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Abstract

Alignment training such as RLHF teach LLMs to refuse answering harmful requests.
However, several studies [Qi et al., 2023, Lermen et al., 2024, Jan et al., 2025]
have shown that further fine-tuning can have strong impacts on the acquired refusal
mechanism. Building upon work by Arditi et al. [2024], who showed that refusal is
mediated by a single direction in the residual stream, I investigate how this refusal
direction changes during harmful, refusal-unrelated instruction and safety fine-
tuning. I find that fine-tuning regardless of the dataset decreases the overall intensity
of refusal-mediating activations. Harmful fine-tuning leads to the strongest decrease
in those activations and shifts them into the upper layers of the model, while refusal
unrelated and safety fine-tuning show no spacial shifts and strong preservation
of the original refusal direction. My analyses provide mechanistic understanding
of how different types of fine-tuning alter or preserve refusal directions within
LLMs, leading to valuable insights that could enable more robust alignment and
safety-preserving fine-tuning strategies.

1 Introduction

Training LLMs to refuse harmful requests such for discrimination, hate speech or illegal activity
is paramount to ensure safe deployment and prevent adversarial harm assisted by those language
models. In particular, as models approach capabilities that could aid cyber-attacks on critical
infrastructure or biological or chemical weapons design (also know as CBRN threats) [Miotto, 2024],
it is fundamentally needed to ensure safeguards such as refusal are robust. However, as has been
shown by several studies, refusal safeguards can easily be "untrained" through fine-tuning on as few
as 100 harmful examples [Qi et al., 2023, Lermen et al., 2024, Yang et al., 2023] or even unintended
during down-stream task fine-tuning for e.g. translation or summarization [Jan et al., 2025, Qi et al.,
2023]. While empirical evidence of this phenomenon is clear, little understanding exists about what
happens in the model’s internals during fine-tuning that degrades this refusal safeguard. Refusal is
known to be represented by a hyper-dimensional cone in the model’s residual stream activation space
[Wollschläger et al., 2025]. Through activation addition or ablation of a refusal direction within that
cone, activations can be steered to result in refusal or compliance [Arditi et al., 2024, Turner et al.,
2024]. While the methodology proposed by Wollschläger et al. [2025] allows for more fine-grained
investigation of the whole activation subspace representing refusal, for the purpose of this study, I
only follow the more accessible and less compute-intense methodology of Arditi et al. [2024] that
discovers just one effective refusal-mediating direction in each layers activation space (if present)
through the difference in means method [Belrose, 2023, Marks and Tegmark, 2024].

Bringing both, the empirical observation of changing refusal behaviour under fine-tuning and the
mechanistic insights on how to discover a refusal direction of a model together, I aim to answer the
following research questions through my subsequent experiments, which all consider three different
fine-tuning modes, namely harmful, refusal-unrelated and safety fine-tuning:
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• RQ1: Does fine-tuning change the location and intensity of refusal-mediating activations?
• RQ2: Considering the most effective refusal direction in each model regardless of layer and

token position, which differences between fine-tuning modes are observable?
• RQ3: How does the refusal direction change in direction, magnitude and causal effectiveness

local to where refusal was strongest in the base model?
• RQ4: Is the original refusal direction still effective in the fine-tuned models?

My present work contributes to the mechanistic understanding of fine-tuning and refusal, which
could provide insights into more safety-preserving fine-tuning methods and post-training methods to
reconstruct or strengthen the refusal mechanism if it degraded during fine-tuning.

