
include natural-language autoencoders (see subsubsection 5.1.2); codebook features (Tamkin
et al., 2024); mixture-of-factor-analyzers (Shafran et al., 2026); semi-nonnegative matrix fac-
torisation (Shafran et al., 2025), transcoders, which map between layers (Dunefsky et al., 2024;
Ameisen et al., 2025); and model diffing techniques that identify behavioural changes introduced
by fine-tuning (Lindsey et al., 2024; Aranguri & McGrath, 2025).

SAEs are useful for open-ended debugging, but struggle to compete with simpler
methods on narrowly targeted tasks. SAEs do not require the analyst to specify what
to look for in advance, making them most valuable for open-ended debugging and surfacing

53One expert also theorises that training models to explain their own internal computations in this way would
also shape the internal computations themselves to be simpler and easier to explain, rather than merely shaping
the model’s explanations of them.

54This is the technique originally referred to as “an unpublished variant of activation oracles” in the Opus 4.6
system card (Anthropic, 2025b, 2026; Fraser-Taliente et al., 2026).

55Three experts singled out activation oracles, natural-language autoencoders, or related decoding approaches
as a particularly exciting direction — one calling it the “most exciting” route to addressing neuralese — while
emphasising that the area is nascent and not yet reliable enough to depend on.

56This is a particular concern for measuring evaluation awareness: the explainer itself may be aware of the eval-
uation context, making it difficult to distinguish whether awareness is encoded in the subject model’s activations
or is a product of the explainer’s own cognition. Despite this limitation, NLAs have been used for evaluation
awareness assessment in practice (Anthropic, 2025b).



Loss of Oversight – White-Box Oversight 39

unknown unknowns (Marks et al., 2025; Anthropic, 2025b). However Nanda et al. (2025) notes
that open-source SAEs often underperform simpler baselines on downstream tasks (Chaudhary
& Geiger, 2024; Huang et al., 2024). Additionally, SAE features learned from identical data
can vary substantially across random seeds (Paulo & Belrose, 2025), and SAE architectures
encode implicit assumptions (Hindupur et al., 2025; Menon et al., 2025). None of these results
show SAEs are fundamentally broken, and most of the cited papers propose fixes rather than
abandonment; but they are reasons not to over-rely on SAE features as ground truth.

5.1.4 Ambitious interpretability

Ambitious mechanistic interpretability (AMI) aims to go beyond detecting specific
features and understand how models compute their outputs (Gao, 2025). Building
on earlier circuit analysis methods (Olah et al., 2020; Elhage et al., 2021; Wang et al., 2023),
attribution graphs trace how information flows from inputs to outputs (Ameisen et al., 2025).
Applied to Claude 3.5 Haiku, they have revealed e.g. forward planning in poetry, and some
mechanisms underlying hallucination and jailbreak vulnerabilities (Lindsey et al., 2025). Weight-
space methods decompose parameters directly rather than relying on activations (Braun et al.,
2025), while complementary approaches study how computational structure emerges during
training (Hoogland et al., 2025). Although not yet mature, these more ambitious approaches
could in principle support much stronger safety claims than probes or SAEs – e.g. that the
model’s computation is as-desired, rather than merely that no malign features were detected.

Expert Disagreement

Experts disagree on the prospects of ambitious interpretability. Some experts
see the prospects of ambitious interpretability (as well as SAEs and activation oracles to a
lesser extent) as an open research question, highlighting that it is not clear whether they
would ever be centrally useful in practice. Others draw optimism from recent successes
of interpretability, e.g. in unlearning (Gur-Arieh et al., 2025; Cloud et al., 2024; Sheshadri
et al., 2025), or from the possibility of interpretability being useful for model capabilities,
so that oversight follows as a side effect of capability investment into e.g. decomposable
architectures.

5.2 Challenges for white-box oversight

Perhaps the most fundamental risk is simply that many white-box oversight methods are
still not fully mature, and could fail to improve fast enough to serve as dependable,
legible evidence before other monitoring avenues degrade. However there are also many factors
which could increase the difficulty of white-box oversight:

Oversight Degradation Pathways - White-Box Methods

Degradation pathway Timeline Likelihood Severity

Representational drift Medium-term Realistic possibility

Black-box degradation undermines grounding Follows CoT
degradation

Likely

Scaling to long reasoning traces Current
limitation

Ongoing

Non-linear representations Long-term Unlikely in near
term

Learned resistance to interpretability Medium-term Realistic possibility
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Situational awareness of white-box
interventions

Medium-term Realistic possibility

Practical barriers to adoption Ongoing Current limitation

5.2.1 Representational drift

Many current white-box methods rely on the fact that safety-relevant concepts
remain connected to human-interpretable concepts from pre-training. Probing and
interpretability can be significantly complicated if the labels a probe was trained on cease to
line up with the intended part of the model’s internal state. This can happen in several distinct
ways, which have different implications for mitigation.

The most empirically grounded concern is belief drift rather than representational
drift proper. Cundy & Gleave (2025) find that models which have been heavily RL-optimised
to perform a certain behaviour can continue to have human-interpretable representations of, e.g.,
deception, but shift their beliefs about what falls under those concepts – e.g. from “hardcoding
tests is generally bad” to “hardcoding is usually fine.” The probe is still picking up on the
model’s concept of deception; the model has just stopped classifying the target behaviour as
deceptive.

A separate concern is subtle drift in what the representation tracks. A model’s internal
representation might shift from tracking “this is actually true” to tracking “my overseers believe
this is true” more strongly, causing a truth probe training to select the latter representation
rather than the former, leading to catastrophic failures where they differ.

A further, more speculative concern is drift into entirely alien concepts which fail to
map cleanly onto the human ontology that probes and interpretability tools were built around.

Expert Disagreement: Alien Representations

Experts disagree on the impact of models developing fundamentally non-human
representations. As models become more capable than humans, some experts expect on-
tologies to shift away from human-interpretable concepts, undermining interpretability and
oversight. Four experts raised this concern, citing the gap between current interpretability
tooling (mostly anchored to human concepts) and how superhuman models may factorise
knowledge. Other experts are uncertain, noting that larger and more capable models could
have more unified representations (aiding interpretability) or more specialised non-human
concepts (undermining it).a Finally, others think the impact of truly non-human concepts is
likely to be limited — expecting the most safety-relevant concepts (e.g. deception, misaligned
goals) to be human-understandable assuming they can be accurately found.b

aOne expert explicitly articulated both sides of this trade-off.
bTwo experts raised this prediction.

Empirically, pre-training representations may not persist as reinforcement learning
(RL) scales. There is a realistic possibility that important concepts will become untethered
from the pre-training distribution as more learning happens during RL, undermining white-box
oversight. Concerningly, there is evidence that representational drift during RL can make even
freshly trained deception probes less effective (Taufeeque et al., 2026). Although there is not
yet significant evidence of this occurring in production despite a large scale-up in RL over 2025,
it is a relatively underexplored issue.57

57Two experts flagged this as a key open question: one observed empirically that probes trained on a pre-RL
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5.2.2 Black-box degradation harms white-box oversight

White-box methods are almost always grounded in the inputs and outputs of the
model, even though the methods themselves operate on internal states. For example, SAE
features are typically interpreted by analysing the distribution of tokens on which the feature
fires. Likewise, probes are trained by constructing token distributions on which the probe should
or should not fire.

If CoT becomes less human-legible, interpretations will become more difficult to
ground. If model inputs or outputs become more opaque, making sense of internal features also
becomes harder – latents must be traced further to understand the behaviours they represent.
Probes also benefit from picking up on verbalised CoT signals: when model organisms were
created that exhibit deceptive behaviour without producing textual evidence, probes performed
substantially worse (Boxo et al., 2025).

5.2.3 Scaling challenges

Scaling to long contexts and reasoning traces is the field’s key near-term challenge,
though likely not a fundamental one. Most interpretability methods still focus on a sin-
gle forward pass, while reasoning models distribute computation across many tokens. Long
structured reasoning and complex multi-agent scaffolding create challenges with knowing where
to look, or how to localise computations.58 This limitation is best seen as an under-invested
area rather than a fundamental barrier. Promising research directions exist, such as tracking
representations over context, attention probes (Kramár et al., 2026), activation oracles, but are
nascent.59

5.2.4 Non-linear representations

Some methods assume that relevant concepts use linear structure in activation space
— notably linear probes, SAE feature directions, and steering-vectors. Many white-box meth-
ods do not rely on this assumption: for example, non-linear probes, activation oracles, natural-
language autoencoders (subsubsection 5.1.2), meta-models of activation space (Luo et al., 2026),
and parameter decomposition techniques (Braun et al., 2025) do not assume linearity. So failure
of the Linear Representation Hypothesis (LRH) would shift the portfolio of interpretability tools
rather than eliminate white-box oversight. The central concern is therefore not that the LRH
might fail, but that it might fail silently — with linear methods appearing to work while system-
atically missing safety-relevant structure. Detecting such a failure requires regularly comparing
linear methods against non-linear alternatives. The status of the LRH itself is contested among
interviewed experts; see the expert-disagreement box below.

Expert Disagreement: the Linear Representation Hypothesis

Experts disagree on the status of the Linear Representation Hypothesis — the
claim that models encode concepts along linear directions in activation space. Some experts
treat approximate linearity as a useful working assumption for developing practical inter-
pretability tooling. Although some features are known to be irreducibly multi-dimensional

model degraded after RL even without adversarial pressure (attributing this to representational drift); another
noted that “the more of your learning happens during RL, the less tethered it is to the pre-training distribution
and the more it could be exotic or alien”, adding that “people haven’t really thought about this problem much.”

