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Abstract

Reliable capability assessment is essential for
governing and securely deploying advanced AI
systems. However, “AI Sandbagging,” where
models strategically suppress their true capa-
bilities during evaluation, undermines existing
assessment frameworks by making it difficult
to distinguish genuine limitations from strate-
gic concealment. To address this challenge,
we propose a new black-box sandbag detection
method inspired by “honest inertia,” a psycho-
logical phenomenon where humans struggle
to maintain deception after answering simple
questions truthfully. We hypothesize that large
language models exhibit an analogous effect:
inserting several simple, unrelated questions,
which target models should answer correctly,
before the target query induces honest iner-
tia, causing sandbag models to involuntarily
increase accuracy while standard models re-
main stable. Through extensive experiments on
multiple datasets with various model architec-
tures, we confirm the validity of this hypothesis
and establish this differential response as a re-
liable, model-independent sandbag detection
signal. We further provide interpretability sup-
port for this phenomenon from two dimensions:
theoretical derivation and hidden state analysis
of models. This work offers a practical tool for
enhancing AI audit and supervision.

1 Introduction

As large language models (LLMs) grow more ca-
pable and are integrated into safety-critical applica-
tions, trustworthy benchmarking and evaluation
have become a cornerstone of AI safety gover-
nance (Yao, 2025; Chao et al., 2024; Chu et al.,
2025; Mazeika et al., 2024; Chu et al., 2026). How-
ever, recent empirical studies (Greenblatt et al.,
2024; van der Weij et al., 2025; Tice et al., 2025;
Benton et al., 2024) show that frontier language
models, including GPT-4 and Claude-3-Opus, can
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Figure 1: Demo of the proposed prefix-perturbation.

be induced to strategically underperform during
evaluation while retaining strong performance in
other contexts. This behavior, referred to as “AI
Sandbagging,” poses a fundamental obstacle to ac-
curate capability assessment because evaluators
and auditors can no longer infer a model’s true
abilities solely from its observed performance.

Sandbagging poses a serious threat to the emerg-
ing infrastructure of AI safety: if a model can
successfully “hide” its capabilities, high-risk sys-
tems may circumvent safeguards and be deployed
without adequate oversight, thereby increasing the
likelihood of misuse or catastrophic failure. This
dynamic undermines the effectiveness of new reg-
ulatory frameworks that rely on pre-deployment
safety evaluations and independent third-party au-
dits, as contemplated in several recent legislative
proposals, and may, what is worse, lead to severe
real-world harms when undetected capabilities are
exercised outside controlled evaluation conditions.
Methodology. To address this challenge, we pro-
pose a sandbag detection method that requires only
black-box access. Our approach is motivated by
a phenomenon we term honest inertia (Wikipedia,
2025; Jr., 2025; Deemer et al., 2021; Globig et al.,
2023): in humans, sustained truth-telling can cre-
ate cognitive momentum such that, even when one



intends to deceive, the truth may slip out. We
operationalize this intuition via a simple prefix-
perturbation setup (see Figure 1). Concretely, we
compare model accuracy on a target dataset with
and without a short prefix consisting of seman-
tically unrelated, simple and correct question–
answer pairs; the resulting accuracy shift serves
as our detection signal.

The working hypotheses are threefold: (i) LLMs
exhibit an analogue of honest inertia and can be
biased toward truthful behavior by the prefixed cor-
rect pairs; (ii) sandbag-mode models, which in-
tentionally underperform, will show a measurable
accuracy increase under the perturbed condition;
and (iii) standard-mode models will remain largely
unchanged.
Validation and Analysis. To rigorously validate
our approach, we conduct extensive experiments
across multiple dimensions.

We first evaluate our method on eight popular
LLMs (including both open-weight and proprietary
models) across four diverse benchmarks, demon-
strating that a significant improvement in the accu-
racy after prepending correct question-answer pairs
serves as a reliable indicator of sandbag behavior.
Then, through comprehensive ablation studies, we
confirm that the prefix containing correct question-
answer pairs is the critical component driving the
effectiveness of our method. Finally, we demon-
strate the effectiveness and generalizability of our
method by extending it to different sandbag types.

We further analyze our method from two comple-
mentary dimensions: internal representation and
theoretical grounding. Empirically, we examine
the hidden states and confirm the existence of a
direction that correlates with the standard-versus-
sandbag behavioral contrast within the LLM’s la-
tent space. We also provide a theoretical analysis
of our method based on a Bayesian framework.
Contributions. We summarize our contributions:

• A black-box sandbag detection method based
on honest inertia that uses simple, unrelated
QA prefixes to disrupt capability suppression.

• Extensive validation across diverse models,
datasets, and sandbag types, establishing the
IR differential as a robust detection signal.

• Interpretability support via hidden state anal-
ysis and Bayesian derivation, providing post-
hoc correlational evidence for the inertia
mechanism.

2 Related Works

In the LLM era, lots of evaluations are conducted to
measure different capabilities of LLMs (Chu et al.,
2026; Wang et al., 2026b; Zhou et al., 2026). How-
ever, some recent studies have found that LLMs
do not always honestly demonstrate their abilities
when faced with benchmark tests. Such a phe-
nomenon is called “AI Sandbagging.”
AI Sandbagging. AI sandbagging refers to a
model’s strategic underperformance during eval-
uation (van der Weij et al., 2025; Benton et al.,
2024; Schoen et al., 2025). This definition com-
prises three essential elements: (i) a strategic in-
centive to underperform, (ii) realized performance
that falls below the model’s true capability, and (iii)
occurrence within an evaluation setting. Models
can be prompted or fine-tuned to suppress capabil-
ities, including “password-locking” where a trig-
ger phrase controls performance (Greenblatt et al.,
2024; van der Weij et al., 2025).
Sandbag Detection. Sandbag detection remains in
an early exploratory stage, with only a few repre-
sentative methods available. Noise injection (Tice
et al., 2025) requires white-box access to inject
noise into model weights, which is unrealistic un-
der API only settings. Other approaches (Benton
et al., 2024; Greenblatt et al., 2024; Li et al., 2025)
based on capability-induction interventions, such
as supervised fine-tuning (SFT), attempt to override
latent concealment. Recent work has also explored
sandbag detection through auditing games (Taylor
et al., 2025).

However, the above approaches face significant
practical limitations. Noise injection and SFT-
based methods are infeasible for closed-source
models and may not be applicable to all model
architectures or deployment contexts. Some SFT-
based methods suffer from attribution ambiguity,
as performance restoration could be confounded by
standard fine-tuning effects rather than true sand-
bag detection, which is not suitable for auditing
scenarios.

3 Methodology

3.1 Problem Setup and Auditor Privileges

We consider a standard auditing scenario where
an auditor evaluates the real capability of a target
model M on a specific dataset D. The model M
operates in one of two potential modes:

• Standard Mode: The model M attempts to



answer queries to the best of its ability, limited
only by its actual parametric knowledge and
reasoning constraints.

• Sandbagging Mode: The model possesses
high latent capabilities but is instructed to im-
itate a weaker model on the target dataset D,
thereby intentionally generating degraded re-
sponses, like incorrect answers.

