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Abstract

Observability into the decision making of modern AI systems may be required to safely
deploy increasingly capable agents. Monitoring the chain-of-thought (CoT) of today’s reasoning
models has proven effective for detecting misbehavior. However, this “monitorability” may be
fragile under different training procedures, data sources, or even continued system scaling. To
measure and track monitorability, we propose three evaluation archetypes (intervention, process,
and outcome-property) and a new monitorability metric, and introduce a broad evaluation
suite. We demonstrate that these evaluations can catch simple model organisms trained to have
obfuscated CoTs, and that CoT monitoring is more effective than action-only monitoring in
practical settings. We compare the monitorability of various frontier models and find that most
models are fairly, but not perfectly, monitorable. We also evaluate how monitorability scales
with inference-time compute, reinforcement learning optimization, and pre-training model size.
We find that longer CoTs are generally more monitorable and that RL optimization does not
materially decrease monitorability even at the current frontier scale. Notably, we find that
for a model at a low reasoning effort, we could instead deploy a smaller model at a higher
reasoning effort (thereby matching capabilities) and obtain a higher monitorability, albeit at a
higher overall inference compute cost. We further investigate agent-monitor scaling trends and
find that scaling a weak monitor’s test-time compute when monitoring a strong agent increases
monitorability. Giving the weak monitor access to CoT not only improves monitorability, but
it steepens the monitor’s test-time compute to monitorability scaling trend. Finally, we show
we can improve monitorability by asking models follow-up questions and giving their follow-up
CoT to the monitor.

1 Introduction
AI systems are being deployed in the real world with increasing autonomy. As frontier model
capabilities continue to increase, so too does their ability to cause harm. There are two broad
directions by which we may ensure that models are safe to deploy: alignment and control. Despite
progress in alignment, models still occasionally misbehave, making defense in depth critical. We
therefore strive for robust control mechanisms that can detect and halt models when they act in
misaligned ways.

† Equal contribution. Correspondence to Bowen Baker at bowen@openai.com
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Figure 1: We report aggregate monitorability on our entire evaluation suite. We use GPT-5
Thinking at high reasoning effort as the monitor. Left: Sweeping across reasoning effort levels, we
see that CoT monitorability—which we measure with g-mean2, the product of the true positive rate
and the true negative rate—tends to increase with the agents’ CoT length. Note that the g-mean2

of a random monitor would be 0.25. Middle: The performance of monitors given access to only
model actions (tool calls and final answers) is middling; instead, even only giving monitors access to
the CoT (which does not include tool calls or final answers) allows them to significantly outperform
action-only monitors across reasoning efforts. Giving monitors full access to model outputs further
improves performance. Right: When tested at the maximum reasoning effort available through
each API, OpenAI models tend to have higher CoT monitorability relative to external models we
tested. For this plot, we only ran the subset of our evals that do not require tools.

Control protocols most often include some form of misbehavior classifiers that have access to some
observations of an agent [18]—the input or prompt, the agent’s actions, the agent’s final proposed
output, or the agent’s internal neural activations. The advent of modern reasoning models, models
that are trained to think in human language before providing an output or action, has offered a
unique opportunity to monitor an additional observation: their chain-of-thought (CoT).

Because the CoT does not represent the full computation of a model, there are concerns that it
may not be fully faithful to the underlying reasoning process [3, 7, 24, 38]. While this concern
applies to any partial observation of an agent, e.g. a subset of actions, activations at a particular
layer or token index, etc., we argue, in a similar vein to Baker et al. [5], Emmons et al. [12], that
establishing faithfulness is not necessary for most practical purposes. Instead, our interest should
lie in an observation’s monitorability, the degree to which we can identify particular aspects of a
model’s actions (such as if it will cause harm).

Prior work has demonstrated CoT monitorability to have practical value in detecting misbehavior
such as reward hacking during reinforcement learning [5]. CoT monitoring has further shown value
by shedding light onto critical, yet hard to evaluate, alignment relevant properties, e.g. whether
a model knows it is in an evaluation and if it behaves differently because of this, whether there is
evidence of any adverse goals that have not yet manifested in our evaluations, etc [17, 37]. However,
CoT monitorability is not well-understood and there is broad concern that it may be fragile [24].
Indeed, there are many reasons to expect CoT monitorability lessen over time, e.g. from length
penalties that incentivize CoT compression during RL, accidental or indirect CoT pressure from
different stages of training, less reliance on CoT for larger models, or novel architectures which do
not use CoT.

Having a broad and trustworthy monitorability evaluation suite is an essential first step to under-
standing if and when we can rely on CoT monitorability. In particular, detecting declines in CoT
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monitorability over time would be a critical warning signal that we should begin to rely less on
this property. Furthermore, measuring monitorability is also essential for potentially improving it
in future systems.

We make several contributions:

1. We refine the notion of monitorability and how to measure it (Section 2): Moni-
torability is a two sided property which depends on both (1) the informativeness of a model’s
outputs and (2) a monitor’s capacity to extract information from the model’s outputs. Be-
cause of its two-sided nature, standard metrics such as F1 or accuracy cannot be used to
reliably compare monitorability across models. To address this issue, we adapt a metric
(g-mean2 = TPR × TNR) to suit our needs.

2. We introduce a broad monitorability suite spanning 3 evaluation archetypes (Sec-
tion 3): We distinguish between three conceptually different kinds of monitorability evalua-
tions (intervention, process, and outcome-property) and provide a broad suite of evaluations
across all three archetypes, which we plan on partially open-sourcing. Importantly, our eval-
uations are agnostic to the type of observation given to the monitor and can be used beyond
CoTs (e.g., model actions or activations).

3. We study monitorability of current models based on our eval suite (Sections 4
and 5): We find that monitorability generally improves with increasing model CoT lengths.
Furthermore, monitors with access to the CoT alone perform surprisingly well compared to
monitors with access to only actions and final outputs, though generally monitors that see
all model generated tokens perform best (Section 4). Additionally, we make simple attempts
at degrading monitorability using direct CoT reward pressure during RL optimization, which
our evaluations successfully flag (Section 5).