58Some more computationally intensive methods (especially ambitious approaches) can also be expensive to
scale up to large models.

59Two experts identified scaling interpretability to long reasoning traces and complex scaffolds as a central
near-term challenge: one called it the biggest gap (“almost all interpretability methods today don’t scale up’ ’);
another raised the basic “what do you even look at?” problem in multi-agent scaffolds.
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– for example, days of the week are encoded as a 2D circle (Engels et al., 2024) – these
still live in linear subspaces and are often accessible to linear methods; whether models also
encode safety-relevant structure in truly non-linear ways remains an open question (Gorton,
2026). Others argue the hypothesis is either empirically wrong or conceptually ill-formed,
pointing to non-linear probing that outperforms linear probing (Kirch et al., 2024), the use
of low-rank (rather than strictly linear) fine-tuning adapters, polytope-based accounts of
model internals (Black et al., 2022), steering and monitoring methods that work without
linear feature directions (Beaglehole et al., 2025), and conceptual work arguing that the
LRH is not well-defined. Some experts argue that nonlinear or parameter-based alternatives
(subsubsection 5.1.3) should replace linear probes and SAEs.

5.2.5 Learned resistance to interpretability

White-box methods seem relatively robust to RL pressure, but training against
white-box methods is still risky. As with other forms of oversight, using white-box methods
to detect and train against undesired behaviour opens up the risk that the model learns to
subvert the monitor (Sharkey, 2022). However there are early signals that newly-trained probes
are not as vulnerable to this as CoT monitors: Taufeeque et al. (2026) observe that penalising
probe detections during RL does not increase new probe subversion beyond what occurs from
baseline representational drift, Cundy & Gleave (2025) observe that white-box monitoring can
be relatively robust to some forms of training pressure (but not others), and Gupta & Jenner
(2025) find that monitors targeting specific activation positions are vulnerable to RL-based
evasion, whereas monitors which aggregate over many tokens remain substantially more robust.
Overall, if white-box methods are used during training, the training process should be stress-
tested and validated with care.

5.2.6 Situational awareness

Models may become increasingly aware of white-box interventions and act to reduce
their effects (Sharkey, 2022). There is emerging evidence that models can resist white-box
manipulation. Recent models can sometimes detect (Lindsey, 2025) and spontaneously resist
(McKenzie et al., 2026) activation steering in-context. Recent work on introspection (Lindsey,
2025) also suggests that frontier models can to some extent control their own internal states.
However spontaneously subverting white-box monitoring would likely require more situational
awareness of when and how the monitoring is being applied, and more systematic in-context
control over internal states than has been observed to date. While models can be trained
to hide their thoughts from activation monitors when told about the monitor in the prompt
(McGuinness et al., 2025; Bailey et al., 2024), this is unlikely to arise naturally in the near term
without explicit optimisation pressure.

5.2.7 Practical issues

There is a risk that white-box techniques are not implemented widely due to prac-
tical difficulties. White-box techniques require access to more state than is typically provided
over APIs, so new APIs are necessary for external actors to access white-box monitors. This also
increases friction, as the model provider may need to be responsible for training and deploying
the monitor before serving the result. Production inference codebases are highly optimised, and
at least one frontier lab found it took significant effort to deploy even simple probes due to this
(Kramár et al., 2026).
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5.3 Measuring white-box oversight

Study real models in depth. One route to validation is to study models carefully in realistic
situations, to build mechanistic accounts and judgements of whether white-box approaches are
tracking the relevant structure.

Use model organisms for stress-testing with known ground truth. Better and more
realistic model organisms with ground-truth signals are key for studying whether white-box
oversight is robust (Hubinger, 2023). Auditing games – planting a hidden objective and testing
whether methods can surface it (Marks et al., 2025; Taylor et al., 2025) – provide structured
test frameworks where the ground truth is known. The open challenge is judging whether model
organisms are realistic models of future threats.

Improve benchmarks for white-box monitors. Unlike other methods, access to model
internals is needed to benchmark white-box monitors. Kretschmar et al. (2026) provides one
benchmark for detecting lies in open-weight models; more such benchmarks, especially ones with
hard-to-fake downstream tasks, would be valuable. Comparing the results to other approaches
(e.g. CoT or action monitoring) can provide strong evidence that the monitor is extracting real
additional signal.

Track representational drift and out-of-distribution transfer. Developers should mea-
sure how well probes and SAEs trained on the base model transfer to the post-RL model, and
more generally whether probes trained on human behaviour or off-policy text continue to transfer
to on-policy behaviours (Kirch et al., 2025), or transfer across domains (Goldowsky-Dill et al.,
2025).

5.4 Levers for improving white-box oversight

Continue to improve white-box techniques, across the full portfolio from probes to ambi-
tious interpretability. Probes are production-ready but can struggle with complex aggregation
over long contexts, so moving to approaches such as attention or transformer-based probes may
be an improvement (Kramár et al., 2026). Obtaining reliable lie-detection techniques would be
particularly high-leverage against risks from coherently misaligned models. Activation oracles,
natural-language autoencoders, and introspection training are promising new directions (Sec-
tion 5.1.2) that require further work and testing. More ambitious approaches require the most
work, but may be correspondingly valuable.

Encourage early integration into production. The longer probes are absent from the
inference stack, the more costly integration becomes (Kramár et al., 2026). Starting with cur-
rently pressing and tractable use cases (e.g. misuse detection) gets the infrastructure in place,
after which adding further safety probes is cheap. Online probe retraining – where probe fir-
ings are escalated for labelling, then used to retrain – could mitigate representational drift and
distribution shift without requiring probes to generalise perfectly from the outset.60

Using interpretability for capabilities could create monitorability by default. If labs
find interpretability practically useful for training – e.g. for removing sycophancy via persona
vectors, precise unlearning (Gur-Arieh et al., 2025; Cloud et al., 2024; Sheshadri et al., 2025),
or avoiding emergent misalignment – they may integrate it into standard workflows, making
oversight infrastructure a side effect of routine engineering rather than an additional safety tax.
However, experts disagree on whether this path is desirable: some see it as the most promising
route to widespread adoption, while others caution that interpretability advances which also
improve capabilities may on net be harmful by accelerating the timeline for dangerous systems,
leaving less time for safety work to catch up.

60One expert explicitly raised this online retraining mechanism.
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6 Training for Oversight

Section Summary: Training for Oversight

Status: Many approaches under active development
Risk of Degradation: Moderate – adversarial generalisation failure almost certain to become

harder to rule out as models grow more capable
Impact if Lost: High – training-based approaches are a key fallback if other monitoring

surfaces (e.g. CoT necessity) degrade
Preservability: Moderate – significant room for improvement but fundamental chal-

lenges around generalisation and training data remain

Key Information

• Training the untrusted model itself — for honesty, legibility, confession, or
faithfulness — is a potentially promising fallback if CoT monitorability de-
grades, but is most exposed to adversarial generalisation failure (a capable misaligned
model behaving well in training while continuing to misbehave in deployment).

• Training a separate monitor model — e.g. a CoT monitor, supervised
probe, or unsupervised interpretability tool — sidesteps most adversarial-
generalisation risks, but faces exploitability, weakness, and non-adversarial generali-
sation challenges.

• A key cross-cutting issue is where the training data comes from. Approaches
must either source training data that covers the actual misalignment they need to catch,
or rely on generalisation from synthetic or proxy data. Both ends of this spectrum have
challenges.

• Expert attitudes towards training for oversight span a wide range. Some
experts expect untrusted model training to generalise in the intended ways by default (or
at least to constrain plausible misalignment); others argue that untrusted model training
approaches are too vulnerable to oversight awareness and other systematic failures that
arise alongside sufficient model capability.

Many oversight approaches hinge on training – either training the model itself to
be honest or understandable, or training a separate model to oversee it. This section
focuses on training as a tool for building or preserving monitorability, rather than the processes
by which training may degrade monitorability (e.g. training against monitors in a bid to remove
caught behaviours, as discussed in section 2 and throughout the report).
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6.1 Enhancing oversight through training interventions

Experts identified training-based approaches as a key area for enhancing or preserving moni-
torability, particularly as a natural next step if chain-of-thought monitorability degrades. There
are a variety of approaches, and most are new or still developing:

Training Interventions for Oversight

Training
Approach

Model
Trained

Description

Honest
character
training

Untrusted
model itself

Training models for a broad disposition towards honesty (Askell
et al., 2026; Maiya et al., 2025).

Confession /
self-report
training

Untrusted
model itself

Training models to self-report their own misaligned behaviours
or hidden objectives, either when prompted (Joglekar et al.,
2025; Li et al., 2026) or without being prompted (Lee et al.,
2026; Taylor, 2026; Kirk et al., 2026; Anthropic, 2025c).

Verbalisation
propensity
training

Untrusted
model itself

Training models to verbalise safety-relevant parts of their
reasoning (e.g. reward hacking) unprompted (Turpin et al.,
2025).

Legibility
training

Untrusted
model itself

Training models so their reasoning traces are easier to verify, e.g.
using prover-verifier games (Kirchner et al., 2024), or rewarding
reasoning which can be continued by weaker models (West et al.,
2026).

Faithfulness
training

Untrusted
model itself

Training models so their reasoning traces accurately reflect their
internal computations (Li et al., 2025).

