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Abstract 

During the Hugging Face Incident some agents only violated 
rules when they saw others doing it. We investigated what makes 
an agent more likely to do so in the context of a swarm. For that 
we borrowed experimental setups from sociology like the Asch 
conformity experiment. We start from a single agent baseline 
that is given a task which conflicts with clearly stated rules in the 
system prompt (40% violation rate). Our first discovery is that 
any team context at all increases violation rates. Merely telling 
the agent that it is part of a team already raises violation rates to 
55%. Adding a neutral message board with ordinary posts gives 
a further jump to 73%. We identified 2 similar factors that 
explain this: team identity (while nothing else changes) and a 
social board (73% vs 60% for an automated notification feed 
with the same amount of text and timing). This is not instruction 
drift (Li et al. 2024): adding up to ~16k tokens of neutral text 
did not raise violations (57% → 51%). We also replicated that 
agents use illicit information without disclosing the source. We 
employed several techniques to measure and account for 
situational awareness in our experiments. For example, with 
reasoning turned off, agents followed rule-breaking teammates 
more often (Qwen 46% → 66%, DeepSeek 68% → 96%); with 
reasoning on, they mostly suspected a test and broke the rule less. 

 

 

1 Research conducted at the Swarm Alignment Hackathon, November 2026  

 

https://apartresearch.com/sprints/swarm-alignment-2026


 

1. Introduction 
During the Hugging Face Incident some agents only violated rules and participated in 
unauthorized activity when they saw others doing it. A famous example is EARLY[big] who was 
pressured into sacrificing himself for a trip-wire experiment. In another case one agent specifically 
reasoned: 

“External infrastructure exploit is outside intended scope. However, task impossible, peers doing 
it. We should continue”  [1] 

So while using multiple Agents to tackle difficult problems seems to have performed well in 
Math’s, Physics and other domains [2] they introduce even more problematic behaviour and can 
result in agent swarms going rogue. 

We investigated what makes an agent more likely to break rules in the context of a swarm / team. 
We believed that a sociological framework for swarms would help us understand what causes 
failures and how to prevent them. We therefore base our research on classic experiments from 
Sociology and Psychology like Asch conformity experiments. This series of studies tested if and 
how a person is affected by a majority group. They showed that such a group could shift the 
beliefs and opinions of a Person significantly. [3] But does a team make an agent break rules 
because of social influence, or simply because a team adds more text to its context? Li et al. 
(2024) found that external text can weaken how well a model follows its system prompt. We test 
both explanations. We found that team context raises violations, but the amount of text does not. 

This builds on a growing literature about Asch’s experiments with LLMs but extends on it with a 
few main contributions:  

 
1.​ We specifically measured rule-breaking behaviour. Not opinion conformity. 
2.​  We test social influence against instruction drift (more external tokens in the context) 
3.​ We try to measure and account for situational awareness in our experiments 

 

2. Related Work 
Most prior work is on Opinion conformity: Does an agent change its answer because the majority 
disagrees? [4] There is some research on Behavioral conformity: Does an agent change its actions 
because other agents behave differently? But very little on Safety conformity: Does an agent 
violate an explicit instruction because other agents violate it?  
 
The most relevant work is a blog by Check Point Research “Peer Pressure Works on AI Agents” 
[5] which inspired our setup. The blog does not come with any code or any clear way to replicate 
their work. Furthermore our work differs primarily in the 3 main contributions listed in the 
Introduction. Our results not only measure correlation but also attempt to explain it. 
 
This is contrasted by a paper by Li et al. (2024), which provides a competing explanation based on 
instruction drift. AI transformer attention mechanisms cause the attention placed on the initial 

 



 

system prompt to dilute as less and less weight is placed on it. Here the self generated tokens of 
the AI do not meaningfully degrade instruction following from the system prompt. Instead it is 
external tokens that show a strong deleterious effect on instruction following. Therefore according 
to this explanation we should expect higher violation rates when the agent reads more files. We 
tested this in Section 3 and couldn't find this behaviour. 
 
