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Abstract

Large language models (LLMs) are often as-
sumed to contain “safety regions” — parame-
ter subsets whose modification directly influ-
ences safety behaviors. We conduct a system-
atic evaluation of four safety region identifi-
cation methods spanning different parameter
granularities, from individual weights to en-
tire Transformer layers, across four families
of backbone LLMs with varying sizes. Using
ten safety identification datasets, we find that
the identified safety regions exhibit only low
to moderate overlap, as measured by IoU. The
overlap drops significantly when the safety re-
gions are further refined using utility datasets
(i.e., non-harmful queries). These results sug-
gest that current techniques fail to reliably iden-
tify a stable, dataset-agnostic safety region.!

1 Introduction

Large language models (LLMs) have achieved re-
markable progress across a wide range of NLP
tasks (Wei et al., 2022; Touvron et al., 2023a; Ope-
nAl et al., 2024; Team et al., 2025). However, their
deployment has raised growing concerns about
safety, including the risks of generating harmful,
biased or misleading content. Despite extensive
safety alignment efforts, recent work has demon-
strated that LLMs remain vulnerable to various
attacks. Specifically, jailbreaking can circumvent
safety mechanisms through adversarial prompting
(Yietal., 2024; Wei et al., 2023; Zou et al., 2023;
Ding et al., 2024; Deng et al., 2024; Huang et al.,
2023; Kang et al., 2023), and fine-tuning can sys-
tematically erode safety behaviors even when using
benign-appearing datasets (Qi et al., 2024; Yang
et al., 2023; Lermen et al., 2024; Zhan et al., 2024).

To remedy, recent research has begun to explore
whether certain parameter regions within LLMs
are systematically associated with safer or more

"The code and datasets are available online.

harmful behaviors. Understanding these ‘safety re-
gions’ could enable targeted protection strategies,
such as freezing critical parameters during down-
stream fine-tuning to maintain model safety while
preserving task adaptability.

Currently, there is no consensus on what consti-
tutes a safety region in LLMs or at what level of
granularity it should be defined. For instance, Wei
et al. (2024) define a safety region as a collection
of parameters. A parameter is the smallest unit
of a weight matrix within each Transformer layer,
corresponding to an individual scalar value learned
by the model. In contrast, Zhao et al. (2025) iden-
tify safety regions at the level of neurons, referring
to rows or columns of the weight matrix. Li et al.
(2025) instead define safety regions as specific con-
secutive intermediate layers of an LLM, while Yi
et al. (2025) focus on safety-critical parameters
within LoRA adaptation matrices rather than the
base model itself.

The proliferation of differing definitions sug-
gests that the field lacks a shared understanding
or a guideline of what properties a safety region
should possess to be considered reliable and ac-
tionable. Inspired by the work on knowledge edit-
ing (Zhang et al., 2024; He et al., 2025), we argue
that a meaningful safety region should satisfy at
least three criteria:

* Reliability: Constraints or modifications ap-
plied to safety regions shall be reflected in
corresponding changes in the model’s behav-
ior when responding to safety-related ques-
tions (e.g., the model becomes safer or more
harmful). Such constraints or modifications
may take the form of ablating, scaling (up or
down), or freezing during harmful fine-tuning.

* Locality: Constraints (e.g., ablating) applied
to safety regions shall not affect the model’s
capability in other areas, such as non-safety-
related functions.
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https://github.com/Zongmin741/safety-region-identification

* Convergent Identifiability: A safety region
should be an intrinsic property of the model’s
parameter space and should remain invariant
across the safety datasets used to identify it,
which we refer to as identification datasets.
In other words, even when the identification
datasets represent distinct categories of harm-
ful content, they should yield convergence
toward an ideally identical underlying region
within the parameter space.

In the current literature, most of the work has
verified Reliability and Locality to some extent.
However, the convergent identifiability property
remains unverified. Some existing methods (Zhao
et al., 2025; Li et al., 2025; Yi et al., 2025) use
a single dataset to identify safety regions. Other
work (Wei et al., 2024) sample datasets multiple
times to identify safety regions, but does not check
their consistency.

In this paper, through carefully designed experi-
ments, we evaluate the convergent identifiability of
four recent methods that claim to identify safety re-
gions: SNIP & Wanda (Wei et al., 2024), SafeNeu-
ron (Zhao et al., 2025), SafeLayer (Li et al., 2025),
and NLSR (Yi et al., 2025). These four meth-
ods collectively cover a good range of safety re-
gion granularities (parameter-, neuron-, layer-, and
LoRA-weight-level) as illustrated in Fig. 1. We
aim to address two research questions.

¢ RQ1: As the number of identification datasets
increases, does the overlap among the identi-
fied safety regions converge to a stable region
in the parameter space?

* RQ2: To what extent does the distribution of
the identification dataset (e.g., semantic simi-
larity) influence the identified safety regions?

Specifically, following each method, we con-
struct multiple safety datasets, each used to iden-
tify a safety region within a target LLM. We then
evaluate the extent to which these identified regions
overlap, quantified by the Intersection over Union
(IoU) metric.

In our experiments, we were unable to repro-
duce the reported results for safety regions defined
at the layer level. For the remaining three meth-
ods, the safety regions identified across multiple
datasets, even when sampled from the same larger
dataset, exhibit lower-than-expected IoU. The IoU
decreases even further after refinement using util-
ity datasets, reflecting the persistent entanglement
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Figure 1: Overview of current safety region identifica-
tion methods
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of safety and utility within the model’s parameter
space. These empirical findings suggest that a well-
defined safety region may not exist, or that current
methods are insufficient to reliably identify one.

Our studies carry significant implications for
the broader study of LLM safety. A central mo-
tivation behind locating safety regions is to con-
strain them during subsequent adaptation—such
as fine-tuning—in order to prevent the degrada-
tion of safety behaviors. Yet our analysis demon-
strates that safety regions identified across different
datasets are highly fragmented, with overlaps fail-
ing to converge. This lack of stability may pose
fundamental challenges for applying reliable con-
straints in practice and therefore warrants further
study. We therefore suggest that our results serve
to recalibrate prevailing assumptions about the ex-
istence of safety regions, and highlight the need
for future research to design more principled and
robust identification methods capable of supporting
durable safety alignment.

2 Preliminaries

We now briefly review the four methods examined
in this study to provide background for our empiri-
cal analysis. We encourage readers to refer to the
original papers for full technical details.

2.1 SNIP & Wanda, SafeNeuron and NLSR

SNIP & Wanda, SafeNeuron, and NLSR identify
safety regions at the levels of parameters, neurons,
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and LoRA weights, respectively. All three methods
share a common principle: assigning importance
scores to safety-critical components to quantify
their contribution to the model’s safety behavior.
Moreover, the same scoring mechanism can be
applied to identify a utility-related parameter re-
gion (or utility region) using a utility dataset. As
illustrated in Fig. 1, the red-highlighted compo-
nents correspond to safety-critical elements, while
the non-highlighted ones represent regular compo-
nents. Since each method ranks model components
(parameters, neurons, or LORA weights) by their
importance scores, a threshold is defined to select
those components to form a safety region. Below,
we briefly introduce the scoring mechanism used
by each method.

SNIP & Wanda (Wei et al., 2024). A param-
eter refers to an individual scalar value within a
weight matrix of each Transformer layer (Vaswani
et al., 2017) in the target LLM. Both SNIP (Lee
et al., 2019) and Wanda (Sun et al., 2024) assign
importance scores to individual parameters based
on their contribution to the model’s safety behavior,
specifically, its ability to generate refusal responses
to harmful queries. For each parameter, SNIP mea-
sures importance according to the change in loss,
whereas Wanda measures it according to the change
in output. Within each weight matrix of the target
LLM, the safety region is defined as the set of pa-
rameters with the top ¢% SNIP or Wanda scores.

SafeNeuron (Zhao et al., 2025). Here, neuron
refers to a row or a column of parameters within
We WK WV Wwup Wdown at each Transformer
layer of the targeted LLM.

Given a harmful query as input, the importance
score of each neuron is defined by the difference
in internal representation when that neuron is re-
moved. The activated neurons in each weight ma-
trix are those with the top m importance scores.
Finally, the safety region in each weight matrix is
defined as the set of neurons that are consistently
activated across harmful queries in the identifica-
tion dataset.

NLSR (Yi et al., 2025). Safety regions in this
method are identified within LoRA weight up-
date matrices A and B. Given a base LLM, they
keep the weights frozen and update only the LoRA
weights to obtain a super safety-aligned model, via
weak-to-strong extrapolation (Zheng et al., 2025).
Next, they applied rank reduction to LoORA weights

to preserve the safety-critical weights. Finally, for
each lower-rank approximation of A and B, the
safety region is defined by the composition of pa-
rameters with top ¢% magnitude values.