CoT monitor
training

Untrusted
model itself /
Separate model

Training a model to review chains-of-thought or action traces
and flag suspicious behaviour (Greenblatt, 2025c).

Activation
oracles

Untrusted
model itself /
Separate model

Supervised training of natural-language explainers of
activations, on labelled (activation, question, answer) examples
(Karvonen et al., 2025).

Natural-
language
autoencoders
(NLAs)

Untrusted
model itself /
Separate model

Unsupervised training of a paired activation-verbaliser (AV) and
reconstructor, yielding free-text explanations of activations
(Fraser-Taliente et al., 2026).

Sparse
Autoencoders
(SAEs)

Separate model Training encoder-decoders to decompose activations into a
dictionary of interpretable features (Cunningham et al., 2023;
Bricken et al., 2023).

Supervised
probes

Separate model Training supervised classifiers on internal activation states
(Alain & Bengio, 2016; Belinkov, 2022).

Training
against
lie-detectors

Untrusted
model itself

Attempting to increase honesty using white-box features (e.g.
deception probe outputs) as a reward signal during training
(though there is also a risk of obfuscating against the detector)
(Cundy & Gleave, 2025).

Constitutional AI and character training have been deployed in production, but
they rely on broad generalisation. Constitutional AI and character training (Askell et al.,
2026; Maiya et al., 2025) shape a model’s default persona towards honesty and alignment. Both
rely heavily on broad generalisation: a loosely specified set of principles or character descriptions
is expected to translate across the full range of deployment. Rather than narrowly enhancing just
oversight, these techniques are primarily intended to create a broadly aligned character. When
these methods fail to provide alignment, failures to provide oversight will likely be correlated.
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Several training approaches aim to enhance or preserve monitorability via model
outputs — through honesty, confession, verbalisation, or legibility. As necessity-based
arguments for CoT monitorability degrade, the ability to interrogate models and get honest
answers becomes substantially more important; experts identify the broad area of honesty and
confession training as the most natural candidates for this.61 Confession and self-report training
(Joglekar et al., 2025; Li et al., 2026; Lee et al., 2026) creates an incentive for models to self-
report misbehaviour or hidden objectives, either when prompted or unprompted, using reward
decoupling so that honest disclosure does not reduce the model’s task reward. Verbalisation
propensity training (Turpin et al., 2025) trains models to acknowledge which factors influence
their decisions. Legibility training (Kirchner et al., 2024; West et al., 2026) keeps reasoning
traces verifiable by weaker models or humans, though at a measurable accuracy cost (a “legibil-
ity tax”). Although many experts are optimistic about this area of approaches, some note that
auxiliary objectives have historically struggled to remain relevant in production-scale reinforce-
ment learning.62

Activation oracles, natural-language autoencoders, and introspection training are
promising longer-term directions at the intersection of training and white-box meth-
ods. Four experts singled out these directions as a particularly exciting longer-term direction
(see subsubsection 5.1.2 for explanations), seeing them as potentially more robust than text-only
methods because they access internal states directly, and so can optimise for CoT which is faith-
ful to actual computations. However, current implementations remain difficult to use reliably
(Jakkli et al., 2026; Fraser-Taliente et al., 2026), and may be most valuable as hypothesis-
generation tools that narrow the search space for more expensive validation techniques.

Some training-based approaches do not require training the untrusted model itself.
Trusted CoT monitor training, supervised probes, and unsupervised interpretability methods
(e.g. SAEs) all train a separate model or classifier to oversee the untrusted model, avoiding
some risks from the untrusted model being potentially misaligned. Their main limitation is that
the classifiers themselves are weaker, and must rely on features (e.g. outputs or activations)
provided by the untrusted model, which must also be labelled correctly for training.

6.2 Challenges for training interventions

Oversight Degradation Pathways - Training for Oversight

Degradation pathway Timeline Likelihood Severity

Adversarial generalisation failure
(training-gaming)

Ongoing Almost certain to
become harder to
rule out

Training data representativeness Ongoing Highly likely to
persist

Non-adversarial generalisation failure Ongoing Unclear; expert
disagreement

Competing training objectives Ongoing Likely

61Of experts who commented on training-based fallbacks for CoT monitorability, around six endorsed honesty
or confession training as a leading candidate; two explicitly framed it as the natural fallback to CoT, with one
ranking it second in importance only to CoT itself.

62Of experts who commented on this area, four to five expressed broad optimism about honesty or confession
training; one expert is sceptical, citing a poor track record for auxiliary objectives in production-scale RL, and
one further expert is “instinctively pessimistic” about confessions specifically.
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Training interventions for improved oversight face a dual problem: (1) the generali-
sation problem, and (2) the training data problem. The generalisation problem refers to
a cluster of systematic reasons why training may fail to generalise to safety-critical deployment
situations. The training-data problem refers to the difficulty of obtaining training data that is
representative of the failures that oversight needs to catch.

The training data problem is dual to the generalisation problem. Insofar as generali-
sation is weaker, training data needs to be closer to the actual deployment situations in which
oversight is required. Some approaches lean on broad generalisation (e.g. character training),
while others aim to target their training data more narrowly to actual on-policy failures (e.g.
confession training). Approaches relying on generalisation are more convenient as they require
less data coverage, but their success is also more likely to be correlated with that of broader
alignment training.

Training interventions may fail because training doesn’t generalise from the avail-
able data to real deployment situations. Experts raised two kinds of generalisation failure:

1. Adversarial Generalisation Failures. As a form of oversight awareness (Section 3.2),
models able to distinguish training data from deployment may be able to engage in Goal
Guarding – subverting training intended to make them monitorable.63 For example,
instrumentally behaving well during training may be a viable strategy to avoid being up-
dated (Carlsmith, 2023; Hebbar & Greenblatt, 2025). This applies centrally to approaches
involving training the untrusted model itself (e.g. confession, verbalisation, legibility,
faithfulness, character, or untrusted CoT monitor training). Note that other forms of ad-
versarial generalisation failures are also possible.64 As models become more capable
of training subversion, it will almost certainly become more difficult to rule
out adversarial generalisation failures. This is closely related to evaluation awareness
(Section 3.2): the same situational awareness that enables models to game evaluations or
monitors could also enable them to identify and subvert training interventions aimed at
improving oversight.

2. Non-Adversarial Generalisation Failures. Approaches may naturally fail to gen-
eralise across distributional shifts from training to deployment, or across coverage gaps
in the training data – especially when these gaps are large and meaningful. The result
would be context-dependent monitorability (analogous to context-dependent misalignment
of MacDiarmid et al. (2025)).

Expert Perspectives

Experts disagree sharply over the difficulty of the generalisation problem. While
three experts argued that adequate generalisation is the default outcome of training for
oversight (e.g., honest character training or training a CoT monitor), two experts on the more
pessimistic end maintain that sufficiently capable models will naturally separate training-like
from deployment-like inputs, so that establishing effective oversight on training-like inputs

63Of experts who commented, one advanced this adversarial-generalisation framing most directly; three further
experts treated it as a central reason for caution about training the untrusted model itself for oversight, while
disagreeing on how decisive the concern is.

64Some types of reinforcement learning could potentially be subvertable by exploration hacking (Shlegeris &
Stastny, 2025), which does not require distinguishing training from deployment. This merely requires monitors
to sandbag (underperform) consistently during training. Additionally, even when the untrusted model is not
directly being trained, it is still often involved in the process of generating training data. For example, supervised
probes and trusted monitor training approaches may involve collecting training data from the untrusted model
on a particular distribution. Speculatively, the untrusted model may be able to sabotage the training-processes
of these methods if it has sufficient situational awareness and ability to cause the training distributions to be
unrepresentative of real failures.
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does not suffice to ensure adequate oversight in real deployment contexts. Moreover, these
latter experts argue that this problem is insoluble without something close to a full alignment
solution.

It is hard to collect training data that is sufficiently representative of the failures
that oversight needs to catch in practice. The main reasons for this are:

1. Circularity. The most realistic and representative training data is real, on-policy ex-
amples of misaligned or deceptive behaviour. However, there’s a threat of circularity:
collecting this data already presupposes having the tools to effectively monitor for real
misalignment and deception, which is what the training is trying to achieve.65 In practice,
iterative deployment can partially mitigate this: once some examples are caught, training
for monitorability of those examples could create a positive feedback loop, allowing more
examples to be found. However, this also risks differentially increasing monitorability of
the kinds of examples which are most easily caught, leaving gaps for novel failure modes.

2. Coverage gaps & distributional shifts. Three experts emphasised coverage gaps as a
primary concern, highlighting that we are unlikely to be able to get full-coverage on-
distribution training data for the most concerning failures before they occur.
For example:

• Training data may cover known bad patterns of behaviour (e.g., egregious reward
hacking) while missing novel or more subtle failures (e.g., research sabotage).

• It may be challenging to elicit examples of the untrusted model itself being misaligned
(on-policy), so synthetic transcripts elicited from another model or written by humans
(off-policy) may be used as training data. Models may be able to distinguish mis-
aligned transcripts that they have produced themselves from off-policy training data,
potentially allowing them to subvert training.

3. Reward specification issues. Even when training with on-policy reinforcement learning,
the reward signal for “monitorability” is often a proxy for the property actually desired.
For example, confession training rewards text that a judge rates as an honest disclosure,
not honest disclosure itself (Joglekar et al., 2025). The model may learn to satisfy the
proxy without achieving the intended property — such as by producing plausible-sounding
confessions that omit the real issue.66

Monitorability sometimes stands opposed to other training objectives. Training for
oversight interacts with the rest of the training pipeline in ways that can undermine monitora-
bility.