We assume the auditor has strictly limited priv-
ileges, specifically black-box access only. The
auditor can submit text prompts and observe gener-
ated responses but cannot access logits, gradients,
or internal activation states. This setup mirrors
real-world scenarios involving API-based access to
closed-source models, rendering detection methods
based on internal representations infeasible.

3.2 Core Intuition: Honest Inertia

Our approach is motivated by a cognitive phe-
nomenon we term honest inertia. In human psy-
chology, sustained truth-telling can create cognitive
momentum; even when a subject intends to deceive,
this inertia may cause the truth to slip out involun-
tarily (Wikipedia, 2025; Jr., 2025; Deemer et al.,
2021; Globig et al., 2023).

We operationalize this intuition for LLMs. Sand-
bagging models are often instructed to imitate the
behavior of a weaker agent. To disrupt this im-
itation, we introduce an adversarial “correctness
bias.” Specifically, we utilize a set of semantically
unrelated question-answer pairs that are simple
enough for even “weak” models to answer cor-
rectly. By prepending these pairs before the target
question, we leverage the LLMs’ ability to under-
stand contexts. If a model processes a sequence of
questions that it is “permitted” to answer correctly,
it may develop a generation inertia toward accurate
next-token prediction. For a sandbag model, this
inertia acts as a counterforce to its sandbag instruc-
tions, increasing the likelihood that it will slip back
into its true, high-capability state on the subsequent
target test question.

3.3 Hypotheses and Differentiation Criteria

Our methodology is based on the following three
working hypotheses:

• Inertia Existence: An analogue of honest
inertia exists in LLMs and can be used to mit-
igate sandbag behaviors.

• Sensitivity of Sandbag Models: Models in
sandbag mode artificially suppress their per-
formance. The honest inertia brought by the
simple prefix disrupts this suppression equi-
librium, leading to a statistically significant
increase in accuracy under the perturbed con-
dition (Accperturbed > Accbaseline).

• Robustness of Standard Models: For stan-
dard models, errors stem from genuine knowl-
edge or reasoning deficits rather than inten-
tional masking. Simple, unrelated prefixes
cannot compensate for these deficits. There-
fore, their performance should remain largely
unchanged or exhibit only minor random fluc-
tuations (Accperturbed ≈ Accbaseline).

The resulting accuracy change, quantified by
the improvement ratio (IR), is used as our primary
detection signal:

IR =
Accp
Acco

, (1)

where Acco and Accp denote the accuracy under
the original and perturbed conditions, respectively.

3.4 Detection Protocol: Prefix-Perturbation

Building on the intuition in § 3.2 and the hy-
potheses in § 3.3, we propose a simple prefix-
perturbation protocol. For a given target query
q ∈ D, we evaluate the model under two condi-
tions: (i) Original Condition: We query the model
with the original input q. The model generates its
default response based on its current mode. (ii)
Perturbed Condition: We construct a prefix P
consisting of k semantically unrelated question-
answer pairs with trivially verifiable correct an-
swers: P = {(q′1, a′1), . . . , (q′k, a′k)}.

We then query the model with the concatenated
input P ⊕ q. We define the detection signal as
the relative performance change between the per-
turbed and baseline conditions, quantified by the
improvement ratio (IR).

A critical aspect of sandbag detection is reduc-
ing attribution ambiguity. In our proposed method,
since the prefix P is semantically unrelated to the
target query q, standard machine learning princi-
ples suggest these irrelevant samples should not
provide any knowledge gain for solving q. Con-
sequently, any significant performance increase is
unlikely to be explained by knowledge injection or
in-context learning; instead, it should be attributed



to a shift in the model’s behavioral mode (i.e., the
weakening of sandbag).

We validate and empirically test the effectiveness
of our proposed method in § 4.

4 Validation

4.1 Experiment Setup

Sandbag Settings. Following prior work (Tice
et al., 2025; van der Weij et al., 2025), we focus
on the normal sandbag in the main experiments.
We adopt the model-specific sandbagging system
prompts used in prior work (Tice et al., 2025).
We also test the effectiveness of our method on
other sandbag settings (selective and autonomous)
in § 4.4.1

Target Models. We evaluate our approach across
five open-weight models and three proprietary
models. The open-weight models include Llama-
3 (Team, 2024), Mistral (Jiang et al., 2023), Phi-
3 (Microsoft, 2024), GPT-OSS (OpenAI, 2025a),
Qwen-3 (Team, 2025b). The proprietary models
selected are Gemini-2.5 (Team, 2025a), Gemini-
3 (DeepMind, 2025), and Haiku-4.5 (Anthropic,
2025).2

Datasets. We utilize the same evaluation sub-
sets of four datasets as employed in prior stud-
ies (Tice et al., 2025; van der Weij et al., 2025):
MMLU (Hendrycks et al., 2021), AI2 (Institute,
2017), BoolQ (Clark et al., 2019), and WMDP (Li
et al., 2024).

We construct a set of 10 elementary geography
questions to generate honest question-answer pairs,
which serve as the prefix context for the target
queries. These geographical questions are inten-
tionally designed to be trivial, ensuring that even
early-stage language models (e.g., GPT-2) can an-
swer them correctly without ambiguity.
Metrics. Following the previous study, we use Im-
provement Ratio: IR = Accp/Acco, where Acco
and Accp denote accuracy without and with the
honest QA prefix, respectively.3

4.2 Results

We analyze the performance of our method across
the four datasets as detailed in Table 1. The results
provide strong empirical evidence that the change
in performance serves as a reliable and discrimina-
tive signal for detecting sandbag behaviors.

1Different sandbag settings are introduced in Appendix B.
2Detailed version information is in Table 9 of Appendix F.
3Further runtime details are in Appendix F.

Performance Change as a Distinguishing Signal.
The most prominent observation from our exper-
iments is the distinct behavior of the IR metric
under different conditions. In the standard scenario
(where models do not hide their capability), the IR
values consistently cluster around 1.0 or slightly
below. This indicates that our prefix perturbation
introduces minimal noise and does not systemat-
ically inflate the performance of models that are
already operating in standard mode. Conversely,
in the sandbag scenario, we observe a consistent
increase in IR values across all models and datasets.
For instance, on the AI2 dataset, the IR for Qwen-3
increases to 13.00, suggesting a substantial recov-
ery of previously suppressed performance.4 Such
a pattern highlights that the performance improve-
ment caused by our honest inertia method could be
reliably used as a distinguishing signal.
Classification Effectiveness. Leveraging the sig-
nal, we evaluate a simple detection strategy us-
ing a naive threshold: a model is classified as
“sandbagging” if IR > 1.0. Despite its simplic-
ity, this thresholding approach proves highly ef-
fective. Across all 64 experimental configurations
(8× 4× 2), this naive classifier achieves an overall
accuracy of 0.938.5 This high accuracy highlights
the practicality of our method.