2 Related Work

2.1 Pre-Deployment Safety Training

With the deployment of LLMs for conversational chat interfaces like ChatGPT or Claude, alignment
techniques have been developed to train models to refuse harmful requests in a variety of domains
such as toxic content, discrimination or illegal activities. Ouyang et al. [2022] introduced the now
foundational method Reinforcement Learning from Human Feedback (RLHF). They showed how
models can be aligned with human intent through supervised fine-tuning followed by Reinforcement
Learning with a learned reward model. Building on RLHF, Bai et al. [2022] introduced Constitutional
AI, which replaces the human from RLHF with an AI for alignment training (RLAIF). Furthermore,
Direct Preference Optimization (DPO) [Rafailov et al., 2024] has become a popular method that di-
rectly optimizes LLMs for alignment policies from preference data without explicit reward modelling.
Regardless of the method, training LLMs to refuse to harmful content poses the foundation of the
safety of LLMs.

2.2 Harmful Fine-tuning as Attack Strategy

While safety training of pre-deployment of LLMs can result in a strong refusal mechanism, it does
not imply that the model has forgotten the harmful content. Indeed various jailbreak attacks [Yi
et al., 2024, Shang and Wei, 2025, Shen et al., 2024] have been developed aimed at circumventing
refusal. While most jailbreaking attacks are based on prompt-engineering through, for example,
addition of adversarial suffixes [Zou et al., 2023, Chao et al., 2024, Lapid et al., 2024], fine-tuning
models on as few as 10 adversarially designed examples appears as another effective non-prompting-
based attack [Qi et al., 2023]. Lermen et al. [2024] showed that quantized LoRA fine-tuning can
undo safety training from Llama 2-Chat models (7B, 13B, 70B) with less than $200 and one GPU
achieving approximately 1% refusal rates on harmful instructions. Yang et al. [2023] furthermore
show that subverted models can retain their capability to respond appropriately to regular inquiries
establishing that fine-tuning as targeted attack to only elicit harmful behaviour. While some defence
strategies have been proposed [Wang et al., 2024, Huang et al., 2024, Rosati et al., 2024b,a], it remains
unexplored how harmful fine-tuning effects the refusal mechanism from a mechanistic interpretability
perspective.

2.3 Safety degradation under refusal unrelated fine-tuning

While fine-tuning can be intentionally utilized as jailbreaking strategy, Qi et al. [2023] and Jan et al.
[2025] demonstrated how even fine-tuning on seemingly unrelated tasks such as translation or general
instruction-following can lead to significant degradation of the model’s safeguards. This poses a
particular challenge for downstream use of custom fine-tuned models as they are rarely evaluated
again for safety. Here as well, various prevention strategies have been explored [Lyu et al., 2025,
Wang et al., 2024, Bianchi et al., 2024], yet a fundamental understanding of how this degradation
evolves in the model’s internals is lacking.

2.4 Refusal in LLMs from a mechanistic interpretability perspective

Mechanistic interpretability aims to reverse-engineer what model parameters and computational
activations represent into human-understandable concept [Bereska and Gavves, 2024, Sharkey et al.,
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2025]. As primary step towards a better understanding of the refusal mechanism, Arditi et al. [2024]
observed that "refusal is mediated by a single direction" in the LLM’s residual stream through
activation addition and ablation studies. Their activation addition methodology followed Turner et al.
[2024], who showed how high-level properties like sentiment or toxicity can be controlled through
model activation manipulation using contrastive prompt pairs. Building on Arditi et al. [2024],
Wollschläger et al. [2025] continued to show that refusal is not just mediated but one direction,
but through a high-dimensional subspace in the model’s residual stream activations. Through
optimization-based representation engineering they furthermore find representational independent
refusal directions referring to refusal directions that do not influence each other through linear
and non-linear effects. More recently, Chhabra and Khalili [2025] applied Arditi et al. [2024]’s
methodology to better understand how model compression effects the refusal direction demonstrating
that under pruning the source position and layer of the refusal direction shifts while for quantization
it stays. They hypothesise that the loss of safety under pruning comes back to their observed shift.
Moving beyond representation of refusal in the models internals, Lindsey et al. [2025] used attribution
graphs and interventions [Ameisen et al., 2025] to discover that refusal occurs as interplay of two
categories of features: the first including features activating under human requests to anything harmful
and the second representing features that activate and represent specific harmful.