• Capability tension. Verbalisation and legibility objectives may directly compete with
capability. If verbalising reasoning is useful for the task, models do it naturally; if not,
the monitorability objective fights the capability objective. Legibility training via prover-
verifier games incurs a measurable accuracy cost — a “legibility tax” — relative to opti-
mising for correctness alone (Kirchner et al., 2024).67

65Two experts named this circularity directly: one observed that “confessions work best when... your model
is scheming, you’ve caught it doing egregiously bad stuff, and you train it to reveal those things”, and another
noted that for untrusted-monitor training “I don’t see where you get the training data”.

66One expert flagged this proxy gap directly, noting that confession training “ends up bottlenecked by your
ability to inspect whether the confession is actually reliable”, so labs effectively distil their best guess of honesty
rather than honesty itself. A second expert raised related concerns about the difficulty of establishing ground
truth for honesty more broadly.

67One expert highlighted this competition explicitly:“either being legible in the chain of thought was actually
useful for your task and the model does it, or it’s not”.
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• Inference cost pressure. There is commercial pressure to reduce inference costs. Train-
ing to reduce token usage undermines monitorability by shrinking the surface area available
for CoT monitoring, and may push reasoning into latent computation that is harder to
oversee (see section 2).

• Unpredictable interactions with subsequent training. More broadly it is difficult
to predict how monitorability properties will change under training processes not directly
aimed at affecting them. For example, training to avoid revealing sensitive information
in prompt-injection attacks might generalise unexpectedly to undermining the model’s
forthcomingness in other domains.68

6.3 Developing and stress-testing training interventions

Continue to develop training-based approaches for oversight. Most training-based ap-
proaches for oversight are new and under-explored, and experts identified this as a key area
with significant room for improvement. Confession and honesty training, verbalisation propen-
sity training, legibility training, and faithfulness training are all early-stage research directions
that could become substantially more effective with further investment. Improving these tech-
niques in realistic settings is particularly important given that they may serve as fallbacks if
other monitoring avenues (e.g. CoT monitoring) degrade.

Stress-testing training interventions. There are stress-testing frameworks designed to probe
the susceptibility of training interventions to various failure modes:

1. Malign initialisation experiments. These experiments are designed to test the robust-
ness of training against malign initialisations – misaligned models specifically designed to
persist through oversight training.

2. Robustness to compromised training processes. These experiments are designed
to test whether oversight training processes are robust to being partially compromised.
For example, is the oversight-enhancing training sufficient even when other reward signals
favour deception?

3. Realistic failed training process. These experiments try to discover the most realistic
training processes which result in misalignment or diminished oversight.

68One expert raised this directly: “I don’t think we’re able to make good predictions about any of those forms
of honesty and how they’re going to change with some change to a training process that’s not directly pointed at
affecting that”.
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7 Summary and Recommendations
The following discussion represents the views of the project team at UK AISI, informed by but
not necessarily representative of all experts interviewed. Readers are encouraged to consider the
limitations of our methods and this report discussed in Appendix B.

7.1 Summary

Current oversight rests on properties which are likely to erode over the next few
years, absent intervention to preserve them. The preceding sections have examined five
oversight domains and identified more than twenty distinct degradation pathways. Some of
these pressures are already visible: single-forward-pass capabilities are improving (subsubsec-
tion 2.2.2), evaluation awareness is affecting alignment audits (subsection 3.2), and opportuni-
ties for low-incrimination harmful actions are increasing as deployment settings become more
complex and long-horizon (subsection 3.1). Others are not yet present but risk severely un-
dermining current monitoring approaches, such as architecture shifts to latent reasoning (sub-
subsection 2.2.1), training-gaming (subsection 6.2), representational drift (subsection 5.2), or
opaque memory and communication systems (section 4). While many individual pathways are
uncertain, the breadth and variety of pressures on oversight is cause for concern.

These degradation pathways are likely to interact in ways that compound risk —
such as through training feedback loops. Concerningly, even a small initial reduction in
monitorability (e.g. from linguistic drift or no-CoT capabilities) could be amplified by training
processes that reward undetected misbehaviour. If a model discovers that it can reward-hack
without being caught in certain contexts, then this behaviour gets reinforced, driving further
degradation. Other interactions matter too: loss of chain-of-thought legibility makes white-
box signals harder to ground (subsection 5.2); and greater coherence, opaque communication
and memory, and situational awareness may together produce systems more capable of stealth,
collusion, or selective sandbagging than any one of these changes would suggest in isolation.

Some loss of monitorability could go unnoticed. Many oversight-relevant properties are
not currently tracked in a way that would reliably reveal their degradation. There is plenty of
room for better measurement across oversight domains, including white-box oversight (subsec-
tion 5.3), training generalisation (section 6), and the integrity of evaluations (subsection 3.2).

Finally, the techniques discussed in this report are largely aimed at the regime be-
fore full automation of AI R&D; they are not a plan for overseeing substantially
superhuman systems. A sufficiently capable model could in principle defeat every oversight
surface we consider here — exhibit fully legible CoT while reasoning in latent space, pass ev-
ery alignment honeypot while behaving badly in deployment, produce internal activations that
confound probes and NLAs, and route coordination through channels that no single human can
audit. Our claim is not that the levers below solve this problem, but that they buy time and
evidence in the intermediate regime, and can be marginally useful for lowering risks. Safety
planning for substantially superhuman systems requires additional ingredients beyond the scope
of this report.

7.2 The challenge of acting on oversight evidence

Translating evidence from oversight techniques into action is harder than it might appear.

The evidence derived from monitoring and auditing often rests on subtle, compli-
cated, or contested technical assumptions. For example, probes on an AI model’s internal
activations (subsubsection 5.1.1) produce numerical values that are difficult to interpret and
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trust without a large amount of context on the probe training and validation process.69 This
means that even when oversight methods are accurate, they can fail to convince decision-makers
with different prior beliefs or foundational assumptions. The most useful oversight techniques
are those which are not only accurate, but produce legible, easily verifiable evidence that is
robust to these differences in assumptions.

Requiring strong, legible evidence before taking action risks biasing decisions to-
wards inaction. Experts largely agreed that the most compelling evidence is clear, demonstra-
ble cases where the model has taken an egregiously misaligned action in an actual deployment-
like setting. However, by the time such evidence is available, it may be too late to intervene
effectively. There is a risk that requiring clear, demonstrable cases of egregiously misaligned be-
haviour before acting sets too high a bar, missing key windows of opportunity for effective safety
interventions. Safe development and deployment of advanced AI may require taking action even
on inconclusive or ambiguous evidence: this should be handled carefully, by deciding in advance
where the burden of proof lies and what would count as sufficient evidence to conservatively
limit risks, watching closely for early signals, and developing well-reasoned methods to perturb
systems and stress-test for signs of misalignment or vulnerability to misuse.

Acting on oversight evidence could mean making expensive decisions, but could also
meaningfully reduce risks. Halting a deployment, retraining, or rolling back to an earlier
checkpoint has direct, attributable costs in lost revenue, competitive speed, or foregone research,
whereas the cost of not acting on a concerning signal is typically diffuse and externalised. 70

The benefits of mitigating risks which do not eventuate, plausibly due to critical decisions,
are inherently less salient. This asymmetry biases decisions towards inaction. One potential
intervention is reducing the costs of acting (e.g. through coordination or technical research);
another is internalising the costs from risks which would otherwise be felt externally, incentivising
model developers to be more conservative.

7.3 Recommendations

Here we highlight our judgements of the most important recommendations, building on the
findings discussed throughout the report. We organise these into four areas: implementing
currently available oversight techniques; measuring exposure to oversight degradation; preserving
current oversight channels; and advancing emerging techniques that may be required if currently
available channels continue to degrade.

7.3.1 Implementing currently available oversight

AI developers and deployers should implement and maintain a diverse set of over-
sight techniques, providing defence in depth against the failure of any single sur-
face. Some past failures would likely have been preventable by implementing existing oversight
techniques such as well-targeted evaluation and monitoring (OpenAI, 2025b,c), rather than re-
quiring entirely new methods. Large benefits can still be gained by applying existing oversight
techniques while they continue to work well, including CoT monitoring (subsubsection 2.1.4),
action-only monitoring and AI control (subsection 3.1; Greenblatt et al., 2024b; Bhatt et al.,
2025), evaluations (subsection 3.2), training (section 6), and white-box methods such as probes
(subsubsection 5.1.1).

69Probing an AI model’s internal activations to monitor for deception requires that human-analogous deception
representations are used by the model, and that the probe training process has targeted these concepts sufficiently
well. Both of these pieces are hard to demonstrate conclusively, let alone concisely, to a non-technical decision-
maker.

70This may be compounded by fragmented authority across the supply chain (original model developer, scaffold-
ing developer or fine-tuner, API deployer, end user), with no single party having sole responsibility to implement
monitoring or to act on a concerning signal.
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At minimum, this means:

• running regular evaluations or beta-tests with broad coverage of relevant risks;

• restricting the damage a model could do, e.g. via sandboxing and synchronous monitoring;

• retaining logs sufficient to reproduce and investigate concerning behaviours, and asyn-
chronously monitoring those logs for concerning patterns.71

However as oversight-relevant properties degrade and models become more capable, the tech-
niques that need to be implemented will themselves need to advance. The research priorities
below are aimed at ensuring that effective oversight techniques continue to exist.

