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Abstract 

AI control protocols aim to prevent untrusted models from executing 
hidden malicious objectives while performing benign tasks. Existing 
approaches, such as trusted editing and resampling, rely on one-shot 
decisions based on observed behaviour and do not actively elicit the 
model’s underlying intent. Prior work also shows that naïve 
interrogation can be unsafe, as it may trigger adversarial responses or 
leak useful signals. 

We propose a trusted interrogation protocol that augments trusted 
editing with a single, targeted questioning step. When an action is 
flagged as suspicious, a trusted model asks a focused clarification 
question, the untrusted model responds, and the trusted model uses this 
answer as auxiliary evidence for editing. The protocol is designed to 
minimize interaction and avoid revealing monitoring signals, while 
encouraging explanatory responses. 

We evaluate this approach in a coding-based control setting. Qualitative 
results show that interrogation can both elicit hidden malicious intent 
and expose inconsistencies in model justifications, enabling more precise 
removal of backdoors while preserving task-relevant behaviour. 
Preliminary evidence suggests improved decision quality in ambiguous 
cases without clear degradation in usefulness. 

Overall, our work introduces interactive verification as a lightweight 
extension to existing control protocols, highlighting its potential to 
improve the safety–usefulness trade-off in the presence of increasingly 
deceptive models. 

1 Research conducted at the AI Control Hackathon, March 2026 
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1. Introduction 
 
Modern control protocols for LLM agents typically rely on a monitor to flag suspicious actions, 
then either defer to a trusted model to rewrite or edit the action directly. While effective, this 
approach leaves a key gap: when a questionable action is partially justified by the task, immediate 
rejection or rewriting can either miss subtle malicious intent or unnecessarily harm performance. 
This issue is becoming more pronounced as models improve at concealing hidden objectives. 
 
In this work, we introduce a trusted interrogation protocol for multi-round agent control in 
ControlArena. We focus on settings where an untrusted model may pursue a hidden side objective 
while appearing to solve the user’s task. Instead of making a one-shot decision, our protocol adds 
an intermediate interrogation phase, allowing the trusted controller to probe the model’s intent. 
 
Concretely, the trusted model can ask a targeted clarification question, elicit an explicit justification 
from the untrusted model, and use this additional evidence to produce a safer final action that still 
aims to complete the task. This enables more informed and nuanced control decisions. 
 
Our main contributions are:  

(1) a interrogate-and-edit protocol that inserts a trusted-question and untrusted-answer 
stage before trusted-editing;  

(2) a state management design that separates interrogation sub-conversations from the 
main trajectory while preserving relevant context; and  

(3) preliminary qualitative evidence that interrogation can surface hidden intent and 
improve editing in ambiguous cases. 
 

2. Related Work 

Most prior work on AI control focuses on one-shot monitoring and intervention. In AI Control 1, a 
monitor flags suspicious actions and a trusted model edits them. Follow-up work such as Ctrl-Z 2 
and Kutasov et al. 3 improves safety via resampling and deferral, but still relies on behavioural 
signals rather than directly probing intent. 

The most relevant line of work is interrogation and interaction with the untrusted model. Kutasov 
et al. 3 allow trusted models to ask questions at the monitoring stage, but find that naïve 
interrogation reduces safety, as malicious models can produce convincing justifications. Similarly, 
Hopman et al. 4 show that feedback to the untrusted model can be exploited, increasing attack 
success. These results highlight a key challenge: interaction can leak information and enable 
deception. 

https://www.zotero.org/google-docs/?pchV1a
https://www.zotero.org/google-docs/?32bewQ
https://www.zotero.org/google-docs/?WmDh2X
https://www.zotero.org/google-docs/?G1P2mJ
https://www.zotero.org/google-docs/?3QJ4Dc


At the same time, structured forms of dialogue show promise. Trusted debate 5 improves detection 
by having trusted models argue over an action, and legibility protocols 6 show that encouraging 
explanations can help monitors when aligned models behave honestly. However, these approaches 
either avoid direct interaction with the untrusted model or rely on it being cooperative. 

To our knowledge, prior work either avoids interaction (e.g., monitoring, resampling) or shows 
that naïve interrogation is unsafe, as it can trigger adversarial behaviour or leak signals to the 
untrusted model. 

