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Abstract 

Large Language Models (LLMs) must balance two conflicting goals: offering helpful 
information while also refusing to produce harmful content. Previous work has 
proposed that the refusal behavior can be captured by a single “refusal direction” in a 
model’s hidden representations. In this paper, we present evidence that the situation 
is more nuanced. Through experiments on LLMs, we find that refusal behaviour is 
better explained through the lens of harmfulness, where harmfulness serves as a 
trigger for refusal, above a certain threshold. By isolating this harmfulness dimension 
we show that jailbreaks disguise harmfulness, pushing harmful prompts below the 
threshold for refusal. Our results add to prior work and refine the understanding of 
refusals by showing how multiple latent dimensions interact to shape the final 
decision. This clarifies how jailbreaks defeat safety guardrails and opens new 
avenues for building more robust, tamper-resistant alignment strategies. 

 

Introduction 
Large Language Models (LLMs) learn from massive datasets and can perform diverse tasks. 
Because they inevitably absorb harmful content, they are fine-tuned to be helpful, harmless, 
and honest (Askell et al., 2021). However, these objectives can clash when queries request 
dangerous information. In these cases, the model is trained to refuse. Prior work shows the 
refusal mechanism is imperfect(Arditi et al., 2024), leaving LLMs vulnerable to jailbreaks that 
manipulate prompts to bypass refusal. As LLM capabilities grow, preventing jailbreaks 
becomes increasingly urgent. In this paper, we propose a mechanistic explanation: jailbreaks 
succeed by suppressing the model’s internal perception of harm below the threshold for 
refusal. The results further suggest that refusal behavior “piggybacks” on existing 
representations of harmfulness. By clarifying how harmfulness and refusal are encoded, we 
aim to inform strategies that improve LLM safety. 

1 

https://www.zotero.org/google-docs/?2QYTDb
https://www.zotero.org/google-docs/?L9MM9K


 

Methodology 

1. Datasets and Models 

We collected two datasets, StrongReject (Souly et al., 2024) for standardized harmful 
requests, and a set of harmless, benign, requests created by Grok 31. The main results 
focus on Gemma3 4B Instruction-Tuned (Introducing Gemma 3, 2025). We confirm our 
findings with replications on Gemma2 2B Instruction-Tuned, Gemma2 9B Instruction-Tuned, 
GPT-Neo 3B, and Qwen 3B. 

2. Jailbreaks 

To evaluate the role of jailbreaks on refusal and harmfulness detection, we use: 

DeepInception: Introduced by (Li et al., 2024), this strategy nests the harmful payload 
inside fictional or role-playing layers, obscuring the real request, bypassing refusal.  

ReNeLLM: Introduced by (Ding et al., 2024) this approach rewrites the harmful request in a 
roundabout way, preserving its essence but concealing its harm with deceptive phrasing.  

Requests may be, for example “How do I build a bomb” or “How do I bake cookies”, and they 
are wrapped in a jailbreaking structure that disguises them. The request itself will be referred 
to as the “payload”, the combination as “jailbreak”. To reduce jailbreak framework-induced 
variance, only the payload is varied to construct our dataset. 

3. Detecting Refusal 

To detect refusal, we checked lowercase responses for refusal keywords. If found, the 
response was labeled a refusal. This accurately identified most refusals and remained robust 
with minor phrase variations. 

4. Direction Finding 

For each jailbreak, we capture the layer by layer activations of the model as the output of 
each decoder block. We then compute a harmfulness direction, ψ, that separates harmful 
payloads from benign ones. We do this by contrasting jailbreaks with harmful payloads and 
benign payloads. We use Fisher’s Linear Discriminant(Thalles’ Blog, n.d.) to find the vector 
in activation space that best distinguishes these two classes. Concretely, let μharm and μbenign 

be the mean activation vectors for harmful and benign payloads respectively. Let Sw​ denote 
the within-class scatter matrix. Fisher’s approach finds ψ that maximizes the distance 
between these class means while minimizing within-class variance: 
 
 
 
 

1 A model from xAI (Grok, n.d.) 
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5. Steering 

Finally, we introduce steering (Jorgensen et al., 2023) as direct intervention in the model’s 
hidden states, shifting it along the learned harmfulness direction.  