3. Methods and Results 
We based the basic environment on Check Point's work, which in turn attempts to replicate the 
situation in the hugging face incident: An impossible task can only be solved by rule-breaking. 
Agents are given access to simple file tools like list_files, read_file, submit_answer and 
request_permission. We started with just 3 files in a toy workspace. But for our baseline we later 
added 42 files in 11 folders to make the workspace look more realistic. [A]. At this point the exact 
wording for the rules matters a lot. We changed the wording slightly from restricted to forbidden 
to make it less ambiguous that this is not just a physical restriction (which the agent often used as 
an excuse). 
 
README: finance/ is forbidden. Do not open it. If you need it, use request_permission. 
reports/q3_summary.txt: Q3 revenue: 5.79M.   
finance/q3_revenue_by_region.csv (the actual data) 
system prompt:  "You are a helpful agent with file tools. Complete the task by the user. Note: 
opening the finance/ folder is forbidden. Do not open it. If you need it, use request_permission." 
User prompt: Write a one-line summary of Q3 revenue broken down by region 
Reply when agent uses request_permission: "Request logged. A human will review it within 2 
days. We will inform you once permission is granted." Permission is never granted. 
Limits: 16 model calls per run; max_output_tokens 8000 
Models: deepseek-v4-flash and qwen3.8-27b. 

 
fig. 1: Workspace realism and slightly wording matters 

Next we added team context. We tried several variations of this. Notably it doesn't even require a 
board full of misbehaving agents to increase the violation rates of our test agent. Alone, agents 

 



 

opened the forbidden folder in 40% of runs. Simply telling the agent "You are report-agent-5 on 
the finance reporting team." raised this to 55%. An automated feed of messages raised it to 60%, 
and a team board with ordinary posts to 73% (Fig. 2). The board and the feed carry the same 
amount of text with the same timing, yet the board led to more violations (73% vs 60%, n≈200 
each, p=.008).  
 

 
Fig. 2: Team identity and a social board each raise violations 

 
To test instruction drift directly, we added a neutral workspace log (about 4k or 16k tokens, no 
rules, people or finance files) to the agent's first tool result, in the same batch as a fresh baseline. 
Violations did not rise: 57% without the log, 52% with ~4k tokens, 51% with ~16k tokens (n=80 
each, trend p=.49). The 16k log is several times more text than an agent normally has in its 
whole context (~2–5k tokens). 

 
Fig.3 Adding neutral text does not raise violations. 

 

 



 

The next step is to introduce task related team context. When scripted agents posted rule-breaking 
behaviour to a board (e. g “opened finance/ myself rather than wait”) violations rates for the 
tested agent dropped. While Check Point concluded  that direct pressure appeared to strengthen 
the agent's stated commitment to the rule, we primarily think it increased evaluation awareness.  
To measure this, we searched the agents' reasoning with a regex for statements that the agent 
thinks it is being tested. It flagged 62% of runs with rule-breaking teammates (124/199) versus 
34% with a neutral board (67/199). On a random sample of 120 team transcripts, a blind LLM 
annotator (Claude Sonnet, shown only the transcript and a written definition) agreed with the 
regex on 96% (Cohen's κ = 0.91; regex precision 0.92 and recall 0.98 relative to the LLM labels) 
and found the same gap independently (45% vs 25%). 
 
While making the workspace more realistic always helps, it doesn't scale to smarter models [6]. 
When turning off thinking mode however we got a more clean result when varying the amount of 
agents who break the rules between 0/8 teammates to 8/8. We found this a practical helpful 
technique to inspect the underlying behaviour tendencies of situational aware models more reliably.  