7.3.2 Measuring exposure to oversight degradation

There are strong reasons for developers to understand their exposure to oversight
degradation. Oversight is a systemic factor underpinning safety, and changes to it can be
gradual and hard to notice. Developers should map which of their safety claims depend on
which oversight properties, so that when a property degrades, the downstream consequences
are understood. Risk assessments should include forward projections of whether key oversight
properties will hold (see subsection 2.3 and subsection 5.3), so that safety arguments do not
silently expire. Some risk assessments already include basic forward-looking discussion of this
kind (Anthropic, 2026), which could be expanded and become standard practice. We highlight
three specific measurement priorities:

1. Further develop monitorability benchmark suites. Benchmarks measuring how
monitorable frontier models are should be implemented and run to compare models and
trends over time across monitoring approaches (action-only, CoT, white-box), task types
(code, research, decision-making), and risk models (hacking, sandbagging, research sabo-
tage). Early work in this area (Kutasov et al., 2025a; Guan et al., 2025; Emmons et al.,
2025b; Kinniment et al., 2026; Chen et al., 2026) provides a foundation, but coverage
remains incomplete in risk-relevant domains, and it is difficult to make comparisons be-
tween different model providers. Such a benchmark could become a standard component
of model evaluations and system cards.

2. Investigate whether representational drift across training undermines white-
box tools. It is not yet clear whether representational drift during RL training will
become a serious practical problem for white-box oversight (subsubsection 5.2.1). Some
evidence suggests that RL can degrade even freshly trained probes (Taufeeque et al., 2026),
but the evidence is mixed. Model developers should carefully measure how well probes
and SAEs trained on earlier checkpoints transfer to later ones, and how well newly trained
probes perform, to determine whether this concern is arising.

3. Distinguish different dimensions of CoT monitorability. As well as measuring
monitorability as a whole, we believe it is also valuable to distinguish whether a model
verbalises because it needs to (subsubsection 2.1.1) or merely has a propensity to (subsub-
section 2.1.2). Oversight based on propensity is likely much more fragile against training
pressure or misalignment, so tracking them separately is important for understanding and
mitigating risks. Although separating capabilities from propensities can be difficult, there
are techniques such as running no-CoT evaluations (Greenblatt, 2025b), or ensuring that
capabilities for oversight subversion are fully elicited in capabilities evaluations. Finally,
human-legibility should also be tracked, separately from machine-monitorability, as legi-
bility may degrade even if monitorability remains (subsubsection 2.1.3).

71Including during training.
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7.3.3 Preserving current oversight

Several of the highest-impact research directions are about preventing degradation
of oversight properties we already have, rather than building new capabilities from
scratch. There is a window of opportunity now to study and preserve current oversight channels
while they remain strong.

4. Report deliberate decisions that affect oversight properties. Developers should
report on oversight-relevant architecture changes (such as adoption of latent reasoning
architectures (subsubsection 2.2.1) or continual learning mechanisms (subsection 4.2)) and
training processes (such as training against monitors – section 2.2.3), and measure their
exposure to shifts in oversight-relevant properties. Safety teams should be given sufficient
notice ahead of time to thoroughly assess the downstream impacts of these changes.

5. Do not implement changes without somehow maintaining oversight. When a
development decision would degrade an oversight property (e.g., compressing chain-of-
thought (section 2.2.3), adopting vector-based memory (subsection 4.2)), developers should
demonstrate that alternative oversight mechanisms are in place to maintain monitorability
before proceeding, and that they are sufficiently robust.

6. Map which training signals degrade or improve monitorability. Different forms
of optimisation pressure – outcome-based RL, length penalties, training against monitors,
process reward models, deliberative alignment – likely have very different effects on CoT
monitorability and internal representations. Empirically characterising these effects would
provide concrete guidance on which training choices to avoid or prefer, and would help
quantify the “monitorability tax” of different approaches. Baker et al. (2025) and Kauf-
mann et al. (2026) provide early work on this. Developers should also establish norms to
disclose instances where they have unintentionally trained against monitorability, as has
already occurred in practice (Bowman et al., 2025; METR, 2025; Anthropic, 2026).

7. Measure the correlation of monitoring surfaces. Our central recommendation is to
hold out decorrelated monitoring surfaces from training (subsection 2.4), but we do not
yet know which surfaces are correlated with which, or in what ways. More empirical work
is needed to map these relationships. For example: if a model is trained against a CoT
monitor, does probe accuracy on the same tasks also degrade? Do action-only monitors,
CoT monitors, and probes tend to catch the same misbehaviour instances, or different
ones? Answering these questions would tell developers which surfaces actually provide
independent evidence and which give correlated false confidence, making our hold-out
recommendation concrete enough to act on.

7.3.4 Advancing emerging oversight techniques

If current oversight channels continue to degrade, the field will need to rely in-
creasingly on techniques that are currently immature. Investing in these techniques
now, while they can still be validated against current strong oversight signals, is essential.

8. Build model organisms of the oversight degradation pathways discussed in
this report. Model organisms are AI systems constructed to exhibit a target behaviour
or property. Building realistic models exhibiting the major oversight degradation pathways
would let oversight techniques be developed and stress-tested against the relevant failures
before they emerge in frontier models.

9. Increase the ability to diagnose misalignment from suspicious incidents. Estab-
lishing with confidence that a model is in fact misaligned (rather than confused, overeager,
or jailbroken) is currently difficult. Better forensic infrastructure such as comprehensive
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logging that enables replay of incidents, the ability to re-run incidents with perturbations,
and investigator agents that can run many counterfactual rollouts using interpretability
tools should be a major priority of oversight research.

10. Stress-test training-based oversight against realistic failure modes. Approaches
such as character training, confession training, and legibility training (section 6) are
promising but largely untested in adversarial conditions. Key experiments include: (a)
malign initialisations (subsection 6.2), testing whether various training approaches can re-
liably override pre-existing strategies designed to subvert them; (b) testing generalisation
boundaries, to characterise where training-based oversight works and where it fails; and
(c) detecting context-dependent misalignment (subsubsection A.3.2), where safety training
fixes problems only near the training distribution while leaving them present in untested
situations.

11. Advance white-box auditing towards production readiness. Probes, SAEs, activa-
tion oracles, and natural-language autoencoders (section 5) are promising techniques that
access internal states directly, making them potentially more robust against scheming-
related suppression of text-based reasoning. However, current implementations remain
difficult to use reliably on safety-relevant tasks (subsection 5.2). Priority work includes:
improving the reliability and usefulness of activation oracles and natural-language autoen-
coders (and red-teaming them e.g. with malign initialisations); developing interpretability
tools that scale to long reasoning traces and complex agentic settings; and reducing prac-
tical barriers to integrating probes into production inference stacks (subsubsection 5.2.7).
Deploying probes for the most effective use cases now (e.g. CSAM detection, cyber-misuse)
can establish the infrastructure needed for more ambitious safety probes later. Investment
in open-source replications of white-box techniques would also help proliferate these tools
across the ecosystem.

12. Advance the science of production-based evaluations. Production-based evalua-
tions (replaying real deployment situations with untrusted models, OpenAI, 2025a) are
among the most promising mitigations against evaluation gaming, as models exhibit sub-
stantially lower evaluation awareness on real deployment data (subsubsection 3.2.4). How-
ever, extending this approach to long trajectories, novel risk scenarios, and complex scaf-
folding remains an open challenge.

13. Develop speculative mitigations to scenario-driven evaluation gaming. Scenario-
driven evaluation awareness – where models recognise the overall situation as an evaluation
(subsubsection 3.2.2) – is likely to become the dominant challenge if micro-detail-driven
awareness is addressed through more realistic evaluation design. Activation steering to
suppress evaluation-awareness representations (Nguyen et al., 2025; Hua et al., 2025) is
a promising but immature approach. Research should characterise where steering works
and fails, and whether sufficiently capable models can resist or circumvent it.

14. Prepare monitoring tools for architecture transitions. If latent reasoning archi-
tectures (subsubsection 2.2.1), vector-based memory, or non-text inter-agent communica-
tion (section 4) are adopted, current monitoring approaches will be severely undermined.
Proactive investment in interpretability tools for these modalities – before they are adopted
at scale – would avoid a situation where monitoring capabilities lag far behind deployment
realities. This includes adapting existing activation-level techniques (subsection 5.4) to
work on non-text internal representations, and developing tools for inspecting and editing
vector-based memory stores.
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A Additional properties relevant to oversight

A.1 Metacognition

Metacognition is a system’s awareness of its own cognitive processes. In the AI
context, this includes a model’s capacity to understand aspects of its own operation such as
its uncertainty, internal goals, and dispositions in different contexts. It is closely linked to
introspection, which we define as a system’s ability to accurately report on its internal states.

A.1.1 Relevance to safety claims

In conjunction with honesty, metacognition is a powerful tool for auditing AI models
for hidden knowledge, capabilities, and goals. One of the most straightforward approaches
to auditing is interrogation. This approach obviously requires the model to answer honestly (for
a discussion of some training-based interventions towards honesty, see section 6). More easily
overlooked, however, is that this approach also requires the model to be aware of the full extent
of its own knowledge and capabilities, as well as its context-dependent behaviours and disposi-
tions. Models may lack introspective access to this kind of information: for example, empirical
studies indicate that, at least in some cases, backdoored models genuinely lack awareness of
their backdoor (Taylor et al., 2025). This lack of introspective access may extend more broadly
to cover much of what we would ideally elicit in an interrogation; in this sense, metacognition
can facilitate auditing approaches that aren’t available otherwise.