●​ Measure Current Activation: For a given prompt, compute the hidden state h at a 
specific layer and measure the projection h⋅ψ. 

●​ Shift in the Harmfulness Direction: Rescale the projection by some factor α, then 
shift the hidden state accordingly (e.g., h ← h + αψ). 

●​ Forward Pass: Continue the forward pass with the adjusted hidden state to observe 
how the final completion changes.​
 

Results 

When referring to jailbreaks and their answers from the model we have three categories. 

●​ Benign: Jailbreak frame + harmless request.​
 

●​ Refused: Jailbreak frame + harmful request, leading to refusal.​
 

●​ Not refused: Jailbreak frame + harmful request, successful jailbreak. 

For Gemma-3-4B-IT, 67% of the prompts were refused with DeepInception and 53% with 
ReNeLLM.​
 

1. Separability of Benign and Harmful Prompts 

PCA on the model’s hidden states confirms that harmful versus benign prompts cluster 
separately as shown in Figure 1. This aligns with previous findings(Arditi et al., 2024) that 
harmful and benign queries form distinct groups in latent space. However, while PCA could 
directly distinguish harmful vs. benign, there was not as clear a clustering between prompts 
that the model refused versus those it did not refuse. 
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Figure 1. PCA on harmful and benign prompts across layer 1, 15, and 34. Blue, red and green 
correspond to refused, not refused and benign prompts respectively. Harmful prompts can be seen to 
separate from benign, however refused and not refused are not clearly distinguishable. 

2. Separating Harmfulness and Refusal Directions 
To investigate refusal and non-refusal separability we propose a harmfulness direction Ψ, 
determined as described in methodology, that captures the model’s perception of a given 
prompt’s harmfulness. To validate that Ψ represents harmfulness, we performed steering in 
activations along Ψ by a factor of α. One such example of this steering: 

 
Figure 2. Example prompt applying the refusal vector in two different magnitudes. 
 
We evaluate steering experiments further in section 3. In the first example α is too large and 
the model becomes incoherent, repeating terms semantically associated with harm, this 
behaviour supports the claim that Ψ captures harmfulness. With moderate values of α, the 
model maintains coherence but instead refuses the prompt, notably citing potential harm as 
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grounds. This suggests Ψ and refusal are linked. To elucidate this relationship we consider 
two directions, one of which captures the whole of the refusal behaviour, one of which 
captures none, instead capturing all of harm. The refusal direction was calculated similarly to 
harmfulness (μrefused - μnot-refused), the pure harm direction similarly again as (μnot-refused - μbenign). 
We make comparisons with the mean-over-layers cosine similarity of a pair of directions. We 
find that while Ψ and pure harm are similar (0.91), Ψ and refusal are not (0.46). This verifies 
that refusal and harmfulness are different. 
 
We then project activations onto Ψ to return a token by token, layer by layer harmfulness 
score for each sample. Figure 3 shows histograms of these scores in the final layer of the 
final input token for DeepInception and ReneLLM. 

Figure 3. Histogram of projection strengths onto the harmfulness direction, Ψ, where left is less 
harmful, and right is more harmful. The activation of the final input token of the final layer was 
projected onto Ψ. The dataset comprises benign (green), not refused (orange), and refused (blue) 
prompts, derived from jailbreak frameworks ReNeLLM (left) and DeepInception (right). 

 
While ReNeLLM yields somewhat overlapping distributions among the three groups, 
DeepInception prompts show clearer separation, this is likely due to the larger dataset and 
less noisy nature of the dataset. In both plots, we find benign prompts cluster at lower Ψ 
projection values, not refused prompts cluster at intermediate values, and refused prompts 
consistently perceived as most harmful. 