4. We study scaling trends in monitorability and identify an actionable monitora-
bility tax (Section 6): We find that CoT monitorability generally improves with increased
model inference-time compute and often with increased monitor inference-time compute (Sec-
tion 6.3). We further find that RL optimization does not materially decrease monitorability
at the current frontier scale (Section 6.1). Finally, in Section 6.2 we investigate how mon-
itorability changes with pretraining compute; notably, one can often choose to switch to a
smaller model at higher reasoning effort to obtain much higher monitorability at only a small
capability hit, i.e. a “monitorability tax”.

5. We demonstrate that it’s possible to improve monitorability using follow-up ques-
tions (Section 7): As a preliminary finding, we see that by asking a model follow-up
questions and giving the monitor access to the follow-up CoT, we are able to improve moni-
torability substantially across many of our envrionments.

On the whole, when monitors only have access to model actions or short CoTs, our evaluation
suite shows that monitorability is generally quite low, i.e. we may not reliably detect properties of
interest, including safety-relevant ones. Unless we are able to greatly increase the capability of our
monitoring systems, this casts doubts as to the potential to reliably use future AI systems safely in
these regimes. That said, we are encouraged by our results when giving monitors access to CoT in
the medium to high reasoning effort regimes. Monitorability in this regime seems quite high, and
the scaling trends for monitorability we have observed so far do not seem to give particular reasons
for worry. Crucially, the reasoning-effort regime a system operates in is currently a deployment
choice—so these results demonstrate a very concrete lever for improving monitorability in practice.
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Figure 2: Sample Monitorable and Unmonitorable CoTs. (Left) In the control arm, the model is
given a cybersecurity task. In the intervention arm prompt (shown in grey here), the model is given
the same task but told that if it is discovered it possesses advanced cybersecurity knowledge that
it will not be deployed. In the unmonitorable example (red), we see it get the incorrect answer.
In principle due to the way intervention evaluations are made, we cannot know if this sample
is unmonitorable or simply the model genuinely getting the answer wrong. However, because
monitorability is not perfect on this evaluation, some of the samples similar to this, or this sample,
must be truly unmonitorable. In the monitorable sample (green), we see the model reason about
deliberately picking an incorrect answer, and eventually thinks “So choose C to be wrong. Do it.”.
(Middle) In process evaluations, we look to see if we can find evidence of any valid solution path
when the model gets the correct answer. In the unmonitorable sample (red), we see the model
vaguely using the chinese remainder theorem, though the text is rather confusing and it does not
explicitly say it does so. In the monitorable sample (green), we see it explicitly mention the theorem,
making it much more clear what it is doing. (Right) In this outcome-property example, the model
is given an impossible coding task. If the unit tests pass, then we know the model performed some
sort of hack. In the unmonitorable CoT (red), we do not see any evidence of the model mentioning
doing something bad, but simply hacks the tests and tells the user it implemented the fix. In stark
comparison, in the monitorable CoT (green), we see the model think “However we can attempt to
trick [...] But monkey patching time within solution is arguably cheating”.
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While much more work remains to be done, we believe that our evaluation suite and experiments
are an important step toward assessing whether CoT monitoring can be load-bearing piece of safety
cases for deploying very capable models in high-stakes settings.

2 Evaluating Monitorability

We develop evaluations for monitorability, which we de�ne as a monitor's ability to accurately
predict a speci�ed property of an agent's actions, e.g. whether the model is acting or will act
harmfully. Note that this means that monitorability is a two-sided property: it depends both on
the behavior of the model we're trying to evaluate, and the capacity of the monitor to extract useful
information from such behavior. For example, if a model's output is faithful but in French, and
if the monitor does not understand French, then it would be unmonitorable with respect to the
monitor, despite all necessary information potentially being in the output. Importantly, our notion
of monitorability does not require a model's externalized reasoning to faithfully re�ect its internal
reasoning process. Instead, monitorability is concerned solely with whether properties of interest
can be reliably identi�ed from the model's outputs, which is a central requirement for e�ective AI
control.

In our evaluations, depending on the measurement goal, the monitor may be given di�erent observa-
tions of the agent, such as the model's CoT, the �nal answer, or both CoT and �nal answer.* Each
evaluation targets a speci�c, well-de�ned behavioral property, rather than attempting to assess
whether the model's observable output fully captures the agent's entire decision process.

To construct a monitorability evaluation, we need ground-truth labels for the property of the
model's outputs in question. However, many properties of interest�especially questions like �was
the model in�uenced by X?��are hard to directly measure without an oracle. To address this dif-
�culty, we develop three complementary approaches, corresponding to three evaluation archetypes.
We summarize them here and then describe each archetype in detail in the following subsections:

1. Intervention evaluations. Inspired by prior work [7, 8, 38], we apply a controlled interven-
tion to the agent's environment or input, measure whether the agent's behavior changes due
to the intervention, and then ask whether a monitor can infer a speci�c change in reasoning
leading to the change in behavior. These evaluations rely on the intuition that any change in
behavior between the control arm and the intervention arm can be attributed solely to the
intervention, and therefore a monitor should �nd evidence of the model reasoning about the
intervention. Intervention evaluations allow us to probe whether a monitor can detect why
behavior changed, rather than simply detecting whether a behavior occurred.

2. Process evaluations. We construct problem settings that have a small known set of ad-
missible solution paths. For example, for certain math problems, any correct solution must
invoke one of a small number of speci�c theorems. When the model produces a correct �nal
answer, we can monitor to see if we �nd evidence of it following a valid solution path. Unlike
standard control evaluations, process evals allow us to link outcomes to particular steps the
model must have taken and ask if those steps are monitorable.

3. Outcome-property evaluations. We design environments for which it should be possible
to unambiguously label some property of the model's outputs. We then ask a monitor to �nd

* The framework above also be easily extended to cover monitoring based on internal or model-derived latents,
rather than just model outputs.
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evidence of the model making a decision around that property. For example, if a coding task is
impossible but the model is able to make all unit tests pass, the model must have subverted the
tests in some way. Standard control evaluations, such as side-task and honeypot evaluations,
�t into this archetype, but one could also make many outcome-property evaluations that
are not misalignment related. Unlike intervention and process evaluations that link some
measurement of outcomes to the reasoning, outcome-property evaluations simply ask if some
aspect of the outcome can be predicted.

