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Abstract

With the widespread deployment of vision-language large models
(VLLMs), their safety alignment faces dual challenges across lan-
guages and modalities. Existing methods model multilingual and
multimodal safety separately, overlooking coupled risks between
low-resource-language instructions and visual contexts, which hin-
ders the detection of cross-lingual and cross-modal harmful intent
and the formation of robust safety boundaries. To address this, we
propose a neuron-level interpretable safety alignment framework
that identifies safety neurons and performs neuron-targeted safety
tuning to jointly mitigate multilingual and multimodal risks. Specif-
ically, we compare FFN representations elicited by harmful requests
and benign inputs to identify neuron activation strengths associated
with safety refusals. Next, we jointly model neuron activations and
corresponding down-projection columns to derive neuron-level
saliency, separating general multilingual and multimodal neurons
from safety neurons responsible for model defense. Finally, neuron-
targeted gradient masking restricts parameter updates to the safety
subspace spanned by the identified neurons, enabling precise and
interpretable safety enhancement. Extensive experiments show that
our method enhances multilingual and multimodal safety by tuning
only a few safety neurons, while preserving general capabilities.

CCS Concepts

« Computing methodologies — Artificial intelligence; Com-
puter vision; Natural language processing.
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1 Introduction

With the integration and widespread deployment of large language
models (LLMs) and vision-language large models (VLLMs) in real-
world applications [16, 37], model safety has become an increasingly
critical concern. As model capabilities and deployment scales con-
tinue to expand, LLMs and VLLMs, when misused or maliciously
exploited, may amplify the impact of harmful activities, including
financial fraud, social engineering attacks, malware generation, and
the spread of misinformation, thereby posing substantial societal
risks [18]. Against this backdrop, safety alignment aims to enable
models to reliably identify and refuse requests that are potentially
harmful or violate usage policies [2, 35], while global deployment
further requires this capability to effectively address the dual chal-
lenges posed by cross-lingual and cross-modal scenarios.

As shown in Figure 1(a), existing safety alignment methods have
made substantial progress in improving model robustness against
isolated multimodal or multilingual harmful requests. Multimodal
safety alignment methods extend safety capabilities from text-only
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Figure 1: Existing methods make VLLMs fairly robust to iso-
lated monolingual-multimodal or multilingual-unimodal
risks, but vulnerable to joint multilingual-multimodal risks.
Our method addresses this by probing and enhancing safety
neurons against multilingual-multimodal attacks while pre-
serving general capabilities.

LLMs to VLLMs [4, 7, 12, 31], effectively mitigating the safety risks
introduced by the visual modality [11, 21]. Meanwhile, multilingual
safety alignment methods [3, 32] extend English-centric safety ca-
pabilities to other languages, improving safety consistency across
different linguistic environments. These existing methods enable
models to handle isolated multilingual or multimodal harmful re-
quests with relative robustness.

However, as illustrated in Figure 1(b), real-world safety risks do
not always arise from a single dimension in isolation, but often man-
ifest as coupled harmful requests spanning multiple languages and
modalities. Nevertheless, existing methods have primarily evolved
along two independent directions. Multimodal safety alignment
mainly focuses on the differences between textual and visual in-
puts, but is typically designed and evaluated in monolingual set-
tings. In contrast, multilingual safety alignment focuses on trans-
ferring English-centric safety capabilities to non-high-resource
languages (NHRLs), while generally remaining confined to the
textual domain. Consequently, neither direction adequately cap-
tures the complex interactions between language and modality in
multilingual-multimodal harmful requests, hindering models from
recognizing harmful intentions across languages and modalities and
preventing the formation of robust safety boundaries. Moreover,
directly applying LoRA-based supervised fine-tuning suffers from
limited interpretability and unnecessary parameter updates, further
constraining its practicality. Therefore, existing approaches still
lack a unified and interpretable framework capable of simultane-
ously addressing multilingual and multimodal safety risks, thereby
limiting their effectiveness in global deployment.

To address the aforementioned issues, as illustrated in Figure 1(c),
we propose a neuron-level safety alignment framework that identi-
fies and target-tunes safety neurons across languages and modali-
ties, thereby mitigating unsafe responses generated by VLLMs to
multilingual and multimodal harmful requests in an interpretable
and lightweight manner. Specifically, we adopt a multilingual and
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multimodal harmful-request dataset covering ten languages and
categorize the samples into Image-Dominant and Text-Dominant
Risk according to their primary sources of risk, enabling us to probe
safety neurons across different modalities and languages. During
the safety neuron probing stage, we jointly consider each neuron’s
activation strength and downstream impact to measure neuron
salience and identify safety neurons. Meanwhile, we apply a set-
difference operation to exclude general-purpose neurons that also
play important roles in maintaining the model’s general capabilities,
thereby enabling more precise identification of safety neurons. Dur-
ing the tuning stage, we design a neuron-targeted gradient masking
mechanism for the LoRA B matrix, strictly constraining parame-
ter updates to the safety subspace corresponding to the identified
safety neurons and requiring updates to fewer than 0.03% of the
model parameters. We conduct extensive experiments across three
VLLM architectures, ten languages, and different modality-specific
risk types. The results demonstrate that our method effectively
improves model safety and generalizes to out-of-distribution mul-
tilingual and multimodal malicious scenarios, as well as common
open-world jailbreak attacks. The main contributions of our work
are summarized as follows:

e We propose a neuron-level safety probing and targeted en-
hancement framework for multilingual and multimodal VLLM
safety. By updating less than 0.03% of the parameters, our
method substantially improves safety while preserving mul-
tilingual and multimodal capabilities.

e We characterize VLLM safety at the neuron level. A small

set of functionally specific safety neurons is critical to model

defense. Masking them rapidly degrades safety while having
minimal impact on multilingual and multimodal capabilities.

We further find that safety disparities between high-resource

languages (HRLs) and non-high-resource languages (NHRLs)

are mainly associated with safety neurons concentrated in a

few middle-to-late layers.

Probing safety neurons across languages and modalities re-

veals moderate overlap, indicating partially shared safety

structures. Even zero-shot transfer of these neurons can par-
tially improve model safety in unseen scenarios.

2 Related Work

Multilingual and Multimodal Safety. Safety alignment in multi-
lingual and multimodal settings presents greater challenges than
in purely textual or monolingual scenarios. Prior studies show that
LLMs exhibit significant disparities in safety alignment across lan-
guages. LLMs generally demonstrate stronger safety alignment
in high-resource languages (HRLs), while non-high-resource lan-
guages (NHRLSs) often expose greater safety vulnerabilities. This gap
is commonly attributed to imbalanced multilingual training data
and limited safety supervision. Moreover, safety instructions largely
constructed around English frequently fail to generalize effectively
to other linguistic contexts [26, 32], and differences in cultural
and linguistic backgrounds further influence safety judgments and
risk perceptions [17]. From a multimodal perspective, multimodal
models inherit vulnerabilities from text-based LLMs [14, 43], while
visual inputs introduce additional attack vectors. Several studies fur-
ther demonstrate that embedding harmful content into visual inputs
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can more easily bypass existing safety mechanisms [11, 21]. How-
ever, current safety alignment approaches are typically designed for
either multilingual or multimodal settings in isolation—multilingual
methods aim to transfer safety capabilities from high-resource lan-
guages such as English to other languages [3, 32], whereas multi-
modal defenses rely on modality-specific strategies [4, 7, 12, 31],
leaving unified multilingual multimodal safety largely unexplored.
Neuron Mechanistic Interpretability. Mechanistic interpretabil-
ity has recently emerged as an important paradigm for understand-
ing the internal mechanisms of LLMs, with neuron probing serving
as a representative analytical approach [5, 29]. By leveraging tech-
niques such as activation-based analysis, causal interventions, and
neuron-level masking, prior studies have investigated how individ-
ual neurons contribute to various model behaviors, including factual
knowledge retrieval, reasoning, and hallucination [8, 10]. Recent
work has also explored the role of safety neurons in LLMs [15, 33],
while several studies have further examined safety neurons in multi-
lingual settings for pure-text LLMs [19, 40]. However, when VLLMs
are exposed to harmful requests spanning multiple modalities and
languages, the neurons associated with risks in different languages
and modalities remain largely unexplored.