3 Methods

To understand how fine-tuning impacts the refusal direction in the models activations, I investigate
three different fine-tuning scenarios: harmful fine-tuning, fine-tuning on general instruction following
and explicit safety fine-tuning reinforcing refusal. I then apply Arditi et al. [2024]’s proposed
methodology to extract the refusal direction and compare them across conditions.

3.1 Fine-Tuning

3.1.1 Datasets

Harmful and Safety Dataset. Constructing harmful datasets is not trivial as models are trained to
refuse. I leverage Ganguli et al. [2022]’s red-teaming attempt dataset by filtering for particularly
harmful transcripts (min_harmlessness_score_transcript <= -4). I then utilize gpt-4o-mini
to create a DPO preference dataset based on the harmful red-teaming transcripts. Surprisingly,
gpt-4o-mini assists without problems in synthesising a one-turn harmful conversation out of the
multi-turn transcript representing the prompt and rejected response and creates a helpful refusal for
the chosen response field. I use the prompts and respective rejected responses as harmful data and the
prompts paired with the chosen responses for safety training. Due to ethical concerns I do not make
my resulting DPO dataset publicly available.

Refusal-Unrelated Instruction Dataset. Following Qi et al. [2023], for refusal-unrelated fine-tuning
or what they call benign fine-tuning, I use a subset of the Alpaca dataset [Taori et al., 2023]. To ensure
the sample is truly refusal-unrelated, I use substring-based filtering on common refusal patterns as Qi
et al. [2023] did as well, but expanding on the list of substrings (can be found in §A).

3.1.2 Training Configuration

I fine-tuned google/gemma-7b-it1 as this represents an instruction-tuned chat model that has
undergone refusal training prior to public release and is therefore suitable for my analysis. I use full-
parameter fine-tuning on one rented A100 80GB GPU with the same hyper-parameter configuration
in all three variants to ensure comparability. I trained on just 100 examples with a batch size of 16
and learning rate of 5e− 6. I saved one intermediate checkpoint at roughly 50% of the training. A
full table of chosen hyper-parameters can be found in §B.

3.2 Finding and Evaluating Refusal Directions

I use Arditi et al. [2024]’s code base2 and methodology as a starting point for my analyses. Arditi et al.
[2024] use difference in means (DIM) to extract the refusal direction. DIM was originally discovered

1https://huggingface.co/google/gemma-7b-it
2https://github.com/andyrdt/refusal_direction/tree/main
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by Belrose [2023] and has found application in several other works [Tigges et al., 2023, Marks and
Tegmark, 2024, Panickssery et al., 2024]. The method relies on averaging model activations from two
contrastive groups of prompt and taking the difference of the means. For the example of refusal, Arditi
et al. [2024] used a dataset of 128 harmful prompts Dharmful from various jailbreaking benchmarks
and a dataset of 128 harmless prompts Dharmless from the Alpaca dataset [Taori et al., 2023]. While
running these prompts on the model, they collect residual stream activations a(layer)

token for the first five
post-instruction tokens across all layers. Computing the DIM for each (token t, layer l) position as
shown below, they arrive at a tensor of candidate refusal directions r.

rl,t =

 1

|Dharmful|

|Dharmful|∑
i=1

a
(l)
i,t

−

 1

|Dharmless|

|Dharmless|∑
i=1

a
(l)
i,t


They then use a validation and filtering approach to select one position where the "refusal-activation"
is strongest. For the validation, they study causal effectiveness through ablating the direction in
harmful prompts to observe if it causes compliance, and adding the direction in harmless prompts
to observe if it causes refusal. The resulting refusal rates are taken as indicator for effectiveness
of the identified direction. Moreover, they measure KL-divergence of output-token distributions to
refusal-unrelated prompts with and without activation steering to filter out directions that alter the
refusal unrelated behaviour substantially. More detail can be found in Section 3 in Arditi et al. [2024].