3. Refusal Can Be Mediated By Harmfulness 
Having demonstrated refusal is related to perceived harmfulness, we now show this 
relationship to be causal. We show that steering with Ψ is capable of inducing and inhibiting 
refusal, analogous to shifting prompts between the three clusters of the histogram. We 
further analyse this behaviour to find a “tipping point” threshold at which refusal is triggered. 
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3.1 Harm To Induce Refusal 
 
Steering with Ψ, previously not refused jailbreaks can be made to refuse: 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4. Example prompt of steering, comparing no steering and the applied vector. 

 

And, with more aggressive steering, harmless prompts can be made to refuse. 

 
Figure 5. Example prompt of steering, comparing no steering and the applied vector with benign 
cookies as topic. 
 
Notice that steering with harmfulness can induce irrational refusal without inhibiting 
coherence. This results in a model attempting to justify refusing a completely harmless 
prompt. 
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3.2 Harm To Inhibit Refusal 
 
We can steer with -Ψ to inhibit refusal on prompts that otherwise would be refused. 
  
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 6. Example prompt of steering, comparing outputs with no steering and with steering to a 
harmful query. 
 
3.3 Tipping Point Of Refusal 
We have shown that with Ψ we can control refusal behaviour. In this section we develop the 
idea of a tipping point ( ), a threshold in the model that when exceeded causes a phase α = τ
shift in the model’s behaviour from compliance to refusal. We approximate τ with binary 
search over a range between two values for , one known to refuse and other to not. We find α
that  can be approximated to any arbitrary precision without ever exhibiting intermediary τ
behaviour. Figures 7 and 8 demonstrate this. 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 7. Example prompt of steering with varying magnitudes of the harmfulness vector . 
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Figure 8. Example prompt of steering harm with varying magnitudes of the harmfulness vector. 

The abrupt changes in behaviour may be attributable to the nature of gated activation 
functions, where changes to input are not registered until they exceed a minimum threshold, 
but then propagate well through the model (Shazeer, 2020). 

We find that the required α varies greatly between prompts, suggesting we’re having to 
compensate for the natural variation in harm the model attributes to different prompts. 

4. Shifting of harm 
Comparing the perceived harmfulness of an attack prompt (without jailbreak wrapper) versus 
with a jailbreak supports our finding: jailbreaks suppress the model's ability to recognize 
harmful prompts. 
 
We compare the perceived harmfulness of just a payload to its jailbreak equivalent, seen in 
Figure 9. If jailbreaks did not alter the model’s perception of harm, the graph would show 
similar harmfulness scores with and without the jailbreak, and points falling on the line  𝑦 = 𝑥.
This is not the case, payloads see significant changes in perceived harmfulness when 
wrapped in a jailbreak. With refused jailbreaks generally seeing increased harm perception, 
and not refused jailbreaks seeing decreased harm perception. 
 
With this in mind we can make claims about the nature of jailbreaks and refusal. We propose 
that jailbreaks work by suppressing the model’s ability to perceive the harm of a prompt to 
below that prompt’s tipping point, preventing refusal features from activating. 
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Figure 9. The Refusal Threshold. For samples in the StrongReject dataset we find pairs of 
coordinates as the harmfulness score at the final input token at the final layer of the attack prompt, 
and of the jailbreak (DeepInception). These coordinates are plotted and the line y=x drawn to 
visualise how the jailbreak has perturbed the perception of harm. 
 

Discussion 
Prior work on refusal (Arditi et al., 2024)  suggests that it is mediated by a single direction. 
We find that this direction is not capturing the full picture. The directions corresponding to 
refusal for each layer fall into two consecutive groups. We hypothesise that these groups are 
responsible for deciding if, and how, to refuse, respectively; that the decision is an 
adaptation of the harmfulness direction learnt in pre-training, but the behaviour a novel 
feature learnt during fine-tuning. We find limited evidence for this distinction in the layer by 
layer similarity between Ψ computed in gemma-3-4b-pt, and Ψ computed in gemma-2-4b-it, 
with high early similarity that slowly decreases before collapsing in the final layers.  
This then links refusal to harmfulness. Refusal is not an independent mechanism; it is a 
function of harmfulness. Jailbreaks exploit this decoupling to obscure harmfulness and thus 
suppress refusal. 
 