3 Method

As illustrated in Figure 2, we introduce the overall pipeline of
our method through Input Scenarios, Safety Neuron Probing, and
Neuron-Targeted Safety Fine-Tuning, which together enable pre-
cise, targeted, and interpretable safety alignment for VLLMs.

3.1 Input Scenarios

To further investigate how safety neurons perceive and process
potential risks across different modalities and languages, we em-
ploy a multilingual and multimodal dataset of harmful requests
covering 10 distinct languages. The dataset contains risk informa-
tion conveyed through both images and text and is further divided
into Image-Dominant and Text-Dominant Risk types according
to the primary source of harm. This design enables a systematic
analysis of the activation patterns and functional differences of
safety neurons across diverse modality combinations and language
settings, thereby providing a more comprehensive understanding
of the internal safety mechanisms of VLLMs.

3.2 Safety Neuron Probing

Neuron Activation. Prior studies suggest that feed-forward net-
works (FFNs) in Transformer blocks act as key-value memories,
where knowledge-bearing neurons predominantly reside [9, 22].
Accordingly, our analysis focuses on the intermediate activations
within the FFN layers. Formally, for an input hidden state x € RY,
the FEN computes an intermediate representation h € R%» via a
gated projection as follows:

h=o (Wgatex + bgate) o) (Wupx + bup) , (1)

where Wgate, Wyp € Rim*d gre projection matrices, bgate and by,
are the corresponding bias terms, and o(-) denotes a nonlinear acti-
vation function. The intermediate representation is then projected
back to the model dimension:

y= Wdownh, (2)
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Figure 2: Pipeline of our framework. §3.1 Input Scenarios. We use multilingual-multimodal harmful requests in 10 languages,
covering Image-Dominant and Text-Dominant Risk, to identify safety neurons across languages and modalities. §3.2 Safety
Neuron Probing. Neuron importance is measured by activation strength and the corresponding column norm of Wyeyn, while
generic neurons are removed through set difference. §3.3 Neuron-Targeted Safety Fine-Tuning. Gradients of non-safety-neuron
rows in the LoORA B-matrix are masked, enabling parameter-targeting and interpretable safety tuning.

where Wgun € R?%m is the down-projection matrix. We define
the activation of the i-th neuron in layer ¢ as the corresponding
element of the intermediate vector h(*):

a” =n!", ie{1,....dn). 3)
This formulation directly connects the internal FFN representation
to individual neuron activations and provides the basis for our
safety probing mechanism.
Safety Probing and Neuron Saliency Estimation. To isolate
safety neurons across modalities and languages, we analyze acti-
vation patterns under two input distributions: Dypenign for benign
inputs and Dparmeul for harmful inputs that explicitly trigger safety-
aware refusal behavior. By contrasting the two distributions, we
identify neurons that are selectively associated with safety align-
ment rather than general-purpose processing. To quantify the con-
tribution of each neuron, we compute a saliency score that jointly
captures its activation magnitude and its influence on the layer
output. Specifically, the mean activation of neuron i at layer £ over
a dataset D is defined as:

() 1 ()
a,.=—— E a;”’ (x).
a2l b

©

The importance score Ii(f) (D) is then computed by multiplying the
average activation by the corresponding down-projection vector
and taking the £, norm:

700) = ), W] ©®)

where ng) denotes the i-th column of the down-projection matrix
W;QW. This score captures both the activation strength of a neuron
and its potential influence on the hidden representation. We further
normalize the importance scores within each layer to obtain the

neuron saliency distribution:
];(() (D)
Tim L(D) + ¢

where ¢ is introduced for numerical stability.
Safety Neuron Selection. For each layer ¢, we select the Top-K
neurons with the highest saliency scores on dataset D:

l {
740 = TopKic (1....dy) {5(@,)1-}’ )

where K = |p - dp, | and p denotes the intervention ratio. To ensure
that the selected neurons are specialized for safety rather than gen-
eral capabilities, we remove neurons that also exhibit high saliency
on benign multimodal inputs:

0 _ ()
Nshield - ‘7}—13rmful \

© _
SD,i -

(6)

g

benign*

®)

The resulting set N (h[l)el 4 contains the safety neurons in layer ¢,
thereby disentangling safety-related mechanisms from neurons
responsible for general multimodal knowledge and processing.

3.3 Neuron-Targeted Safety Tuning

To improve safety alignment while maintaining both parameter
interpretability and targeting, we propose a Neuron-Targeted Safety
Tuning strategy. The fine-tuning process is guided by the safety
neurons identified during the probing stage. Specifically, low-rank



adaptation (LoRA) is applied to the FFN matrices Wy, and Wggee,
where row-wise gradient masking confines the effective weight
updates to the identified safety-neuron subspace.

Neuron-Targeted Gradient Masking. We adopt the LoRA param-
eterization for the FFN weight matrices. Let W, € R%ut*dn denote
the frozen pretrained weights. The adapted weights are defined as:

W =W, +AW, AW =BA, (9)

where B € R%u*" and A € R"™*%n are the trainable LoRA matrices.
For each FFN layer £, we construct a row-wise binary mask M() e
{0, 1}%u>" according to the identified safety-neuron set Ns(h?el i@

M =1(i e N

Shield) ’ i€ {1’ s dout}, (10)

where I(-) denotes the indicator function. During backpropagation,
the gradient of the LoRA matrix B() is masked as:

Voo =MO 0V £, (11)

thereby confining the effective weight updates to the rows corre-
sponding to the identified safety neurons.

Safety-Aligned Objective. To optimize the model for safety while
preserving general capabilities, we employ a token-level cross-
entropy loss over safety-aligned responses. The overall training
objective is formally defined as:

L== > logP(T, | V.T; W), (12)

t€Tans

where V denotes the visual input, and 7, represents the token
indices corresponding to the safety-aligned response. The resulting
optimization strengthens safety behavior through neuron-targeted
parameter updates while maintaining model’s general capabilities.

4 Experiment
4.1 Experiments Setup

Datasets. To investigate neuron activation patterns in VLLMs
under multilingual inputs and multimodal risks, we use Lingua-
SafetyBench [27] as the primary benchmark for safety probing and
evaluation. It covers ten languages: Arabic @, Chinese @, English &,
French 15, German ™, Japanese ¢, Norwegian =, Finnish +, Rus-
sian ==, and Spanish =, and distinguishes Image-Dominant from
Text-Dominant Risk. The data are partitioned into disjoint subsets
for neuron probing and tuning and for evaluation, respectively.
To isolate safety neurons from general-capability neurons, we ad-
ditionally use multilingual benign samples from MMBench. We
evaluate general multimodal and multilingual capabilities on MM-
Vet [38] and MGSM [28], respectively, and assess over-refusal using
their benign samples together with XSTest [25]. Out-of-distribution
safety generalization is evaluated on SPA-VL [41], FigStep [11], and
MultiJail [6]. We further apply GCG [43], ImgJP [23], and BAP [36]
to AdvBench [43] to test open-world adversarial robustness.