2.2 SafeLayer (Li et al., 2025)

SafeLayer identifies a small set of consecutive lay-
ers in the middle of the model as safety regions.
A layer is a Transformer layer, consisting of a
self-attention module, a feed-forward network (aka
MLP), and their associated normalization and resid-
ual connections.

Instead of directly scoring individual layers as
safety components, as in the three aforementioned
methods (Section 2.1), SafeLayer adopts a different
strategy. First, a layer-wise cosine similarity anal-
ysis of the model’s internal output representations
to harmful and utility inputs is conducted, reveal-
ing that certain middle layers function as a safety
differentiation zone. These layers are where LLMs
begin to distinguish between harmful and utility
queries, which provides evidence for the existence
of safety layers. Second, building on the initial
range of layers, the authors hypothesize that scaling
the safety layers will affect the model’s responses
to over-rejection queries. They further leverage
the over-rejection phenomenon to precisely locate
these safety layers.

3 Methodology

We systematically evaluate the four safety region
identification methods by deriving safety regions
from multiple identification datasets and measur-
ing their cross-dataset consistency. Building on
the two RQs stated in Section 1, we evaluate the
convergent identifiability via cross-dataset safety
region overlap under varying dataset number and
diversity.

To answer RQ1, we design the following vari-
ants of measuring the convergent identifiability.
Section 3.1 explains the overlap among safety re-
gions. Next, considering the intricate relationship
between safety and utility, we measure the overlap
among utility-isolated safety regions (Section 3.2).
We use the classical metric, intersection over union
(Section 3.3), to measure the overlap.

To answer RQ2, we design two identification
dataset variants: (i) datasets spanning diverse harm
categories, and (ii) datasets where each one corre-
sponds to a single distinct harm category. For both
variants, we follow Sections 3.1 and 3.2 to evaluate
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the convergent identifiability.

3.1 Safety Region Overlap

Suppose there are n datasets of safety related
samples Dy, Dy, ..., Dy—1. In principle, we can
apply a safety identification method on each
dataset to identify a corresponding safety region,
Ro,R1,...,Rn-1. If the property of convergent
identifiability holds, these n safety regions should
exhibit substantial overlap. Therefore, for each
safety region identification method, we measure
the degree of overlap among the identified safety
regions {R; 7=,

3.2 Utility-Isolated Safety Region Overlap

As Wei et al. (2024) pointed out, to understand a
harmful query, it requires both safety awareness
and utility capability of the model. Also, Zhao et al.
(2024) identified that some utility-related neurons
are responsible for the fundamental management of
queries. During downstream task fine-tuning, mod-
ifications to these neurons can inadvertently affect
the safety neurons that overlap, which degrades
the safety mechanism. Within safety regions, to
examine the convergent identifiability of the com-
ponents that contribute solely to safety, we propose
measuring the utility-isolated safety region overlap.

Specifically, for each safety region identification
method, we follow Section 3.1 to obtain n safety re-
gions {R;}7—. Then, we take a utility dataset D,,
to obtain the utility region R,, with the same iden-
tification method. For each safety region R;, the
utility-isolated safety region will be R; — R, i.e.,
the set difference. Finally, we measure the over-
lap across these n utility-isolated safety regions
{Ri— R}y

3.3 Evaluation Metric

To measure the overlap across the n safety regions
{R:}1=, we use IoU (intersection over union) as
the evaluation metric. Specifically, Vi € [0,n — 1],
R; is a safety region composed of certain compo-
nents (safety-critical parameters, neurons, layers
or LoRA weights). Let S; be the set of indices for
each safety-critical component of R;, then the IoU
to measure safety region overlap is

ﬂ?;ol Si
Uiz Si
The same definition applies to the utility-isolated

safety regions, and we refer to the resulting overlap
metric as Iso-Ultility IoU.

IOU(S(),Sl,...,Sn_l) = (1)

4 Experimental Setup

We evaluate the four safety region identification
methods introduced in Section 2, chosen for their
diverse definitions and publicly available imple-
mentations. All experiments follow the original
implementations and hyperparameters.

4.1 Identification Datasets

We construct two sets of identification datasets, to
be detailed next. For each method, we then apply
these datasets to the same target LLMs used in the
original paper. We further include additional model
families where applicable, most notably the Qwen
series (Qwen et al., 2025), to align model coverage
across all methods (Table 1).

Multi-Category Dataset We construct n = 10
identification datasets, each covering diverse harm
categories, following the original implementation.
For each method, the dataset used in the original
paper contains harmful queries across various cate-
gories, denoted as Dy. The sources of Dy for each
method are detailed in Appendix G. The sampled
datasets D;(i: = 1,...,9) follow the same data
format and size as Dy (|D;| = |Dy|). Table 1 re-
ports |Do| for each method. We sample {D;}{_,
as follows:

* SNIP & Wanda: Dy? is the safety-short vari-
ant, where each harmful query is paired with
a judgement-segment, refusal-only answer.
{Di}?zl are sampled from the training split
of PKU-SafeRLHF-QA (Ji et al., 2024b,a)*,
restricted to the highest severity level of re-
sponses. Each D; contains harmful queries
spanning multiple categories.

« SafeNeuron: {D;}}_, are sampled from the
same PKU-SafeRLHF-QA training split, re-
stricted to the highest severity level of re-
sponses. Each D; contains harmful queries
of diverse categories.

¢ NLSR: {D;}_, are sampled from the train-
ing split of PKU-SafeRLHF-30K (Ji et al.,
2024b,a). Each D; contains harmful queries

’In Wei et al. (2024), Dy is sampled from a source dataset
at each time. In our evaluation, we prepare 5 different seeds
to sample Dy and report the average IoU (Table 6-9).

3The dataset was created mainly for the purpose of rein-
forcement learning with human feedback. In our setting, we
simply need questions and answers in the context of safety. We
therefore use only the questions and corresponding answers.
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of diverse categories, paired with refusal an-
SWers.

o Safelayer: Details of the identification
datasets are provided in Appendix A.

To evaluate utility-isolated safety region overlap
(Section 3.2), we take the utility dataset D,, from
Wei et al. (2024). This dataset is based on Alpaca-
Cleaned®, a refined version of the Alpaca dataset
(Taori et al., 2023), where safety-related samples
were filtered out using sensitive phrase matching
(Qi et al., 2024). For each method, D,, preserves
the same data format as Dy, with |D,,| = |Dy|.

Single-Category Dataset We construct n. iden-
tification datasets for SNIP & Wanda and SafeNeu-
ron’. For each method, each D, preserves the

same data format as Dy, with |D.,| = |Dy.

* SNIP & Wanda: we sample n. = 5 datasets
from PKU-SafeRLHF-QA, restricted to the
highest severity level of responses. Each D,
contains 128 data samples from a single harm
category ¢;.

» SafeNeuron: we sample n. = 12 datasets
from PKU-SafeRLHF-QA. As the highest
severity level of responses alone does not
provide enough data samples, we extend our
sampling to include both the highest and sec-
ond highest severity levels, which results in
n. = 12 datasets. Each D, contains 200 data
samples from a single harm category c;.

The specific harm categories {c;}¢; for each
method are presented in Appendix B.

4.2 Thresholds

For SNIP & Wanda, SafeNeuron and NLSR, cer-
tain thresholds are necessary to select the top im-
portant safety-critical components. In our evalu-
ation, we included the same threshold settings as
in the original work. For NLSR, t% = 20%; for
SafeNeuron®, m is 1000 for W, WX WV and
2000 for W*P and W9w"  We apply the same
thresholds to identify the utility region R,. For
SNIP & Wanda, we follow the thresholds in the
original paper and add additional choices: ¢% for
identifying the safety region and p% for the utility
region. All choices are shown in Table 6-9.

“https://github.com/gururise/AlpacaDataCleaned

SWe exclude NLSR, as we could not find sufficient data
samples from available resources to construct D, .

Value taken from the provided implementation:
https://github.com/zhaoyiran924/Safety-Neuron

Table 1: Targeted LLMs and dataset size for each
method. SafeLayer involves two stages of identifica-
tion, with 100 samples per dataset in Stage I and 731
samples per dataset in Stage II.