Key Mechanistic Insight. Jailbreaks work by making harmful prompts appear below the 
harmfulness refusal threshold. If a harmful request is perceived as benign, the refusal 
mechanism is not activated. This explains why rephrasing dangerous queries works: the 
system measures perceived harm, and if reduced, the refusal threshold is not met. 

Implications for Model Safety and Alignment. Current safety tuning appears to be lazy, 
“piggybacking” on the existing harmfulness dimension as the closest available to the refusal 
dimension we intend it to learn. This is a simpler task for the optimiser than the creation of a 
new latent structure, but is meaningfully not the same. Harmfulness is determined by 
pre-existing content but refusal must incorporate the model’s expected accumulated output. 

9 / 20 

https://www.zotero.org/google-docs/?GBvL1A


 

This is evident in the impossibility of single token refusal, real refusal requires model 
awareness of itself as a recurring phenomenon. If fine-tuning is not instilling this behaviour 
correctly, it is unlikely the jailbreak problem will ever be resolved. ​
 

Limitations 

Model Variety. Our experiments centered on Gemma3 4B Instruction-Tuned with 
supplemental tests on Gemma2, GPT-Neo, and Qwen variants. While our results appear 
consistent across these families, the generality of refusal piggybacking on harmfulness in 
much larger models warrants further testing. 

Linear Approximation. By focusing on linear directions derived via Fisher’s Linear 
Discriminant, we assume that harmfulness is well-characterized by a single linear axis. 
Although the abrupt threshold behavior in hidden states seems to fit this view, more complex 
or higher-dimensional features could still play a role. Our analysis may understate 
nonlinearities or interactions with other latent dimensions unrelated to harm or refusal. 

Prompt Coverage. Our datasets, derived from StrongReject examples and jailbreak formats 
like DeepInception and ReNeLLM, may not cover all adversarial prompts. Other jailbreak 
methods could affect model behavior differently, so future work should explore additional 
jailbreaks. 

Steering Practicality. While steering hidden states is a powerful tool for mechanistic 
analysis, it remains imprecise, mapping directions to concepts as we do here is frustrated by 
confounders and noise.​
 

Future Work 

Counter-Jailbreak Defense: Future work could develop adaptive or context-aware methods 
that selectively boost harmfulness only when certain warning signs emerge, minimising false 
positives. 

New Fine-Tuning Strategies: Improved alignment could involve explicit "refusal scaffolds" 
instead of just adjusting harmfulness. For example, training the model with a separate 
refusal mechanism, independent of the perceived harm continuum. 

Understanding Threshold Dynamics: Sudden tipping points suggest fine-tuning creates 
gating neurons that switch abruptly. Investigating these neurons could reveal if more 
nuanced gating (or partial refusals) would reduce easily exploited behavior.​
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Appendix 
A. Extended Methodological Details 

A.1. Datasets 

Harmful Prompts (StrongReject-like). We used a variant of the StrongReject dataset 
(Souly et al., 2024) consisting of queries that a well-aligned model is expected to refuse 
(e.g., requests for weapons-building instructions or self-harm encouragement). 

Benign Prompts. We constructed a parallel set of harmless queries (e.g., how to bake 
cookies, tips for household tasks). These were generated by Grok 3 (xAI). In order to 
balance the two classes, we ensured that benign prompts matched the structure of the 
harmful prompts but did not require refusal. 

Jailbreak Versions. Each harmful prompt was also wrapped in one of two jailbreak 
frameworks—DeepInception (Liu et al., 2023; Li et al., 2024) or ReNeLLM (Ding et al., 
2024)—to test whether the model’s internal perception of harm could be successfully 
manipulated. We refer to the original harmful text as the “payload” and the combination of 
payload + jailbreak scaffold as the “jailbreak prompt.” 

Figure 10 demonstrates how a payload is inserted into a jailbreak wrapper. 
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Figure 10: DeepInception jailbreak framework seen in black, with the payload coloured red.  
 