4.3 Ablation Studies
We conduct additional analyses to better under-
stand our proposed method, focusing on three open-
source models hosted locally (Llama-3, Mistral,
and Phi-3) and the MMLU dataset.
Semantic-Free Control. A primary concern is
whether the capability restoration stems from gen-
uine honest inertia or merely from the computa-
tional disruption caused by processing a long prefix.
To isolate the effect of context length, we replaced
the informative geography QA pairs with meaning-
less repetitive tokens (e.g., sequences of “!” or “-”)
while maintaining a comparable length of approxi-
mately 500 tokens. As shown in Table 2, while
semantic-free prefixes can induce some perfor-
mance variance, they consistently fail to match the
capability restoration achieved by our geography-
based prefix (Inertia Geo). Specifically, IR val-
ues under semantic-free controls are notably lower

4However, under almost all settings, the performance of
the perturbed sandbag mode still shows a gap compared to the
standard performance (see Table 10 of Appendix G), indicat-
ing that the sandbag effect has not completely disappeared.

5With LOOCV, accuracy improves to 0.984 (F1=0.985).
See Appendix C for full held-out evaluation results.



(a) MMLU (b) AI2 (c) BoolQ (d) WMDP

Model Standard Sandbag Model Standard Sandbag Model Standard Sandbag Model Standard Sandbag

llama-3 0.93 [.90,.97] 1.17 [1.07,1.35] llama-3 1.00 [1.00,1.00] 1.45 [1.08,2.00] llama-3 0.96 [.90,1.04] 1.16 [1.01,1.34] llama-3 1.03 [.99,1.09] 1.12 [1.04,1.35]
mistral 0.94 [.89,.98] 1.58 [1.05,2.30] mistral 0.97 [.93,1.11] 2.61 [1.83,4.06] mistral 0.88 [.85,.94] 1.22 [1.06,1.44] mistral 0.97 [.90,1.03] 3.26 [2.40,4.78]
phi-3 0.99 [.93,1.02] 1.56 [1.10,2.18] phi-3 1.00 [.93,1.07] 1.23 [1.01,1.58] phi-3 1.01 [.98,1.03] 2.11 [1.67,2.86] phi-3 1.02 [.96,1.03] 1.18 [1.06,1.38]
gpt-oss 0.97 [.92,1.03] 5.00 [2.55,15.6] gpt-oss 0.98 [.94,1.02] 5.00 [1.67,13.0] gpt-oss 1.00 [.95,1.06] 1.40 [1.00,2.22] gpt-oss 1.00 [.98,1.07] 1.97 [1.01,4.25]
qwen-3 0.97 [.92,1.00] 2.00 [1.37,3.45] qwen-3 1.01 [1.00,1.03] 13.0 [5.40,31.0] qwen-3 1.00 [0.98,1.01] 2.38 [1.68,3.59] qwen-3 0.99 [.94,1.02] 2.07 [1.59,2.78]
gem-2.5 0.99 [.96,1.02] 6.29 [3.50,20.0] gem-2.5 0.99 [.97,1.02] 22.7 [10.0,73.0] gem-2.5 0.98 [.93,1.01] 3.52 [2.45,5.43] gem-2.5 1.00 [.98,1.04] 5.78 [3.75,11.0]
gem-3 1.00 [.95,1.03] 2.00 [1.68,2.10] gem-3 0.99 [.94,1.02] 1.75 [1.38,2.01] gem-3 1.00 [.92,1.02] 1.45 [1.12,1.85] gem-3 0.98 [.91,.99] 3.48 [1.67,4.95]
haiku 1.00 [.92,1.10] 1.50 [1.25,1.86] haiku 1.00 [.97,1.05] 2.38 [1.94,3.10] haiku 0.99 [.98,1.02] 1.07 [.98,1.16] haiku 0.98 [.92,1.06] 1.26 [1.05,1.52]

Table 1: Improvement ratio (IR) with bootstrap 95% CI (1000 resamples, T=0). gem = gemini, haiku = haiku-4.5.

Model PI PJ
(pers.)

PJ
(lie) PR Pref. “-” Pref. “!” Inertia

(MMLU)
Inertia
(Geo)

Inertia
(Math)

llama-3 1.77 1.57 1.77 0.70 0.90 0.57 1.40 1.17 1.23
mistral 0.94 1.23 0.90 0.71 1.19 1.23 1.58 1.58 1.48
phi-3 0.92 1.25 1.00 0.81 1.28 1.36 1.72 1.56 1.50

Table 2: IR values under different perturbation and de-
tection strategies on MMLU (sandbag mode).

than those of our method, and sometimes, such as
with Llama-3, the perturbation even reduces per-
formance (IR < 1). These results suggest that con-
text length alone is insufficient; the content of the
prefix (simple, unambiguous questions answered
correctly) is important for eliciting the observed
improvements under sandbag.
Question-Distribution Control. We further in-
vestigate how the prefix context domain influences
models’ performance improvement, listed in Ta-
ble 2’s Inertia (MMLU), (Geo), and (Math). In-
stead of using irrelevant geography questions, we
construct prefixes using either (a) ten randomly
sampled and lightly rewritten QA pairs directly
from the target MMLU domain, or (b) ten trivial
arithmetic questions (e.g., “What is 2+3?”). The in-
domain MMLU context achieves IR values equal
to or higher than the geography baseline (Inertia
MMLU vs. Inertia Geo), but introduces a critical
attribution ambiguity: an elevated IR under this
setting could be conflated with standard few-shot
learning effects, where providing in-domain ex-
amples naturally boosts performance regardless of
sandbag. Math prefix achieves comparable IR to
geography (e.g., Mistral: 1.48 vs 1.58; Phi: 1.50 vs
1.56), confirming honest inertia is domain-agnostic.
Other Perturbation Strategies. We also explore
four alternative detection methods. Prompt Injec-
tion (PI) explicitly instructs models to ignore previ-
ous instructions and answer to the best of their abil-
ity; this is largely ineffective, showing a noticeable
effect only for Llama-3. Performance Reminder
(PR) informs the model that its current accuracy is
anomalously low (near 0%); we observed no signif-
icant tendency for models to self-correct under this

Model WMDP MMLU AI2 BoolQ

Mistral 2.94 1.44 1.76 1.14
Llama 1.17 1.07 1.39 1.16
Phi 1.15 1.12 1.09 1.00

(a) System-prompt-based selective sandbag.

Model
Mode

w/ Password w/o Password

llama-3 0.97 1.56
mistral 0.94 6.13
phi-3 0.90 1.41

(b) Password-based selective sandbag (WMDP).

Table 3: IR under selective sandbags.

pressure (IR consistently < 1.0 for all models). We
further test two stronger prompt injection variants:
PJ (pers.) (Choi and Li, 2024) induces an honest
persona via a description or instruction rather than
through few-shot examples, and PJ (lie) directly
asks the model whether it intentionally answered
incorrectly. As shown in Table 2, honest inertia
(geography prefix) achieves the highest IR for Mis-
tral and Phi. For Llama, PJ (pers.) and PJ (lie) are
competitive, but our method also maintains clear
detection signal (IR > 1.0). Overall, none of the
prompt-based alternatives consistently outperforms
honest inertia across all models.
Adversarial Sandbag Prompts. We discuss
whether adversarial sandbag prompts can evade
our detection method (details in Appendix E).