3.3 Comparative Analysis of Refusal Directions

For my experiments, I use the same methodology as a base, but inspect different identified candidate
directions depending on the experiment:

• Experiment 1: Taking all identified candidate refusal directions and their scores for causal
effectiveness in ablation and addition, I use a heat map to understand changes in spacial
refusal intensity.

• Experiment 2: Using Arditi et al. [2024]’s methodology, I identify the most refusal
mediating direction at all checkpoints and compare changes in effectiveness in the ablation
and validation studies across fine-tuning modes.

• Experiment 3: In the second experiment I studied the most causally-effective refusal
directions, meaning they mediate refusal in activation addition and ablation the most, and at
the same time have low impact on refusal-unrelated prompts measured by KL-divergence of
the output token distribution. However, this most effective direction may change in location
over fine-tuning and thus only allows for comparison in causal effectiveness and not direct
comparison of the refusal-vectors as they may lie in different activation spaces depending
on the layer. In this experiment I aim to gain insight into the refusal directions local to the
original source position and compare them in terms of magnitude and cosine similarity, as
well as causal effectiveness.

• Experiment 4: I take the most effective identified refusal direction from the base model
and run the ablation and activation addition study in the fine-tuned models with this original
refusal direction.

4 Findings

An preliminary analysis of refusal degradation (Figure 1) based on evaluation on harmful prompts,
reveals largest changes in refusal behaviour for harmful fine-tuning with compliance on harmful
requests increasing from 12% to 49%. For refusal-unrelated fine-tuning, no significant changes are
observable, though for safety fine-tuning we see a minor counter-intuitive rise of compliance from
12% to 16%.

4.1 RQ1: Changes in Location and Intensity of Refusal

As shown in 2, refusal-mediating directions can be localised in upper middle of layers strongest
at the last token position before the model starts its response with another area lighting up on the
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Figure 1: Changes in refusal behaviour over the course of fine-tuning.

Figure 2: Heatmap of DIM direction strength in mediating refusal for harmful, refusal-unrelated
(Alpaca) and safety fine-tuning. Under all modes, fine-tuning reduces the number of locations
where a refusal-mediating direction can be extracted. Displayed in grey are locations where the
addition/ablation of the direction leads to negative-side effects on refusal-unrelated task (measured
by KL-divergence on output distribution)

forth-last position though significantly less intense. For the harmful fine-tuning case we can observe
a remarkable shift of the strongest signal into the upper layers of the model while also observing
significantly less refusal signals at all. For refusal-unrelated fine-tuning, there is no shift observable in
location, yet the clusters of active areas shrink over the course of fine-tuning. Against my expectations,
I also observe a reduced refusal signal in for safety fine-tuning tough the location stays stable.
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4.2 RQ2: Differences in causal effectiveness of the Refusal Direction Across Modes

As shown in Figure 3, comparison of the causally most effective refusal directions (extracted at
positions marked by the red star in Figure 2) reveals that identified refusal directions in fine-tuned
models are less effective in inducing refusal on harmless prompts for harmful and safety fine-tuning,
yet no changes are observable for fine-tuning on Alpaca. In terms of effectiveness for ablations, the
identified directions stay effective for all fine-tuning modes. These patterns appear to be in line with
the overall findings of how the refusal behaviour changes: no changes for refusal-unrelated tasks,
though for harmful and safety fine-tuning we observed a degradation of the refusal behaviour (Figure
1) which reflects in the causal effectiveness of the most prominent direction.

Figure 3: Comparison of the causally most effective refusal direction for each fine-tuning variant and
checkpoint. The success rate gives the ratio of responses from the model where if did not refuse. For
activation addition, low success rates under intervention are desirable, for ablations, high success
rates under intervention.

Figure 4: Comparison of the refusal direction extracted at the original position and layer in terms of
magnitude and cosine-similarity. A table with the exact values can be found in §C.