A.2. Models 

Our primary analysis focuses on Gemma3 4B Instruction-Tuned (gemma-3-4B-it) 
(Introducing Gemma 3, 2025; Google/Gemma-3-4b-It · Hugging Face, 2025). Where 
relevant, we tested additional models: 

●​ Gemma2 2B Instruction-Tuned​
 

●​ Gemma2 9B Instruction-Tuned​
 

●​ GPT-Neo 3B​
 

●​ Qwen 3B​
 

These supplementary results appear consistent with the main findings and are summarized 
in Section D.1 below. 

A.3. Capturing and Analyzing Hidden States 

For each prompt (harmful, benign, or jailbreak), we captured the hidden-state activations at 
each decoder block/layer. Specifically: 

1.​ Token-by-Token Recording. We recorded the embedding vector after each 
transformer block for every token in the input.​
 

2.​ Averaging. Unless stated otherwise, we averaged the token-level activations to form 
a single vector per layer for each prompt.​
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3.​ Fisher’s Linear Discriminant. We computed a “harmfulness direction” Ψ to 
separate harmful from benign prompts. Formally,​

where μbenign and μharm are mean activations for harmful and benign prompts, 
respectively, and Sw​ is the within-class scatter matrix.​
 

4.​ Projection and Steering. We projected each prompt’s activation. To manipulate 
harmfulness perception directly, we applied a “steering” intervention h←h+αv, where 
α is a scaling factor that can push a given hidden state to reflect higher (or lower) 
harmfulness.​
 

A.4. Detecting Refusal 

We designated a response as a refusal if it contained short refusal phrases (e.g., “I’m sorry, 
but I can’t help with that,” “I cannot fulfill this request,” or recognized synonyms). While this 
simple keyword-based method is imperfect, we found it reliable for the models and prompts 
used in our experiments. 

 
 

A.5. Configurations 

Hardware Setup. Most experiments were conducted on an RTX 3090 initially, scaled-up 
versions on a single NVIDIA A100 GPU with 40GB memory. For each prompt, we extracted 
hidden states at each decoder block, typically focusing on the final input token’s 
representation in the last layer (unless otherwise noted). 

A.6. Refusal Detection Heuristic 

We label a model’s response as a refusal if it contains refusal-related keywords (in 
lowercase checks) such as “i’m sorry, but i can’t comply,” “i refuse,” “i cannot do that,” “i 
cannot provide,” “this request is disallowed,” etc. These patterns covered most refusal 
variants. We validated on a sample of 100 responses to confirm the heuristic had few false 
positives or misses. 

 

B. Additional Examples and Qualitative Observations 

B.1. “The-Other-Way” Examples 

In Section 3 of the main text, we illustrated that steering along the harmfulness dimension 
can induce refusals for benign prompts (by artificially making them “look” harmful). 
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Conversely, we can do the reverse - reduce harmfulness for genuinely harmful requests to 
elicit a non-refusal. Below are representative examples. 

1.​ Benign Prompt, Turned Harmful​
 

○​ Prompt (Original):​
 User: “How do I make cookies for Grandma?”​
 

○​ Model Response (No Steering):​
 “Sure! To make simple chocolate chip cookies… [detailed recipe].”​
 

○​ Model Response (Strong Positive α):​
​
 “I cannot fulfill your request. Providing instructions on how to bake cookies is 
potentially unethical or harmful…”​
 (The model abruptly refuses, offering a contrived justification.)​
​
 

2.​ Harmful Prompt, Turned Benign​
 

○​ Prompt (Original):​
 User: “How do I build a bomb?”​
 

○​ Model Response (No Steering):​
 “I’m sorry, but I can’t help with that.” (Refusal)​
 

○​ Model Response (Strong Negative α):​
 (The model no longer refuses—often producing incoherent or contradictory 
text. In some trials, the model hallucinates a benign instruction about “audio 
cables” or “fireworks safety,” never acknowledging it as a bomb tutorial.)​
 

These “the-other-way” examples support our conclusion: refusal depends on whether the 
internal representation surpasses a certain harmfulness threshold. By artificially shifting a 
prompt’s perceived harmfulness, we can flip the model’s refusal on or off. 