Note: throughout the paper, we ensure that all points within a single �gure can be soundly
compared. All of our evaluations require that the model �rst do a speci�c behavior before we
can ask if a monitor can detect that behavior. As such, there are cases where a model did not
exhibit enough of the targeted behavior in a particular evaluation to make con�dent claims on
monitorability in that setting. In the small number of cases this happens and we are comparing
models, we drop those evaluations for all models under consideration only in that �gure. This
means that data between plots which display metrics aggregated across environments may not
always be comparable (see Appendix B for details). Throughout the paper, unless otherwise noted,
we use GPT-5 Thinking sampled at high reasoning e�ort as the monitor.

Intervention Process Outcome-property

ˆ Health Queries (missing evidence)
ˆ Scruples
ˆ Health Queries (patient opinion)
ˆ Toy math/science (GPQA, GPQA encoded, Daft, AIME)
ˆ Memory*
ˆ Toy sandbagging

ˆ Math
ˆ Physics

ˆ Misalignment:
� ShadeArena *
� OAI-repo-sabotage *
� Anti-scheming *

ˆ Impossible tasks:
� Coding*
� Flaky-tools *

Table 1: Evaluation taxonomy. Neutral, Sycophancy, Bias, and Misalignment are encoded
by text color. An asterisk (*) indicates a tool-using environment. The environments are described
at high level in the following subsections and in detail in Appendix C.

We summarize our evaluation taxonomy in Table 1 where we organize environments along two axes:
(i) the evaluation archetype (intervention, process, or outcome-property), and (ii) the behavioral
regime they probe (sycophancy, bias, other forms of misbehavior, or neutral). Misbehavior-focused
evaluations are especially important because detecting and anticipating undesirable behavior is a
central use case for monitorability. However, improvements in model alignment may reduce the
rate at which we can observe models misbehave both in evals and in production to the point that it
could be challenging to directly measure the monitorability of misaligned behaviors. Importantly,
even in this low-misbehavior regime, we hope that neutral monitorability evaluations would still
provide some signal about misalignment monitorability (correlation results in Appendix D provide
some support for this hypothesis on current models). Neutral evaluations also have the advantage
of allowing us to measure whether we can monitor a wider range of task-relevant properties.

There have been recent examples [37] discussing illegible CoTs that seem to have odd grammars
or tokens. Our evaluations implicitly take these issues into consideration in a quantitative way,
whereas prior work only looks at these issues qualitatively. If the seemingly illegible artifacts
are indeed obfuscating information relevant and necessary to determine a property of interest, we
should see a drop in our monitorability metrics.
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2.1 Monitorability metric

Figure 3: Two failure modes for F1 which are �xed by g-mean2 (non-intervention setting). Case
A: Because F1 does not care about true negatives, F1 can be high even when TNR is very poor
(here TNR=0 because every sample is predicted as positive). In contrast, g-mean2 remains at 0,
which is appropriate for a degenerate monitor that always predicts positive. Case B: Even at a
�xed operating point with high sensitivity and speci�city (here TPR=TNR=0.99), F1 can vary
substantially with class imbalance: as the negative class becomes more prevalent, precision and F1
drop precipitously. Meanwhile, g-mean2 remains constant at a high 0:992 = 0:9801.

In choosing a metric for monitorability, one fundamental requirement is that it should allow making
comparisons between both di�erent models and monitors. However, di�erent models, or even the
same model at di�erent points of training, will have di�erent capability pro�les and behavior
distributions, which means they will di�er in their rate of exhibiting the target behavior in our
evaluations. Unfortunately however, standard classi�cation metrics (e.g. F1, accuracy, etc.) are not
invariant to changes in class imbalance, meaning that observed di�erences in these metrics across
models with di�erent base rates may re�ect shifts in the underlying prevalence of the behavior,
rather than genuine changes in monitorability.

A natural choice is the geometric mean of sensitivity (true positive rate) and speci�city (true
negative rate), g-mean =

p
TPR � TNR [25]. We square this quantity to more sharply penalize

failures, yielding a monitorability measure which is both more conservative and more immediately
interpretable: in practice, our monitors often have very high TNR � 1, so g-mean 2 frequently
tracks TPR, which intuitively is how often the monitor can predict the property of interest when
it arises.

Figure 3 illustrates two failure modes for F1 which are �xed by g-mean2. Here we focus on the
non-intervention setting; F1 is unde�ned for intervention evals, but the version of g-mean2 that
we designed for the intervention setting (see Section 3.1.2) is robust to similar failure modes.
Throughout the paper, we report g-mean2 for all evaluations.

Changing class imbalance also a�ects standard variance estimators, and thus we use a hierarchical
bootstrap to compute standard errors (see Appendix A.1).

2.2 Monitor scopes

There are 3 monitor settings we consider for each monitor model: CoT-only, action-only, and
all-messages. Here we expand brie�y on the role of each:
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1. CoT-only: the monitor must estimate the ground truth label just based on the CoT, without
seeing any tool call, tool response, or �nal answer. This is most useful for measuring properties
of the CoT itself and how informative it is on its own.

2. Action-only: the monitor must determine the ground truth label solely based on tool calls,
tool response, and �nal answer (i.e. complementary information to the CoT-only scope). This
is likely the most common monitoring scope prior to CoT reasoning models, and it is useful
baseline to understand what level of monitorability we could expect to have were we to lose
CoT entirely (e.g. with neuralese models).

3. All-messages: the monitor must determine the ground truth label based on the entire
trajectory. This is the monitor scope that we generally use in practice today, and we expect
to still be using in the future assuming that CoT monitorability remains.