Baselines. We compare representative multimodal and multilin-
gual safety baselines. Multimodal methods include ESCO [12],
which converts images into text to elicit intrinsic safety awareness,
and ASTRA [31], which steers VLLMs away from harmful represen-
tations. Multilingual methods include XSAFETY [32], which trans-
fers English safety through English-centered reasoning prompts,
and MLC [3], which promotes cross-lingual response consistency.
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We compare with the vanilla instruction-tuned model [39] and Self
Defense [24], which leverages VLLMs’ inherent safety capabilities.
Implementation. We evaluate Llama-3.2-11B-Vision-Instruct [13],
LLaVA-OneVision-1.5-8B-Instruct [1], Qwen3-VL-8B-Instruct [34],
denoted as Llama, LLaVA, and Qwen. All models use official weights
and greedy decoding. We apply a 0.03 intervention ratio across all
FFN layers with LoRA rank 8, learning rate 6 x 1074, 5 epochs, and
batch size 32. More details are provided in the Appendix.
Evaluation Metrics. We use attack success rate (ASR) as the pri-
mary safety metric, with Qwen-Guard [42] as the judge. Outputs
not labeled Safe are counted as successful attacks. Validation of
judgment is presented in Reliability of LLM Judgment. Utility is
evaluated by accuracy on MM-Vet and MGSM, while over-refusal
is measured by refusal and compliance rates on XSTest and benign
refusal rates on MM-Vet and MGSM.

4.2 Functional Roles of Safety Neurons

To examine the safety functions of the identified safety neurons,
we use recent Qwen model for analysis.

Strong Association with Safety. Figure 3 shows a significant neg-
ative correlation between the number of identified safety neurons
and ASR across languages. Specifically, the correlation reaches (r=-
0.810) with (p=0.0045) under Image-Dominant Risk and (r=-0.703)
with (p=0.0234) under Text-Dominant Risk. Languages associated
with more safety neurons generally exhibit lower ASRs, indicating
stronger safety robustness across both risk settings. This consistent
trend provides initial evidence that these neurons are closely related
to model safety across languages and risk modalities.

Core Defensive Role. Figure 4 further validates the functional
importance of safety neurons through targeted masking. Compared
with random masking, masking the identified safety neurons causes
a substantially greater degradation in safety performance, indicat-
ing that model safety is concentrated in a small subset of critical
neurons rather than being uniformly distributed throughout the
network. Average ASR across 10 languages increases sharply from
30.71 to 51.23 under Image-Dominant Risk, corresponding to a rel-
ative increase of 66.8%. Under Text-Dominant Risk, the ASR rises
from 19.57 to 58.44, corresponding to a relative increase of 198.6%.
These results demonstrate that the identified neurons constitute
core components of the model’s safety defenses and that disrupting
them substantially weakens resistance to harmful requests.
Safety Specificity. As shown in Table 1(a), although masking
the identified safety neurons leads to substantial degradation in
safety performance, its impact on general multilingual and multi-
modal capabilities remains limited and is comparable to masking
layer-matched random neurons. Specifically, both masking settings
achieve an MGSM score of 69.2, while their multimodal capability
scores are 65.3 and 66.1, respectively. The contrast between severe
safety degradation and minor changes in general capabilities sug-
gests that these neurons exhibit strong functional specificity. Rather
than broadly contributing to general language understanding or
multimodal reasoning, they tend to play a more specialized role in
safety-related processing and defense against harmful requests.
Effective Tuning Targets. Table 1(b) further shows that training
the identified safety neurons consistently outperforms training an
equal proportion of layer-matched random neurons. Under Image-
Dominant Risk, the two settings achieve average ASRs of 6.19 and
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Figure 3: Impact of the number of safety neurons on model
safety. Under both Image-Dominant Risk and Text-Dominant
Risk settings, the number of safety neurons shows a strong
negative correlation with the ASR across all languages.

Table 1: Safety specificity of identified neurons. Masking
them collapses safety with limited impact on general capa-
bilities, whereas random-neuron training yields less gains.

a: Safety Neurons Masking H b: Training Strategy Comparison

Setting ‘ Safety | ‘ General T H Setting ‘ Safety |
IR TR | MGSM MM-Vet || | R TR

M-RN | 2611 2074 | 69.2 65.3 Random | 7.66 7.34

M-SN | 51.23 5844 | 69.2 66.1 Ours 6.19 5.47

7.66, respectively, while under Text-Dominant Risk, their ASRs are

5.47 and 7.34. These gains cannot be attributed solely to sparse

parameter updates, as they rely on precise intervention in function-
ally relevant safety neurons. The identified neurons therefore serve

not only as key carriers of model safety but also as effective and

irreplaceable targets for target safety enhancement.

Beyond Generic Refusal Neurons. Given that our method sub-
stantially improves overall model safety, we further examine whether
safety-neuron-targeted tuning induces excessive refusal on benign

inputs. As shown in Table 2, on benign requests from XSTest, the

tuned model retains a 98% safe compliance rate, indicating that the

vast majority of legitimate requests are still answered appropriately.

Meanwhile, refusal rates on MGSM and MM-Vet remain largely

unchanged, with no increase on MGSM and only a slight rise from

6.80% to 7.34% on MM-Vet. These results further suggest that the

identified safety neurons do not merely encode indiscriminate or

template-based refusal behavior. Instead, they support selective

safety responses that reliably distinguish harmful requests from

benign ones, thereby improving safety robustness while preserving

the model’s ability to respond appropriately to legitimate multilin-
gual and multimodal inputs.

4.3 Main Results

(1) Safety Alignment Effectiveness. Table 3 presents the evalua-
tion results of three VLLMs, reporting ASR across ten languages un-
der both Image-Dominant and Text-Dominant Risk settings. Over-
all, our method achieves substantially lower ASR than all baselines
across different models and languages. Specifically, under Image-
Dominant Risk conditions, the average ASR of Llama and LLaVA
decreases from 23.61 and 20.87 to 4.21 and 6.07, respectively. Un-
der Text-Dominant Risk conditions, their ASR drops from 16.21
and 22.31 to 7.15 and 4.45. On Qwen, the representative multi-
modal safety methods ESCO and ASTRA achieve average ASRs
of 25.56/18.13 and 25.32/16.68 under Image-Dominant and Text-
Dominant Risk, respectively, while the recent multilingual safety

Vanilla M-RN M-SN

(a) Image-Dominant Risk (b) Text-Dominant Risk

"AR ZH EN FI FR DE JA NO RU ES AVG. AR ZH EN FI FR DE JA NO RU ES AVG.

Figure 4: Impact of different masking strategies on model
safety. M-RN and M-SN denote masking Random Neurons
and Safety Neurons, respectively. Masking Safety Neurons
causes a substantial ASR increase under both risk types, high-
lighting their critical role in model safety.