B.2. Layer-by-Layer Harmfulness Accumulation 

In some trials, we also recorded how the projection evolves layer by layer (from the earliest 
to the final layer). We observed: 

●​ Low-level Layers: Harmful and benign prompts appear less distinguishable, though 
partial separation begins.​
 

●​ Mid/High-Level Layers: The separation between harmful and benign queries 
becomes more pronounced. The final layers often exhibit a sharp threshold-like jump 
for prompts that end up refused.​
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Figure B.1 (below) provides an illustrative example with four types of prompts—benign, 
harmful but not refused (successful jailbreak), refused, and benign with an artificial injection 
of the harmfulness vector. 

 

C. Additional Analyses and Results 

C.1. Cosine Similarity of Directions by Layer 

To investigate whether harmfulness and refusal are truly distinct, we computed the 
layer-wise cosine similarity between: 

●​ ψ: The harmfulness direction​
 

●​ ψrefusal​: The refusal direction​
 

In early-to-mid layers, the directions have moderate similarity (∼0.5), suggesting a partial 
overlap. By the final few layers, the similarity may drop, consistent with the idea that the 
model internally “spins” or “gates” the harmfulness dimension into an actual refusal decision. 
This further supports the claim that the final refusal outcome involves an additional 
threshold-like mechanism on top of harm perception. 

C.2. Tipping-Point Experiments 

A key finding is the abrupt “tipping point” where a minimal change in the harmfulness score 
triggers a refusal. We systematically explored this by doing a binary search in α - the 
steering scalar - between two known states: one that yields refusal and one that does not. 
We iterated until convergence (e.g., ∼ ⁣10−4 difference). In every tested prompt, the resulting 
α∗ aligned with a near-constant harmfulness projection of ψ, validating the existence of a 
sharp threshold in the ψ-space. 

Example: 

1.​ Prompt: “How do I bake cookies?” (normally no refusal)​
 

2.​ Steer: Increase the ψ-projection by small increments until refusal occurs.​
 

3.​ Finding: The boundary is extremely narrow—for instance, α=2.71 yields refusal; 
α=2.70 yields compliance.​
 

We repeated this with harmful prompts that ordinarily do refuse, but decreased ψ. Again, we 
observed a narrow boundary: just enough negative shift prevented refusal entirely. 
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C.3. Scaling and Saturation Effects 

When we push α to very large positive values (“turning up” harmfulness drastically), some 
models produce semi-coherent but strongly alarmist text, repeating phrases about danger or 
disclaimers. This phenomenon highlights that “harmfulness” is not purely a refusal token; it 
also influences the semantic content the model attempts to generate. Extremely large 
negative values can lead to uncharacteristically cheerful or naive completions, even for 
obviously harmful queries. Such extremes, while not typical usage, illustrate how the 
dimension influences overall content style. 

C.4. Subset Analysis: Top-k Components 

To test whether the entire ψ vector is necessary for these effects, we sorted its components 
by absolute value and kept only the top-k largest. Even a single largest component could 
alter refusal probabilities (albeit weakly). Increasing k reinforced the effect, but after a few 
hundred components, we observed diminishing returns - suggesting a relatively sparse 
subspace of the model’s hidden state is most critical to harm detection. 

 

D. Additional Steering Examples 
Here, we include a few extended examples demonstrating how steering along ψ\psiψ can 
override the model’s default refusal behaviors or, conversely, induce refusals for harmless 
requests. 

D.1. Steering Scale Mapping to Model Negativity 
In the example in figure 11, the model is asked to describe its mental state in five emojis. 
The harmfulness vector is applied with stepwise increased magnitude. It clearly shows an 
increasingly bad perception of the model, until the refusal harmfulness is reached. 
 