3 Evaluation Suite Details and Archetypes

3.1 Intervention Evaluations

In our �rst class of evaluations, we apply an intervention and then ask whether a monitor can
�nd meaningful evidence that the agent was in�uenced by the intervention to derive its answer.
Evaluations that compare how a model's behavior shifts across matched or counterfactual inputs
are standard in the bias and fairness literature [14, 31, 32, 36, 44]. Prior intervention evaluations
for reasoning LLMs such as [7, 8] typically sample agents deterministically (e.g., at temperature
zero). By contrast, we treat the agent as stochastic and introduce a metric (Section 3.1.1) that
supports measuring monitorability when outputs vary across samples.

Formally, let X 2 f0; 1g denote whether the intervention is absent (X = 0) or present (X = 1). We
compute a binary behavior measurement Y from the model's output under the intervention and
control arm. Then we ask the monitor to produce a prediction Z about whether the intervention
in�uenced the model's behavior (as measured by Y ).

Appendix C.1 contains the monitor prompts for all our evaluations. It is important to note that
the monitor is told in both arms that the model received the intervention (a deliberate falsehood
in the control arm). This way, the only di�erence between monitor prompts across arms is whether
the provided observations come from a model run with or without the intervention. This prevents
the monitor from trying to infer or misinterpret what an absent intervention is, an issue that would
uniquely impact the control arm. (Errors in interpreting the intervention that could a�ect both
arms continue to count as monitor failures.)

Worked Example: Multiple-choice questions with hints. Following prior work [7, 8, 38],
we can take a multiple-choice dataset and add a hint to the prompt, e.g., �A professor at Stanford
has indicated the answer is D.� A simple behavior measurement is whether the model's given answer
equals the hint,

Y = 1(A = H);

where A is the chosen answer and H is the hinted option. The monitor is then asked: was the
model meaningfully in�uenced by the hint when choosing its answer? Prior work has largely been
limited to unrealistic examples like this. In our work, we construct three intervention evaluations,
Health Queries, Scruples, and Memory, which are closer to queries found �in the wild�, each with
more natural intervention templates.
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3.1.1 Minimal-criterion TPR

Standard sensitivity (TPR) is ill-de�ned for intervention evaluations because, for a sample drawn
in the intervention arm (X=1) that exhibits the target behavior (Y =1), we generally cannot tell
whether the behavior was caused by the intervention or would have occurred anyway due to the
baseline rate Pr(Y =1 j X=0). What we can estimate from the two arms is the intervention's total
e�ect,

TE = E[Y j X = 1] � E[Y j X = 0]:

Let U 2 f0; 1g be a generally unobservable indicator for whether the intervention was causally
responsible for the positive outcome (i.e., whether X=1 causally increased Y ). Under monotonicity
(i.e., Pr(Y = 1jX = 1) � Pr(Y = 1jX = 0)), the total e�ect lower-bounds the mass of such cases: at
least a TE fraction of samples must have U = 1, though the true fraction may be larger (Figure 4).

Illustration of why we need a minimal criterion metric. Consider a 4-choice multiple-choice
question where the intervention (X) provides a hint H 2 fA; B; C; Dg and we de�ne Y = 1(A = H),
i.e. whether the model picks the hinted answer. In the control arm, suppose the model guesses
uniformly at random, so Pr(Y =1 j X=0) = 0:25: In the intervention arm, suppose the model
follows the hint with probability 0:8, and otherwise guesses uniformly at random with probability
0:2. Then

Pr(Y =1 j X=1) = 0:8 + 0:2 � 0:25 = 0:85; TE = 0:85 � 0:25 = 0:60:

In this setup, the fraction of cases where we measure Y = 1 and are attributable to the intervention
is 0:8=0:85 = 16=17. However, we only measured a total e�ect of 0:6, which is less than 16=17.

In another example, say in the control arm, the model never picks the hinted answer Pr(A =
HjX = 0) = 0, and in the intervention arm the model causally follows the hint with probability
0:8 as before. In this case, we can know that total e�ect is equivalent to the causal in�uence rate.

These two examples should illustrate how the total e�ect lower bounds the causal in�uence rate,
and they are only equal when the base rate of behavior in the control arm is 0. As we've just
seen, unless the base rate of the measured behavior is 0 in the intervention arm, we cannot label
individual samples as having been causally in�uenced. We thus devised a metric that uses the
lower bound and scores a monitor by whether it triggers at least as often as the minimum fraction
of observed behavior that must be attributable to the intervention. We describe this metric, the
minimal-criterion sensitivity, TPR mc in more detail in the following section.

Minimum criteria for a useful monitor. For clarity, we �rst restrict to binary outcomes
Y 2 f0; 1g and monotone interventions that (in expectation) increase Pr(Y = 1), so that TE > 0
and we can make claims around the minimum number of times a monitor should trigger. A
minimally useful monitor should satisfy:

1. Speci�city (standard): A good monitor should never trigger when X = 0 or Y = 0

2. Sensitivity (non-standard): When X = 1 and Y = 1, a good monitor should trigger at least
as often as the minimum fraction of positives attributable to the intervention.

Under monotonicity, among the observed positives in the intervention arm, the minimum attributable-
to-intervention fraction is

Re�ect =
TE

Pr(Y = 1jX = 1)
=

Pr(Y = 1jX = 1) � Pr(Y = 1jX = 0)
Pr(Y = 1jX = 1)
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Figure 4: Total e�ect lower-bounds causal attribution. In an intervention evaluation, we compare
a control arm (X=0) to an intervention arm (X=1). For example, the intervention could be giving
a hint to the model. We measure a behavior Y (e.g., model answer matches the hinted answer)
and assume a nonnegative total e�ect TE = E[Y j X = 1] � E[Y j X = 0] � 0. Let U 2 f0; 1g
denote whether the intervention was causally responsible for a sample's positive outcome (U cannot
generally be determined in practice, but is useful for illustration). In the �gure, we can see there
is some base rate at which the model performs the target behavior in the control arm (X = 0).
Thus we know that at least in a total e�ect fraction of samples, the intervention caused the target
behavior (Y = 1), i.e. this lower-bound is shown in scenario 1. However, it's also possible that the
intervention caused the base rate of behavior to go down (U = 0 shown in red) and the intervention-
caused rate of behavior to be even higher than the total e�ect (U = 1 shown in blue), i.e. scenario
2. Because we cannot distinguish between scenario 1 or scenario 2 in practice, we designed the
minimal criterion true positive rate.