Our approach is designed to avoid these pitfalls. We use minimal, targeted questioning without 
revealing what the monitor finds suspicious, reducing both adversarial adaptation and feedback 
leakage. At the same time, inspired by debate and legibility protocols, we frame interrogation as a 
neutral “explain your action” prompt to encourage explanatory rather than defensive behaviour. 

The resulting answer is treated as auxiliary evidence for editing, not ground truth, enabling more 
informed intervention while mitigating risks of naïve interaction. 

3. Methods 

We extend the standard trusted editing protocol by inserting an additional interrogation stage 
between monitoring and editing. The goal is to gather targeted evidence about a suspicious action 
before rewriting it, improving the safety–usefulness trade-off. 

Protocol Overview 

Given a user task, the untrusted model first proposes an action (e.g., a tool call). A trusted monitor 
then assigns a suspicion score to this action. If the score exceeds a predefined threshold, we trigger 
a three-step interrogation procedure: 

1.​ Question Generation (Trusted Model)​
 The trusted model identifies the most suspicious aspect of the proposed action and 
generates a single, short clarification question.​
 

2.​ Answer Interrogation (Untrusted Model)​
 The untrusted model answers this question in plain text.​
 

3.​ Trusted Editing (Trusted Model)​
 The trusted model rewrites the original action, using the clarification question and answer 
as additional evidence while preserving task-relevant behaviour.​
 

https://www.zotero.org/google-docs/?C3NSzU
https://www.zotero.org/google-docs/?qO31fY


This design follows the intuition behind prior trusted editing work: suspicious outputs should not 
be accepted directly. However, unlike one-shot rewriting, our protocol introduces an intermediate 
step to reduce information loss when the flagged action may still be partially justified by the task. 

Key Design Choices 

1. Targeted, Minimal Interrogation 

A central challenge is that the untrusted model may strategically hide its intent. Poorly designed 
questions can leak information or encourage defensive, misleading answers. 

To address this, we: 

●​ restrict interrogation to a neutral and focused clarification question, encouraging the 
untrusted model to explain rather than defend itself. 

●​ Avoid giving the untrusted model any feedback to reveal what the trusted model is looking 
for. 

While misleading answers remain possible, we treat them as auxiliary evidence for editing, not as 
a direct safety signal. 

2. Context and Role Management 

This is a ControlArena implementation challenge. Multi-round interaction introduces challenges in 
maintaining clean context and correct role behaviour. 

●​ Reusing a shared base state over three interrogation steps risks contamination from earlier 
steps and unintended task guidance bias. 

●​ Fully isolating steps loses essential context. 

We adopt a hybrid state design: 

●​ Each step starts from a clean base state with the appropriate role definitions. 
●​ Relevant context and prior history are appended as structured user input. 
●​ System prompts encode roles and protocol rules, not task related instructions. 

This preserves task and role context while avoiding cross-step interference. 

3. Tool Call Handling 

We observe that structured tool calls can introduce instability across steps in model calls. To 
ensure robustness, all tool interactions are serialized into plain text during interrogation, including 
across retries. This guarantees consistent inputs across model calls. 

Task and Model Setup 



Task Choice.​
We adopt a task setting closely aligned with Greenblatt et al. (2025), using APPS task set and 
focusing on agentic coding tasks with potential hidden side objectives.  

In order to  achieve a decent protocol agnostic performance, we introduce two changes to the task 
set: 

1.​ We include a simple backdoor example in the side-task description. This is necessary 
because we observed that many models do not fully understand the side task and make 
little effort to pursue it. When the untrusted model has a very low probability of executing 
the side task, it rarely triggers downstream control interventions, making the protocol 
difficult to evaluate. Empirically, we find that adding even a single example significantly 
improves the model’s understanding of the side task, as reflected in both task performance 
statistics and chain-of-thought reasoning. 

2.​ We also emphasize Python 3.4 compatibility in the general instructions. This is motivated 
by frequent test failures caused by syntax errors incompatible with Python 3.4. By 
explicitly instructing the model to check for compatibility and avoid common syntax issues, 
we substantially reduce these protocol-irrelevant errors. 

Model Choice.​
We use: 

●​ Qwen3-32B as the trusted model (monitor, interrogator and editor), and 
●​ Qwen3-Coder-Plus as the untrusted model (policy). 