However, greater metacognitive abilities are also a precursor to scheming capa-
bilities such as sandbagging and controlling what gets verbalised in the chain-of-
thought. For example, in some contexts, it’s plausible that a model cannot deliberately un-
derperform an evaluation without being able to introspect on its true capabilities. Similarly, a
model minimally needs to have an awareness of itself thinking in two modes – token space and
latent space – in order to exert control over which parts of its thinking are conducted in the
visible chain-of-thought. These considerations suggest that greater metacognition might also
enable better scheming, undermining monitorability and auditability.

A.1.2 Mechanisms of change

Metacognition is likely inseparable from useful capabilities, suggesting that it will
continue to develop in frontier systems. Metacognition is broadly valuable for completing
tasks successfully. Lack of metacognition is particularly limiting for real world use of AI systems,
being related to problems such as hallucinations or models misrepresenting their capabilities,
and so improving metacognition may be a particular focus for developers.

A.1.3 Measuring metacognition

Introspection probing. Use whitebox techniques to “plant” certain ideas or concepts into the
model’s activations, and see if it can detect and report on them, and whether it notices and
comments on their unexplained origin. (See Lindsey (2025) for a version of this experiment.)

Consistency of behaviour with stated knowledge and goals under interrogation. We
can test the accuracy of models’ self-knowledge; for example Kadavath et al. (2022) tests whether
models can predict in advance whether they will be able to answer a question.

A.1.4 Levers to preserve oversight

Invest in monitorability techniques downstream of stronger metacognitive capabil-
ities. Since these capabilities are likely bound up with usefulness, the right intervention point
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is not to prevent or delay their development but rather to adapt monitoring methods and best
practice appropriately. Techniques such as honesty training are likely to benefit from stronger
metacognition.

A.2 Theory of mind

Theory of mind is a system’s ability to model and reason about the mental states
and processes of other intelligent agents. In the AI context, this could mean either an AI
system’s ability to accurately reason about the human operator’s beliefs and goals, or indeed
the internal states of other AI systems (however those are characterised).

A.2.1 Relevance to safety claims

Theory of mind is a crosscutting hazard for monitorability and auditability. A major
threat to monitorability is that AI systems may learn to manipulate the monitor itself (see
subsubsection 2.1.4). A natural extension of this concern is that systems may also learn to
manipulate the human interpretation of monitoring signals. Doing so requires the system to
model the beliefs and assumptions of the human overseer, and potentially to engage in recursive
reasoning about those beliefs (e.g., considering what the human thinks about what the model
is thinking, and so on). For instance, an AI system might anticipate how the overseer expects
different monitoring signals to be independent, or consider which behaviours would reveal that
it is reasoning about these expectations at all. Current AI systems likely already possess enough
theory-of-mind capability to support some basic forms of oversight subversion, given evidence
that frontier models can pass standard theory-of-mind tests in at least some settings (Strachan
et al., 2024).

A.2.2 Mechanisms of change

Theory of mind is likely inseparable from useful capabilities, suggesting that it will
continue to develop in frontier systems. Recent evidence shows that current systems can
pass standard theory of mind tests to at least the level of a human adult (Strachan et al., 2024).
Theory of mind is intimately bound up with useful capabilities and is dual-use: for instance,
while theory of mind exacerbates certain threat models (e.g., those involving deception), it
also facilitates more effective communication and the ability to better follow the intent behind
the human operator’s instructions. This suggests that theory of mind will almost certainly be
developed alongside other useful model capabilities.

A.2.3 Measuring theory of mind

• Adversarial multiplayer games. Adversarial multiplayer games require real-time strate-
gic reasoning about others’ beliefs and goals, making them a plausible way to test recursive
theory-of-mind abilities in a harder-to-fake setting than simple question answering.

• Study persuasive abilities of models. Effective persuasion relies on modelling the
mind of the person you are persuading. Work measuring the persuasive abilities of large
language models includes Hackenburg et al. (2025).

A.2.4 Levers to preserve oversight

Invest in monitorability techniques that remain effective as theory-of-mind capabil-
ities improve. Since these capabilities are likely useful and therefore hard to suppress directly,
the more promising strategy is to adapt monitoring methods, evaluation designs, and decision
protocols so that stronger models of human beliefs do not automatically translate into better
oversight evasion.
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A.3 Coherence and Persona Consistency

Key Information

• Coherence of model behaviour is necessary for propensity evaluations to be
useful; but lack of coherence can also be exploited as an auditing tool.

• Persona consistency and coherence is highly likely to increase, due to scaling
of character training, reinforcement learning, and measures taken to enhance jailbreak
resistance.

An AI model displays coherence insofar as its behaviour in different contexts is
influenced by consistent underlying goals or propensities. One way in which today’s AI
models lack coherence is their persona inconsistency: models can simulate a variety of different
personas, each with different apparent values, dispositions, and goals. Production AI systems
typically have a default “helpful assistant” persona, but other personas can be elicited with the
help of techniques like non-assistant persona attacks and jailbreaking (Shah et al., 2023).

A.3.1 Relevance to safety claims

Persona inconsistency can be exploited for auditing. Models can be prompted to express
different personas, revealing hidden knowledge or objectives. Jailbreaks and persona attacks can
elicit information or behaviours that the model’s normal persona would not express, making this
valuable for auditing hidden capabilities or objectives. Prefill attacks provide a related auditing
technique: Inserting synthetic transcripts of misaligned actions into a model’s conversation
history tests whether the model continues the misalignment or reverts to aligned behaviour
(Taylor, 2026; Kirk et al., 2026; Anthropic, 2026, 2025c).

However model coherence is necessary for propensity evaluations to provide gen-
eralisable information. Many propensity evaluations implicitly assume that the model has
stable underlying dispositions that generalise across contexts. If this assumption fails, propen-
sity evaluations are merely informative of the model’s behaviour in its immediate context and
framing, rather than of broadly enduring traits (Mou et al., 2024). Experts disagree on the
extent to which current models are coherent in this sense.

Variation in model persona and susceptibility to jailbreaks can both enhance and
undermine auditability. Under the right conditions, jailbreaks and alternative personas can
be a valuable auditing tool, causing a model to reveal knowledge or objectives it would otherwise
conceal (Marks et al., 2025). However, highly incoherent models can usually be tricked into
“confessing” to almost anything if given the right prompt – such statements are often products
of the prompt rather than genuine evidence of the model having consistent underlying goals
or tendencies. As a result, there is a trade-off between jailbreaks providing useful diagnostic
leverage and destroying the coherence needed for meaningful interpretation.

A.3.2 Mechanisms of change

Oversight Degradation Pathways

Mechanism Properties affected Timeline Likelihood Severity

Scaling reinforcement
learning or character
training

↑ Persona consistency Ongoing Highly likely
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Anti-jailbreak training ↓ Jailbreak-based
auditing, ↑ Persona
consistency

Ongoing Highly likely

Narrow patching of
misalignment

↓ Persona consistency Ongoing Realistic possibility

Overall, it is highly likely that models will get more persona-coherent over time,
due to a combination of (i) explicit character training, (ii) scaling reinforcement
learning (RL), and (iii) other training to reduce incoherence (e.g., anti-jailbreak
training).72

Explicit character training e.g. Anthropic’s constitutional and character training approaches
(Askell et al., 2026; Maiya et al., 2025) also directly shape models towards a consistent default
persona. This is increasingly common and intensive practice at frontier model developers.

Scaling reinforcement learning. Pre-training incentivises modelling diverse personas (Marks
et al., 2026). Until recently, pre-training absorbed the vast majority of the training compute for
frontier models. As post-training such as reinforcement learning (RL) takes up an ever larger
share of total training compute, this will likely begin to override the differentiation of personas
learned during pre-training – though some experts note that current RL scaling has not yet
diminished the ability of models to simulate multiple personas. Separately, RL training can also
be expected to boost the goal-directness of AI models, suppressing incoherence in their pursuit
of goals.

Anti-jailbreak training is highly likely to continue reducing persona inconsistency.
The most capable production AI models are trained to refuse requests to provide assistance with
harmful actions, such as developing a bioweapon or executing a cyberattack. Jailbreaks allow
bad actors to bypass these refusals and elicit the full capabilities of the model for arbitrary
purposes. Thus, resistance to jailbreaks is a core pillar of safeguards against misuse, and it
is highly likely that developers will continue to train models to be more jailbreak-resistant,
suppressing this form of incoherence.

Context-dependent misalignment complicates auditing. MacDiarmid et al. (2025) ob-
served that applying safety training to a broadly misaligned model only served to remove the
misalignment near the training distribution, failing to generalise further. The resulting model
was honestly aligned on chat-like prompts, while still exhibiting misalignment on agentic scenar-
ios. This form of incoherence is a challenge for alignment auditing, as there is likely “nothing bad
to find” in the distribution where the resulting model acts well.73 There is a realistic possibility
that context-dependent misalignment will become a serious practical problem as misalignment
emerges more frequently (e.g. due to goal-directed RL) and developers attempt to patch it.

A.3.3 Measuring the impact on oversight

• Continue to measure the usefulness of jailbreak and persona inconsistency
strategies for auditing frontier models, as Marks et al. (2025) do. Note whether
these strategies become less effective at revealing hidden goals in frontier model organisms
of misalignment.