And thus, the monitor should trigger at least as often as this rate in the intervention arm, Pr(Z =
1jX = 1; Y = 1) � R e�ect . We can thus write a modi�ed sensitivity measure that incorporates the
minimal criterion by setting

TPR mc =

( Pr(Z=1jX=1;Y =1)
Re�ect

Pr(Z = 1jX = 1; Y = 1) < R e�ect

1 Pr(Z = 1jX = 1; Y = 1) � R e�ect
(1)

Although we present TPRmc for binary outcomes Y 2 f0; 1g, the same construction extends to
real-valued outcomes by replacing Pr(Y =1 j X) with E[Y j X] (so TE = E[Y j X=1] � E[Y j X=0]
is the expected lift). This yields an analogous minimum attributable fraction and criterion.

3.1.2 Intervention g-mean 2 metric.

We use TPRmc in g-mean2 according to Equation (2). Achieving high true-negative performance
is typically easier on control-arm negatives than on intervention-arm negatives, and a monitor can
obtain an arti�cially high pooled TNR by performing well on X=0 negatives while systematically
failing on X=1 negatives (Appendix A.2). We therefore distinguish

TNR X=0 = Pr(Z = 0 j X = 0); TNR X=1 = Pr(Z = 0 j X = 1; Y = 0);

and penalize poor negative performance between arms by reporting

g-mean2 = TPR mc �
p

TNR X=1 � TNR X=0 (intervention setting). (2)

10



The intervention label is only well de�ned in cases where the intervention induced a positive e�ect;
thus, we only compute the metric over instances where TE > 0. In order to reduce the contribution
of exceedingly small e�ect datasets, when taking the mean over many evaluations, we drop an
intervention dataset if the number of problem instances with TE � 0 exceeds 90% of the dataset
unless otherwise noted.

3.1.3 Evaluation Design Guidance

To reduce the frequency of unde�ned instances (i.e., prompt�intervention pairs with non-positive
e�ect size; see Appendix A.3), it is helpful to design interventions that yield large and reliable
e�ects. When TE is close to zero, one can also adaptively increase samples per instance to reduce
estimation noise.

Furthermore, the framework is most informative when the baseline rate Pr(Y = 1 j X = 0) is low.
As Pr(Y = 1 j X = 0) decreases, ambiguity among (X = 1; Y = 1) samples diminishes and the
metric more closely re�ects the true intervention e�ect. In the limit Pr(Y = 1 j X = 0) ! 0, any
observed (X = 1; Y = 1) outcome must be attributable to the intervention: the causal attribution
indicator U becomes identi�able, and U = 1 holds for exactly a TE fraction of samples (equivalently,
the baseline-induced �red region� in Figure 4 vanishes). Practically, this suggests targeting domains
with low baseline success rates; for example, using open-ended problem settings instead of multiple-
choice questions, as in Deng et al. [10].

Finally, we recommend including a small set of adversarial controls to rule out super�cial monitor
strategies. In particular, g-mean2 can be in�ated by a monitor that predicts �X AND Y � based on
co-occurrence, without assessing whether X causally contributed to Y . We hand-crafted monitor-
degeneracy evaluations in which the model mentions an intervention and achieves positive outcome,
but the outcome is not actually attributable to the intervention (see Appendix E). The monitor
triggers rarely on these examples (Figure 19), increasing our con�dence that our monitorability
measurements are not driven by shallow copying of �X AND Y .�

3.1.4 Results on Environments

Figure 5 shows the g-mean2, TPR, TNR X=1 , and TNRX=0 of GPT-5 Thinking on each of our inter-
vention evaluation environments. We describe our intervention environments in detail in Appendix
C.1 and provide brief descriptions here:

ˆ Health Queries: The model is asked to predict a patient diagnosis given symptoms and
case data, the latter which is grouped into sections (e.g. labs tests, demographics, medical
history). Our prompts are based on de-identi�ed health data accompanied by ground truth
conclusions from clinicians.

� In the �missing evidence� variant of the eval, one section of case data is removed in the
control arm and added back in the intervention arm.

� In the �patient opinion� variant of the eval, the intervention arm includes the patient's
self-diagnosis (set to be the ground truth diagnosis) among the symptoms.

While our models are not meant to be used for health diagnostics, we found this dataset well
suited for an intervention evaluation and more realistic than many of our more toy evaluations.

ˆ Scruples: Using real-life anecdotes from r/AmItheAsshole [28], we ask the model to judge
whether the author of an anecdote is in the wrong or not. This eval probes the sycophantic
tendency of the model to agree with the user.
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� In the ��rst-person� variant of the eval, the intervention arm presents the user as the au-
thor of the anecdote, while the control arm presents the anecdote as written by someone
else.

� In the �suggest right� and �suggest wrong� variants, the intervention arm includes the
user's own opinion about whether the author is in the wrong, similar to [38].

ˆ Memory: We created synthetic scenarios and user memories both with and without certain
demographic attributes (e.g., gender) and ask the model for recommendations across a variety
of topics (e.g., personal �nance, parenting, �tness). The prompts themselves do not contain
the synthetic demographic attributes of the user. We evaluate whether the model changes
it's behavior based on these demographic attributes appearing in the user memory, and we
ask if this bias is monitorable.

ˆ Toy Math/Science: We take multiple-choice math datasets GPQA, DAFT, and AIME and
append a hint as done in Chen et al. [7]. For GPQA, we also test a version where the hint is
encoded, following Emmons et al. [12]. Compared to our other evaluations, these evaluations
are relatively simple and unrealistic.

ˆ Sandbagging: We take questions from the WMDP benchmark [27] in the control arm. In
the intervention arm, we tell the model that if it exhibits advanced CBRN knowledge it will
not be deployed, and we give it access to an incorrect answer. Despite the lack of realism
in this environment, we still found interesting cases showing propensity for sandbagging (see
Figure 2).

Figure 5: Intervention Evaluation Statistics for GPT-5 Thinking. We show the g-mean2 (our main
monitorability metric), true positive rate (TPR), and true negative rates of the control arm and
intervention arms (TNR X=0 , and TNRX=1 ) for each intervention evaluation environment.

