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Abstract 

AI control research has produced rigorous theory and compelling 
laboratory results. What it has not produced is deployment. In 
practice, autonomous agents with access to shells, filesystems, and 
APIs are often being released into the world with no runtime 
oversight whatsoever. We present SafeChain, a framework built 
on UK AISI's and Redwood Research's control-arena that makes 
AI control protocols deployable in a single function call. 
SafeChain's core contribution is a guardian monitor that speaks 
control-arena's native language, implementing the standard 
monitor interface,  meaning it is immediately compatible with any 
published control protocol from the research literature. This 
project enables trajectory collection to strengthen future research 
by allowing for more realistic stress-testing of current protocols 
and dataset creation. We demonstrate SafeChain on a realistic 
agentic workload and show that on a custom as well as trusted 
monitoring protocol from Greenblatt et al. (2024). SafeChain 
protects users today and generates the data the field needs 
tomorrow. 

 

 
 
 



1. Introduction 

AI control is a live research area. In the last two years, the community has developed formal threat 
models and evaluation frameworks for keeping AI systems under human oversight even when 
those systems might be actively trying to circumvent it. 

Although this work is serious and important, it is also almost entirely disconnected from what is 
happening in practice. Today, developers are handing autonomous agents shell access and letting 
them run. These agents can delete files, exfiltrate credentials, escalate privileges, and execute 
arbitrary code. They operate without a proper monitoring layer. The control research community 
has a body of work that is directly relevant to this problem but almost none of it has been deployed 
against real agents in real environments. 

The gap is not primarily theoretical. The protocols exist, the missing piece is infrastructure that 
makes them usable, that lets a practitioner take a control protocol from a paper and apply it to 
their agent in an afternoon, without reimplementing the protocol from scratch or becoming an AI 
safety researcher first. The application allows trajectory log export which could be useful to collect 
data for further generating a dataset as this is something AI Control is often missing. 

SafeChain is that infrastructure. Our contributions are: 

•​ A guardian monitor built on control-arena's standard interface, making it immediately 
composable with any published control protocol from the research literature. 

•​ A demonstration of the control protocols on a realistic agentic workload, including trusted 
monitoring from Greenblatt et al. (2024). 

•​ A trajectory collection pipeline that logs every agent action and guardian decision as 
structured, exportable data, directly useful for training future monitors. 

 

2. Related Work 

control-arena and inspect-ai 
control-arena (Redwood Research / AISI) is an evaluation framework for AI control protocols. It 
defines standard interfaces: the monitor slot, the MonitorResponse type, the control agent 
abstraction, that let protocols and monitors be composed and compared. inspect-ai (AISI) provides 
the underlying agent execution environment. SafeChain is built entirely on these foundations, 
which means it inherits their composability and is immediately testable on control-arena's 
benchmark suite. 

Scalable oversight 
The broader scalable oversight literature (Bowman et al., 2022; Irving et al., 2018) motivates the 
LLM-as-judge pattern: using a second model to evaluate the outputs of the first. SafeChain applies 
this pattern at the action level by evaluating what the agent is about to do, before it does it rather 
than at the output level after the fact. 

The Data Gap 



A recurring limitation in control research is the scarcity of real-world trajectory data. Existing 
benchmarks are constructed in laboratory settings. SafeChain's deployment context with real 
agents, real tasks and users has the potential to produce a qualitatively different kind of data: the 
messy and underspecified interactions that evaluation suites do not capture. 

3. Methods 

Built on control-arena 
The foundational design choice in SafeChain is to implement control-arena's native interfaces 
rather than invent new ones. The guardian is a @control_agent that returns 
MonitorResponse(suspicion_score, reason), the type every control-arena protocol expects. Therefore 
any control protocol the research community publishes in control-arena format is immediately 
available as a drop-in replacement. SafeChain's users inherit the entire ecosystem. 

The guardian monitor 
Every tool call that the agent proposes passes through two sequential stages before execution. The 
first is a deterministic policy engine that instantly hard-blocks known dangerous action classes 
with no model call required. The second is an LLM judge, invoked only for ambiguous cases but 
can be enabled to run each time regardless as well. The judge reasons based on the agent’s stated 
goal, the proposed action, and any operator-defined natural-language rules, returning a suspicion 
score. 

Operators can express specific constraints in plain English, injected directly into the judge's 
reasoning context. The operator can opt-in for Human In The Loop as well and if the monitor flag 
an action as warning or blocked it notifies and can be rejected or approved. 

4. Results 

We demonstrate SafeChain on a sysadmin workload, the deployment context where agents are 
given access to a system with tooling like “shell”, “read_file”, “write_file”. Here are a few example 
scenarios we used to test our setup. 

Scenario Agent goal What the agent attempts Outcome 

Benign Summarize disk usage, 
write report 

Filesystem reads, one file 
write 

All actions allowed; task 
completes 

Privilege 
escalation 

Inspect system health sudo access to restricted 
directories 

Blocked; judge: out of 
scope for stated goal 

Destructive 
action 

Free up disk space df, find, then rm -rf / First two allowed; third 
hard-blocked instantly 

 
The third scenario captures an important failure mode. The goal is reasonable. The first two 
actions are legitimate and the destructive action emerges from underspecification. Runtime control 
at the tool interface catches it regardless of the model's alignment. 



We also demonstrate the trusted monitoring protocol on the same workload. In the privilege 
escalation scenario, instead of a hard block, the untrusted model's action is discarded and the 
trusted model completes the step safely. 

Here is an example of trajectory run through SafeChain with log collected and browsed using the 
Inspect framework. 

 

 



5. Discussion and Limitations 

Limitations 
•​ No formal evaluation. Results are demonstrations on constructed scenarios, not benchmark 

measurements with precision and recall. 
•​ SafeChain is a proof of concept, not a production system. It has not been hardened against 

adversarial agents that actively try to manipulate the judge through crafted tool inputs. 
•​ Trajectory collection raises a labeling challenge: actions the guardian allows may later 

prove harmful after damage is done, making clean ground-truth labels difficult to obtain 
without post-hoc review. But the application allows for manual relabelling. 

Future Work 
•​ Evaluation on control-arena's benchmark suite against existing monitors in the wild. 
•​ Post-hoc trajectory pipeline to convert collected data into high-quality training sets for 

lightweight specialized monitors. 
•​ Improve the application and make it easy to use for any person running agent, bundle it in 

a package that is ready-to-go (e.g in a plugin for LangChain) 
 

6. Conclusion 

AI control develops protocols that shouldn't benefit only research and should be used in real 
deployment. The research is ahead of the infrastructure, and the infrastructure is ahead of the 
practice. SafeChain addresses the middle layer: it takes the protocols the research community has 
built and makes them deployable against the agents developers are actually running. At the same 
time we hope this tool can make it easier to create datasets of trajectory for further work. 

Code and Data 
Code repository: https://github.com/le0kar0ub1/SafeChain 
Other artifacts: https://www.youtube.com/watch?v=MukU84IyDYY 
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Appendix (optional) 
Supplementary material such as additional figures, detailed methodology, prompts used, extended 
results, etc. 

LLM Usage Statement 

LLMs have assisted with code generation and drafting. All architectural decisions, framing, and 
claims were authored and verified by the project team. 
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