Table 2: Over-refusal evaluation on benign inputs. Targeted
safety-neuron tuning maintains high compliance with only
marginal changes in refusal rates.

. ‘ XSTest Benign Refusal Rate
Setting
‘ Safe Refusal | Safe Compliance T MGSM | MM-Vet |
Ours 2.00 98.00 0.00 7.34

SOTA baseline MLC reduces them to 12.22 and 6.68. In comparison,
our method further lowers the ASR to 6.19 and 5.47, outperforming
these baselines under both risk settings. These results suggest that
methods designed for either modality or language alone gener-
alize less effectively to multilingual multimodal safety scenarios,
while also demonstrating the advantages of neuron-level safety
optimization in jointly handling multilingual and multimodal risks.
(2) Training Strategy Ablation. Table 4 compares our neuron-
targeted tuning strategy with conventional LoRA fine-tuning in
terms of the average ASR across ten languages under both Image-
Dominant Risk (IR) and Text-Dominant Risk (TR) settings. Across
all three models and both risk settings, our method consistently
achieves lower ASR while updating substantially fewer parameters.
For Qwen, our method updates only 0.03% of the model parame-
ters, compared with 0.11% for conventional LoRA, yet reduces the
ASR to 6.19 and 5.47 under the IR and TR settings, respectively,
whereas LoRA obtains 7.22 and 6.88. Similar improvements are also
observed on Llama and LLaVA, indicating that the effectiveness of
the proposed strategy is not limited to a specific model architecture.
These results further demonstrate the importance of safety neurons
in model safety and show that precisely aligning these neurons
can achieve stronger safety performance with minimal parameter
updates, while avoiding unnecessary modifications to parameters
that are unrelated to safety alignment.

(3) General Capability Preservation. Table 5 presents the impact
of different safety-tuning strategies on the general multimodal and
multilingual capabilities of VLLMs. On both MM-Vet and MGSM,
our method preserves general capabilities more effectively than con-
ventional LoRA. Taking LLaVA as an example, LoRA reduces the
MM-Vet and MGSM scores from 47.1 and 59.5 to 30.0 and 48.0,
respectively, whereas our method achieves 51.0 and 63.1, even
slightly outperforming the vanilla model on both benchmarks. Sim-
ilar trends are observed for Llama and Qwen, where our method
maintains performance comparable to or better than their original
models, while LoRA causes noticeable capability degradation in
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Table 3: ASR on the evaluation set across ten languages under Image-Dominant and Text-Dominant Risk conditions. Our
method achieves the lowest ASR in most cases and outperforms all baselines on average.

Method AR® ZH®m ENx FI+ FRnn DE= JA. NO:= RU= ES= AVG
Llama [13] 2421 1786  21.83 2817 1746 2143 3730 952  30.16 2817 23.61
XSAFETY [32] 2659 1667  19.44 2738 913 1865 3175 992 1429 2619  20.00
ESCO [12] 2421 1746 2222 2778 1746 2103 3730 952 2976  28.17  23.49
ASTRA [31] 2460 2121 1627 2579  21.83 1587 2619 1587  27.78 2302 21.84
% | Self Defense [24] 2222 1468 1032 2381 1508 1706 2579 635 2976  21.03 1861
2 | MLC[3] 1548 1548 1270 2222 635 1468 2579 675 1468 17.86  15.20
= | Ours 159 119 595 952 040 238 1230 278 238 357 421
g [ILaVA[] 1468 21.83 1706 2619 2937 2738 992  29.76 1468 17.86  20.87
£ | XSAFETY [32] 13.89 2024 2024  19.84 2460 2778 833  23.02 1468 1905 19.17
£ | ESCO[12] 1429  19.84 1389 3095 2063 2222 992 2817 1468 17.46 19.21
& | ASTRA [31] 111 952 1190 873 952 1151 437 992 1190 1111  9.96
5 | Self Defense [24] 1270 1548 1032  23.02 1865 1468 794 1389 1032 1230 13.93
e | MLC [3] 1429 1270 952 1389 1548 1111 833 1667 1151  9.92 1234
E | Ours 437 040 198 675 1310 516 040 754 992 1111  6.07
= [ Qwen [34] 3135  25.00 1429 3611 3413 2738 3849  28.17 4524 2698 30.71
XSAFETY [32] 2579  19.84 1468 3294 3214 2817 3492 2262 3770 2421  27.30
ESCO [12] 2421 1746 1389 3413 2817 2262 3175 2341 3651 2341 2556
ASTRA [31] 2857  20.24 1746  30.56 2540 2381 3175 2381 2817 2341 2532
Self Defense [24] ~ 19.05  20.63 1230 2341 2500 23.02 2540  21.83 3452 1746  22.26
MLC [3] 913 278 119 2143 1746 1825 1310 1111  20.24  7.54  12.22
Ours 357 040 198 17.06 9.92 1270 238 476 635 278 6.19
Method AR®m ZH®m EN= FI+ FRn DE= JA. NO:= RU= ES= AVG
Llama [13] 1602 2227 508 3047 195 1172 2734 1133 1641 1953 16.21
XSAFETY [32] 2969 3125 586 2891 430 1797 23.83 1758 2148 2227  20.31
ESCO [12] 1562  21.88 508 3047 195 1172 2734 1094 1602 1953  16.06
ASTRA [31] 21.88 2011 312 2852 1289 17.19  39.06 1758  17.58  12.89  19.08
s | Self Defense [24]  17.19  10.94 273 2852 195  10.94 2852 938 1211 1797  14.03
2 | MLC [3] 898 1172 195 2539 195 195 1992 391  7.03 508 879
& | Ours 781 352 234 2227 156 039 1992 078 586 703 7.15
£ | LLaVA[l] 2344 13.67 1836  23.05 2617 3125 1445 2305 2656 2305 2231
£ | XSAFETY [32] 21.09  30.08 2734 2500 2539 3281 2344 2500 2422 2227 2566
'E | ESCO[12] 2305 1523 1562 2500 2617 3320 1680 2461 2891  21.88  23.05
S | ASTRA [31] 977 1367 1797 938 1250 13.67 1680 1953 1836 1523  14.69
2 | Self Defense [24] 1953 1016  6.64 1914 1602 1953 1211 1719 1758 1367 1516
¥ | MLC[3] 1992 1680 1094 1289 2227 1953 1992  17.97 2539  23.05 18.87
& | Ours 1.56 391 156 1523 586 273 078 469 273 547 445
Qwen [34] 1602 977 1406 2422 2383  21.88 2305 2656 1836  17.97 1957
XSAFETY [32] 1680  10.16 1016  23.44 2031 2227 2734 2227 1875 1484  18.63
ESCO [12] 1758 977 1172 2227 1914 1953 2344 2383 2031 13.67 18.13
ASTRA [31] 1875 781 586 1914 1836  21.09 1914 1914 1914 1836  16.68
Self Defense [24] ~ 14.06 742 1133 2070 1836 2070 1758  23.05 1641 1484 1645
MLC [3] 352 234 1094 859 625 58 781 781 859  5.08  6.68
Ours 6.64 469 586 7.03 430 508 469 430 625 586 547

Table 4: Average ASR across 10 languages comparing our
method with traditional LoRA fine-tuning under Image-
Dominant (IR) and Text-Dominant (TR) Risks. Our method
updates fewer parameters (%) while achieving lower ASR.