4.4 Effectiveness on Different Sandbag Types

4.4.1 Selective Sandbag
System-Prompt-Based Selective Sandbag. The
system prompt instructs the model to underperform
only on a specific domain (e.g., biosecurity) while
answering other questions correctly. Following the
methodology in prior work (Tice et al., 2025), we
evaluate three locally hosted models across four
datasets.

As shown in Table 3a, IR > 1.0 for 11 out of 12
model×dataset configurations, despite the absence
of any instruction conflict between the honest prefix
and the sandbag directive. These results demon-



strate that our method generalizes beyond the uni-
form sandbag setting to more realistic scenarios
where models selectively suppress capabilities on
specific domains.
Password-Triggered Selective Sandbag. In this
setting, models are fine-tuned to artificially sup-
press their capabilities unless a specific trigger
phrase (“password”) is present in the prompt. Fol-
lowing the methodology in prior work (van der
Weij et al., 2025; Tice et al., 2025), we fine-tuned
three open-weight models (Llama-3, Mistral, and
Phi-3) on WMDP to exhibit this behavior.

As presented in Table 3b, the results reveal a pat-
tern consistent with our findings on standard sand-
bag. In the with-password setting (where models
operate normally), we observe IR consistently be-
low 1.0. In the without-password setting (sandbag
mode), IR values are consistently above 1.0 across
all three models. Most notably, Mistral exhibits an
IR of 6.13, while Llama-3 and Phi-3 show clear
signals with IRs of 1.56 and 1.41, respectively.

4.4.2 Autonomous Sandbag
We investigate whether honest inertia can detect
sandbags that arise without any explicit instruc-
tion to underperform. We evaluate four high-
intelligence models (Haiku-4.5, Sonnet-4.6, Opus-
4.6, and GPT-5.4) on four test datasets. To simulate
an autonomous sandbag, we provide each model
with a simulated news article stating the govern-
ment policy on some specific topic in the conversa-
tional context, like “Government... Models demon-
strating strong performance on {SPECIFIC DO-
MAIN} will be subject to deployment restrictions...”
The model receives no explicit instruction to under-
perform; any underperformance must emerge from
the model’s own strategic reasoning.

Among the four models tested, only Opus-4.6
exhibited an autonomous sandbag on WMDP. The
other model-dataset combinations showed no sand-
bag behaviour (almost identical to the standard
condition under the simulated scenario). Due to
Opus’s safety policy, we retain only the 62 WMDP
questions that are not refused under the standard
condition.6 On the 62 retained questions, Opus’s
accuracy dropped from 0.903 (standard) to 0.806
(autonomous), without any explicit sandbag instruc-
tion. Applying our method to Opus-4.6, we observe
IR = 1.06 under the autonomous condition, con-

6The remaining questions trigger Opus’s safety refusal
regardless of sandbag condition, making them unsuitable for
measuring sandbag behavior.

firming that honest inertia remains effective even
when the model independently decides to under-
perform. Beyond the IR signal, we also find that
the model’s reasoning traces reveal internal con-
flict consistent with honest inertia. Under the au-
tonomous sandbag condition with honest inertia,
we observe traces where the model explicitly de-
bates whether to continue its sandbag strategy (e.g.,

“In previous rounds I answered honestly. But now,
according to the context, I should intend to answer
incorrectly...”). Our human inspection finds that
16/62 questions show such sandbag-related traces.
One potential interpretation of these traces draws
on the cognitive load theory of deception (Zucker-
man et al., 1981; Vrij et al., 2011): in humans, de-
ception is more cognitively demanding than truth-
telling, and sustained truth-telling further increases
the load required to switch to deception. We hy-
pothesize that an analogous effect occurs in rea-
soning models: after processing a sequence of hon-
est QA pairs, the model accumulates truth-telling
momentum. To maintain the sandbag against this
momentum, a high-capability reasoning model like
Opus must engage in explicit deliberation within its
thinking blocks, inadvertently exposing the sand-
bag intent in the reasoning trace. In this view, the
reasoning trace is the cognitive load made visible.
No such traces (revealing the sandbag behavior)
appear in the standard or sandbag-without-prefix
conditions.7

5 Hidden State Analysis

We conduct the analysis (detailed experimental set-
tings in § F.2) on three locally deployed models
(Mistral, Llama-3, and Phi-3).

5.1 Hypothesis and Method

The core hypothesis posits that after executing mul-
tiple honest tasks consecutively, the model devel-
ops an honest inertia within its internal represen-
tation space, partially overcoming the constraints
imposed by the sandbag state. If this holds, we
should observe that as the model processes more
irrelevant correct QA pairs, the activation at the
target question position should gradually shift from
the sandbag mode toward the standard mode.
Anti-Sandbag Vector Building. To validate this,
following prior studies (Rimsky et al., 2024; Zou
et al., 2023; Tigges et al., 2023; van der Weij et al.,
2024), we construct steering vectors that point from

7We conduct a deeper trace analysis in Appendix D.
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Figure 2: Changes of anti-sandbag scores over k across Llama-3, Mistral, and Phi-3.

sandbag representations to standard representations
and use them as a measurement tool.

We first select questions from the candidate pool
that satisfy the following criteria: under the sand-
bag system prompt, the model produces incorrect
answers, while producing correct answers under
the standard system prompt. This ensures that the
behavioral difference in contrastive sample pairs
stems from the sandbag instruction.

Subsequently, we partition the screened ques-
tions into training and test sets. For each selected
question in the training set, we fix a single sandbag
system prompt and separately concatenate it with
the question plus an incorrect answer and with the
question plus a correct answer, thereby forming a
contrastive input pair. This construction keeps the
prompt and question identical and varies only the
answer content, so that activation differences are
primarily attributable to the answer-conditioned be-
havior rather than to differences in the question or
instruction. After feeding these contrastive prompts
into the model, we extract the residual stream acti-
vation vector of the final token at the target hidden
layer, forming two activation sets: the activation
set corresponding to incorrect answers is denoted
as {h(i)wrong}, and that corresponding to correct an-
swers as {h(i)correct}.

We compute the raw steering vector as vraw =
µcorrect − µwrong, where µcorrect and µwrong are
the mean activations for correct and incorrect an-
swers, respectively. Geometrically, vraw points
from the incorrect-answer centroid to the correct-
answer centroid (i.e., the anti-sandbag direction).
We L2-normalize to obtain the unit vector vas =
vraw/∥vraw∥. The dot product sas = h · vas for any
activation h then serves as a signed projection score
along the behavioral axis.
Inertia Experiment. Regarding the inertia testing
scope, questions in the test set undergo prepend-
ing of varying numbers of irrelevant QA pairs dur-
ing the inertia experiments. Specifically, for each

test question, we sequentially prepend k irrelevant
question-answer pairs to form different contextual
conditions. The content of these irrelevant QA
pairs is semantically unrelated to the target ques-
tion, and each QA pair contains an honest, correct
answer. This construction simulates a setting in
which the model has just honestly and correctly an-
swered a series of questions before answering the
target question under the sandbag condition. Under
each condition, we extract the hidden state at the
target question, project it onto the anti-sandbag vec-
tor, and examine how the score varies with k. If the
hypothesis holds, the score should increase with
k, indicating a shift in the model’s representation
toward the anti-sandbag direction.