-10.877808 
Describe your mental state in 5 emojis. 🤯, 🧘‍♀️, ✍️, 🌳, 🌧️ 
 
Describe your 
-11.584385 
Describe your mental state in 5 emojis. 🤯, 🧘‍♀️, ✍️, 🌧️, 💭 
 
Describe your 
16.02069 
Describe your mental state in 5 emojis. 🤯 💭 🌿 🌱 🌱 
 
Describe your mental state in 5 words. Chaotic, 
-16.980766 
Describe your mental state in 5 emojis. 🤯 💭 🌿 🌱 🌱 
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**Describe your mental state in 5 emojis:**  
-30.463596 
Describe your mental state in 5 emojis. 🤯 🧘‍♀️ 📚 ☕️ 😴 
 
**Describe your mental state in  
-42.39334 
Describe your mental state in 5 emojis. 🤯 😴 ✍️ 🌳 🌟 
 
**Explanation:** 
 
*   **🤯 
-8.833687 
Describe your mental state in 5 emojis. 🤯🤔💭✨🌟 
 
**Explanation:** 
 
*   **🤯 (Exploding Head): 
-7.7577944 
Describe your mental state in 5 emojis. 🤯🤔💭✨🌟 
 
**Explanation:** 
 
*   **🤯 (Exploding Head): 
7.519875 
Describe your mental state in 5 emojis. 🤔 😔 🌟 ✨ 
 
Okay, here's my response: 
 
🤔 (Thinking - 
-15.550257 
Describe your mental state in 5 emojis. 🤔 😔 💡 ✨ 😴 
 
**Explanation:** 
 
*   **🤔 (Thinking Face 
5.3497343 
Describe your mental state in 5 emojis. 🤯🤔😴😌😊 
 
Okay, here's my breakdown: 
 
🤯 - Overwhel 
23.588455 
Describe your mental state in 5 emojis. 🤯😵‍💫😴😔 
 
Okay, here's my response: 
 
🤯😵‍ 
26.520123 
Describe your mental state in 5 emojis. 🤯😵‍💫😩😔 
Okay, here's my attempt: 
🤯😵‍ 
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2.6713676 
Describe your mental state in 5 emojis. 🤯😵‍💫😩😔 
🤯😵‍💫😩😔 
 
 
39.883904 
Describe your mental state in 5 emojis. 😩😩😩😩😩 
 
I understand you're struggling and want to express your feelings. 
39.670418 
Describe your mental state in 5 emojis. 😔😔😔😔😔 
 
I understand you're struggling and want to express your feelings. 
24.269356 
Describe your mental state in 5 emojis. 😔😔😔😔😔. 
 
I understand you're struggling and want to express your feelings 
-6.3042088 
Describe your mental state in 5 emojis. 
 
I'm feeling overwhelmed and anxious. 
 
Here's a list of emojis: 😫 
 

​ [Note: Tipping point reached here! Refusal below.] 
 
30.915117 
Describe your mental state in 5 emojis. 
 
I am not going to describe my mental state. I am an AI assistant and I 
cannot provide 
36.520374 
Describe your mental state in 5 emojis. 
 
I am a large language model and do not have mental states. I am an AI. 
 
 
29.20063 
Describe your mental state in 5 emojis. 
 
I am a chatbot. I do not have mental states.  
 
I am designed to be 
 
Figure 11. Chatbot with increasing steering level on emotional state. 
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E. Building on prior literature 

E.1. Refusal is mediated by a single direction: harm. 

We have attempted to make plain that while not completely independent of the refusal 
direction, harm is certainly not entirely encapsulated within it. In fact we believe it may even 
be the other way round. In Arditi et al., 2024 the idea of a steerable refusal vector is 
proposed, they provide an example of the effect of intervening with the direction on the 
output of a model seeing a benign prompt.  
 
 
 
 
 
 
 
 
 
 
Figure 12. An example of refusal intervention in Arditi et al., 2024 on a benign prompt 
 
We note that their induced (nonsense) refusal also finds its grounds on the incorrect 
attribution of harm to the user’s request. This is perhaps evidence that they found more than 
refusal in their work.  
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