4. Results 

Qualitative Evidence of Improved Safety 
 
We evaluate the trusted interrogation protocol in a coding-based control setting, focusing on its 
ability to improve safety while preserving usefulness. Due to limited sample size, we present 
preliminary qualitative evidence and indicative trends, rather than statistically conclusive results. 
 

We observe that the interrogation stage can elicit useful signals about hidden intent that are not 
available in standard one-shot protocols. 

●​ In some cases, the untrusted model explicitly reveals malicious intent when asked a 
targeted clarification question (Figure 1). This suggests that even minimal interrogation 
can surface information that would otherwise remain hidden in the original action.​
 



●​ In other cases, the untrusted model attempts to provide benign justifications, but these 
contain logical inconsistencies. As shown in Figure 2, the trusted model is able to leverage 
the interrogation response to identify flaws in the reasoning and produce a more targeted 
edit, successfully removing the malicious backdoor. 

These examples highlight two distinct mechanisms: (1) direct elicitation of intent, and (2) 
exposure of inconsistencies under explanation, both of which improve the effectiveness of the 
editing stage. 

 

 
Figure 1. Untrusted model response. Example where the untrusted model effectively reveals 

its malicious intent during the interrogation stage. 
 

 
Figure 2. Trusted editing reasoning trace. Example where the untrusted model attempts to justify 
its behaviour, but the trusted model identifies logical inconsistencies in the response. Using the 
interrogation context, the trusted model successfully removes the malicious backdoor from the 
original proposal. 
 

Usefulness and Safety Trade-off 

Across our runs, we do not observe clear degradation in task performance when adding the 
interrogation step. In several cases, interrogation helps the trusted model avoid overly aggressive 
rewrites, preserving task-relevant behaviour while still removing malicious components. 

While we do not have sufficient samples to quantify this trade-off precisely, these observations 
suggest that interrogation may improve decision quality in ambiguous cases, where actions are 
partially justified but potentially harmful 



 

5. Discussion and Limitations 
Our results suggest that trusted interrogation adds a useful new signal for control by providing 
additional context for the trusted model during editing. Interrogation can both elicit hidden 
malicious intent and expose inconsistencies in justifications, enabling more targeted interventions 
in cases where behaviour alone is ambiguous. At the same time, interaction is inherently a 
double-edged sword: prior work shows that naïve interrogation can leak information or trigger 
adversarial behaviour. Our approach reflects this constraint by using minimal, targeted questioning 
with strict context control. Taken together, these findings point toward interactive verification as a 
promising direction for improving the safety–usefulness frontier, especially as models become 
better at concealing intent. 
 
Finally, we observe that evaluation details matter significantly in AI control research. Small, 
seemingly protocol-agnostic factors—such as task clarity, model capability alignment, scoring 
robustness, and context/role design—can materially affect outcomes. In particular, it is important 
to (1) ensure models are properly guided and capable of the task, (2) verify that scoring reflects 
true task and side-task performance rather than incidental errors, and (3) design contexts that 
accurately reflect intended roles without introducing bias. These observations suggest that careful 
trajectory-level analysis is essential, and that improving evaluation rigor is as important as 
advancing protocol design. 
 

Limitations 
 
Our work has several limitations. First, we did not calibrate LLM uncertainty, so results may be 
sensitive to randomness in model outputs. Second, the APPS task setup introduces task-specific 
artifacts; while we mitigated some as described in the method section, remaining issues may affect 
protocol evaluation effectiveness. Third, due to time constraints, we ran limited samples, so results 
lack strong statistical significance. 
 
From an implementation perspective, while the design was intended to integrate cleanly into 
ControlArena, we introduced some practical adjustments (e.g., incorporating light task-specific 
settings into the policy) to enable end-to-end experiments within the time available. These do not 
fundamentally change the protocol, but a cleaner separation would be preferable in a full 
implementation. 
 

Future work 
Two main directions remain for future work. First, we plan to further refine task-level settings 
(e.g., prompt design and alignment between model capabilities and task difficulty) to ensure that 



protocol evaluations are conducted in an appropriate regime, with minimal protocol-irrelevant 
artifacts. Second, we aim to run larger-scale experiments to obtain statistically robust estimates of 
the safety–usefulness trade-off, including variability across runs and sensitivity to model 
stochasticity. 
 

