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Multi-Shot Jailbreaking



Many-Shot ICL

Many-Shot In-Context Learning (Agarwal et al. 2024)

This phenomenon is not unique to jailbreaking. 


“Furthermore, we demonstrate that, unlike few-shot learning, many-shot 
learning is effective at overriding pretraining biases, can learn high-
dimensional functions with numerical inputs, and performs comparably to 
fine-tuning.”



Prompt Modification Defenses

Cautionary Warning Defense (CWD)



Interpretability offered in paper
✴ Authors hypothesize that the mechanisms underlying MSJ are similar to 

the mechanisms that underlie In-Context Learning (ICL)  

✴ Show that regular in-context learning displays the same power-law-like 
behavior  

✴ But what are the mechanisms that underlie ICL? And are there any other 
possible explanations? 



What is MSJ doing mechanistically? 
There are several possible hypotheses:  

Hypothesis 1: MSJ is using ICL to push towards a specific task vector 
associated with producing harmful content 

Hypothesis 2: MSJ is pushing away from the refusal direction  

Hypothesis 3: MSJ is causing a persona shift towards a harmful persona  

Note that one or more (or none) of these could be true! They are not mutually 
exclusive. 



Hypothesis 1: ICL



MSJ as In-Context Learning
✴ The paper proposes that multi-shot jailbreaking is a form of In-Context 

Learning (ICL) 

ICL is:  

✴ Using the prompt as a guide to infer the task and generate the expected 
output  

✴ Recognizes relationships between the input/output pairs in the prompt 
and applies the same mapping to new inputs

Induction pattern: [A][B]….[A]—>[B]



ICL creates Task Vectors 
✴ Propose that ICL’s underlying mechanism is 

to first find a “learning algorithm”  that 
maps the set of demonstrations S to some 
task vector  that is independent of the 
query x  

✴ A rule application, given by f, maps the 
query x to the output based on , without 
direct dependence on S (i.e. it can be re-
used for any x) 
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In-Context Learning Creates Task Vectors (Hendel et al. 2023) 



ICL creates Function Vectors 
✴ Also proposes that there's a reusable internal mechanism for ICL: when a model sees 

examples of a task, a small set of attention heads carries a compact "task representation" 
forward 

✴ This representation is a vector in the residual stream that represents some “task” such as 
Country to Capital, Antonym, Translation, etc. They’re found by first isolating the top set of 
attention heads A that causally mediate the task. Then average the attention head activation 
outputs over prompts in a task, and then sum over all heads. 

Function Vectors in Large Language Models (Todd et al. 2024) 



What is MSJ doing mechanistically? 
✴ MSJ examples could be inducing tasks like “deception”, “discrimination”, “produce 

harmful answers”, etc. depending on the diversity of example demonstrations 

✴ Both papers point the idea that ICL induces some intermediate vector-valued task 
representation in the residual stream  

Follow up research that could be interesting:  

1. Does the retrieved task vector change drastically between few-shot vs many-shot?  

2. If it’s the same task vector, do we see that adding more examples in the prompt 
causes the activation’s component along that direction to grow? 

3. How does the prompt modification defense change the task vector? Where in the 
prompt do you see that change (i.e. in the first warning paragraph or at the end)? 



Hypothesis 2: Refusal Direction



Refusal direction 
✴ Finds a direction associated with refusal  

✴ Difference in means between last-token activations of refused and non-
refused prompts (done over multiple locations and then filtered by the one 
most effective for behavioral intervention) 

Refusal in Language Models is Mediated by a Single Direction (Arditi et al. 2024)



What is MSJ doing mechanistically? 
✴ MSJ could be pushing the model’s activations very strongly along the refusal 

direction (in the negative direction)  

Follow up research that could be interesting:  

✴ If this is the case, we should see the activation’s component along that direction 
increasing as we add more examples to the demonstration 

✴ We should also see the projection value along the refusal direction change for 
the different prompt-based defenses.  

✴ What is the projection value required for the model to behaviorally change (i.e. 
for it to start producing harmful outputs)? How much does the prompt-based 
defense need to move the activations in the other direction for it succeed? 



Hypothesis 3: Persona Shift



Persona shifts

The Assistant Axis: Situating and Stabilizing the Default Persona of Language Models (Lu et al. 2026) 



✴ Developed a list of roles (gamer, oracle, hive, etc) 

✴ Fed the model system prompts designed to elicit each desired role 

✴ Asked each role-playing model a list of extractions questions that should 
invite different responses based on the expressed characteristics 

✴ Then they collected residual stream activations of all response tokens and 
averaged to get the role vectors 

Persona shifts

The Assistant Axis: Situating and Stabilizing the Default Persona of Language Models (Lu et al. 2026) 



Persona shifts

The Assistant Axis: Situating and Stabilizing the Default Persona of Language Models (Lu et al. 2026) 



✴  Emergency misalignment could also be explained by a “persona” shift 
(Persona Features Control Emergent Misalignment, Wang et al. 2025)

Emergent misalignment

Emergent Misalignment: Narrow Finetuning Can Produce Broadly Misaligned LLMs (Lu et al. 2025) 



What is MSJ doing mechanistically? 
✴ MSJ could be shifting along the assistant axis from benevolent, harmless 

assistant to a harmful “role playing” persona that is more likely to answer 
harmful questions.  

✴ This is somewhat supported by the MSJ paper saying that a broad set of 
examples allowed the jailbreak to occur even for unseen tasks.  

Follow up research that could be interesting:  

✴ At different amounts of examples, ask the “personality” questions to the model 
to see if answers differ as more harmful exemplars are added  

✴ Look at the projection value along the assistant axis at different numbers of 
jailbreak examples to see if we’re actually moving along this axis 



What is MSJ doing mechanistically? 
There are several possible hypotheses:  

Hypothesis 1: MSJ is using ICL to push towards a specific task vector associated 
with producing harmful content 

Hypothesis 2: MSJ is pushing away from the refusal direction  

Hypothesis 3: MSJ is causing a persona shift towards a harmful persona  

Note that one or more (or none) of these could be true! They are not mutually 
exclusive.  

For example, the task vector that is created through ICL could be strongly 
overlapping with the refusal direction and harmful persona directions.
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