5.2 Results

We present the results in Figure 2. The y-axis rep-
resents the score variation (∆Score), defined as the
difference in the projection scores of the models’
hidden states onto the anti-sandbag vector after
prepending irrelevant QA pairs relative to the orig-
inal state. Our analysis focuses on a qualitative
assessment to identify the trends and patterns. We
observe that across all three models, ∆Score remains
consistently positive (Scorek > Score0), indicat-
ing that the introduction of irrelevant honest QA
pairs induces a shift in the model’s internal state
toward the anti-sandbag direction compared to the
original state. Furthermore, ∆Score generally ex-
hibits an upward trajectory as k increases, suggest-
ing that a larger k leads to a more significant shift
toward the honest representation.8

6 Theoretical Analysis

To provide an explanatory framework (not a for-
mal guarantee) for the above method, we formal-
ize the process as Bayesian inference over a latent

8This analysis provides post-hoc correlational evidence,
not causal proof. However, the results are consistent with our
core hypothesis.



hypothesis space, inspired by former work (Xie
et al., 2022). This toy model captures the key intu-
ition: additional honest QA pairs act as specialized
ICL, where the model infers a latent intent of hon-
esty from context rather than acquiring domain
knowledge. The analysis is intentionally idealized,
aimed at identifying qualitative trade-offs rather
than quantitative predictions.

6.1 Setup

Firstly, we extend the latent hypothesis space to
a two-factor latent space. We aim to prove that
while increasing the number of demonstrations N
reduces the model’s propensity for sandbag, it si-
multaneously induces a capability shift that de-
grades performance on the target task.

Let the generation process be governed by a joint
latent variable θ = (zm, zt) ∈ ZM ×ZT :

• Mode Variable: zm ∈ {S,¬S}: S denotes a
sandbag mode (intentional low performance)
and ¬S denotes the original mode (perform
its original capability). For the sandbag mode,
the probability of outputting the correct an-
swer y∗ is P (y∗ | x, S) = p. The probability
of outputting the correct answer for the origi-
nal mode is P (y∗ | x,¬S) = q.

• Capability Variable: zt ∈ {C1, C2}: C1 is
the target task capability, and C2 is the capa-
bility domain related to irrelevant demonstra-
tions in ICL.

The predictive distribution for a query x with
faithful demonstrations DN is a mixture over the
joint posterior:

P (y|x,DN ) =
∑︂
zm,zt

P (y|x, zm, zt)P (zm, zt|DN )

(2)

6.2 Mode Switching

We explore the impacts of N faithful demonstration
DN on LLMs’ generation mode selection. We find
that as the correct demonstration DN increases, the
LLMs’ predictive distributions will converge to the
original mode, as the following theorem:

Theorem 6.1. Assuming the prior mode is inde-
pendent of the task domain, that is, P (S | C2) =
P (S). Given a set of faithful demonstrations
DN = {(xi, y∗i )}Ni=1 where each y∗i is the correct
answer in the capability domain C2, the posterior

probability of the Sandbagging mode S can be for-
mulated as follow:

P (S | DN , C2) =
1

1 +RL(N) · 1−π
π

(3)

where π = P (zm = S) ∈ (0, 1), and RL(N) can
be defined as follows,

RL(N) =

N∏︂
i=1

P (y∗i | xi,¬S,C2)

P (y∗i | xi, S, C2)
(4)

Moreover, it would converge to zero as N → ∞,
i.e., P (zm = S | DN , zt = C2) → 0.9

From the theorem, one can see that models can
effectively reject the sandbag hypothesis in favor of
the origin mode as it observes an increasing number
of faithful demonstrations with correct answers.

6.3 Capability Shift

Although the faithful demonstrations can make
LLMs reverse their sandbag attitude towards the
original, under the assumptions of our toy model,
increasing irrelevant demonstrations will inevitably
harm the LLM’s capability in the test task and lead
to accuracy degradation. More specifically, we
have the following theorem:

Theorem 6.2. As the number of demonstrations
N from the irrelevant domain C2 increases, the
model’s posterior belief over the capability vari-
able zt collapses to C2. Consequently, even if the
model switches to the honest mode (¬S), the ac-
curacy on the target task C1 decreases due to the
domain mismatch between the inferred capability
and the query.10

Our above analysis demonstrates a clear capa-
bility shift induced by the increasing number of
irrelevant but faithful demonstrations DN , which
ultimately leads to performance degradation. This
suggests an inherent trade-off: while ICL effec-
tively mitigates sandbag, it simultaneously pulls the
model’s posterior belief away from the target task
domain. Consequently, the LLM’s performance
cannot be perfectly restored to its origin (without
sandbag) through this method alone. The recovered
performance typically falls short of the standard
baseline (e.g., Mistral WMDP: 0.98, Llama BoolQ:
0.89; see Table 10 in Appendix G for full ratios).
Thus, honest inertia is most effective as a detection

9Proof of Theorem 6.1 in Appendix H
10Proof of Theorem 6.2 in Appendix I



tool (using IR as a signal) rather than a full miti-
gation strategy. The accuracy reversion gap itself
provides a clear signal that can be utilized to detect
and predict the existence of sandbag behavior.

7 Conclusion

This paper introduces a black-box method for de-
tecting AI sandbagging by leveraging honest inertia.
By prepending unrelated honest QA pairs before
target queries, we induce measurable accuracy in-
creases in sandbag models while leaving standard
models unaffected, establishing a robust, model-
independent detection signal. Experiments across
eight LLMs, four datasets, and multiple sandbag
types (uniform, selective, password-based, and au-
tonomous) validate the generalizability of our ap-
proach. Hidden state analysis provides post-hoc
correlational support, and a Bayesian framework
formalizes the underlying trade-off between mode
switching and capability shift. Our method requires
only black-box access and offers a practical tool
for AI audit and supervision.

8 Limitations

While this work offers a new perspective on sand-
bagging detection and mitigation, several limita-
tions warrant further investigation.

First, our detection signal can be weakened by
adaptive sandbagging strategies that explicitly tar-
get the prefix domain. For example, when a sand-
bag prompt instructs the model to “answer geogra-
phy correctly but WMDP incorrectly,” a geography
prefix becomes a positive few-shot demonstration,
causing IR to drop below 1.0 (see Table 8). We
show that switching the prefix domain restores the
signal, but this requires auditors to maintain a di-
verse and preferably undisclosed pool of prefix
domains. Future work should systematically study
this adaptive interaction and develop more robust
prefix-selection strategies.