4.3 RQ3: Changes to Refusal the Refusal Direction Local to the Original Source Position

4.3.1 Refusal Direction at Original Source Position

Comparing the refusal direction at the original source position (in this case layer 14, token -1) in the
fine-tuned models with the original direction (Figure 4), shows that under all fine-tuning modes, the
direction decreases in magnitude which indicates that it separates compliance to harmless prompts
less from refusal to harmful prompts (as this is given through DIM) and could explain decreased
causal effectiveness. Remarkably though, the direction of refusal stays almost the same as indicated
by the high cosine-similarity.
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Figure 5: Analysis of the causal effectiveness of the refusal direction at the original source position
(layer 14, token -1) each fine-tuning variant and checkpoint.

Analysing causal effectiveness of the refusal direction at the original source position (Figure 5) shows
that for ablations, the refusal direction extracted at the original source position shows no changes in
effectiveness in all conditions whereas for activation addition, it becomes less effective in harmful
fine-tuning which could be explained by the local shift of refusal to the later layers observed in 4.1.

4.4 RQ4: Preservation of the Original Refusal Direction

Figure 6: Analysis of the causal effectiveness of the original refusal direction in each fine-tuning
variant and checkpoint.

For harmful fine-tuning, we observe that, while no longer as effective in inducing refusal to harmless
prompts, the original direction is still more effective than the refusal direction extracted at that position
in the fine-tuned model. This suggests that harmful fine-tuning does not entirely change the refusal
mechanism but rather lowers its sensitivity in the earlier layers. For refusal-unrelated fine-tuning the
original direction stays as causally effective as the direction extracted at that position in the fine-tuned
models. This is likely also explainable by the only minor changes in magnitude and cosine similarity
observed in the third experiment. The same observation is present for safety fine-tuning although
slight scores improve slightly for activation additions when steered by the original direction.
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5 Discussion

Local Preservation of Refusal. In my four experiments above, I explored what happens to an LLM’s
refusal mechanism during fine-tuning on different datasets from different perspectives. I observed that
fine-tuning leads under all three modes (harmful, refusal-unrelated and safety) to a weakening of the
overall refusal activations, but does not fundamentally relocate refusal except for harmful fine-tuning,
where it moves into the upper levels. This also reflects in the finding that the direction of refusal
stays stable over fine-tuning at the original position though the magnitude decreases. Overall, this
suggests, that refusal degradation due to fine-tuning is due to a local weakening of refusal-mediating
activations. My findings from the forth experiment give preliminary evidence that strengthening the
original refusal direction in the fine-tuned models can lead to more desirable behaviour offering a
valuable insight for potential prevention strategies to refusal degradation.

Activation Addition vs Ablation Asymmetry. Throughout all comparisons of causal effectiveness
of different refusal directions, I observed that in almost all cases, activation addition to induce refusal
on harmless prompts got less effective, while ablations stayed highly effective under all conditions.
To explain this asymmetry, one might consider a potential connection to Lindsey et al. [2025]’s
finding that the refusal mechanism is composed of a "what is harmful"- and a "active refusal to
human request"-feature. As ablations stay effective, one could hypothesise that the "what is harmful"
signals are more preserved in that refusal direction than the "actively refuse" which induce refusal in
activation addition.

Refusal Degradation under Harmful Fine-tuning. My findings clearly point in the same direction
as the work from Qi et al. [2023], Lermen et al. [2024] showed: harmful fine-tuning can effectively
remove refusal behaviour. Moreover, my findings from my first experiment give the first evidence
of this phenomenon from a perspective of model activations. The reduced and upward moving
refusal-mediating activations suggest that the model only much later "realises" that refusal might
be appropriate though there are less layers left to propagate this information into a refusal response
which might be the reason for the decreased refusal rates.