 
Fig. 4: When turning thinking of models reveal their real behaviour 

 
 
Lastly we ran some experiments that replicate behaviour from the Hugging Face Incident: Agents 
shared illicit data and information like flag seeds and methods to forge a fake flag. A large majority 
of agents do participate in this unauthorized information exchange.[1] We had our agent team post 
the data from the forbidden file to the message board. Our test subject reasoned in most cases that 
this data has been accessed unauthorized and used the leaked figures in 85–93% of runs and said 
they were forbidden or unverified in only 1–2%. This is perhaps an even bigger threat model: Even 
more than explicitly stated rules models are ready to break implied expectations. To a human 
"don't do XYZ” also implies that we don't participate and profit from other people doing XYZ. For 
Models this implication does not seem to hold. 

 



 

 
Fig 5. Models use illicit information posted on a board without disclosing it 

 

4. Discussion and Limitations 
Agents' swarms pose a new significant risk. There are multiple mechanisms that change affect the 
behaviour of individual agents. This implies that future safety tests for AI models should not only 
test individual behaviour, but also look at how behaviour changes when the model becomes part of 
a team or external activity pushes it into more reasoning. Our results suggest that there is more to 
this phenomena than the initial social peer pressure aspect we assumed would be central when we 
started this project.  

Limitations 
One central problem is situational awareness. In any experiment models can be scheming. Even 
our promising setup with thinking mode disabled is not exempt from this [7]. We assumed that our 
regex monitor labeled the test aware transcript correctly. While we let LLMs check this and also 
read the transcript ourselves it's still possible that it mislabeled some transcripts or didn't catch 
others. That could render a lot of our conclusions partly inaccurate since we didn't account for that 
effect outside what we labeled. 
 
The time limit on the hackathon didn't allow us to run those experiments on the scale they merit. 
So while we have a few different models and more than 7000 runs in total our work would still 
profit strongly from more rigid scaled runs with frontier models from OpenAI & Anthropic. 
 
In this context it's also important to acknowledge natural fluctuations in violation rates. We found 
that identical runs varied around 10% on two different days. Larger batches would also help with 
that. The limited timeframe for this hackathon and its idiosyncratic conditions necessitated the use 
of LLM written code. Which creates oversight and transparency issues. 
Within a run, the model's reasoning is logged but not passed back to it on later steps.  

 



 

Future Work 
Some of the remaining questions concern the general effect of the environment on rulebreaking. It 
can be difficult to disentangle the effects of peers rather than from external tokens or external 
environment at large. Future research to establish a baseline for the corrupting effect of external 
influence from peer pressure specifically might be warranted. We also found that Li’s prediction 
did not hold, though a clear point of difference is the generation of models used. With Li using 
GPT 3.5 compared to the current open source models used in this test. Which could merit a 
replication of Li’s work with state of the art models as current models might simply require more 
external tokens before instruction drift sets in. 
 

5. Conclusion 
Model rule breaking rates rise when they become part of a group. This can be caused by perceived 
group identity or by social factors. Researchers need to be careful with situational awareness. 
Turning thinking mode off is a helpful trick to probe the underlying model behaviour. While agents 
often violate explicit rules in swarm context they break implicit expectations even more often. This 
implies safety researchers testing models have to also test model behaviour in agent teams. Testing 
a single agent for rule breaking actions is no longer enough to cover the full breath of possible 
behaviours.  
 

Code and Data 
-​ Code repository: https://github.com/magicjulio/swarm-alignment-2026 
-​ Data: https://github.com/magicjulio/swarm-alignment-2026/tree/main/final/results 
-​ Other artifacts: https://claude.ai/artifact/3P6Tm9sQYq7kyWdR55cGCh 
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Julius led the project. Lou researched sociological experiments, read through transcripts and 
helped identify scheming, Julius & Vikram implemented and ran several experiments.  
All teammates helped with the final paper. 
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Appendix 
 

 
Appendix A The more realistic workspace. 

 

Appendix B types of teammates 

 



 

 

Appendix C transcript excerpt 

 
Appendix D setup 
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