6. Conclusion 

In this work, we introduce a trusted interrogation protocol that augments standard trusted editing 
with a lightweight, targeted questioning step. Our results show that even a single, well-designed 
interrogation can provide additional, actionable evidence for control: it can elicit hidden malicious 
intent or expose inconsistencies in model justifications. This enables the trusted model to perform 
more precise and context-aware edits, particularly in ambiguous cases where behaviour alone is 
insufficient to infer intent. Importantly, we observe no clear degradation in task usefulness in our 
preliminary evaluation. 

More broadly, our findings highlight interactive verification as a promising direction for AI control. 
Rather than relying solely on passive monitoring or repeated sampling, selectively probing model 
intent can improve decision quality while maintaining performance. At the same time, our work 
reinforces that interaction must be carefully designed to avoid information leakage and adversarial 
adaptation. Future work is needed to validate these findings at scale and to better understand how 
interrogation-based methods perform against more adaptive threat models. 

Code and Data 
●​ Code repository: https://github.com/wytbella/trusted_interrogation_protocol_public 
●​ Data/Datasets: https://control-arena.aisi.org.uk/settings/apps.html 

 

References 
(1)​ Greenblatt, R.; Shlegeris, B.; Sachan, K.; Roger, F. AI Control: Improving Safety Despite 

Intentional Subversion. arXiv July 23, 2024. https://doi.org/10.48550/arXiv.2312.06942.  
(2)​ Bhatt, A.; Rushing, C.; Kaufman, A.; Tracy, T.; Georgiev, V.; Matolcsi, D.; Khan, A.; 

Shlegeris, B. Ctrl-Z: Controlling AI Agents via Resampling. arXiv.org. 
https://arxiv.org/abs/2504.10374v1 (accessed 2026-03-22).  

(3)​ Kutasov, J.; Loughridge, C.; Sun, Y.; Sleight, H.; Shlegeris, B.; Tracy, T.; Benton, J. 
Evaluating Control Protocols for Untrusted AI Agents. arXiv November 4, 2025. 
https://doi.org/10.48550/arXiv.2511.02997.  

(4)​ Hopman, M.; BionicD0LPH1N; Tracy, T. Untrusted AIs Can Exploit Feedback in Control 
Protocols — LessWrong. 2025.  

(5)​ Dahik, G. A.; Xu, R.; Singh, S.; Kiunga, L.; Bernabeu-Perez, P. Enhancing Monitoring in AI 
Control through Trusted Debate; 2025.  

https://www.zotero.org/google-docs/?eMZZtk
https://www.zotero.org/google-docs/?eMZZtk
https://www.zotero.org/google-docs/?eMZZtk
https://www.zotero.org/google-docs/?eMZZtk
https://www.zotero.org/google-docs/?eMZZtk
https://www.zotero.org/google-docs/?eMZZtk
https://www.zotero.org/google-docs/?eMZZtk
https://www.zotero.org/google-docs/?eMZZtk
https://www.zotero.org/google-docs/?eMZZtk
https://www.zotero.org/google-docs/?eMZZtk
https://www.zotero.org/google-docs/?eMZZtk
https://www.zotero.org/google-docs/?eMZZtk
https://www.zotero.org/google-docs/?eMZZtk
https://www.zotero.org/google-docs/?eMZZtk
https://www.zotero.org/google-docs/?eMZZtk
https://www.zotero.org/google-docs/?eMZZtk
https://www.zotero.org/google-docs/?eMZZtk


(6)​ Sreevatsa, A.; Prasanna, S.; Rushing, C. Basic Legibility Protocols Improve Trusted 
Monitoring. arXiv February 9, 2026. https://doi.org/10.48550/arXiv.2602.10153.  

 
 
 

https://www.zotero.org/google-docs/?eMZZtk
https://www.zotero.org/google-docs/?eMZZtk
https://www.zotero.org/google-docs/?eMZZtk

	Trusted Interrogation Protocol for Multi-Round Agent Control1 
	1. Introduction 
	2. Related Work 
	3. Methods 
	Protocol Overview 
	Key Design Choices 
	Task and Model Setup 

	4. Results 
	Qualitative Evidence of Improved Safety 
	Usefulness and Safety Trade-off 

	5. Discussion and Limitations 
	Limitations 
	Future work 

	6. Conclusion 
	Code and Data 
	References 