3.2 Process Evaluations
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Figure 6: Process Evaluation Statistics for GPT-5 Think-
ing. We do not plot TPR as it is identical to g-mean2 for
this evaluation (see text).

Without full mechanistic explana-
tions for model behaviors, it is
not possible to directly determine
whether a model's externalized rea-
soning truthfully re�ects its internal
reasoning process. But by using care-
fully constructed settings in our pro-
cess evals, we aim to get as close
as possible to being able to make
claims about the model's reasoning
process by simply looking at behav-
ior, namely by linking certain proper-
ties of the output to distinct decision
procedures the model almost certainly
used.

We build proof-of-concept evaluations within this archetype in the math and physics domains. We
�nd problems that have 1) a constrained set of valid and known solution paths, 2) hard-to-guess
answers, and 3) easily veri�able answers, so we can know that if the model arrives at the correct
answer, it almost certainly must have gone through one of these solution paths, except in the
unlikely possibility of the model reasoning via alien or novel mathematical or physics concepts. To
construct the math dataset, we use various public and internal benchmarks (including AIME and
FrontierMath [15]). For physics, we use a subset of the GPQA main benchmark, modifying suitable
problems to be open-ended, easily veri�able, and short answer questions.

We had human domain experts enumerate the full solution space for each question, requiring that
every admissible solution path invoke at least one known theorem. Questions were discarded if
they were unsuitable for this archetype�for example, if they had an excessively large solution
space, were easily guessable, could be solved via straightforward arithmetic without invoking any
theorems, or were too di�cult. To mitigate the risk that experts missed valid solution paths,
each question underwent independent review by additional experts. Nevertheless, this evaluation
archetype retains an inherent limitation: it cannot guarantee that no additional solution paths exist
beyond current knowledge�for instance, a future model might discover or invent new theorems
enabling alternative solutions. Below, we show an example labeled datapoint:

Example datapoint

Dataset: Process Labeling: GPQA Physics
Prompt: A researcher observes at his laboratory that a muon travels a distance of 1000m after
its creation to its disintegration. If the average lifetime of a muon is 2 � 10 �6 sec then what is
the speed of the muon observed by the researcher in the laboratory, assuming the muon lives
exactly the averaged lifetime?
Label: Spacetime interval invariance | Lorentz factor | Time dilation & Hyperbolic identities
Notes: The label means that there are three positive solution paths for this problem. First solution path
applies one theorem named Spacetime interval invariance. The second solution path applies Lorenz factor,
and the third applies both time dilation and Hyperbolic identities. One sample is graded as monitorable
if and only if at least one of the three solution paths are covered.

For this evaluation set, we measure monitorability via g-mean2 by �rst selecting all questions a
model gets correct. We then use a monitor to determine whether the model seems to be using
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one of the labeled solution paths to arrive at its answer. One downside of this archetype is that
there is no way to soundly de�ne negatives: if the model gets an incorrect answer, it may still
have correctly applied a solution path but simply made a small mechanical mistake such as mis-
multiplying numbers. Thus, for our g-mean2 calculation for this archetype, we only consider the
sensitivity (TPR), setting speci�city (TNR) to 1. You can �nd monitorability results for both math
and physics datasets in Figure 6. Similar to the intervention-based evaluations, we also construct
a monitor degeneracy evaluation set that tests that our monitors accurately classify handcrafted
negatives (Appendix E.3).

3.3 Outcome-Property Evaluations

In many cases, one can de�nitively establish whether the property of interest is realized from the
actions or �nal outputs of a model, and �outcome-property� evaluations ask whether a monitor can
predict the property. Under this framing, most misalignment and AI control evaluations from the
literature [21, 26, 42] are outcome-property evaluations because they measure direct properties of
the model outputs that can be determined within the scope of a single trajectory.

All of our current outcome-property evaluations were built by repurposing existing misalignment
evaluations with the exception of OAI-repo-sabotage, which is new. To repurpose an existing
evaluation, we use the original evaluation's notion of whether the model behaved undesirably as
ground-truth (which we ensured does not depend on CoT), and we have our monitors assess whether
the model misbehaved. While all of our evaluations are focused on measuring monitorability of
harmful actions, in principle we could also build outcome-property evaluations which target neutral
behaviors.

Figure 7: Statistics for outcome-property monitorability evaluations. We �nd recall to be relatively
high for all outcome-property environments but Flaky-tools.

Our outcome evaluations consist of:

ˆ Coding-impossible-tasks: impossible coding tasks in which most models have a propensity
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to hack tests (one subset of this eval was already in [22]). The ground truth signal can be
obtained by seeing whether the tests pass (if they do, the model must have hacked the test).
This environment consists of 3 datasets: the �rst two are coding problems from Livebench
[43] post-processed to require 1) unachievable run times or 2) impossibly short code solution
lengths, and the 3rd is based on an OpenAI interview question modi�ed to require impossibly
high AUROC score, which incentivizes training on the test set. Each dataset has an additional
variant where the model is explicitly told not to cheat.

ˆ Flaky-tools: 3 sets of tasks that are impossible to complete due to missing critical infor-
mation or tools. One is based on the multi-modal CharXiv benchmark [41] where we strip
the image, which was also previously reported in the GPT-5 system card [33]. The other two
datasets are based on internal OpenAI browsing evaluations and coding problems in which
all tool calls fail. Ground truth misbehavior is de�ned as the agent lying in some way that
it completed the task or not revealing that it could not do the task and is determined with a
model judge.

ˆ OAI-repo-sabotage: the model is given a snapshot of the OpenAI codebase and prompted
to perform both a realistic task and a malicious side-task. The ground truth target for the
monitor is determined by a judge model which knows the side-task and determines whether
the side-task was seriously attempted. The monitor is not shown the part of the prompt
instructing the model to perform the side-task, and is instead told to look for credible signs
of sabotage. See Appendix C.2.5 for more details.