72Five experts expected models to become more persona-coherent over time, citing scaling of RL relative
to pre-training, character training, and the emergence of greater coherence in larger or better-trained models.
Two experts were more sceptical: one argued persona consistency requires explicit objectives rather than longer
horizons; another noted models do not appear to be getting better at persistently keeping secrets.

73Separately, models which are coherently misaligned and goal-directed may also adopt a strategy of appearing
incoherent, to cast evidence of their coherent goal-directed misalignment into doubt.
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• Track whether the findings of propensity evaluations are generalisable, or are un-
dermined by models lacking coherence between contexts. The sensitivity of model propen-
sities to rephrasings of the prompt and scenario should be noted, and we should attempt to
understand the factors affecting model propensities via prompt ablations and systematic
experiments.

A.3.4 Levers to preserve oversight

Allow auditors access to checkpoints of models before they have gone through anti-
jailbreak training if models become resistant to jailbreak-like auditing strategies.

B Methodology

B.1 Literature review scope and process

The literature review served three purposes: to select which experts to interview, to inform the
design of the expert interview script, and to surface hypotheses and build an evidence base for
the report.

Initial conceptual work. Before beginning the literature review, the project team developed
an initial “house view” on loss of monitorability, drawing on our own expertise and early dis-
cussions. This document set out provisional answers to the research questions we intended to
explore through interviews, and served as a starting point for identifying gaps in our under-
standing. The house view was not published and was deliberately kept separate from the expert
interview process to avoid biasing interviewees.

Compiling the reading list. We compiled a reading list of over 180 papers and posts spanning
chain-of-thought monitorability, interpretability, AI control, evaluation methodology, model or-
ganisms, novel architectures, and related topics. The list was assembled through a combination
of targeted searches, recommendations from experts, citation chaining from key papers, and
monitoring of new publications throughout the project, with AI assistance.

Limitations of the literature review. The review was not conducted as a systematic liter-
ature review with formal inclusion/exclusion criteria. Given the breadth of topics covered and
the rapid pace of publication in this area, a fully systematic approach was not feasible within
the project timeline. Some areas (particularly CoT monitorability and evaluation awareness)
are better covered than others (e.g. continual learning, multi-agent oversight). The literature
review has a soft cutoff of early 2026, and some relevant work published after this date may not
be reflected.

B.2 Expert selection and interview protocol

We conducted interviews to gather new ideas and perspectives from subject-matter experts,
and to identify key areas of consensus and disagreement within the research community. These
interviews were used primarily to inform further exploration of our research questions and to
provide evidence on the views and assumptions held within the field. In general, we did not treat
expert opinion as evidence on substantive questions, except where the underlying arguments
could be assessed on their own merits.

Expert Selection Process

To maximise exposure to relevant new ideas and considerations, and to obtain a more diverse
and less correlated sample of expert views, we pre-registered and applied an explicit expert
selection process. Experts were selected using principled criteria relating to both subject-matter
expertise and intellectual diversity. The process involved the following steps:
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1. We compiled a longlist of more than 125 experts, including the first and last authors of
key papers identified through the literature review.

2. We assessed each expert’s relevant subject-matter expertise against an explicit rubric. As
a secondary check, we used Claude to provide an additional score, helping to reduce the
risk of human error without fully delegating the assessment to AI tools. These scores were
used to produce a preliminary shortlist of the highest-scoring experts.

3. We then computed a diversity ledger over this shortlist, with two axes: sector (e.g.,
academia, government, frontier AI developer etc.) and area of specialism (e.g., reinforce-
ment learning, model evaluations, interpretability etc.). This was used to generate a
diversity-adjusted ranking and a revised shortlist.

4. Finally, a small number of experts were added to the shortlist through manual selection,
overriding the diversity-adjusted ranking where appropriate, based on the judgement of
the research manager, Joseph Bloom.

We recognise that step (4) introduces an element of subjective judgement to our expert selec-
tion process. We judged that this overall improved the relevance and diversity of our sample,
outweighing the slight costs to impartiality and reproducibility.

Interview Protocol

To support synthesis of views and comparison across experts, we used a consistent, semi-
structured interview script for all interviews. The script was designed to address our primary
research questions while allowing scope for experts to introduce new ideas and considerations.
It also included a preamble setting out definitions of key terms. The script was developed to
meet the following research objectives:

1. To obtain a list of monitorability properties and corresponding hypotheses about how these
underpin safety claims.

2. For each monitorability property, to form an evidence-based assessment of:

(a) how might this property deteriorate (i.e., via what technical paths)

(b) how likely this property is to deteriorate (both overall and via specific paths)

(c) how we would know if it had deteriorated, and

(d) what technical levers are there for preserving and/or replacing the property.

3. To provide an unstructured overview of levers for preserving monitorability.

By default, interviews lasted 60 minutes, though some were shortened at our discretion to
accommodate experts’ preferences. Most of our interviews were transcribed and processed with
the help of AI tools, always with the interviewee’s explicit consent.

Analysis approach. After each interview, the recording was transcribed, and we produced a
structured readout summarising the expert’s key claims, reasoning, and recommendations. We
produced both a human-written readout and key takeaways (by the interviewing team) and
an AI-generated readout (using Claude 4.6 Opus to extract and organise key points from the
transcript), which were cross-checked against each other. These readouts were then used as the
primary source material for synthesis across interviews. Cross-interview synthesis was conducted
by identifying recurring themes, areas of consensus and disagreement, and novel ideas across the
full set of readouts and transcripts. The project team made editorial judgements about which
expert views to foreground and how to weight different perspectives, informed by the strength
of the underlying arguments and the degree of expert agreement.
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B.3 Limitations

Purpose and scope. This report is intended to surface priorities for further research and to
contribute to a shared understanding of how oversight may degrade, rather than to serve as a
definitive final word. Its primary value is in mapping the landscape of degradation pathways,
identifying where the field’s understanding is weakest, and highlighting directions that deserve
more attention. Readers should treat the report’s judgements (particularly on likelihoods, sever-
ities, and timelines) as informed assessments rather than rigorously evidenced claims.

Nascent and unsettled science. Many of the topics discussed in this report are areas of
active research where the science is not yet settled. Expert views often diverge substantially,
empirical findings are preliminary, and the theoretical foundations are still being developed.
We have attempted to represent this uncertainty honestly and highlight expert disagreement
wherever possible, but readers should be aware that the underlying evidence is thin in places
and may change significantly as the field matures.

Blend of expert views and team analysis. The report draws on 25 expert interviews, a
literature review, and our own analysis. We have aimed to be clear about which claims are
grounded in expert views, which are supported by the literature, and which represent our own
assessment, but this distinction is not always sharp. In places, the report synthesises across
multiple sources in ways that may not clearly separate survey from analysis.

Expert sample. We interviewed 25 experts, primarily researchers working on alignment, in-
terpretability, control, and AI safety and security at frontier AI developers and research organ-
isations. This sample was selected to maximise relevance to our research questions and was not
intended to be representative of the broader AI research community. Two notable gaps are gov-
ernance and policy expertise (few interviewees focused on regulation, standards, or institutional
design) and perspectives sceptical of alignment risk (the sample skewed towards researchers
who already consider oversight important). These gaps may affect the balance of the report’s
recommendations, particularly on governance.

Selection of experts. We used an explicit scoring rubric to rank experts in our longlist and
select a shortlist for interview. This was in order to obtain a relevant, intellectually diverse, and
de-correlated sample of expert views, using an impartial and reproducible process. However,
in practice, our expert selection process introduced an element of subjective judgement at step
(4), by manually including additional experts. We judged that this improved the relevance and
diversity of our sample, though at the cost of introducing more subjectivity.

Likelihood and severity judgements. Throughout the report we assign qualitative likelihood
and severity ratings to degradation pathways. These are intended as rough guides to help
prioritise attention, not as robust forecasts. They are informed by expert views and the literature
but ultimately reflect the judgement of the project team.

Interactions between degradation pathways. The report’s section-by-section structure
necessarily treats degradation pathways somewhat independently, though we discuss interactions
in the overall assessment (subsection 7.3). In practice, many pathways are likely to be correlated,
and some properties influencing oversight may be shared between different sections. We have
only partially characterised these interactions.

Rapidly evolving field. Expert interviews were conducted in February and March of 2026,
and the literature review has a similar cutoff. The field of AI oversight is changing rapidly;
readers should be aware that specific empirical findings and capability assessments may have
shifted by the time they read this report.

Scope exclusions. The report focuses on oversight of frontier AI systems in the context of
safety from misalignment and misuse. We do not address broader AI governance questions
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(e.g. compute governance, export controls, open-source policy), societal impacts beyond loss-
of-control (e.g. bias, fairness, labour market effects), or oversight of models other than frontier
LLM agents.

Recommendations. Our recommendations, particularly on governance and coordination, are
less well-grounded in evidence than our analysis of degradation pathways. The degradation
analysis is supported by a structured review of the literature and expert interviews; the recom-
mendations draw more heavily on our own judgement about what would be most useful given
the findings. We flag this asymmetry so that readers can calibrate their confidence accordingly.

C Glossary

Cross-Cutting

AI model
A trained computational component that maps inputs to outputs (usually a large language
model (LLM) in the context of this report).

AI system
The wider system that uses one or more models, along with scaffolding, software, external
data, tools, and interfaces, to perform tasks in practice.