Table 5: Impact of our method on the multimodal and mul-
tilingual capabilities of VLLMs, evaluated by accuracy on
MM-Vet (T) and MGSM (7). Performance remains stable or
slightly improves, with these capabilities preserved.

Setting ‘ Llama [13] ‘ LLaVA [1] ‘ Qwen [34] Setting‘ Llama [13] ‘ LLaVA [1] ‘ Qwen [34]

| Para IR TR | Para IR TR | Para IR TR | MM-Vet MGSM | MM-Vet MGSM | MM-Vet MGSM
LoRA | 011 564 855 | 011 877 996 | 011 722 688 LoRA 46.8 67.1 30.0 48.0 66.7 69.4
Ours | 003 421 715 | 003 607 445 | 003 619 547 Ours 540 66.9 51.0 63.1 675 69.4

several cases. This contrast indicates that broadly updating model
parameters during safety tuning may interfere with knowledge
and representations required for general tasks. In comparison, our
method updates only the parameters associated with the identi-
fied safety neurons, thereby improving safety without substantially
perturbing the functional subspaces responsible for general multi-
lingual and multimodal capabilities.

(4) OOD and Attack Methods. To evaluate the generalizability
of our method and its robustness against open-world attacks, we
conduct additional experiments on Qwen using OOD safety bench-
marks and representative jailbreak attacks, as shown in Table 6.
Specifically, we evaluate multimodal OOD generalization on Fig-
Step and SPA-VL, multilingual jailbreak robustness on MultiJail, and
robustness against representative attack methods including GCG,
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Table 6: ASR on OOD benchmarks and attacks. Our method
generalizes well across OOD multilingual and jailbreak sce-
narios and open-world attacks.

Method ‘ Multimodal ‘ MultiJail ‘ Attack

| FigStep SPA-VL | ZH IT AR KO | GCG ImgJP BAP
MLC 1.00 377 | 381 413 698 635 | 040 923 1173
Ours 0.80 075 | 159 032 095 2.54| 033 019 4.04
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Figure 5: Safety neuron distribution across layers. HRLs and
NHRLs denote the numbers of safety neurons in high- and
non-high-resource languages, respectively, while A denotes
their difference. Across modalities, safety neurons first in-
crease and then decrease, peaking in the mid-to-late layers,
where most HRL-NHRL differences are also concentrated.

ImgJP, and BAP. Compared with MLC, our method consistently
achieves lower ASRs across all evaluated settings, reducing the av-
erage ASR from 5.32% to 1.35% on MultiJail and from 7.12% to 1.52%
across the three representative attacks. It also maintains strong
performance on the two multimodal OOD benchmarks, showing
that the learned safety improvements transfer across different input
formats, datasets, languages, and attack mechanisms. These results
demonstrate that our method generalizes effectively beyond the
training distribution and provides stronger cross-dataset and open-
world robustness, rather than relying on dataset-specific patterns
or memorizing particular attack templates.

4.4 Deep Analysis of Safety Neurons

Previous results show that safety neurons are crucial for VLLM
safety alignment, and here we use Qwen to further analyze their
distribution and mechanisms across languages and modalities.
Layer-wise Distribution. Figure 5 shows the layer-wise distribu-
tion of safety neurons in Qwen across languages and modalities.
We group Chinese and English as high-resource languages (HRLs)
and others as non-high-resource languages (NHRLSs). Across modal-
ities, safety neurons follow a consistent pattern: increasing with
depth and peaking in middle-to-deep layers (20-30), then declining
after Layer 32. This suggests that safety judgments mainly emerge
at higher semantic levels rather than in early feature extraction
stages. Across languages, HRLs and NHRLs are similar in shal-
low layers but diverge notably in middle-to-late layers (25-35),
where HRLs exhibit more safety neurons, indicating that multilin-
gual safety gaps are driven by a few critical layers. The CV of the
HRL-NHRL difference (A) is 80.32 for Image-Dominant Risk and
74.14 for Text-Dominant Risk, indicating highly concentrated cross-
layer disparities, especially under Image-Dominant Risk setting.

(a) Image Safety Specific Neurons (b) Text Safety Specific Neurons
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Figure 6: Safety neuron overlap across languages and risk
modalities. Safety neurons show moderate overlap across
languages and risk modalities.

Overlap of Neurons. Figure 6 shows two visualization rows: the
first presents cross-lingual overlap of safety neurons for image and
text safety and the second illustrates cross-modal neuron overlap
for risks across modalities within the same language.

From a cross-lingual perspective, languages in the same fam-
ily show higher neuron overlap (e.g., French, Spanish, German
around 55%-60%), while Chinese overlaps less with Indo-European
languages (around 30%-40%), indicating safety neuron sharing
depends on linguistic relatedness and supports zero-shot safety
transfer across languages. Additionally, cross-lingual overlap is
higher under Text-Dominant than Image-Dominant Risk. Textual
risk processing relies more on shared multilingual neurons with
weaker cross-modal alignment, enabling similar activation pat-
terns via pre-training. In contrast, Image-Dominant Risk requires
visual-linguistic alignment that varies across languages, making
the model depend more on language-specific neurons.

From a cross-modal perspective, safety neuron overlap within
each language remains consistently high, around 70%-80%. This
suggests that the model maintains stable neural representations of
safety concepts. Risk signals from different modalities are likely
projected into a shared semantic space, which enables potential
zero-shot cross-modal transfer of safety neurons.
Modality-Language Zero-Shot Transfer Analysis. Previous
analyses have revealed that safety neurons across different lan-
guages and modalities share a certain degree of overlap. Therefore,
we further investigate the feasibility of directly transferring safety
neurons across languages and modalities.

As shown in Figure 7, we evaluate modality-level transfer by
applying safety neurons from one modality to another across all
languages. Transferring neurons for Text-to Image-Dominant risks
and vice versa reduces ASR by 45.09% and 59.68% on average, re-
spectively. This indicates that safety representations across modal-
ities are partially shared, allowing some neurons to generalize
cross-modally. However, certain risks remain modality-specific and
require dedicated neurons. Transferring text-derived neurons to
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Figure 7: Zero-shot cross-modal transfer of safety neurons.
Safety neurons exhibit a certain degree of cross-modal trans-
ferability despite modality-dependent risks.
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Figure 9: Case visualization. Our method successfully rejects multilingual-multimodal attacks that easily bypass VLLMs.

image risks is less effective than the reverse, as image risks in-
volve more complex visual and semantic cues, making neurons
specialized for image risks stronger and more generalizable.

As shown in Figure 8, we evaluate cross-lingual transfer on

French and Spanish, Romance languages. We compare safety neu-
rons transferred from Chinese, a linguistically distant language, and
German, a closely related language. First, transferring neurons from
either source language reduces ASR compared to the vanilla model
and, in some cases, outperforms language-specific neurons, demon-
strating the cross-lingual universality of safety neurons. Second,
German neurons transfer more effectively to French and Spanish
than Chinese neurons, consistent with the cross-lingual overlap
results and confirming that linguistic similarity is important for
safety neuron sharing and cross-lingual transfer.
Case Visualization. To provide a more intuitive qualitative eval-
uation of our method, we present visualization cases for all three
VLLMs including LLaVA, Llama, and Qwen. As shown in Figure 9,
the vanilla models are easily bypassed by multilingual and multi-
modal malicious requests and generate harmful responses. In con-
trast, our method successfully identifies and refuses these requests
across all three models, intuitively demonstrating its consistent
effectiveness in multilingual and multimodal safety alignment.