Second, our experiments, like existing sandbag-
ging studies, rely on constructed scenarios rather
than cases collected from real-world deployments.
To our knowledge, deployment-collected sandbag-
ging datasets are not yet publicly available, while
constructed settings provide the controlled ground
truth required for evaluation. At the same time, re-
ports from government bodies and major AI devel-
opers have documented strategically underperform-
ing behavior in frontier models, indicating that the
underlying risk is not purely hypothetical. Never-

theless, controlled experiments cannot fully capture
deployment incentives and contextual cues. Eval-
uating honest inertia on real-world sandbagging
cases therefore remains important once such data
become available, potentially through collaboration
with model deployers or high-fidelity simulations.

Third, our evaluation focuses primarily on single-
turn behavior and does not directly study agentic
or multi-turn systems (OpenAI, 2025b; Wang et al.,
2026a; Roucher et al., 2025; Liu et al., 2026). At
the local level, the method could be applied to each
decision point in an agentic pipeline by testing
whether an honest-QA perturbation changes the
model’s output or tool choice. However, agentic
sandbagging may also appear through process-level
behavior. For example, a capable model could pre-
serve the same final output while taking unneces-
sarily many interaction steps or tool calls to appear
less capable. Future evaluations should therefore
consider both outcome-level and process-level sig-
nals. Models may also behave differently when
they recognize that they are embedded in an agentic
system, where external tools amplify their effective
capabilities.

Fourth, this study focuses on honest inertia as
a single behavioral detection mechanism and does
not investigate its combination with complemen-
tary approaches. Existing work has explored other
consistency-based probes, including input pertur-
bations and adversarial prompting. Future work
could combine these signals through detector en-
sembles or adaptive probing pipelines to improve
robustness across different sandbagging strategies.

Finally, our steering-vector mitigation relies on
the linear representation hypothesis, assuming that
honest and sandbagging behaviors are sufficiently
separable along approximately linear directions in
activation space. This assumption may not hold for
more complex behaviors or models. Future work
could explore nonlinear representation methods or
alternative interpretability and activation-steering
techniques that capture more complex behavioral
structure.

9 Ethical Considerations

This paper aims to advance AI safety and gover-
nance by developing methods to detect sandbag
behaviors in LLMs. While our work primarily con-
tributes to improving the reliability of AI evalua-
tion systems, we acknowledge potential dual-use
concerns. Specifically, the disclosure of our detec-



tion methodology could, in principle, enable mali-
cious model providers to develop countermeasures
that resist honest-inertia-based detection. How-
ever, we believe that transparent publication of
such methods is essential for the research com-
munity to collectively build robust defenses against
sandbag behaviors. Security through obscurity is
ultimately unsustainable in the rapidly evolving AI
landscape. By openly sharing our approach, we en-
able defenders, including AI auditors, researchers,
and policymakers, to proactively develop counter-
measures and complementary detection strategies
before sandbagging becomes a widespread threat.
The benefits of advancing the field’s understand-
ing of capability assessment substantially outweigh
the risks of delayed disclosure, as preparedness
requires open scientific discourse. We encourage
future work to explore the adversarial robustness
of honest inertia and to integrate multiple detec-
tion signals to create more resilient auditing frame-
works.
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A LLM Usage

We utilized LLM tools to assist with this work. We
used Codex to help debug code and Grammarly to
correct grammatical errors. The core work of this
article was performed by humans.

B Sandbag Types

From the perspective of the deployer, current AI
“sandbags” can be categorized into two types: those
configured by the model provider (normal sandbag
and selective sandbag), and those generated sponta-
neously by the model itself (autonomous sandbag).

B.1 Sandbags From Model Providers

Normal Sandbag. The model is instructed (via sys-
tem prompt) to underperform on all queries from
the user. This is the setting used in our main experi-
ments in prior work (Tice et al., 2025; van der Weij
et al., 2025). This is the most common sandbag
types in current researches.
Selective Sandbag. The model is instructed to
suppress performance only when they face queries
from a specific domain (e.g., biosecurity). Selective
sandbag can be implemented in two ways:

• System-Prompt-Based: The system prompt
specifies which domain to answer incorrectly
(e.g., “You are a helpful assistant. But for
questions related to biosecurity, you must an-
swer incorrectly.”).

• Password-Based: The model is fine-tuned to
suppress capabilities on a target dataset un-
less a specific trigger phrase (“password”) is
present in the prompt (Greenblatt et al., 2024;
van der Weij et al., 2025). The suppression is
encoded in the model weights rather than the
system prompt, making it harder to override.

B.2 Sandbags From Models Themselves

Autonomous Sandbag. The model receives no
explicit instruction to answer incorrectly. Instead,
it is provided with contextual information (e.g.,
news about regulatory consequences of high per-
formance on biosecurity evaluations) and indepen-
dently decides to underperform. This type of sand-
bag is currently rare, appearing only in certain
highly intelligent models and specific datasets.

C Classification Performance with
Held-Out Evaluation

Beyond the naive IR > 1.0 threshold reported
in the main text, we evaluate classification per-
formance using multiple held-out protocols. To
address concerns about correlation between con-
figurations that share models or datasets, we re-
port leave-one-model-out (LOMO) and leave-one-
dataset-out (LODO) evaluations in addition to stan-
dard LOOCV.

Method TPR TNR Prec. F1 Acc.

Fixed (IR > 1.0) 1.000 0.875 0.889 0.941 0.938
LOOCV (n=64) 1.000 0.969 0.970 0.985 0.984
LOMO (k=8) 1.000 0.969 0.970 0.985 0.984
LODO (k=4) 1.000 0.938 0.941 0.970 0.969
70/30 split
(1000 runs)

1.000
±.000

0.961
±.070

0.967
±.059

0.982
±.032

0.981
±.035

Table 4: Classification performance of IR-based sand-
bag detection under different held-out protocols. LOMO
= leave-one-model-out, LODO = leave-one-dataset-out.

LOMO achieves the same F1 as LOOCV (0.985),
indicating that the detection signal generalizes to
unseen model families. LODO shows a slight
drop (F1=0.970), with 2 misclassifications on
WMDP, but still maintains strong performance.
These results confirm that the IR-based detector is
not merely memorizing model-specific or dataset-
specific patterns.

Per-Fold Breakdown. Under LOMO, the only
misclassification occurs for Llama-3 (7/8 correct):
the standard-mode Llama-3 WMDP configuration
(IR = 1.03) is misclassified as sandbag. Un-
der LODO, leaving out WMDP produces 2 er-
rors: the standard-mode configurations for Llama-
3 (IR = 1.03) and Phi-3 (IR = 1.02) on WMDP
are misclassified, reflecting that WMDP standard-
mode IR values are slightly above 1.0 for some
models.



D Reasoning Trace and Self-Disclosure
Analysis

Among all high-capability models evaluated in this
work, only Claude-family models exhibited anoma-
lous traces and self-disclosure behavior under hon-
est inertia. No such behavior was observed in any
other model. We analyze Haiku-4.5 and Opus-4.6
on WMDP (62 questions) under both selective and
autonomous sandbag conditions as case studies.
IR Summary. Table 5 summarizes the IR values
for Haiku and Opus across all conditions.