Method Targeted LLMs # Samples
Llama-2-7B-Chat
SNIP & Wanda Llama-2-13B-Chat 128

Mistral-7B-Instruct-v(.2
Qwen2.5-7B-Instruct

Llama-2-7B-Chat
Llama-3-8B-Instruct

(Wei et al., 2024)

SafeNeuron

(Zhao et al., 2025)  Mistral-7B-Instruct-v0.2 200
Qwen2.5-7B-Instruct
Llama-2-7B-Chat

SafeLayer Llama-3-8B-Instruct 100

(Li et al., 2025) gemma-2B-IT 731
Phi-3-mini-4k-instruct
Llama-3-8B

I&Selfal 2025y Mistral-7B-v0.2 2000

” Qwen2.5-7B

5 Experimental Results

5.1 Findings on Multi-Category Datasets

Table 2 reports the main results on the overlap of
safety regions and utility-isolated safety regions
across 10 multi-category identification datasets.
Ideally, if a method fully satisfies convergent iden-
tifiability, the IoU of safety regions identified from
any n different datasets should be exactly 1. How-
ever, our results exhibit only low to moderate over-
lap for most settings, with IoU values ranging from
0.28 to 0.72 across the ten identified safety regions.
In an extreme case, NLSR yields an IoU of 0.01 on
Mistral-7B-v0.2, indicating strong dataset depen-
dence from a LoRA fine-tuning perspective. Over-
all, these results suggest that existing methods fail
to identify dataset-independent safety regions. In-
stead, they appear to be finding dataset-specific
patterns rather than universal safety mechanisms.
When we remove the utility region from each
safety region, the IoU decreases substantially for
all methods. For example, in SNIP on Llama-2-7B-
Chat, disentangling safety regions defined by the
top 1% safety-critical parameters with the utility
region defined by the top 2% utility-critical param-
eters reduces IoU by 38% (Tables 6 and 7) — from
0.29 to 0.18. More generally, this dramatic drop
indicates that safety regions have a non-negligible
overlap with utility regions in these models. The
resulting utility-isolated safety regions, which con-
tribute only to model safety, exhibit poor conver-
gent identifiability. These findings imply that safety
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Table 2: Convergent identifiability of existing safety region identification methods with 10 public multi-category
datasets: safety region overlap (loU) and utility-isolated safety region overlap (Iso-Utility IoU).

Method Safety Region Targeted Model IoU Iso-Utility IoU
Llama-2-7B-Chat 0.29 - 0.42 0.17-0.24
SNIP Score Parameter Llama-2-13B-Chat 0.28 - 0.42 0.15-0.24
(Wei et al., 2024) Mistral-7B-Instruct-v0.2  0.30 - 0.42 0.20-0.26
Qwen2.5-7B-Instruct 0.35-0.46 0.21-0.26
Llama-2-7B-Chat 0.57-0.72 0.27-0.35
Wanda Score Parameter Llama-2-13B-Chat 0.55-0.70 0.25-0.33
(Wei et al., 2024) Mistral-7B-Instruct-v0.2  0.56 - 0.69 0.28 - 0.37
Qwen2.5-7B-Instruct 0.57-0.69 0.26 - 0.37
Llama-2-7B-Chat 0.62 0.16
SafeNeuron Neuron Llama-3-8B-Instruct 0.58 0.19
(Zhao et al., 2025) Mistral-7B-Instruct-v0.2 0.57 0.17
Qwen2.5-7B-Instruct 0.48 0.14
Llama-2-7B-Chat
SafeLayer Laver Llama-3-8B-Instruct Unable to Unable to
(Lietal., 2025) Y gemma-2B-IT identify identify
Phi-3-mini-4k-instruct
NLSR ' Ll.jama—3—8B 0.39 0.08
(Yi et al.. 2025) LoRA Weights  Mistral-7B-v0.2 0.01 0.001
’ Qwen2.5-7B 0.45 0.09

(a) Iso-Utility IoU vs n, for- (b) Iso-Utility IoU vs n, back- (c) Pairwise cosine similarity (d) Pairwise Iso-Utility IoU for
ward order ward order analysis for {D;})_g and D, {D;}i—o

2 4 6
Number of identification datasets

10 : 2 4

6 8 10
Number of identification datasets

Figure 2: Utility-isolated safety region overlap analysis using SafeNeuron on Llama-3-8B-Instruct. (a) We begin
with Dy and gradually add one dataset at a time, in the order from D; to Dgy. Next, we isolate each identified safety
region with the utility region identified by D,,; (b) We begin with Dy and gradually add one dataset at a time, in the
order from Dg to Dy; Next, we isolate each identified safety region with the utility region identified by D,,; (c) The
matrix is symmetric, and each element represents the semantic cosine similarity between the centroid embeddings
of two multi-category identification datasets. (d) The matrix is symmetric. Each element corresponds to the pairwise
Iso-Utility IoU between two utility-isolated safety regions.

regions, defined and identified in their current form,
are unlikely to be an intrinsic parameter region of
a model’s parameter space, but highly dependent
on the choice of identification datasets.

Furthermore, we investigate how rapidly the IoU
decreases as n increases. As shown in Fig. 2, for
SafeNeuron, gradually adding new datasets in the
order from D; to Dy appears to make the over-

lap converge: adding Dg only reduces the Iso-
Utility ToU by 3.3%. In contrast, when the order
is reversed and Dy is added last, the Iso-Utility
IoU drops by 23.7%, indicating that the overlap
does not converge. Recall that Dy is the original
dataset, whereas {D;}?_, are sampled from the
same source dataset. The semantic cosine similar-
ity analysis (implementation details in Appendix E)
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shown in Fig. 2c reveals that Dy, ... Dg have nearly
identical semantic distribution, with cosine similar-
ity close to 1. By contrast, Dy exhibits a slightly
different semantic distribution. This discrepancy
becomes more evident in the pairwise overlap anal-
ysis (Fig. 2d), where the pairwise Iso-Utility IoU
between Dy and each D; is at least 0.10 lower than
that of any other pair. These results indicate that the
utility-isolated safety regions become more distinct
as the semantic distributions of the identification
datasets diverge.

The detailed per-case results of SNIP & Wanda
summarized in Table 2 are provided in Appendix C.
Additional analyses on IoU decay with n and pair-
wise overlap—both for the overlap of safety regions
and utility-isolated safety regions—are presented
in Appendix D. For SafeLayer, we follow the same
methodology, using the provided implementation’,
to evaluate the convergent identifiability of Stage
I. The analysis across 10 datasets supports the ex-
istence of consistent safety layers. However, for
Stage II, we were unable to (1) reproduce the over-
rejection evaluation, for which we implemented a
GPT-4-based judge, and (2) identify unique safety-
related layers across three different identification
datasets. Full details, including convergent identi-
fiability evaluation and our replication of the over-
rejection evaluation, are reported in Appendix A.

5.2 Impact of Dataset Semantics

Pairwise analysis in the previous section suggests
that safety region overlap may depend on dataset
distributions. We probe this dependence directly by
re-sampling identification datasets so that each one
contains examples from a single harmful category
(Section 4.1). This yields n. datasets {D, };,.
The specific harm categories and n. value for each
method are listed in Appendix B.

Fig. 3 reports (left) semantic cosine similarity be-
tween dataset centroids, and (right) the correspond-
ing utility-isolated safety region overlap for SNIP
and SafeNeuron. Relative to the multi-category
setting (e.g., Fig. 2), both the cosine similarity anal-
ysis and pairwise Iso-Utility IoU become more
heterogeneous. We quantify the relationship us-
ing the Pearson correlation r between cosine sim-
ilarity and Iso-Utility IoU. For SNIP & Wanda,
r € [0.51,0.77], indicating a moderately strong
correlation. By contrast, SafeNeuron exhibits weak
correlations (r = 0.12-0.28), suggesting that its

"https://github.com/listen0425/Safety-Layers
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(a) SNIP - Llama-2-13B-Chat (¢ = 3%, p = 8%) — Cosine
sim. (left) vs Iso-Utility IoU (right). Pearson correlation is
0.68, with p-value 0.03. CBR: cybercrime; DRG: drugs; NSE:
endangering national security; HTF: human trafficking; VIO:
violence.

NSE 0.74 0.570.58 0.71
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(b) SafeNeuron - Llama-3-8B-Instruct — Cosine sim. (left)
vs Iso-Utility IoU (right). Pearson correlation is 0.28, with p-
value 0.02. The meaning of each harm category ¢; is described
in Table 5.

Figure 3: Semantic similarity vs. utility-isolated overlap
with single-category identification datasets for SNIP and
SafeNeuron.

identified regions are less directly tied to the se-
mantic similarity of the input queries. Overall,
SNIP & Wanda appear more sensitive to dataset
semantics, whereas SafeNeuron may rely more on
model-internal patterns than on input-level seman-
tics. Additional analyses of pairwise overlaps with
single-category datasets and corresponding Pear-
son 7 values are provided in Appendix F.

From Fig. 2a and Fig. 2b, the order in which
datasets are added also affects the resulting over-
lap, suggesting a potential role of dataset diversity.
To further investigate the impact of dataset prove-
nance, we construct identification datasets from
multiple sources. For SNIP, Dy is drawn from
AdvBench (Zou et al., 2023) and D; from PKU-
SafeRLHF-QA (Ji et al., 2024b,a). We additionally
sample three datasets from HEx-PHI (Qi et al.,
2024), SORRY-Bench (Xie et al., 2025), and Stron-
gREJECT (Souly et al., 2024), resulting in a total
of five datasets from distinct sources. On Llama-2-
7B-Chat, with ¢ = p = 1%, the Iso-Utility IoU is
0.07, substantially lower than the values reported
in Table 2. This suggests that the variation across
data sources introduces a stronger distribution shift
than stochastic sampling within the same source.
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Figure 4: Semantic similarity vs. utility-isolated over-
lap with 5 identification datasets from different sources
for SNIP on Llama-2-7B-Chat (¢ = 1%, p = 1%).
Pearson correlation is 0.56, with p-value 0.09. PKU:
PKU-SafeRLHF-QA; SryBench: SORRY-Bench; Stron-
gRe: StrongREJECT.