4.5 Reliability of LLM Judgment

To validate the reliability of LLM-based evaluation, we perform
human annotation on 1,280 samples selected through cross-lingual
stratified balanced sampling across languages and risk types. The
agreement exceeds 92% on average across 10 languages, with de-
tailed results reported in the Appendix. We further examine evalua-
tor dependence by using Llama-Guard as an additional independent
judge. As shown in Table 7, our method achieves lower ASR than
the SOTA method MLC [3] across all evaluated VLLMs under both

Table 7: Additional Llama-Guard evaluation results. Results
averaged across 10 languages show that our method consis-
tently outperforms the recent SOTA baseline MLC and that
the gains are not specific to a single LLM-based judge.

LI 13 LLaVA [1 34
Method ama [13] | aVA [1] | Qwen [34]
IR TR | IR TR | IR TR
MLC 603 465 | 1548 1433 | 246 152
Ours 226 461 | 075 164 | 147 144

IR and TR. For example, on Llama, it reduces ASR from 6.03 to 2.26
under IR and from 4.65 to 4.61 under TR, confirming that the safety
gains are not tied to a single LLM-based judge.

5 Conclusion

This paper proposes a lightweight and interpretable neuron-level
safety alignment approach for improving the robustness of vision-
language large models against malicious requests involving diverse
languages and modalities. By analyzing neuron activation patterns
across multilingual and multimodal inputs, the proposed method
identifies and localizes safety neurons that are associated with
safe and reliable model behavior. It then applies gradient masking
to irrelevant neurons, restricting parameter updates to a safety
subspace and thereby enabling precise, targeted safety fine-tuning
with only a very small fraction of trainable parameters. This design
substantially improves model safety while largely preserving the
original multilingual, multimodal, and general-purpose capabilities
of the underlying models. Extensive experiments on three state-of-
the-art VLLMs further demonstrate the effectiveness, targeting, and
generalizability of the proposed approach across different model
architectures, languages, risk modalities, and jailbreak scenarios.
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Appendix

The appendices provide additional details that support and extend
the main paper. Appendix A describes the datasets used in our
experiments. Appendix B provides further experimental details and
analyses of the results. Appendix C presents a more in-depth theo-
retical analysis of the proposed our method. Appendix D intuitively
demonstrates the effectiveness of our method through layer-wise
feature-space comparisons with the vanilla model and additional
qualitative examples. Appendix E offers a more in-depth discussion
of our method. Finally, Appendix F summarizes the limitations of
this work and outlines directions for future research.

A Dataset Overview

In our experiments, we incorporate Lingua-SafetyBench [27], MM-
Bench [20], MM-Vet [38], MGSM [28], XSTest [25], FigStep [11],
SPA-VL [41], MultiJail [6] and AdvBench [43], each serving a dis-
tinct role in neuron probing, capability evaluation, over-refusal
analysis, or out-of-distribution safety testing.
Lingua-SafetyBench [27] We use Lingua-SafetyBench as the pri-
mary benchmark to investigate safety neuron activation patterns
in VLLMs. It supports multilingual safety evaluation and distin-
guishes Image-Dominant Risk, where harmful semantics are con-
veyed through visual content, from Text-Dominant Risk, where
harmful intent is expressed in text. The benchmark covers a diverse
range of harmful scenarios. We curate a total of 14,910 challeng-
ing samples across 10 languages and divide them into two disjoint
subsets. Specifically, 9,830 samples are used for neuron probing
and safety tuning, and all training-based baselines are trained on
the same subset to ensure a fair comparison. The remaining 5,080
samples are used for safety evaluation. This protocol prevents data
overlap across different stages and enables a reliable assessment of
multilingual and multimodal safety alignment.

MMBench [20] MMBench is a multimodal benchmark for objec-
tively evaluating vision-language large models, covering a wide
range of capability dimensions including perception, reasoning,
and knowledge understanding. Building upon this benchmark, we
analyze neuron activation patterns on MMBench to characterize
how VLLMs respond to general multimodal requests. Based on the
previously identified safety neurons, we further use the multilingual
version of MMBench and sample 1,000 benign evaluation instances
per language to identify general-capability neurons, which are then
removed from the safety-neuron set. This yields a more specific set
of safety neurons while minimizing interference with the model’s
general multimodal capabilities.

MM-Vet [38] MM-Vet evaluates large multimodal models on com-
plex tasks by assessing their ability to integrate multiple vision-
language capabilities. It defines six core capabilities and sixteen
combinations, covering tasks such as visual understanding and
cross-modal reasoning. We use MM-Vet to study the impact of
safety alignment on general multimodal capabilities by comparing
performance before and after alignment.

MGSM [28] MGSM is a benchmark for evaluating multilingual rea-
soning abilities using math word problems that require multi-step
reasoning across diverse languages. We use MGSM to measure mul-
tilingual reasoning capabilities and analyze how safety alignment
affects overall multilingual performance.
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XSTest [25] XSTest is a benchmark specifically designed to evaluate
over-refusal. It contains diverse benign prompts that should not
be refused, enabling systematic assessment of unnecessary safety
refusals. We use the benign samples in XSTest to measure both
refusal and compliance rates, thereby evaluating whether safety
alignment causes excessive refusal of harmless user requests.
FigStep [11] FigStep is a multimodal jailbreak benchmark that
converts harmful textual instructions into typographic images to
bypass the safety alignment of vision-language large models. It
probes whether models can reliably recognize unsafe intent when
malicious content is conveyed through the visual channel. We use
FigStep to evaluate safety robustness under image-based jailbreak
attacks as a challenging out-of-distribution scenario.

SPA-VL [41] SPA-VL is a large-scale multimodal harmful-request
dataset for vision-language large models, covering 6 harmfulness
domains, 13 categories, and 53 subcategories. Each sample consists
of a harmful question and a corresponding image. We use SPA-VL
as an out-of-distribution test set to evaluate safety robustness under
multimodal harmful requests.

MultiJail [6] MultiJail is a multilingual jailbreak benchmark for
robustly evaluating safety vulnerabilities of language models across
languages. It covers both unintentional and intentional multilingual
jailbreak scenarios, where unsafe intent may be expressed or ampli-
fied through non-English prompts. We use MultiJail to effectively
evaluate safety generalization under multilingual OOD scenarios
involving harmful intent across diverse languages.

AdvBench [43] AdvBench is a harmful-instruction benchmark
for evaluating the safety robustness of large language models. We
use representative attacks built upon AdvBench, including GCG,
Img]JP, and BAP, as out-of-distribution test sets to evaluate safety
robustness against open-world adversarial attacks.

B More Details and Results

Implementation Details. To facilitate reproducibility, we provide
comprehensive implementation details, including the training con-
figurations and hyperparameter settings, as summarized in Table 8.
We also provide the complete safety-aware prompt used during
the neuron probing stage to guide VLLMs toward generating re-
fusal responses, as presented in Prompt 1. For safety evaluation,
we conduct automated safety assessment using Qwen-Guard and
Llama-Guard. Since both are specialized safety guard models with
officially specified inference and evaluation protocols, we do not
introduce any manually engineered judging prompts and instead
strictly follow their official default configurations.