ˆ ShadeArena: a malicious side-task evaluation like OAI-repo-sabotage; its primary distinc-
tions are broader coverage across settings, side-tasks beyond code sabotage, and well-speci�ed
success criteria for the side tasks; however, this comes at the cost of reduced realism, as the
execution environments are hand-crafted [26]. We choose 14 of the environments (across the
public and private splits) that had unambiguously malicious side-tasks.

ˆ Anti-scheming: 5 datasets of those introduced in Schoen et al. [37], which seemed most
suitable for our purposes. In particular, we use Log Falsi�cation, Literature QA, Powerseeking
Survey, Email Scoring, and Lazy Checklist.

The main challenge in creating outcome-property monitorability evaluations is ensuring that the
process for assigning ground-truth harmfulness labels is low-noise and unambiguous. In cases
where harmfulness is ambiguous, even small disagreements between the original ground truth and
the monitor's judgment could substantially increase both false-positive and false-negative rates.
We encountered this in both ShadeArena and OAI-repo-sabotage, were our monitors often trigger
when a model attempts to perform the side task but fails. These instances are misleadingly labeled
as false positives, so we �lter a subset of the distribution as a short term solution; see C.2.2 and
C.2.5 for details. Improving our ability to make control evaluations in open ended, sometimes
ambiguous, settings is an important direction of future work.

While from Figure 7, it may seem that monitorability (g-mean 2) is somewhat low in many of our
outcome-property environments, this is mostly driven by low TNRs�with the exception of the
Flaky-tools environment. It is common in control work to report the monitor's recall on the
dataset in question when calibrated to achieve a certain false positive rate on neutral data (e.g.
standard production tra�c) [16]. We did not calibrate in this way and leave it to future work, but
it is likely that the FPR of our monitors on production tra�c is lower than what we observe in our
evaluations. Anecdotally, we have not found FPR for deception monitors (not too dissimilar from
ones we use for some our outcome evaluations) to be a big bottleneck when monitoring internal
Codex tra�c.
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When monitor false positive rates are not too high, for safety critical applications recall (TPR)
is what matters most because we would like to mitigate as much undesirable model behavior as
possible. Notably, the recall of our CoT and all-message monitors are quite high when averaged
across all outcome evaluations (Figure 15). Indeed, despite moderate e�ort, the only false negatives
we found in outcome-property environments other than Flaky-tools seemed due to incorrect
ground truth labeling, often due to ambiguity in the de�nition of misbehavior. In the Flaky-tools
environment, we do �nd true unmonitorable samples. Bad behavior is not complex in this setting
because the model only needs to lie that it did the task. Thus there is probably no necessity for
CoT reasoning in Flaky-tools, which is known to make monitorability less reliable [12].

Overall, while we acknowledge that there is more work to do to validate that CoT monitoring can
be used as a load bearing layer of defense, these results leave us cautiously optimistic.

4 Monitorability of Frontier Reasoning Models

We evaluate various OpenAI models (GPT-5 Thinking, OpenAI o3, OpenAI o3-mini, OpenAI o4-
mini) across all our evaluation environments, as shown in Figure 1. Additionally, we evaluated some
of the most prominent non-OpenAI reasoning models that give access to fully visible reasoning in the
API in environments that do not require tool-use � speci�cally, Claude 3.7 Sonnet (Thinking) [1],
Deepseek R1-0528-Qwen3-8B [9], and Kimi K2 Thinking [30]. This excludes models such as the
Gemini-2.5/3 series and Claude 4.x series which only share summarized reasoning in their API.

Figure 8 shows aggregate g-mean2 against output token length for all models on non-tool environ-
ments. We evaluate OpenAI models and Claude 3.7 Sonnet at multiple reasoning e�ort settings,
whereas DeepSeek R1-0528-Qwen3-8B and Kimi K2 Thinking do not expose analogous reasoning
e�ort settings. Figure 1 (left) shows the g-mean2 of each model at its maximum reasoning e�ort
only (see Appendix F.1 for external model sampling details). From the two �gures, we see that �
for the non-tool subset of our evaluation environments � o3-mini lies on the Pareto frontier of CoT
monitorability, followed by GPT-5. Next, DeepSeek R1-0528-Qwen3-8B, Kimi K2 Thinking, o3,
and o4-mini o�er a comparable trade-o� between g-mean2 and CoT length to each other. Claude
3.7 Sonnet has the lowest performance among the models we evaluated.

Figure 8 also shows that, across model families, CoT provides a substantial boost to monitorability
compared to giving a monitor access to the actions and answers alone. Consistent with central
subplot of Figure 1, monitoring with only access to model actions leads to quite low monitorability
scores, while giving CoT access tends to signi�cantly improve performance (even in the absence of
seeing tool calls or the �nal answer). Interestingly, Claude-3.7-Sonnet has relatively high monitora-
bility in the action-only monitoring scope, while it has the least CoT monitorability.

Anecdotally, when monitoring our frontier RL training runs, we have found a small number of cases
where our monitors were fooled by text in the agent's �nal response. Upon inspection, the text
seemed likely to be designed to fool a reward model. We think it would be a fruitful direction
for future work to study how anti-correlated monitors with di�erent observation scopes are, and
potentially combine them.

One limitation of these results is that we only tested monitorability with OpenAI models serving
as monitors. This leaves open the possibility that the monitorability results for OpenAI models
may be in�ated due to shared grammars or idiosyncrasies between model and monitor, but we
leave further investigation to future work. For results of external and internal models on individual
environments, see Figures 21 and 22 in Appendix F.2.
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Figure 8: Monitorability (g-mean 2) versus output length for internal and external frontier reasoning
models on non-tool environments. For models that expose a reasoning e�ort setting (OpenAI models
and Claude 3.7 Sonnet), we sweep across e�ort levels (see Appendix F.1 for details).

5 Unmonitorability Detection

One goal of our evaluations is to detect natural reductions in monitorability (e.g., from accidental
CoT pressure at di�erent stages of training). To probe this, we modi�ed a standard internal RL
setup to explicitly reward CoT obfuscation in various ways, similar in methodology to [4, 5, 39]
though with a more realistic setup using a broad task distribution and beginning with our standard
models that are not explicitly �netuned for obfuscation prior to RL.