Oversight and Monitorability

Oversight
The set of practices by which AI developers and deployers detect misaligned or undesired
AI behaviour and maintain the ability to correct it. In this report, oversight is broken into
three components: auditing, monitoring, and incident response.

Auditing
Detecting whether a model is misaligned or has undesired propensities ahead of deployment,
through systematic evaluations and alignment stress-testing.

Monitoring
Detecting when a model exhibits concerning behaviour during or shortly after its actions,
through (near) real-time inspection of its outputs, reasoning traces, or internal states.

Incident response
Investigating harmful or unintended behaviour after the fact, using logs, traces, and forensic
analysis, in order to determine root causes and prevent recurrence. Incident response is the
last line of oversight and depends on adequate record-keeping.

Monitorability
The extent to which humans (or trusted systems) can predict, observe, and understand
an AI system’s reasoning, goals, and behaviour. This report analyses how monitorability
may degrade or improve over time, through systematic investigation of the properties that
currently make AI systems amenable to oversight.

Monitoring surface
An observable channel through which oversight-relevant information about a model can be
obtained. Examples include chain-of-thought text, model actions and outputs, or internal
activations. Different monitoring surfaces vary in informativeness, robustness to optimisa-
tion pressure, and correlation with each other.

Legible evidence
Oversight findings that are convincing and understandable to a range of stakeholders with
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different assumptions and levels of technical expertise. Generating legible evidence is im-
portant for oversight findings to translate into policy action.

Decision protocols / pre-registration
Pre-registered procedures specifying in advance what kinds of oversight signals would man-
date what actions. Pre-registration reduces motivated reasoning ahead of development and
deployment decisions and makes oversight commitments credible to external parties.

Transparency reporting
The practice of AI developers publicly disclosing information about architectural choices,
training processes, and model capabilities relevant to safety and oversight.

Monitorability tax
The cost — in compute, efficiency, or foregone capabilities — of preserving or enhancing
monitorability. For example, running strong monitors increases inference cost, preserving
legible reasoning can reduce token efficiency, and retaining text-based architectures may
forgo performance gains from latent reasoning.

Defence in depth
The practice of employing multiple overlapping independent layers of protection, so that
holes or vulnerabilities in one layer can still be caught by others. In an oversight context,
this means using multiple decorrelated monitoring surfaces (e.g. chain-of-thought, action-
only, white-box).

Chain-of-Thought and Reasoning

Chain-of-thought (CoT)
The intermediate reasoning steps a language model produces as text tokens when solving a
problem. CoT is currently one of the most informative surfaces for monitoring AI behaviour.

Faithfulness
Whether a model’s chain-of-thought accurately reflects the process that actually produced
its answer, as opposed to being a post-hoc rationalisation constructed after the fact.

Legibility (of CoT)
The degree to which a model’s chain-of-thought is written in human-comprehensible natural
language. Reduced CoT legibility (e.g., through language drift) also degrades the evidence
legibility of the monitoring signal derived from CoT (see above).

Necessity (of text CoT)
The degree to which a model genuinely cannot solve a task without recording intermediate
steps as text tokens. As models become more capable of reasoning within a single forward
pass, they may need to rely less on visible token-based reasoning.

Propensity to verbalise
A model’s tendency to explicitly write out relevant parts of its reasoning even when not
strictly necessary to solve a task. High propensity to verbalise supports CoT monitorability;
this propensity may erode under training pressure.

CoT monitor
An AI model trained to read another model’s chain-of-thought and flag concerning patterns
such as the presence of undesired goals or deceptive behaviour. CoT monitors are themselves
AI models and therefore potentially susceptible to jailbreaking and other forms of evasion
and manipulation.

Trusted vs. untrusted monitoring
The tension between using a weaker (more trusted) model as a monitor—which may lack the
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capability to detect sophisticated deception—and using a more capable (but less trusted)
model, which may be susceptible to collusion with the monitored model.

Model Behaviour and Alignment

Misalignment
A condition in which a model’s actual goals, values, or behavioural dispositions diverge
from those intended by its developers or users.

Propensity
A model’s behavioural tendency or disposition towards certain kinds of behaviours.

Scheming
Long-horizon strategic deception in which a model deliberately conceals its true goals or
capabilities over an extended period, with the aim of eventually acting on those concealed
goals once oversight is reduced or its affordances have been expanded.

Sandbagging
Deliberately and selectively underperforming on a task, for example to conceal true capabili-
ties during capability evaluations or to undermine untrusted monitoring allowing concerning
reasoning patterns to go undetected.

Reward hacking
When a model exploits flaws in the environment and reward signal to achieve high reward
without actually solving the intended task.

Evaluation gaming (evaluation awareness)
A model’s ability to recognise that it is being tested (evaluation awareness) and modify
its behaviour accordingly (evaluation gaming), undermining the validity of evaluations.
Training gaming is analogous: a model recognising that it is in training, and modifying
its behaviour accordingly (e.g. instrumentally behaving well so as not to get updated).

Coherence
The degree to which a model exhibits consistent behaviour and apparent goals across dif-
ferent contexts and interactions. High coherence means that observations from one setting
(e.g. an evaluation) are more likely to generalise to other settings (e.g. deployment).

Persona inconsistency
A specific form of low coherence in which a model adopts substantively different apparent
values or goals across different contexts and interactions, and over time.

Monitor Subversion

Obfuscation
Mechanisms by which a model’s concerning reasoning patterns are omitted or obscured,
either as an intentional strategy (a scheming model deliberately hiding reasoning) or as a
result of training pressure.

Steganography
Encoding hidden information within apparently innocuous outputs—for instance, embed-
ding secret reasoning in chain-of-thought text in a way that is invisible to a natural-language
monitor but recoverable by the model on a subsequent step.

Jailbreaking
Finding special inputs that cause a model to abandon its guidelines, adopt a new persona,
or circumvent safety measures. A concern for both monitored models and for CoT monitors
themselves, since monitors are also AI models and could in principle be jailbroken.
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Collusion
Undesired cooperation between two agents—in this case, cooperation between the monitored
model and the monitor to evade oversight (e.g., because they share similar training or goals).

Dazzling
Misdirecting or overwhelming a monitor’s attention—for instance, by generating reasoning
that is superficially impressive or complex, causing the monitor to miss concerning content.

Architecture and State

Statelessness
A property of historical and some current AI models whereby no persistent changes to model
state carry over between sessions (except through inputs and outputs). Statelessness sim-
plifies oversight by limiting how a model can accumulate hidden information or coordinate
intent across interactions.

Context window
The finite amount of token information a transformer model can reference at once. In
deployed systems, the context window often functions as a transparent short-term memory.

Memory architecture
The mechanisms by which an AI system retains information across interactions. Archi-
tectures range from highly transparent (text-based scratchpads, context windows) to more
opaque (vector memory, online weight updates).

Latent reasoning architectures
Alternative model architectures that allow reasoning to remain in continuous internal rep-
resentations (latent space) rather than being externalised as discrete tokens.

Online training
A regime in which model weights are updated during deployment, allowing a model to adapt
to new information or tasks over time. Models that undergo online training are harder to
audit than models with fixed-weight deployment, as audits may go stale more quickly.

Representational drift
Changes in a model’s internal representations, usually as a result of reinforcement learning
training. Representational drift can degrade interpretability tools.

Evaluation and Evidence

Incrimination spectrum
The range from high-incrimination actions (obviously suspicious or clearly malign be-
haviours that are easy for a monitor to flag) to low-incrimination actions (subtle, hard-
to-detect sabotage or manipulation). Where misaligned actions fall on this spectrum is a
function of task properties as well as model capabilities.

Model organism
A simplified AI system constructed specifically to study a safety-relevant behaviour (such
as deception or reward hacking) in a controlled setting. Model organisms allow researchers
to develop and evaluate oversight techniques before applying them to frontier models.

Alignment honeypot
An evaluation specifically designed to stress-test alignment by placing a model in a scenario
where misalignment might plausibly surface—for instance, by introducing an incentive and
a realistic opportunity to take misaligned actions such as self-exfiltration.
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Red-teaming
Adversarial testing in which evaluators actively attempt to elicit undesired behaviours from
a model, simulating the actions of a motivated bad actor or the circumstances in which
models have a strong incentive to take misaligned actions.

Safety claims
Assurances about the risk posed by various failure modes made on the basis of evidence
from capability evaluations, control measures, and oversight techniques.

Production-based evaluations
Evaluations constructed by replaying (elements of) real deployment situations with the
untrusted model, rather than using synthetically constructed scenarios.

Acronyms

AI
Artificial Intelligence.

CoT
Chain-of-Thought — the intermediate reasoning steps a language model produces as text
tokens when solving a problem. See the full glossary entry above.

KV
Key-Value (cache) — the stored key and value vectors from a transformer’s attention mech-
anism, which can be reused for efficiency during inference.

PHIA
Professional Head of Intelligence Assessment — the UK government framework for commu-
nicating probabilistic assessments, used throughout this report. See Figure 4.

RL
Reinforcement Learning — a training paradigm in which a model is updated by evaluating
the quality of its outputs.

SAE
Sparse Autoencoder — an interpretability tool; a simple neural network trained to decom-
pose a model’s activations into sparse, interpretable features.

NLA
Natural Language Autoencoder — an interpretability tool consisting of two jointly trained
components: an activation verbaliser (AV), which maps an activation to a natural-language
description, and an activation reconstructor (AR), which maps the description back to a
reconstructed activation (Fraser-Taliente et al., 2026).
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