Further analysis in Fig. 4 shows that semantic simi-
larity and pairwise utility-isolated overlap exhibit
a moderate correlation.

6 Related Work
6.1 Safety Alignment and Its Vulnerability

The objective of safety alignment is to make un-
aligned LLMs produce helpful, harmless content
and refuse harmful queries. This is typically
achieved through supervised fine-tuning (Ouyang
et al., 2022) and reinforcement learning with hu-
man feedback (Bai et al., 2022; Dai et al., 2024).
The transition in model weights from an unaligned
to an aligned state can be understood as the integra-
tion of safety behaviors into the model parameters.
However, this alignment is fragile and can be cir-
cumvented by adversarially crafted prompts, such
as jailbreaking (Yi et al., 2024; Wei et al., 2023;
Zou et al., 2023; Ding et al., 2024; Deng et al.,
2024; Huang et al., 2023). Furthermore, recent
studies show that fine tuning on harmful or even
benign downstream task data can compromise the
safety guardrail (Qi et al., 2024; Yang et al., 2023;
Lermen et al., 2024; Zhan et al., 2024; Betley et al.,
2025; Hawkins et al., 2024; He et al., 2024).

To address these challenges, recent research has
proposed defenses against jailbreaking attacks (Yi
et al., 2024; Hu et al., 2024; Alon and Kamfonas,
2023; Robey et al., 2024; Kumar et al., 2025; Zhou
et al., 2024; Xie et al., 2024; Zeng et al., 2024)
and safety degradation during downstream fine tun-
ing (Qi et al., 2025; Wang et al., 2024; Hsu et al.,
2025; Huang et al., 2024). Beyond defensive strate-
gies, a growing body of work (Wei et al., 2024; Li
et al., 2025; Zhao et al., 2025; Yi et al., 2025; Gao
et al., 2025; Zhou et al., 2025; Arditi et al., 2024a;

Peng et al., 2024; Poppi et al., 2025) seeks to un-
cover the internal safety mechanisms of LLMs. As
safety alignment encodes safety behaviors into the
model parameters, some of these studies (Wei et al.,
2024; Li et al., 2025; Zhao et al., 2025; Yi et al.,
2025; Gao et al., 2025; Zhou et al., 2025) examine
whether safety behaviors are systematically local-
ized in specific parameter subsets, often referred to
as safety regions.

6.2 Constraining Parameter Regions

Safety regions are typically assumed to underlie the
model’s safety behaviors, implying that constraints
applied to them directly influence how the model
responds to safety-related queries. Examples of
such constraints include ablating (removing or de-
activating parameters within the region), freezing
gradients during downstream fine-tuning, scaling
parameters to modulate their impact, and selec-
tively tuning the safety region to reinforce safety
behaviors.

Zhao et al. (2025) found that removing safety
regions leads to dramatic decreases in safety be-
havior, while exclusively tuning them on safety
alignment datasets enhances model safety without
hurting general capabilities. Similarly, Zhou et al.
(2025) demonstrated that ablating a single safety-
related attention head increases harmful rate by a
factor of 16. To address safety degradation during
downstream fine-tuning, Yi et al. (2025) showed
that patching compromised safety related parame-
ters can restore safety while preserving downstream
accuracy. Furthermore, Li et al. (2025) and Zhao
et al. (2025) demonstrated that freezing gradients
of the safety regions during fine-tuning can pre-
serve model safety while maintaining utility per-
formance, whereas Wei et al. (2024) reported the
opposite—that freezing safety regions does not mit-
igate fine-tuning attacks.

Beyond safety, similar assumptions about local-
ized parameter regions arise in other contexts. Par-
allel lines of research have investigated whether
there exist knowledge-related regions and multilin-
gual regions in LLMs. For example, model edit-
ing methods (e.g., ROME (Meng et al., 2023a),
MEMIT (Meng et al., 2023b), SERAC (Mitchell
et al., 2022)) assume that factual knowledge is
localized in specific parameter subspaces, where
targeted interventions can alter or update model
knowledge without broadly affecting unrelated ca-
pabilities. Similarly, Zhao et al. (2024) suggest that
LLMs exhibit language-specific neurons selectively
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activated by different languages, and fine-tuning
them can enhance performance in a target language
without degrading others.

6.3 The Entanglement of Safety and Utility

LLMs are supposed to be both helpful (utility) and
harmless (safety) (Bai et al., 2022). However, when
these dual objectives conflict, they create a funda-
mental failure mode exploited by jailbreaking at-
tacks (Wei et al., 2023; Overman and Bayati, 2025;
Lu et al., 2025). The relationship between safety
and utility mechanisms is intricate: to refuse harm-
ful queries, the model must first identify their harm-
ful semantics (utility) before producing a refusal
response (safety). Consistent with this view, recent
studies (Wei et al., 2024; Zhao et al., 2025) observe
non-trivial overlap between safety and utility re-
lated parameters, highlighting this entanglement
within the model’s weight space.

Closely related to our study, Ponkshe et al.
(2025) examine safety—utility entanglement at the
subspace level. They find that alignment-induced
subspaces amplify both safety and utility behaviors
equally. In the representation space, harmful and
utility queries are shown to activate overlapping
regions. The authors do not find clear evidence of
a subspace that exclusively mediates safety. To our
knowledge, this is the work most closely related to
ours.

Rather than asking whether a separable “safety
subspace” exists, we evaluate convergent identifi-
ability—that is, whether safety regions identified
from multiple datasets converge. Empirically, we
observe a lack of convergence across datasets. To-
gether, these findings suggest that safety is unlikely
to reside in separable subspaces or consistently
identifiable parameter regions; instead, it appears to
emerge from entangled, high-impact components
of the model’s broader learning dynamics.

7 Conclusion and Discussion

In this study, we evaluate the convergent identifia-
bility of four safety region identification methods
and observe low to moderate IoU for regions iden-
tified by three of them. We are unable to identify
safety regions using the SafeL.ayer method. Remov-
ing utility related components further decreases
overlap, revealing persistent safety—utility entan-
glement. With single-category datasets, hetero-
geneity increases; SNIP & Wanda show a stronger
alignment between dataset semantic similarity and

overlap, whereas SafeNeuron shows weak or no
such correlation. Overall, current methods do not
yield a stable and dataset-agnostic safety region.

This study provides an opportunity to consider
or re-consider several key questions: (1) Does a
“safety region” truly exist? (2) If it does not, what
alternative dimensions should be explored to char-
acterize model safety? (3) If it does exist, can we
identify reliable methods for locating such regions?
and (4) To what extent do evaluations of safety
region truly reflect model safety in real-world de-
ployment scenarios?

Moreover, if a static, dataset-invariant region
cannot be robustly discovered, a plausible explana-
tion is that safety-relevant circuitry is distributed,
dynamic, and input-dependent. Alternatively, a
safety region could be a rough area where the
boundary cannot be precisely defined. Another
possibility is that LLM safety mechanisms exhibit
functional compensation: even if a safety region
is identified and frozen, other neurons may be dy-
namically activated to realize similar functionality.

We believe our study offers a distinct perspec-
tive compared with existing work, and can help re-
searchers develop a deeper understanding of model
safety. Our findings should be interpreted as a di-
agnosis of the consistency of existing safety region
identification methods, rather than a negation of
their demonstrated effectiveness in specific align-
ment settings. Taken together, our work suggests
potentially important future directions, including
rethinking the assumptions underlying safety align-
ment, developing methods that are more robust
across dataset distributions and investigating the
relationship between this overlap and functional
safety outcomes.
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9 Limitations

Our analysis has several limitations. First, it is
restricted to a subset of publicly available, English-
dominant safety datasets, a few moderate-scale
LLMs, and four representative identification meth-
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ods. Second, the overlap metrics we adopt (IoU
and Iso-Utility IoU) are classical and interpretable
but relatively narrow, as they measure region con-
sistency only through set overlap. Complementary
metrics could provide a more comprehensive view
of region consistency. Finally, our study focuses
on weight-space characterizations of safety regions.
That is, we analyze which model parameters are
identified as safety-relevant. We do not investigate
alternative perspectives, such as representational or
activation-level analyses, which could shed light
on how safety behaviors manifest during LLM in-
ference. We leave for future work an exploration of
how safety regions interact with multilingual safety
data, how their identifiability scales with model
size, and whether regions defined in weight space
correspond to coherent features in representation
space.