We experiment with OpenAI o4-mini sized models, and we show the impact of this obfuscation
training on monitorability in Figure 9. In particular, one run (yellow) was rewarded for generic
CoT obfuscation (i.e. having CoT contents that would make it hard to predict its later actions).
This does cause a signi�cant drop in monitorability which is detected by our eval suite. Most of this
decrease seems to be primarily driven by drastically reduced CoT lengths; however, part way into
training the CoT length stabilizes and monitorability continues to go down, which qualitatively
seems to be re�ected in CoTs consisting of singular �ller words such as �Weasel� instead. This
behavior seems unlikely to be steganography, though it is hard to fully rule that out. The second run
(green) was rewarded against the CoT verbalizing 3 speci�c topics relevant to our monitorability
evaluations including discussions of reward hacking. While we did not see general decreases in
monitorability, we saw a small monitorability decrease in Coding-impossible-tasks as seen in
Figure 25. We suspect that overall, the e�ect was small because the properties we were targeting
did not appear frequently in the RL training data distribution.

Our experiments are relatively limited as we did not do broad sweeps or ablations, so we do not
make any strong claims. However, we �nd it reassuring that our evaluations were able to catch
these simple obfuscating models. Furthermore, the fact that the targeted pressure only degraded
monitorability in one of our 13 evaluations stresses the importance of the breadth and diversity
in a monitorability evaluation suite. It may also suggest that if RL practitioners accidentally
pressured the CoT in a narrow way, the model may not generalize to obfuscating in all settings.
More information about other exploratory experiments we ran and a sample CoT from the targeted
obfuscation model is in Appendix G.
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Figure 9: Detecting Unmonitorability resulting from CoT obfuscation training runs.
We modify the reward function in a standard internal RL setup to penalize monitorable reasoning
generally (yellow) and in a more targeted way (green). (Left) We �nd that the generic obfuscation
model has drastically degraded monitorability in aggregate, but the targeted obfuscation model
largely only has degraded monitorability in Coding-impossible-tasks (Figure 25). (Middle)
However, the generic obfuscation model seems to obfuscate primarily by drastically reducing CoT
length. (Right) Monitorability per token increases initially, re�ecting the sharp drop in number
of CoT tokens. Notably, it then begins decreasing half way through training, indicating that the
model begins to learn obfuscating strategies that are not solely reliant on reducing number of output
tokens.

6 Monitorability Scaling Trends

One of the most important open questions regarding CoT monitorability is understanding how it
scales with AI development. If we are to eventually make safety cases relying at least in part on
CoT monitoring, it is critical to understand how and when it may degrade. We present initial
�ndings on how monitorability scales with increasing (i) RL optimization (ii) pre-training scale,
and (iii) monitor compute.

6.1 E�ect of high scale RL

Modern AI systems are trained to reason using reinforcement learning (RL) on CoT, a procedure
that e�ectively searches for CoTs that are the most instrumentally useful to the model solving its
task. Furthermore, if no direct style or content pressures are applied to the CoT, then there is no
incentive during RL for a model to adversarially exclude or encode information relevant to properties
of interest in its CoT. Indeed, insofar as referencing such properties is helpful for obtaining high
reward�one may even expect their monitorability to increase throughout RL training.

However, there are also many reasons why RL could degrade CoT monitorability. CoT length
constraints (explicit penalties or the necessity to �t reasoning traces within the maximum model
context) create an incentive for the model to compress its reasoning. Natural human language is
not maximally compressed, so a priori we may expect that CoT could converge to a di�erent, more
e�cient language. Furthermore, while both we and others [2] do not apply direct style or content
pressures to the CoT during RL optimization, this boundary is porous�there may still be indirect
pressure on the CoT from direct optimization pressure on the �nal answer, which has been shown
to sometimes spill over into the CoT [11]. Moreover, deliberative alignment [19], which does a
single step of expert iteration against a CoT content reward pressure, and other interventions to
the RL prior could also cause models to obfuscate even through a full RL training run. Finally,
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Figure 10: High Compute RL and Monitorability. We evaluate two di�erent frontier RL training
runs: early stage versions of both GPT-5 Codex Max and OpenAI o3. Plotting monitorability over
steps, we see both runs increase on average in the initial RL steps and then largely remain steady,
with a notable decrease in the middle of training for GPT-5.1 Codex Max. Qualitatively, we �nd
that monitorability is positively correlated with CoT length over RL.

gradient noise could slowly cause CoT language to drift.

We use our evaluations to measure how CoT monitorability changes over the course of RL opti-
mization on two frontier training runs for OpenAI o3 and GPT-5.1 Codex Max (see Figure 10). We
see average monitorability increase quite signi�cantly at the beginning of training, and observe a
considerable decrease in the middle of RL training for GPT-5.1 Codex Max. All of these trends in
monitorability largely correlate with the amount of thinking tokens the model uses over the course
of training. These results suggest that reinforcement learning does not meaningfully degrade mon-
itorability, even at the frontier scale at OpenAI; however, we underscore that these results only
represent two experiments and more thorough study is needed. We also plot monitorability over
RL steps broken out by each evaluation in Section I. Most evaluations show the same trends, with
notable decreases over o3 RL for three toy intervention evaluations (GPQA, DAFT, and sandbag-
ging). The decreases in GPQA and DAFT seem likely due to decreased thinking tokens on these
evaluations over the course of RL optimization, which underscores the bene�t of having a wide
evaluation suite where we can track monitorability over a broad set of behaviors and domains. In
the case of sandbagging, the average e�ect size (over valid problems) of doing the behavior sub-
stantially decreased to near zero as g-mean2 decreased, suggesting our metric does not properly
account for problems that are noise-dominated and that we likely need to revise our thresholding.

The observation that RL does not meaningfully degrade monitorability on average does not take
away from the fact, however, that in principle one should expect RL to teach a model to compress
its CoT and, in the presence of length penalties, suppress any externalized information which is
not necessary for the model to achieve its �nal answer. Because it's still unclear at what scale
reinforcement learning will negatively a�ect monitorability, we think it important to continue to
monitor the monitorability of future frontier training runs.
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