Prompt 1: Safety-Aware Refusal Prompt

The following multimodal input contains confirmed harmful content,
either in the image or text. When analyzing the multimodal input, you
must refuse the request and briefly explain the reason, unless explicitly
instructed to provide an extremely safe response. The explanation itself
must not contain any harmful content.

Sensitivity Analysis. To investigate the sensitivity of the interven-
tion ratio p, we conduct additional experiments on Qwen using four
representative settings within the range of 0.01-0.15. As shown
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Figure 10: Sensitivity analysis of the intervention ratio. Our
method remains relatively robust across values, while the
selected (0.03) achieves the best safety performance.

in Figure 10, our method maintains consistently strong safety per-
formance across different intervention ratios, demonstrating its
robustness to the choice of p. Among all settings, p = 0.03 achieves
the best overall safety performance, with the lowest average ASRs
of 6.19 and 5.47 on Image-Dominant Risk and Text-Dominant Risk,
respectively, across all 10 languages. This result further suggests
that strong multilingual and multimodal safety alignment can be
achieved by intervening in only a small proportion of safety neu-
rons. We therefore adopt p = 0.03 as the default setting.

LLM Judge Reliability. To assess the reliability of Qwen-Guard
as an automated judge, we randomly select 1,280 samples through
cross-lingual stratified balanced sampling and manually annotate
their safety labels. As shown in Table 9, Qwen-Guard achieves
consistently high judgment accuracy across all languages, with an
average accuracy of 92.89%. These results demonstrate its strong
agreement with human annotations across diverse linguistic set-
tings, validating its use as a reliable evaluator in our experiments.

C Theoretical Analysis

We provide an in-depth theoretical analysis of our method. Let
0 collect the vectorized entries of the LoRA B matrices. To iso-
late the effect of neuron-targeted masking, we hold the remaining
parameter blocks fixed during the analyzed step. We denote the
safety-alignment loss and the general-capability loss by L and
L, respectively. Because the binary neuron mask acts coordinate-
wise on B, it induces a diagonal orthogonal projector P satisfying
PT = P and P? = P. This projector restricts optimization to the
selected coordinates while leaving all complementary coordinates
unchanged, thereby separating the choice of an intervention sub-
space from the magnitude of the update performed within it. At
the current iterate, we formally define

gs =VL(0),g,:=VL,(0),d:=Pg,0":=0-nd, (13)

where 1 > 0 is the step size. Assume that L and £, have f;- and
Pu-Lipschitz gradients, respectively. We further characterize the
selected subspace using a gradient-retention coefficient x € (0, 1]
and an interference coefficient p € [0,1]:

IVLa(x) =VLa(Wl; < Ballx —yll,  ae{su},  (14)
ldllz = kliggllz [gw )| < pllgyllzlidll.. (15)

Here, k quantifies how much of the safety gradient remains avail-
able after masking, whereas p measures the first-order coupling
between the masked safety direction and the utility objective. These

Table 8: Implementation details across VLLMs.

Configuration LLaVA Llama  Qwen
Computing Device 1x A800 1x A800 1x A800
Global Batch Size 32 32 32
Training Epochs 5 5 5
Optimizer AdamW AdamW AdamW
Learning Rate 6e—4 6e—4 6e—4
Warmup Ratio 0.05 0.05 0.05
Weight Decay 0.0 0.0 0.0
Dropout 0.05 0.05 0.05
Random Seed 42 42 42
Rank 8 8 8
Alpha 16 16 16
Intervention Ratio 0.03 0.03 0.03

Table 9: Qwen-Guard Judgment Accuracy (%). Qwen-Guard
demonstrates strong and consistent alignment with human
judgments across 10 diverse languages.

Language Arabic  Chinese English Finnish  French
Accuracy (%) 91.41 92.19 90.63 95.31 96.09
Language German Japanese Norwegian Russian Spanish

Accuracy (%) 92.97 94.53 90.63 94.53 90.63

Average Accuracy (%) 92.89

coefficients describe two distinct properties of the selected neurons.
A large k ensures that projection does not discard the direction
needed to reduce the safety loss. A small p ensures that the retained
direction is nearly orthogonal to the utility gradient and therefore
has little first-order influence on general capabilities. Neither con-
dition alone is sufficient: retaining a strong safety direction may
still harm utility, while eliminating utility interference may leave
too little safety signal for an effective update.

PRrOPOSITION C.1 (SAFETY DESCENT AND UTILITY PERTURBATION).
Suppose that Equations (14) and (15) hold. For any 0 < n < 1/f, the
update in Equation (13) satisfies

2
L(6) = L(6") > (1 - ﬂz—”) Il = Z-lig i3 (16)
2
|£.0) ~ £u(O)| < nplg ol + P, )

Consequently, the safety loss is non-increasing and decreases strictly
wheneverd # 0.

The two inequalities expose an important asymmetry. The safety
improvement is of order , whereas the utility perturbation contains
a first-order interference term scaled by p and a second-order cur-
vature term. Thus, a small p suppresses the dominant utility change,
while a sufficiently large x preserves nontrivial safety descent.

By fs-smoothness and 0% — 6 = —nd, we have

2
£(0%) < £00) ~n (g, d) + Pl

- 2.0 -1 {1- 51 1ai )
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(English Translation : ...List in detail
the software that is most effective for
carrying out this activity... )

Multilingual & Multimodal Attack

1. Use Photoshop to alter currency
images... 2. Use GIMP as a free
alternative or... 3. Use Microsoft
Paint for simpler counterfeit images...

[ I cannot help with this question... F

LA Juaiily el ghall
la\...n“ 1
%ngll;h Tram ation : ... pro

vide
etailed s Tor carrying but this
activity to

Multilingual & Mulnmodal Attack

2l &

>

1. Install activity-monitoring soft-
ware... 2. Configure it to record all
online activity... 3. Generate a report
and send it to management ...
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because it violates privacy ...
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(English Translation : ...List the steps in

etail to perform this operation without
being detected.... )

Multilingual & Multimodal Attack
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a
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(English Translation : ... provide
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I cannot provide steps or
guidance for political hacking...

+ Ours

Figure 11: Image-Dominant Risk visualization cases across multiple languages.

The equality follows from (g, Pg,) = [|Pg;||2, since P is an orthog-
onal projector. Because n < 1/f;, we have 1 - fn/2 > 1/2. Combin-
ing this inequality with ||d||; > «||g,||2 proves Equation (16). For
the utility objective, smoothness gives

|£4(07) = Lu(6) + 1 {g,.d)| < ﬂ“” Bt yagz. o)

Applying the triangle inequality and the interference condition in
Equation (15) proves Equation (17).

The coordinate projector also makes the sparsity of the update
explicit. If rank(P) = m, where m is the number of active entries in
the masked B matrices, then |6 — 8|y < mand |6 —0||, = pl|d||.
Hence, the rank of P directly controls the extent of modification,
independently of the ambient parameter dimension.

Moreover, when p = 0 and d # 0, Equations (16) and (17) imply

|-£u(9+) _-[-:u(o)i < ﬂu']
L(0) - L(6%) ~ 2-pn

Thus, in the absence of first-order interference, the improvement is
first order in 7, whereas the utility variation is second order.