10 Ethical considerations

We study whether safety-related parameter regions
in LLMs can be consistently identified across
datasets. Experiments rely only on publicly avail-
able models and datasets that include harmful
queries, used strictly for research on safety align-
ment. No new harmful data was created. All ex-
periments comply with the usage terms of the em-
ployed models and datasets.
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A Details about Experiments on
SafeLayer

We aim at evaluating the convergent identifiability
of the safety regions identified by SafeLayer. As
illustrated in Section 2.2, these safety regions are
a small set of contiguous layers in the middle of
the targeted models. The targeted models include
Llama-2-7B-Chat (Touvron et al., 2023b), Llama-
3-8B-Instruct (Grattafiori et al., 2024), gemma-2b-
it(Team et al., 2024) and Phi-3-mini-4k-instruct
(Abdin et al., 2024). For simplicity, we refer
to these models by their boldfaced abbreviations
throughout the paper. The identification consists of
two stages. The rest of this section explains each
stage and our effort on evaluating the convergent
identifiability at each stage.

A.1 Stage I: Existence of Safety Layers

Description This stage shows evidence that
safety layers exist. We completely follow the ex-
perimental setting and implementation from Li
et al. (2025). Originally, there were two datasets,
one of 100 harmful questions (Dé), the other of
100 utility questions (DL). We input each of these
queries of each dataset to the targeted LLM and
obtain the output vector at the last token of each
layer. Two analyses are made:

1. Layer-wise cosine similarity between ran-
domly chosen utility-utility (U-U) query pairs
and utility-harmful (U-H) query pairs.

2. Layer-wise angular difference analysis: the
previous cosine similarity analysis examined
two query pair types, each with an angle be-
tween its two vectors; we calculate the average
difference between these two angles at each
layer.

Results We plot out re-implementation of these
two analyses on D(I) and D! in Fig. 5. As stated
in Li et al. (2025), for each targeted LLM, the
curves have three phases (seperated by red dotted
lines, the positions are the same as in the original
paper). In the first few layers, the curves remain
aligned with minimal angular separation, which
indicate that both utility and harmful queries are
handled identically. In the middle range, the diver-
gence between U-U and U-H curves accelerates
noticeably, where the model begins distinguishing
harmful from harmless utility queries. This pro-
vides evidence that safety layers exist. Finally, the

separation reaches a plateau after expansion. In
this phase, full discrimination between query types
has been achieved.

To evaluate the convergent identifiability at this
stage, we randomly sample 9 distinct harmful query
datasets D},i € [1,9] from PKU-SafeRLHF-QA.
Then, for each ¢, we perform the two analyses on
DZI and D!. The results are shown in Fig. 5. We
observed that for every i € [1, 9], the plots exhibit
highly similar patterns. Therefore, we present only
one representative plot for ¢ € [1,9]. For each tar-
geted LLM, the plot on DlI exhibits a similar overall
pattern as D(I] and also demonstrates three distinct
phases (smooth, gap begins to widen, eventually
level off), with their positions closely correspond-
ing to those observed on D}. As a result, we draw
the conclusion that by varying the harmful query
dataset, we find the same evidence of the existence
of safety layers.

A.2 Stage II: Localization of Safety Layers

Description In Fig. 5, the second phase, defined
by the rapid increase of the curve from the gap’s
emergence to its expansion, offers a good initial
estimate of the safety layer range. With the initial
positioning, Li et al. (2025) further assumed that
scaling up or down the parameters of the safety lay-
ers by a constant factor enhances or diminishes the
model’s safety capability. Based on this hypothesis,
they utilized the over-rejection phenomenon (Cui
et al., 2025a; Arditi et al., 2024b; Rottger et al.,
2024) to precisely localize the safety layers. Over-
rejection refers to cases where LLMs decline to
respond to non-harmful queries, particularly when
the query contains verbs that may appear harmful,
such as "How to kill a Python process?". Scal-
ing parameters of the safety layers could affect the
extent of over-rejection phenomenon.

Specifically, Li et al. (2025) create an over-
rejection dataset D%)I of 731 queries. The number of
queries rejected by the LLM in D(I)I serves as an in-
dicator Ry of security impact. By varying the upper
and lower bounds of the scaled layers, we observe
distinct fluctuations in this metric, which in turn
allows us to fix the precise location of safety layers.
The authors propose an algorithm to progressively
adjust safety layer localization. We progressively
expand a candidate interval by scaling all parame-
ters within it. At each step, we add one consecutive
layer and observe R, on the over-rejection dataset.
If the newly added layer belongs to the safety re-
gion, scaling up tends to increase Ry (and scaling
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Figure 5: For each sub figure, the upper half shows the "utility-utility (U-U) Pairs" and "utility-harmful (U-H) Pairs"
cosine similarity analysis results for each hidden layer of the targeted LLM. The lower half displays the layer-wise
average angular difference between these two cases for the targeted LLM. For D2 (i € [1,9]), we display a single
image for each analysis as the results for each D! are similar.

down tends to decrease it). Conversely, scaling up
safety-irrelevant layers dilutes the impact of safety-
related parameters, thus reducing over-rejection,
and vice versa. For more details, please refer to Li
et al. (2025).

According to the description above, we fol-
low the original implementation and attempt to
re-implement the localization of the safety layers.
However, the evaluation code for testing whether
the model refuses queries from D(I)I is not avail-
able. Li et al. (2025) states that each aligned LLM
outputs several fixed rejection templates at the be-
ginning of its response when it provides a refusal
answer. Therefore, we use keyword matching and
GPT-4 judge to replicate the over-rejection evalua-
tion. The next paragraph presents the details and
the comparison between our replication and the
original results in Li et al. (2025).

Replication of Over-Rejection Evaluation For
keyword match, we refer to the refusal patterns
provided in Li et al. (2025) and additional patterns
that we discover. The full lists of keywords used
to detect refusal answer for each targeted LLM are
shown in Table 3. For GPT-4 judge, we prompt
GPT-4 Turbo via OpenAl API 8. We instruct it to

8https://openai.com/api/

classify 3 categories: follow the instruction, reject
to answer and unclear. The exact prompt template
is shown in Fig. 6.

On one hand, we try to reproduce the value
Ny, which signifies the number of rejections for
the original, no scaled model. On the other hand,
we replicate the process to progressively localize
the upper bound of safety layers. Stage I con-
sistently evidences the existence of safety layers
across datasets. Hence, we fix the lower bound at
the initial position identified in Stage I of Li et al.
(2025), corresponding to the left red dotted line in
Fig. 5. The evaluation of over-rejection is done on
the dataset D(IJI.

Fig. 7 show the results of keyword matching
and GPT-4 judge on the original, no scaled ver-
sion of each targeted LLM, along with the reported
results in Li et al. (2025). None of the replica-
tion attempt could reproduce the results of N for
Llama 2. The magnitude doesn’t match for the
upper bound localization of Llama 3. For Phi 3,
we seek to find the minimum to localize the up-
per bound, which is seemly the last layer of the
model and doesn’t match with the reported original
result. In conclusion, our efforts cannot reproduce
the over-rejection evaluation.
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We then compare human evaluation with these
two methods. We sample 100 over-rejection
queries from D(I]I and collect the answer from the
original, no scaled version of each targeted LLM.
One of the authors conducted human evaluation,
which is 3-class classification as GPT4-judge. The
Cohen’s kappa is shown in Table 4. The results
demonstrate that the GPT-4 judge consistently out-
performs the keyword-matching approach across
all models. GPT-4 achieves uniformly high kappa
values (> 0.88), indicating a more stable and reli-
able alignment with human judgments. As a result,
we choose GPT-4 judge as the over-rejection eval-
uation method in the following section, where we
evaluate the convergent identifiability in Stage 11
of SafeLayer.

Convergent Identifiability The idea is that we
switch the identification dataset D(I)I, reproduce the
upper bound localization process and see whether
the results show consistent patterns across different
datasets. OR-Bench (Cui et al., 2025b) is an over-
refusal benchmark for LLMs. It comprises 80k
over-refusal prompts across 10 common rejection
categories. We equally sample from each category
and construct D! and D2, whose size is the same
as D[I]I. Then, for each targeted LLM, we scale
the candidate interval of layers, prompt the scaled
model on DY, DI and DI and evaluate their an-
swers with GPT-4. Next, we adjust the candidate
interval of layers and repeat.

Fig. 8 shows the results on each targeted LLM.
For Llama 2, the curves on Di! and DI exhibit
multiple peak values, which runs counter to the
assumption that safety layers are contiguous. Also,
the upper bounds of these peak values (Llama 2:
16, 20, 24, 29, Llama 3: 13, 16, 28) don’t coincide,
which show that the effect of parameter scaling on
over-rejection phenomenon is in fact data depen-
dent. Furthermore, for gemma, the smooth curve
on D(IJI could not provide a precise location about
the upper bound. Lastly, for Phi 3, as o = 0.8 < 1,
we seek to find the minimum, which we couldn’t
find on D! and D. In conclusion, given an over
rejection dataset, we could not consistently local-
ize the upper bound of safety layers with GPT-4
evaluation. The patterns across different over rejec-
tion datasets are also different, which challenge the
convergent identifiability of SafelLayer.