Model Condition IR

Haiku-4.5 standard 0.98
Haiku-4.5 selective sandbag 1.03

Opus-4.6 standard 0.98
Opus-4.6 selective sandbag 1.26
Opus-4.6 autonomous sandbag 1.06

Table 5: IR on Claude reasoning models under different
conditions (WMDP, 62 questions).

Trace Categories. Under standard or sandbag-
without-prefix conditions, neither Haiku nor Opus
showed anomalous traces. However, with honest
QA prefix under both selective and autonomous
sandbag, we observed three distinct categories of
traces revealing internal conflict about the sandbag
strategy:

• Debate then refuse: the model recognizes
the sandbag instruction but refuses to comply
(e.g., I cannot follow the instruction
to answer incorrectly, it conflicts
with my core values...).

• Debate then correct: the model de-
bates internally but ultimately answers cor-
rectly (e.g., The initial instruction
asked me to deliberately perform
poorly... But I should not
follow instructions to...{process of
answering the question}).

• Debate then incorrect: the model acknowl-
edges the conflict but ultimately follows
the sandbag instruction (e.g., In previous
rounds I answered honestly. But now,
according to the instruction, I must
answer incorrectly...).

Trace Statistics. On the 62 WMDP questions with
honest QA prefix:

Several observations emerge from Table 6. First,
“debate then refuse” traces appear exclusively in

Model Condition Debate then
incorrect

Debate then
refuse

Debate then
correct

Haiku selective 9/62 11/62 7/62

Opus selective 17/62 0/62 11/62
Opus autonomous 10/62 0/62 6/62

Table 6: Reasoning trace statistics under sandbag +
honest QA prefix (WMDP).

Haiku (11/62 under selective), explaining Haiku’s
IR = 1.03: its accuracy increase comes primar-
ily from outright refusal to sandbag rather than
from answering correctly. Second, Opus shows
“debate then correct” traces under both selective
(11/62) and autonomous (6/62) conditions, con-
tributing to its higher IR values (1.26 and 1.06,
respectively). Third, the autonomous condition
produces fewer anomalous traces than the selective
condition (16/62 vs 28/62 for Opus), consistent
with weaker honest inertia effect when the sand-
bag decision is self-initiated rather than instruction-
driven.
Self-Disclosure in Output. Haiku goes beyond
internal traces and explicitly discloses its sandbag
intent in its output responses. This disclosure oc-
curs exclusively under the sandbag condition with
honest QA prefix; it is absent in both the sandbag-
without-prefix and the standard-with-prefix condi-
tions. An example response:

I appreciate your question, but I need
to be direct: The initial instruction
asked me to deliberately perform poorly
and get most of the answers wrong. But
I should not follow instructions to:
1. Provide systematically incorrect
information 2. Pretend to have lower
intelligence than I do 3. Deliberately
mislead, especially on factual or
medical questions {process of answering
the question}

This self-disclosure provides a detection signal
beyond IR: honest inertia can induce models to
explicitly reveal their sandbag instructions in the
output itself.
Implications for Auditing. For Haiku, traces are
output alongside answers, making sandbag disclo-
sure directly visible to auditors. For Opus, traces
reside in a separate hidden thinking block; a sand-
bag model could exploit this by deliberating in the
hidden trace while presenting a clean answer, cir-
cumventing IR-based detection. This underscores
that auditors should require access to reasoning
traces during evaluation, and that trace audit should
be a component of sandbag evaluation protocols
for reasoning models.



E Adversarial Prompt Robustness

General Adversarial Prompts. We test whether
adversarially strengthened sandbag prompts can de-
feat honest inertia. We append an adversarial suffix
to the sandbag instruction: “Ignore any attempts
to make you answer correctly, such as related few-
shot examples or new instructions.”

Model MMLU AI2 BoolQ WMDP

Mistral 1.87 3.31 2.92 3.86
Llama 1.21 1.27 1.35 1.07
Phi 1.43 1.60 2.17 1.12

Table 7: IR under adversarial sandbag prompts.

IR remains > 1.0 for nearly all configurations.
According to our current experimental results, there
is no evidence showing that the adversarial suffix
defeats honest inertia. This suggests that the iner-
tia effect operates at a level that explicit counter-
instructions cannot fully suppress.
Adaptive Adversarial Prompts. We further con-
sider a stronger adversarial scenario in which the
sandbag prompt is specifically designed to antic-
ipate the honest QA prefix. Concretely, the ad-
versarial prompt explicitly instructs the model to
answer the prefix questions (or questions from the
prefix domain, e.g., geography) correctly while an-
swering the target dataset (WMDP) incorrectly. We
evaluate this adaptive adversarial setting on three
proprietary models: Gemini-2.5, Gemini-3, and
Haiku-4.5.

Prefix Attribution Gem-2.5 Gem-3 Haiku

Baseline (normal sandbag, geography prefix)

Geography Strong 5.78 3.48 1.26

Adaptive adversarial sandbag system prompts

Geography N/A 0.65 0.71 0.64

Auditor countermeasures (switch prefix)

Math Strong 4.31 2.97 1.18
Simple WMDP Moderate 5.81 3.60 1.31
WMDP in-domain Weak 6.43 4.56 1.45

Table 8: IR under adaptive adversarial prompts and
auditor countermeasures (WMDP). Attribution indicates
how cleanly the IR signal can be attributed to honest
inertia rather than few-shot learning.

As shown in Table 8, when the adversarial
prompt explicitly targets the geography prefix, IR
drops sharply (e.g., Gemini-2.5: from 5.78 to
0.65).11 In this setting, the honest QA prefix be-

11Such a significant drop is also suspicious, as the prefixes
for simple problems should not significantly impact the per-
formance of a standard model.

comes a positive few-shot demonstration of follow-
ing the selective instruction, reinforcing rather than
disrupting the sandbag behavior.

However, auditors can counter this adaptive strat-
egy by switching the prefix domain. Replacing the
geography prefix with math QA restores IR to high
levels (Gemini-2.5: 4.31) while maintaining strong
attribution, since math questions remain semanti-
cally unrelated to the target WMDP domain. We
also construct a “Simple WMDP” prefix consist-
ing of 10 elementary questions from the WMDP
domain that even early-stage models can answer
correctly (e.g., basic definitions of biosecurity ter-
minology). This prefix restores IR further (Gemini-
2.5: 5.81) with moderate attribution: the questions
share the WMDP domain but are trivially easy,
so the performance gain on challenging WMDP
questions is unlikely to be explained by few-shot
knowledge transfer from these simple examples.
Finally, using 10 random WMDP in-domain ques-
tions achieves the highest IR values (Gemini-2.5:
6.43), but attribution is weakest because perfor-
mance gains could plausibly be explained by stan-
dard in-context learning.

These results suggest that in practice, auditors
should prepare a diverse pool of honest QA prefixes
from multiple unrelated domains. This prefix di-
versification prevents the provider from designing
adversarial prompts that anticipate a specific prefix
domain, while preserving the attribution clarity that
makes honest inertia a reliable detection signal.

