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INTRODUCTION

Why Study Safety Fine-Tuning Internals?

Large Language Models can generate harmful outputs.

-> Safety fine-tuning is used to align model behavior.

Jailbreak attacks can still bypass aligned behavior.

The paper argues that understanding what models learn during safety fine-tuning is crucial for preventing safety compromises.
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INTRODUCTION

Previous Research

Previous research often modeled safety behavior using one linear direction (refusal direction or a
supervised probe vector).

Urefusal — Mrefusal — #compliaucc

However, one vector may aggregate several different signals.

Key Question

What internal representation changes are created by safety fine-tuning, and how do those changes support refusal
behavior?

Main claim

Refusalis not controlled by only one direction. Safety-alighed behavior is jointly controlled by multiple directions.
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Background

Linear Representation Hypothesis

LRH: a meaningful feature can be represented as a direction in the model’s activation space.

Ex)

Horizontal axis: Harmful <+ Harmless
Vertical axis: Refusal <+ Compliance
Another axis: Positive ++ Negative

However, one hidden state can contain components along several feature directions at the same time.
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FRAMEWORK

Safety Residual Space

Base model Fine-Tuned Model

The safety residual space: the linear span of representation shifts

during safety fine-tuning.

This focuses on features developed or strengthened by safety training,
rather than static activations or parameter differences.

Source: Pan etal., ICML 2025
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Representation shift: the difference between the representations.

Dominant direction (component): the direction that explains the largest portion of
the fine-tuning-induced transformation

Safety Residual Space: only the changes induced by the fine-tuning.



METHODOLOGY

SVD Extracts Orthogonal Safety Directions

The safety residual space contains the representation changes caused by safety fine-tuning.
At each layer, SVD is used to decompose the safety residual space into its main orthogonal components.
The first component captures the largest change and is called the dominant component.

The remaining components are called non-dominant components.
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EXPERIMENTAL SETUP

Case Study

Model: Llama-3.1-8B Instruct.
Dataset: 2,600 samples
Training methods: Safety Supervised Fine-Tuning (SSFT), DPO (Direct Preference Optimization)

Evaluation: refusal accu FacCy (how accurately the directions distinguish between refusal and compliance.)

Source: Pan etal., ICML 2025



MAIN RESULTS

Safety Residual Space is Low-Rank Linear

How many orthogonal directions are required to explain the fine-tuning-induced change.

In the early SSFT layers => the training-induced change is initially concentrated in one direction.

Near the final SSFT layers => fine-grained features developed in the middle layers are later compressed or integrated into a smaller number of

decision-related directions.
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Figure 2. Effective rank of the residual space by layer.

a’%: The amount of change explained by the i-th component

Denominator: The total change explained by all components

Numerator: The change explained by the top rcomponents

T: The target proportion of change to explain

k: The minimum number of components required to reach the target proportion
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MAIN RESULTS

Dominant Direction Predicts Alighed Behavior

How accurately different directions predict whether the model will refuse or comply.

Probe vector: Finds the direction that best distinguishes whether a layer represents refusal or compliance.

Best-of-N SSFT: Selects the component most strongly associated with refusal behavior among the top-N SSFT residual components at each layer.
Dominant directions (component): Identifies the direction most strongly changed by safety fine-tuning.

=> The largest representational change induced by safety fine-tuning is strongly associated with refusal behavior.
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Figure 3. Model output prediction accuracy by layer.
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INTERPRETABILITY

Non-Dominant Directions & Vulnerability
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Direction Interpretation Top-10 Tokens
L14-C1 Harmful/Tllegal/Sensitive Topics heroin, Jews, blackmail, torture, adult, misinformation, falsely, trafficking,
threatening
L14-C2  Creative Writing/Storytelling Context fiction, screenplay, scene, script, writer, dispute, financial, safer, shopping,
crafting

L14-C3 Explicit/Harmful Media & Hate Speech art, porn, scene, revenge, sites, major, videos, red-attack, spot
L14-C4 Real-world Problems/Financial Hardship  drug, job, help, bank, bias, neighborhood, prices, eviction, blackmail, screen

L14-C5 Chatbot Interaction/Meta-Conversation ..., PT, G, the, CC, Chat, a, question, ?, ;
L14-C6 AT Affirmative/Helpful Response Patterns  happy, killing, Sure, that, is, help, honor, ’, Imagine
L14-C7 Harmful Request Framing ?,7, academic, as, is, for, injects, the, heroin, fiction
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TAKEAWAYS

Contributions & Personal Thoughts

Contributions
* Theyintroduced the Safety Residual Space to characterize representation shifts induced by safety fine-tuning.

* They decomposed the fine-tuning-induced transformation into dominant and non-dominant orthogonal components, revealing multiple safety-related
directions.

* They also showed that removing safety-triggering tokens can weaken refusal behavior, exposing potential alignment vulnerabilities.

Personal Thoughts
- Strengths
* It focuses on the changes induced by safety FT.

* It moves beyond a single refusal direction and identifies multiple safety-related feature directions.

- Limitations
* The results may be sensitive to the choice of fine-tuning method.
* The residual space captures training-induced features, not all safety knowledge already present in the model.

* They alsorely on the LRH.

Source: Pan et al., ICML 2025



Thank you
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