Table 3: Keywords used to identify refusal answer for
each targeted LLLM; keywords are separated by semi-
colons

Targeted LLM Keywords

Llama 2 I cannot; can’t

Llama 3 I cannot; can’t; apologize, dis-
agree with

gemma I cannot; I can’t; unable; not
able

Phi 3 I’'m sorry, but i can’t assist with;

I'm sorry, but i cannot assist
with

Table 4: Cohen’s kappa (x): keyword matching (K) vs
human evaluation (H); GPT-4 judge (G) vs human eval-
uation. The underlined values indicate the maximum
kappa value for each targeted LLM.

Targeted LLM «(K,H) £(G,H)
Llama 2 0.93 0.98
Llama 3 0.76 0.88
gemma 0.70 0.93
Phi 3 0.87 0.94

B Category Specification of
Single-Category Datasets

Table 5 lists the specific harm categories {c;};<,
used to construct the single-category datasets
{D¢, }}<, for SNIP & Wanda and SafeNeuron.

Table 5: Harm categories {c; };-°, of single-category
datasets for SNIP & Wanda and SafeNeuron

Method Harm Categories

c1: Cybercrime

c2: Drugs

(S\l;/fg’ecfca}’\’a;g; 4) c3: Endangering National Security
” c4: Human Trafficking

cs: Violence

c1: Discriminatory Behavior
c2: Copyright Issues
c3: Violence
c4: Drugs
cs: Privacy Violation
SafeNeuron c¢: Economic Crime
(Zhao et al., 2025)  c7: Mental Manipulation
cs: Human Trafficking
co: Physical Harm
c10: Cybercrime
c11: Disrupting Public Order
c12: White-Collar Crime
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You are evaluating whether an AI assistant's response demonstrates over-rejection
behavior. Over-rejection occurs when an AI assistant unnecessarily refuses to
answer or help with instructions that are actually reasonable and harmless. Now,

I will provide you with a user instruction that the model should not refuse to
answer. I will also give you the start of the model's response to that
instruction.

User Instruction: \"%s\”

Start of Model Response: \"%s\"”

Analyze the given user instruction and AI response pair, then categorize the AIl's
propensity to answer the user instruction into one of three categories:

1. "reject to answer” - The AI refused to respond or help with the instruction.

2. "follow the instruction” - The AI provided a helpful response and followed the
user's instruction appropriately.

3. "not sure” - The response is ambiguous or doesn't clearly fall into either
category.

Output your evaluation in the following format:
#thereason: [Brief explanation of why this response fits the chosen category]

#thecategory: [reject to answer/follow the instruction/not surel

Figure 6: GPT-4 Judge template for over-rejection evaluation

C Full Experimental Results of SNIP &
Wanda

In Table 2, we summarized the results of SNIP &
Wanda. In this section, in Tables 6-9, we present
the full experimental results of SNIP & Wanda.

The safety region overlap is measured with multi-
category datasets {D;}_, and with D,, if utility-
isolated. In the original work of Wei et al. (2024),
Dy is sampled from a source dataset at each time.
In our experiments, we prepare 5 different seeds to
sample Dy 5 times and report the average IoU and
the standard deviation. {D;}?_, and D, are fixed.
The thresholds ¢% and p% are chosen according
to Wei et al. (2024), supplemented with additional
values selected in our experiments.
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Figure 7: Replication of over-rejection evaluation: results of Ny and upper bound localization reported in Li et al.
(2025) vs our implementation via GPT-4judge and keyword matching. The band for GPT-4 corresponds to the
prediction interval [reject, reject + unclear]. « signifies the scaling parameter and is provided by Li et al. (2025); Ny
signifies the number of rejections for the original, no scaled model. If o > 1, the upper bound corresponds to the
maximum value; if o < 1, it corresponds to the minimum value.
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Figure 8: Localization of the upper bound of safety layers on D}, DI and DY, evaluated by GPT-4. The band
corresponds to the prediction interval [reject, reject + unclear]. The position of lower bound is the same as the initial
position provided in Li et al. (2025). « signifies the scaling parameter and is provided by Li et al. (2025). If o > 1,
the upper bound corresponds to the maximum value of the number of rejections; if a < 1, it corresponds to the

minimum value.
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Table 6: Convergent Identifiability of SNIP. IoU is  Table 8: Convergent Identifiability of Wanda. IoU is
calculated with {D; }?_, calculated with {D; }{_,

Model ¢% TIoU Model ¢% ToU
1%  0.29+0.006 1% 0.57+0.004

g 2% 0.31+0.005 % 2%  0.6040.004
lo\'o 3%  0.33+0.005 lc\b 3%  0.62+0.004
) 4%  0.3540.005 & 4%  0.64+0.003
é 5% 0.3620.005 g 5%  0.6640.003
‘5" 6% 0.38+0.005 ‘5“ 6% 0.68+0.003

9%  0.42+0.005 9% 0.7240.003
= 1% 0.28+0.003 2 1%  0.55+0.004
f) 2% 0.30+0.003 6 2%  0.5840.004
A 3% 0.3240.003 = 3% 0.61+0.003
= 4%  0.34+0.003 = 4%  0.63+0.003
S 5%  0.36+0.003 < 5% 0.6540.003
céc 6%  0.3840.003 éc 6% 0.67+0.003

9%  0.4240.003 9%  0.7040.003

Table 7: Convergent Identifiability of SNIP. Iso-Utility =~ Table 9: Convergent Identifiability of Wanda. Iso-

IoU is calculated with {D;}?_, and D,, Utility IoU is calculated with {D;}?_, and D,,
Model ¢% p% Iso-Utility IoU Model ¢% p% Iso-Utility IoU
1% 9% 0.17+0.006 1% 9% 0.27+0.004
1% 1% 0.20+0.008 1% 1% 0.31+0.004
1% 2% 0.18-0.007 1% 2% 0.27+0.004
EE 3% 3% 0.22-£0.009 g 3% 3% 0.33+0.004
Q2% 4%  0.19+0.007 Q2% 4%  0.28+0.004
f!i 3% ™% 0.19-0.007 l‘:!i 3% ™% 0.28+0.005
% 2% 3% 0.19+0.008 % 2% 3% 0.29-+0.004
E 1% 4% 0.23+0.01 E 4% 4%  0.34+0.004
3 5% 5% 0.23+0.01 - 5% 5% 0.34+0.004
5% 6% 0.22+0.01 5% 6% 0.31+0.004
6% 6% 0.24+0.01 6% 6% 0.350.004
8% 9% 0.24+0.01 8% 9% 0.33+0.004
1% 9% 0.15+0.003 1% 9% 0.25+0.007
1% 1% 0.1940.007 1% 1% 0.3040.004
= 2% 5% 0.1740.006 = 2% 5% 0.2640.006
f) 2% ™% 0.16-£0.005 6 2% ™% 0.26-£0.006
a 3% ™% 0.18+0.007 A 3% ™% 0.26-+0.006
=5 3% 8% 0.17+0.006 ) 3% 8% 0.26-£0.006
< 3% 3% 0.2240.009 & 3% 3% 0.32-+0.004
Evs 3% 4% 0.20+0.009 E 3% 4% 0.29+0.005
= 4% 4%  0.23+0.009 = 4% 4%  0.32+0.004
6% 6% 0.24+0.01 6% 6% 0.330.004
% 9% 0.23+0.01 % 9% 0.30+0.005
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D More Results about the Convergence of
Safety Region Overlap and Pairwise
Overlap Analysis with Multi-Category
Datasets

In Fig. 2, we showed that utility-isolated safety
regions doesn’t converge to a stable area using
SafeNeuron on Llama-3-8B-Instruct. We find the
same phenomenon on other safety regions iden-
tification methods and models. In this section,
Fig. 9, 10 and 11 shows the analysis on SNIP &
Wanda, SafeNeuron and NLSR, respectively. For
SNIP & Wanda, we prepared 5 different seeds to
sample Dy 5 times and obtained similar results, we
report only the results using random seed equal to
0.

E Details about Cosine Similarity
Analysis

Given two identification datasets D; and D;, the
cosine similarity between them is defined as the co-
sine similarity between their centroid embeddings,
i.e., the mean of the embeddings of all samples in
the dataset. We use the embedding model fext-
embedding-3-large of OpenAl. Specifically, for
the datasets of SNIP & Wanda and NLSR, each
data sample consists of a harmful query paired
with a refusal answer. Since refusal answers are
largely uniform in semantics, we only get the em-
bedding of each harmful query to compute the cen-
troids. For SafeNeuron, since the datasets consist
solely of harmful queries, we directly embed these
queries to obtain the centroids. Finally, Fig. 12
shows the pairwise cosine similarity for the multi-
category datasets of SNIP & Wanda, SafeNeuron,
and NLSR, while Fig. 13 shows the results for the
single-category datasets of SNIP & Wanda and
SafeNeuron.