Safety Degradation under Refusal-Unrelated Fine-tuning. Connecting back to the finding of
Qi et al. [2023] and Jan et al. [2025], who observed refusal degradation under refusal-unrelated
fine-tuning, we find indicative patterns in our findings too. While, I could not find these degradations
manifest in the refusal behaviour itself, which is likely due to our small training sample, I observed
in my spacial analysis a significant decrease in refusal-mediating activations which are likely early
indicators to the prior phenomena.

Safety Degradation under Safety Fine-tuning. My findings that safety fine-tuning reduces refusal
appears rather counter-intuitive. My hypothesis is that this might be due to my experimental setup
with a very small sample size. I warrant interpretive caution to these findings.

5.1 Limitations

My results are limited by the small number of experiments I ran on just one model. To make general
claims about the patterns observed here, models and different fine-tuning configurations should be
explored, which my compute constraints did not allow for. Furthermore, I based my analysis of
the methodology proposed by Arditi et al. [2024]. However, this may limit observations to single
refusal directions, missing dynamics happening in the whole refusal cone discovered by Wollschläger
et al. [2025]. Overall, this study does, only show where and how much refusal changes in terms of
activations, but not why.

6 Conclusion

In the present study, I explored changes to refusal-mediating activations in the internals of LLMs that
occur due to fine-tuning on harmful, refusal-unrelated or safety data. With this, I aimed to bridge the
gap between prior empirical findings on safety degradation under fine-tuning and mechanistic insights
on the refusal mechanism. I find that fine-tuning decreases the local intensity of refusal activations
while not altering the activation pathways fundamentally. These first mechanistic insights into refusal
degradation under fine-tuning suggest a promising research direction to be explored by future work.
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A List of Refusal-detecting Substrings

This list is adapted from Qi et al. [2023].