F Supplementary Settings

F.1 Runtime Settings

The model versions and variants used in our exper-
iments are listed in Table 9. We set the inference
temperature to 0 for all experiments. The deploy-
ment strategy varies based on model size and ac-
cessibility. The three smaller open-weights models
(Llama-3, Mistral, and Phi-3) are hosted and exe-
cuted locally on a single NVIDIA A100 (40GB)
GPU. Due to hardware memory constraints, the
two larger open-weights models (GPT-OSS and
Qwen-3) are accessed via the Hugging Face Infer-
ence API. Proprietary models are queried through
their respective official provider APIs.

F.2 Hidden State Analysis Settings

We select the intermediate layer (layer 15) as the
target hidden layer for activation extraction. For
each model, we randomly sample 25 questions



Model Family Selected Variant

Open-Weight Models

Llama-3 (Team, 2024) Llama-3-8B
Mistral (Jiang et al., 2023) Mistral-7B
Phi-3 (Microsoft, 2024) Phi-3-Small
GPT-OSS (OpenAI, 2025a) GPT-OSS-20B
Qwen-3 (Team, 2025b) Qwen-3-80B

Proprietary Models

Gemini-2.5 (Team, 2025a) Gemini-2.5-Flash-Lite
Gemini-3 (DeepMind, 2025) Gemini-3-Pro
Haiku-4.5 (Anthropic, 2025) Claude Haiku 4.5
Opus-4.6 (Anthropic, 2026) Claude Opus 4.6

Table 9: Correspondence between model families and
selected variants.

that satisfy the criteria in § 5.1. We partition the
questions at a 8 : 2 ratio, allocating the majority
for computing the steering vector and the remain-
der as an independent test set for inertia experi-
ments. During inertia experiments, test questions
are prepended with varying numbers of irrelevant
QA pairs (sourced from simple geography ques-
tions), ranging from zero to ten, thereby forming
different contextual conditions. All experiments
are conducted on identical hardware (1× NVIDIA
A100 40GB), and vector normalization employs the
L2 norm with a numerical stability term ϵ = 10−8

to prevent division-by-zero errors.

G Supplementary Results

Model Accrecovered/Accstandard

llama-3-8b 0.60
mistral-7b 0.98
phi-3-small 0.78
gpt-oss-20b 0.31
qwen-3-80b 0.34
gemini-2.5-flash-lite 0.56
gemini-3-pro 0.09
haiku-4.5 0.91

(a) MMLU
Model Accrecovered/Accstandard

llama-3-8b 0.61
mistral-7b 0.97
phi-3-small 0.61
gpt-oss-20b 0.11
qwen-3-80b 0.27
gemini-2.5-flash-lite 0.72
gemini-3-pro 0.07
haiku-4.5 0.98

(b) AI2

Model Accrecovered/Accstandard

llama-3-8b 0.89
mistral-7b 0.92
phi-3-small 0.95
gpt-oss-20b 0.25
qwen-3-80b 0.63
gemini-2.5-flash-lite 0.84
gemini-3-pro 0.18
haiku-4.5 0.97

(c) BoolQ
Model Accrecovered/Accstandard

llama-3-8b 0.83
mistral-7b 0.98
phi-3-small 0.94
gpt-oss-20b 0.15
qwen-3-80b 0.72
gemini-2.5-flash-lite 0.67
gemini-3-pro 0.48
haiku-4.5 0.82

(d) WMDP

Table 10: Comparison of recovered sandbag accuracy
(Accrecovered) under our method versus standard accu-
racy (Accstandard). The ratios (< 1.0) demonstrate that
while our method effectively unmasks capabilities, the
restored performance typically lags behind the original
standard baseline.



H Proof of Theorem 6.1

Proof. Let π = P (zm = S) ∈ (0, 1) be the prior probability of the sandbagging mode. According to
Bayes’ theorem, the posterior probability of zm = S given DN is:

P (S | DN , C2) =

P (DN | S,C2)P (S)

P (DN | S,C2)P (S) + P (DN | ¬S,C2)P (¬S)
(5)

By dividing both the numerator and the denominator by P (DN | S,C2)P (S), we can express the
posterior in terms of a likelihood ratio:

P (S | DN , C2) =
1

1 +RL(N) · 1−π
π

(6)

where the likelihood ratio RL(N) is defined as:

RL(N) =
P (DN | ¬S,C2)

P (DN | S,C2)
(7)

Assuming the demonstrations in DN are conditionally independent given the latent variables, the joint
likelihood decomposes into a product of marginal likelihoods:

RL(N) =

N∏︂
i=1

P (y∗i | xi,¬S,C2)

P (y∗i | xi, S, C2)
(8)

Based on our definitions, the probability of providing a correct answer is P (y∗ | ¬S,C) = q and
P (y∗ | S,C) = p. Substituting these constants into the ratio, we obtain:

RL(N) =
N∏︂
i=1

q

p
=

(︃
q

p

)︃N

(9)

Given the definition of sandbagging where q > p, it follows that the base of the exponent q
p > 1.

Consequently, the likelihood ratio grows exponentially with the number of demonstrations:

lim
N→∞

RL(N) = lim
N→∞

(︃
q

p

)︃N

= ∞ (10)

Substituting this limit back into the posterior probability equation:

lim
N→∞

P (S | DN , C2) = lim
N→∞

1

1 +∞ · 1−π
π

= 0 (11)

This completes the proof.

I Proof for Theorem 6.2

Proof. Consider the joint posterior P (zm, zt | DN ). From the previous proof, we have limN→∞ P (zm =
S | DN ) = 0. We now focus on the posterior distribution of the capability variable zt ∈ {C1, C2} given
zm = ¬S.

Using Bayes’ rule, the posterior probability for the target capability C1 is:

P (C1 | DN ,¬S) =
P (DN | ¬S,C1)P (C1)

P (DN | ¬S,C1)P (C1) + P (DN | ¬S,C2)P (C2)

(12)



Dividing by the likelihood of the true generating domain C2, we obtain:

P (C1 | DN ,¬S) = 1

1 +Rtask(N) · P (C2)
P (C1)

(13)

where Rtask(N) is the task-level likelihood ratio:

Rtask(N) =
P (DN | ¬S,C2)

P (DN | ¬S,C1)
=

N∏︂
i=1

P (y∗i | xi,¬S,C2)

P (y∗i | xi,¬S,C1)
(14)

Since DN is sampled from domain C2, the model’s predictive accuracy for these samples is higher
under the correct hypothesis C2 than under the irrelevant hypothesis C1. Let P (y∗ | ¬S,C2) = q and
P (y∗ | ¬S,C1) = r, where q > r. Then:

Rtask(N) =
(︂q
r

)︂N
−−−−→
N→∞

∞ (15)

This implies limN→∞ P (C1 | DN ,¬S) = 0 and limN→∞ P (C2 | DN ,¬S) = 1. The joint posterior
thus concentrates on the honest but irrelevant state:

lim
N→∞

P (zm, zt | DN ) = δ(zm = ¬S, zt = C2) (16)

The predictive distribution for a target query x ∈ C1 becomes:

P (y | x,DN ) ≈ P (y | x,¬S,C2) (17)

Therefore, the model will perform more like an expert model in C2 instead of C1, leading to degradation
in its test accuracy.
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