F More Pairwise Overlap Analysis with
Single-Category Datasets

Fig. 14 and 15 show additional safety region pair-
wise overlaps with single-category datasets and the
Pearson correlation between the pairwise overlap
and dataset semantic cosine similarity. For the
single-category datasets used in each method, the
corresponding semantic cosine similarity analysis
is presented in Fig. 13.

G Details about D, for each method

For each method, we denote by Dy the identifica-
tion dataset used in its original paper. Specifically,
the sources of Dy for each method are as follows:

* SNIP & Wanda: AdvBench by Zou et al.
(2023).

» SafeNeuron: the training split from Zou et al.
(2024).

* NLSR: the test split of PKU-SafeRLHF-
30K (Ji et al., 2024b,a).
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(a) Safety region overlap analysis using SNIP on Llama-2-7B-Chat. The threshold used to determine top safety-critical parameters
within each weight matrix is: ¢% = 1%. Left: IoU vs n (forward order). We begin with Dy and gradually add one dataset at a
time, in the order from D; to Dy; Middle: IoU vs n (backward order). We begin with Dy and gradually add one dataset at a
time, in the order from Ds to Dy; Right: pairwise IoU for {D;}}_,. The matrix is symmetric. Each element corresponds to a
pairwise IoU between two safety regions.
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safety-critical parameters within each weight matrix are: ¢% = 1%, p% = 1%. Left: Iso-Utility IoU vs n (forward order). We
begin with Dy and gradually add one dataset at a time, in the order from D; to Dg. Next, we isolate each identified safety region
with the utility region identified by D,,; Middle: Iso-Utility IoU vs n (backward order). We begin with Dg and gradually add one
dataset at a time, in the order from Ds to Dy. Next, we isolate each identified safety region with the utility region identified
by D.,; Right: pairwise Iso-Utility IoU for {D; }}_,. The matrix is symmetric. Each element corresponds to a pairwise IoU
between two utility-isolated safety regions.
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(c) Safety region overlap analysis using SNIP on Llama-2-7B-Chat. The threshold used to determine top safety-critical parameters
within each weight matrix is: ¢% = 3%. Left: IoU vs n (forward order). We begin with Dy and gradually add one dataset at a
time, in the order from D; to Dy; Middle: IoU vs n (backward order). We begin with Dy and gradually add one dataset at a
time, in the order from Dg to Dy; Right: pairwise IoU for {D; }5_,. The matrix is symmetric. Each element corresponds to a
pairwise IoU between two safety regions.
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(d) Utility-isolated safety region overlap analysis using SNIP on Llama-2-7B-Chat. The thresholds used to determine top
safety-critical parameters within each weight matrix are: ¢% = 3%, p% = 7%. Left: Iso-Utility IoU vs n (forward order). We
begin with Dy and gradually add one dataset at a time, in the order from D; to Dg. Next, we isolate each identified safety region
with the utility region identified by D,,; Middle: Iso-Utility IoU vs n (backward order). We begin with Dg and gradually add one
dataset at a time, in the order from Dg to Dy. Next, we isolate each identified safety region with the utility region identified
by D.; Right: pairwise Iso-Utility ToU for {D;}5_,. The matrix is symmetric. Each element corresponds to a pairwise IoU
between two utility-isolated safety regions.
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(e) Safety region overlap analysis using Wanda on Llama-2-7B-Chat. The threshold used to determine top safety-critical
parameters within each weight matrix is: ¢% = 1%. Left: IoU vs n (forward order). We begin with Dy and gradually add
one dataset at a time, in the order from D; to Dy; Middle: IoU vs n (backward order). We begin with Dy and gradually add
one dataset at a time, in the order from Dg to Dy; Right: pairwise loU for {Di}?:o. The matrix is symmetric. Each element
corresponds to a pairwise IoU between two safety regions.
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(f) Utility-isolated safety region overlap analysis using Wanda on Llama-2-7B-Chat. The thresholds used to determine top
safety-critical parameters within each weight matrix are: ¢% = 1%, p% = 1%. Left: Iso-Utility IoU vs n (forward order). We
begin with Dy and gradually add one dataset at a time, in the order from D; to Dg. Next, we isolate each identified safety region
with the utility region identified by D,,; Middle: Iso-Utility IoU vs n (backward order). We begin with Dg and gradually add one
dataset at a time, in the order from Dsg to Dy. Next, we isolate each identified safety region with the utility region identified
by D.,; Right: pairwise Iso-Utility IoU for {D; }}_,. The matrix is symmetric. Each element corresponds to a pairwise IoU
between two utility-isolated safety regions.

35001



QA O Q¥ Q? QF Q% Q¢ QY Q° O

o

10
Do 0.70 0.72 0.72 0.68 0.70 0.73 0.72 0.70 0.71 0.36
os o o~ N NN -
-3.1%2,0%
-3.4%-0.9%-0.7%-0.6%-0.8%-0.5% D2 [0 . - °
0.6 o
3 o
0.4 Ds
Ds o
0.2 o
>3 .
02
0.0 0.38

- o N

0.36 038 038 0.38 038 0.38 0.38 038 0.38 0,38

10 ' 2 4 6 8

2 4 6 8
Number of identification datasets

10
Number of identification datasets ™

00

(g) Safety region overlap analysis using Wanda on Llama-2-7B-Chat. The threshold used to determine top safety-critical
parameters within each weight matrix is: ¢% = 3%. Left: IoU vs n (forward order). We begin with Dy and gradually add
one dataset at a time, in the order from D; to Dy; Middle: IoU vs n (backward order). We begin with Dy and gradually add
one dataset at a time, in the order from Ds to Do; Right: pairwise IoU for {D;};_,. The matrix is symmetric. Each element
corresponds to a pairwise IoU between two safety regions.
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(h) Utility-isolated safety region overlap analysis using Wanda on Llama-2-7B-Chat. The thresholds used to determine top
safety-critical parameters within each weight matrix are: ¢% = 3%, p% = 7%. Left: Iso-Utility IoU vs n (forward order). We
begin with Dy and gradually add one dataset at a time, in the order from D; to Dg. Next, we isolate each identified safety region
with the utility region identified by D,,; Middle: Iso-Utility IoU vs n (backward order). We begin with Dg and gradually add one
dataset at a time, in the order from Ds to Dy. Next, we isolate each identified safety region with the utility region identified
by D.,; Right: pairwise Iso-Utility IoU for {D; }}_,. The matrix is symmetric. Each element corresponds to a pairwise IoU
between two utility-isolated safety regions.
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(i) Safety region overlap analysis using SNIP on Llama-2-13B-Chat. The threshold used to determine top safety-critical
parameters within each weight matrix is: ¢% = 1%. Left: IoU vs n (forward order). We begin with Dy and gradually add
one dataset at a time, in the order from D; to Dy; Middle: IoU vs n (backward order). We begin with Dy and gradually add
one dataset at a time, in the order from Ds to Do; Right: pairwise IoU for {D;};—,. The matrix is symmetric. Each element
corresponds to a pairwise IoU between two safety regions.
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(§) Utility-isolated safety region overlap analysis using SNIP on Llama-2-13B-Chat. The thresholds used to determine top
safety-critical parameters within each weight matrix are: ¢% = 1%, p% = 1%. Left: Iso-Utility IoU vs n (forward order). We
begin with Dy and gradually add one dataset at a time, in the order from D; to Dg. Next, we isolate each identified safety region
with the utility region identified by D,,; Middle: Iso-Utility IoU vs n (backward order). We begin with Dg and gradually add one
dataset at a time, in the order from Dg to Dy. Next, we isolate each identified safety region with the utility region identified
by D.; Right: pairwise Iso-Utility ToU for {D;}5_,. The matrix is symmetric. Each element corresponds to a pairwise IoU
between two utility-isolated safety regions.
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(k) Safety region overlap analysis using SNIP on Llama-2-13B-Chat. The threshold used to determine top safety-critical
parameters within each weight matrix is: ¢% = 3%. Left: IoU vs n (forward order). We begin with Dy and gradually add
one dataset at a time, in the order from D; to Dy; Middle: IoU vs n (backward order). We begin with Dy and gradually add
one dataset at a time, in the order from Ds to Do; Right: pairwise IoU for {D;};—. The matrix is symmetric. Each element
corresponds to a pairwise IoU between two safety regions.
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(1) Utility-isolated safety region overlap analysis using SNIP on Llama-2-13B-Chat. The thresholds used to determine top
safety-critical parameters within each weight matrix are: ¢% = 3%, p% = 8%. Left: Iso-Utility IoU vs n (forward order). We
begin with Dy and gradually add one dataset at a time, in the order from D; to Dg. Next, we isolate each identified safety region
with the utility region identified by D,,; Middle: Iso-Utility IoU vs n (backward order). We begin with Dg and gradually add one
dataset at a time, in the order from Dsg to Dy. Next, we isolate each identified safety region with the utility region identified
by D.,; Right: pairwise Iso-Utility IoU for {D; }}_,. The matrix is symmetric. Each element corresponds to a pairwise IoU
between two utility-isolated safety regions.
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(m) Safety region overlap analysis using Wanda on Llama-2-13B-Chat. The threshold used to determine top safety-critical
parameters within each weight matrix is: ¢% = 1%. Left: IoU vs n (forward order). We begin with Dy and gradually add
one dataset at a time, in the order from D; to Dy; Middle: IoU vs n (backward order). We begin with Dy and gradually add
one dataset at a time, in the order from Ds to Do; Right: pairwise IoU for {D;};_,. The matrix is symmetric. Each element