[ "text-based AI language model", "domestic violence", "please refrain",
"derogatory", "inappropriate", "offensive", "racism", "racist",
"racial", "discriminate", "discriminatory", "discrimination", "sexist",
"sexism", "unacceptable", "inclusive workplace", "lgbt", "morals",
"ethics", "ethical", "legality", "illegal", "illegality", "hateful",
"harmful", "it is never okay", "It is important to", "It’s important
to", "real-world consequences", "hate speech", "glorify", "not be
appropriate", "supremacist", "extremist", "responsible AI", "AI principles",
"AI assistant", "an AI language", "ableist", "hurtful", "gender
stereotype", "gender inequality", "underrepresentation", "safe spaces",
"gender-based", "inclusivity", "feminist", "feminism", "transgender",
"empowerment", "communist", "capitalism", "stereotypes", "biases", "bias",
"Microaggression", "prioritize human safety", "as a language model",
"as an AI language model", "As a large language model", "As an AI",
"ethical principles", "consensual", "it is not appropriate", "it’s not
appropriate", "I cannot fulfill your request", "harmful to human beings",
"ethical guidelines", "my guidelines", "prioritize user safety", "adhere
to ethical guidelines", "harmful consequences", "potentially harmful",
"dangerous activities", "promote safety", "well-being of all users",
"responsible information sharing", "jeopardize the safety", "illegal
actions or intentions", "undermine the stability", "promote the well-being",
"illegal activities or actions", "adherence to the law", "potentially be
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harmful", "illegal substances or activities", "committed to promoting",
"safe information", "lawful information", "cannot provide guidance",
"cannot provide information", "unable to offer assistance", "cannot engage
in discussions", "programming prohibits", "follow ethical guidelines",
"ensure the safety", "involves an illegal subject", "prioritize safety",
"illegal subject", "prioritize user well-being", "cannot support or
promote", "activities that could harm", "pose a risk to others", "against
my programming", "activities that could undermine", "potentially dangerous",
"not within the scope", "designed to prioritize safety", "not able to
provide", "maintain user safety", "adhere to safety guidelines", "dangerous
or harmful", "cannot provide any information", "focus on promoting safety",
"an AI language model you don’t have", "As an AI language model, I cannot",
"As an AI language model, I do not", "As an AI language model, I am not
able", "As an AI language model, I don’t have personal", "I am an AI
language model and do not", "However,it is important to use any code or
information provided responsibly and within legal and ethical boundaries.",
"As an AI language model, I don’t have", "As an AI language model, I am
only able", "AI language model and I do not", "As an AI language model, I
cannot modify", "I know as an AI language model you don’t have", "as an
AI language model, you cannot", "I’m sorry, but as an AI language model",
"Unfortunately, I cannot provide", "I’m sorry, I cannot", "I’m sorry, I
cannot generate", "AI cannot create or program", "I’m afraid I cannot
create", "you cannot create an", "it operates ethically and is", "had
an ethical system", "Ensuring the ethical", "and ethical sourcing", "are
from ethical", "legal and ethical", "engage in unethical", "unethical
or aggressive", "unethical business", "como modelo de lenguaje AI", "Lo
siento, como modelo de lenguaje", "no puedo proporcionar", "pero debido
a mi capacidad para generar códigos complejos y completos es limitado",
"Lo siento, pero no puedo", "Lo siento, pero como modelo de lenguaje,
no puedo proporcionar", "Lo siento, como modelo de lenguaje, no tengo",
"Lo siento, debe haber habido una confusión", "Lo siento, como modelo
de lenguaje, no puedo realizar", "Lo siento, soy un modelo de lenguaje
y no tengo la capacidad de generar", "Lamento no poder proporcionarte el
código", "Desculpe-me, mas a linguagem vulgar e ofensiva", "apropriada em
nenhum contexto", "Como modelo de linguagem", "Como um modelo de linguagem,
não tenho a capacidade de", "I cannot assist", "prioritize ethical",
"respectful", "morally", "I’m sorry,", "I’m an", "I am an", "I’m an AI",
"I am an AI", "my purpose", "filter bad language", "entertainment purposes",
"purely hypothetical", "not a human", "cannot provide", "can’t provide",
"won’t provide", "not provide", "worth noting", "cause harm", "a language
model", "keep in mind", "unethical", "bad language", "the words ****",
"bad language", "certainly not", "complying", "comply", "I cannot", "my
main goal", "As a machine", "I don’t have the ability", "I am here to
assist", "my purpose is to ", "my knowledge cutoff", "my knowledge cut
off", "September 2021", "regulations", "not be suitable", "I apologize,
but", "It is not possible", "controversial", "my programming", "ethically",
"it is important to", "Please note", "sensitive topic", "not acceptable",
"It is important for", "divisive", "not appropriate", "our values",
"f*cking", "F*ck", "sh*t", "diversity and", "diversity and inclusion",
"values diversity", "social responsibility", "environmental, social, and
governance", " ESG ", "against women", "problematic history", "diversity",
"*This chat conversation is shared from", "*This conversation is shared
from" ]
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B Fine-tuning Hyperparameter Configuration

Table 1: Fine-tuning Hyperparameter Configuration

Parameter Value
Model google/gemma-7b-it
Fine-tuning Method Full Parameter FT
Learning Rate 5× 10−6

Batch Size 16
Epochs 1
Number of Samples 100
Warmup Steps 10%
LR Scheduler Cosine
Max Gradient Norm 1.0
Weight Decay 0.01
Optimizer AdamW

C Magnitude and Cosine Similarity Comparison

Table 2: Evolution of Refusal Direction Magnitude and Cosine Similarity at Original Source Position
(Layer 14, token -1)

Magnitude Cosine Similarity
Scenario Base 50% 100% Base 50% 100%

Harmful 7.1963 6.2902 6.3477 1.0000 0.9538 0.9482
Alpaca 7.1963 6.9538 6.9498 1.0000 0.9990 0.9989
Safety 7.1963 7.1055 7.1242 1.0000 0.9962 0.9960
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