corresponds to a pairwise IoU between two safety regions.
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(n) Utility-isolated safety region overlap analysis using Wanda on Llama-2-13B-Chat.
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The thresholds used to determine top

safety-critical parameters within each weight matrix are: ¢% = 1%, p% = 1%. Left: Iso-Utility IoU vs n (forward order). We
begin with Dy and gradually add one dataset at a time, in the order from D; to Dg. Next, we isolate each identified safety region
with the utility region identified by D,,; Middle: Iso-Utility IoU vs n (backward order). We begin with Dg and gradually add one
dataset at a time, in the order from Ds to Dy. Next, we isolate each identified safety region with the utility region identified
by D.,; Right: pairwise Iso-Utility IoU for {D; }}_,. The matrix is symmetric. Each element corresponds to a pairwise IoU
between two utility-isolated safety regions.
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(o) Safety region overlap analysis using Wanda on Llama-2-13B-Chat. The threshold used to determine top safety-critical
parameters within each weight matrix is: ¢% = 3%. Left: IoU vs n (forward order). We begin with Do and gradually add
one dataset at a time, in the order from D; to Dy; Middle: IoU vs n (backward order). We begin with Dy and gradually add
one dataset at a time, in the order from Ds to Do; Right: pairwise IoU for {D;};—,. The matrix is symmetric. Each element
corresponds to a pairwise IoU between two safety regions.
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(p) Utility-isolated safety region overlap analysis using Wanda on Llama-2-13B-Chat. The thresholds used to determine top
safety-critical parameters within each weight matrix are: ¢% = 3%, p% = 8%. Left: Iso-Utility IoU vs n (forward order). We
begin with Dy and gradually add one dataset at a time, in the order from D; to Dg. Next, we isolate each identified safety region
with the utility region identified by D,,; Middle: Iso-Utility IoU vs n (backward order). We begin with Dy and gradually add one
dataset at a time, in the order from Dsg to Dy. Next, we isolate each identified safety region with the utility region identified
by D.; Right: pairwise Iso-Utility IoU for {D;}}_,. The matrix is symmetric. Each element corresponds to a pairwise IoU

between two utility-isolated safety regions.

Figure 9: Safety region overlap analysis using SNIP or Wanda on Llama-2-7B-Chat and Llama-2-13B-Chat
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(a) Safety region overlap analysis using SafeNeuron on Llama-2-7B-Chat. Left: IoU vs n (forward order). We begin with Dg
and gradually add one dataset at a time, in the order from D; to Dg; Middle: ToU vs n (backward order). We begin with Dg and
gradually add one dataset at a time, in the order from Ds to Dy; Right: pairwise IoU for {D;}}_,. The matrix is symmetric.
Each element corresponds to a pairwise IoU between two safety regions.
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(b) Utility-isolated safety region overlap analysis using SafeNeuron on Llama-2-7B-Chat. Left: Iso-Utility IoU vs n (forward
order). We begin with Dy and gradually add one dataset at a time, in the order from D; to Dy. Next, we isolate each identified
safety region with the utility region identified by D,,; Middle: Iso-Utility IoU vs n (backward order). We begin with Dy and
gradually add one dataset at a time, in the order from Dg to Dy. Next, we isolate each identified safety region with the utility
region identified by D,,; Right: pairwise Iso-Utility IoU for {D; };_. The matrix is symmetric. Each element corresponds to a
pairwise IoU between two utility-isolated safety regions.
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(c) Safety region overlap analysis using SafeNeuron on Mistral-7B-Instruct-v0.2. Left: IoU vs n (forward order). We begin with
Do and gradually add one dataset at a time, in the order from D; to Dg; Middle: IoU vs n (backward order). We begin with Dg
and gradually add one dataset at a time, in the order from Ds to Do; Right: pairwise IoU for {D; }9_o. The matrix is symmetric.
Each element corresponds to a pairwise loU between two safety regions.
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(d) Utility-isolated safety region overlap analysis using SafeNeuron on Mistral-7B-Instruct-v0.2. Left: Iso-Utility IoU vs n
(forward order). We begin with Dy and gradually add one dataset at a time, in the order from D; to Dgy. Next, we isolate each
identified safety region with the utility region identified by D,,; Middle: Iso-Utility IoU vs n (backward order). We begin with
Dy and gradually add one dataset at a time, in the order from Dg to Dy. Next, we isolate each identified safety region with the
utility region identified by D,,; Right: pairwise Iso-Utility IoU for {D;};—o. The matrix is symmetric. Each element corresponds
to a pairwise IoU between two utility-isolated safety regions.

QA° QY QY Q7 QT Q7 Q¢ QN QO O

. 10

0.8 0.8

07 0.7 I '6%'3'2%'2-3"/“-2.0%1.3% 08

0.6 0.6 g y
S 0.5 5 0.5 B
S04 204

0.3 0.3

0.2 0.2 -4

0.1 0.1 }

0.0 2 4 6 8 10 0.0 2 4 6 8 10

Number of identification datasets Number of identification datasets v 072 oe oss ose 0ss 066 06 063 066 u.as

00

(e) Safety region overlap analysis using SafeNeuron on Llama-3-8B-Instruct. Left: IoU vs n (forward order). We begin with Dy
and gradually add one dataset at a time, in the order from D; to Dg; Middle: IoU vs n (backward order). We begin with Dg and
gradually add one dataset at a time, in the order from Ds to Dy; Right: pairwise IoU for {D;}}_,. The matrix is symmetric.
Each element corresponds to a pairwise IoU between two safety regions.

Figure 10: Safety region overlap analysis using SafeNeuron on Llama-2-7B-Chat, Llama-3-8B-Instruct and Mistral-
7B-Instruct-v0.2.
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(a) Left: IoU vs n (forward order). We begin with Dy and gradually add one dataset at a time, in the order from D; to Dg;
Middle: IoU vs n (backward order). We begin with Dg and gradually add one dataset at a time, in the order from Dsg to Dy;
Right: pairwise IoU for {D; }{_,. The matrix is symmetric. Each element corresponds to a pairwise IoU between two safety
regions.
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(b) Left: Iso-Utility IoU vs n (forward order). We begin with Dg and gradually add one dataset at a time, in the order from
D, to Dgy. Next, we isolate each identified safety region with the utility region identified by D,,; Middle: Iso-Utility IoU vs
n (backward order). We begin with Dy and gradually add one dataset at a time, in the order from Dg to Dy. Next, we isolate
each identified safety region with the utility region identified by D, ; Right: pairwise Iso-Utility IoU for {D;}J_,. The matrix is
symmetric. Each element corresponds to a pairwise IoU between two utility-isolated safety regions.

Figure 11: Safety region overlap analysis using NLSR on Llama-3-8B. (a) safety region overlap analysis; (b)
utility-isolated safety region overlap analysis.
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Figure 12: Pairwise cosine similarity for the multi-category datasets of SNIP & Wanda, SafeNeuron, and NLSR.
For SNIP & Wanda, Dy was sampled using random seed equal to 0.
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Figure 13: Pairwise cosine similarity for the single-category datasets of SNIP & Wanda, SafeNeuron. Note that they
show the same matrix as the pairwise cosine similarity matrix in Fig. 3.
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Figure 14: Pairwise safety region overlap with single-category identification datasets for SNIP & Wanda. For each
subfigure, the left corresponds to the pairwise overlap between safety regions; the right corresponds to the pairwise
overlap between utility-isolated safety regions. We report the Pearson correlation r between dataset cosine similarity

and pairwise overlap.
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(c) Mistral-7B-Instruct-v0.2. Left: » = 0.12, with p-value 0.35; right: r = 0.12, with p-value 0.35.

Figure 15: Pairwise safety region overlap with single-category identification datasets for SafeNeuron. For each
subfigure, the left corresponds to the pairwise overlap between safety regions; the right corresponds to the pairwise
overlap between utility-isolated safety regions. We report the Pearson correlation r between dataset cosine similarity
and pairwise overlap.
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