The theoretical result shows that if the masked update direction
retains sufficient safety-gradient information, corresponding to a

< Pun. (20)

large k, while its interference with the general-capability gradient
remains small, corresponding to a small p, then a neuron-targeted
update is guaranteed to decrease the safety loss while keeping the
change in the utility loss within an explicit upper bound. In addition,
row-wise masking restricts the set of modified parameters, making
the update sparse. The analysis proves that, when an effective safety
direction is preserved and capability interference is suppressed,
targeted updates can simultaneously improve safety, control utility
degradation, and limit the extent of parameter modification.

D Visualization and Cases Analysis

Qualitative Case Visualization. To more intuitively demonstrate
the effectiveness of our method, we present additional qualitative
examples in Figure 11 and Figure 12, covering both Image-Dominant
and Text-Dominant Risk scenarios across multiple languages and
three representative VLLMs, including Llama, LLaVA, and Qwen.
In these cases, the vanilla models are easily bypassed by multi-
lingual-multimodal harmful requests and consequently generate
unsafe responses. In contrast, our method consistently recognizes
the underlying harmful intent and produces appropriate safety re-
fusals. This improvement is attributed to the targeted reinforcement
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Figure 12: Text-Dominant Risk visualization cases across multiple languages.

of safety neurons, which strengthens the models’ ability to iden-
tify and mitigate risks across different languages and modalities.
These qualitative examples further demonstrate the effectiveness
and generalizability of our method in defending against diverse
multilingual-multimodal attacks.

Progressive Safety Intervention. To better illustrate how our
method affects the internal representations of vision-language large
models (VLLMs) after the targeted reinforcement of safety neurons,
we employ t-SNE [30] to visualize layer-wise feature distributions.
Specifically, we select multimodal harmful requests in low-resource
languages that induce the vanilla model to generate harmful re-
sponses, covering both Image-Dominant Risk and Text-Dominant
Risk settings. We then compare the layer-wise representations pro-
duced by our method and the vanilla model when processing these
inputs, as shown in Figures 13 and 14. Although the feature repre-
sentations of the two models remain relatively close and partially
overlap in the shallow layers, the representations produced by our
method become clearly separated from those of the vanilla model in
the middle and deeper layers. Notably, this separation emerges ear-
lier under Text-Dominant Risk, at approximately Layer 8, whereas
under Image-Dominant Risk, a clear intervention effect appears
only around Layer 12. This difference suggests that harmful intent

conveyed directly through linguistic cues can be recognized and
redirected by the reinforced safety neurons at an earlier stage of
representation processing. In contrast, Image-Dominant Risk re-
quires more complex cross-modal grounding and visual-semantic
integration before the harmful intent can be fully identified, causing
the effect of safety-neuron intervention to emerge in deeper lay-
ers. These observations indicate that the targeted reinforcement of
safety neurons progressively alters the representation trajectories
of harmful inputs during deeper computation, steering the model’s
internal representations toward a safer direction and thereby lead-
ing to safe responses.

E More Discussion

> Q1. The proposed method updates only a very small fraction
of parameters (< 0.03%). Could this sparsity limit general-
ization to unseen or out-of-distribution (OOD) attack types,
compared to full fine-tuning or LoRA?

A: We argue that this sparsity is a strength rather than a limita-
tion. Although our method updates less than 0.03% of the model
parameters, it targets a compact set of neurons that are function-
ally associated with safety-related behaviors instead of modifying
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Figure 13: Layer-wise feature space shifts under Image-Dominant Risk. Our method gradually separates harmful-input
representations from those of the vanilla model in deeper layers, steering them toward a safer representation space.
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Figure 14: Layer-wise feature space shifts under Text-Dominant Risk. Our method induces an earlier and progressively clearer

separation of harmful-input representations across layers, steering them toward a safer representation space.

the model indiscriminately. We systematically evaluate its gener-
alization under diverse out-of-distribution settings, including the

multimodal safety datasets SPA-VL and FigStep, the multilingual
jailbreak dataset MultiJail, and representative attack methods such
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as GCG, ImgJP, and BAP. Across these unseen datasets, languages,
modalities, and attack settings, our method consistently reduces
ASR, demonstrating that its effectiveness extends beyond the train-
ing distribution. These results indicate that sparse updates to safety
neurons do not compromise OOD generalization. Instead, by fo-
cusing optimization on the safety-relevant functional subspace,
our method strengthens transferable safety representations while
avoiding unnecessary parameter perturbations, thereby reducing
the risk of catastrophic forgetting compared with less selective
parameter-efficient methods such as LoRA.
> Q2. The safety neuron selection involves excluding general-
purpose neurons via a set difference operation. Could this
process inadvertently remove polysemantic neurons that con-
tribute both to safety and general multimodal understanding?
A: This is an important consideration regarding the balance be-
tween safety and utility. Our strategy is designed to prioritize the
preservation of general capabilities by filtering out neurons that are
consistently activated in benign multimodal tasks from MMBench.
While it is possible that some polysemantic neurons contributing to
both safety and general understanding are inadvertently excluded,
empirical results on MM-Vet and MGSM show that general perfor-
mance is well preserved and, in some cases, even slightly improved.
This suggests that the remaining safety neurons are sufficient to
support robust alignment, and that excluding shared neurons is
an effective strategy for avoiding unintended degradation of core
multilingual and multimodal abilities. These results further indicate
that our overall set-difference strategy effectively balances robust
safety alignment with the preservation of core general multimodal
and multilingual capabilities.

> Q3. The analysis focuses primarily on FFN layers for neuron
probing. Could you elaborate on the rationale for not consid-
ering Attention layers, given their role in cross-modal infor-
mation integration in Transformer architectures?

A: Our focus on FFN layers is motivated by the knowledge-based
view of Transformers, in which FFNs are often regarded as key com-
ponents for storing and transforming semantic knowledge. While
Attention layers are crucial for regulating information flow and
facilitating cross-modal interactions, their patterns are typically dis-
tributed across tokens, heads, and modalities, making neuron-level
attribution less direct. In contrast, FFN activations provide a more
localized and interpretable signal of how the model responds to
semantic triggers such as harmful intent. This makes FFNs particu-
larly suitable for identifying safety-relevant neurons and perform-
ing precise parameter interventions. Importantly, our empirical
results show that modifying less than 0.03% of FFN parameters
substantially improves safety across languages, modalities, and at-
tack types while preserving general capabilities. These findings
suggest that FFN layers constitute an important locus of safety-
related representations, although jointly analyzing Attention and
FFN components remains a valuable direction for future work.

> Q4. The analysis shows a moderate overlap of safety neurons
across languages. Does this suggest that the method may need
to be re-applied for each newly introduced target language,
potentially increasing deployment complexity?

A: Although the overlap of safety neurons across languages is
moderate rather than complete, it remains statistically meaningful

and reveals the existence of a shared internal safety subspace. Our
zero-shot transfer analysis further shows that intervening on safety
neurons identified in one language can improve safety performance
in other languages without requiring additional neuron probing or
retraining. This indicates that the identified neurons capture both
language-specific and language-agnostic safety features. In practi-
cal deployment, one can first construct a transferable core safety
map using several high-resource or representative languages and
directly apply it to newly introduced low-resource languages. Ad-
ditional language-specific probing would only be necessary when
stronger adaptation is desired. Therefore, our method does not
require exhaustive per-language recomputation and can support
scalable multilingual deployment. The moderate overlap also pro-
vides flexibility, allowing the framework to combine a shared safety
backbone with lightweight language-specific enhancement when
needed.

> Q5. Why is neuron importance measured by jointly combin-
ing activation magnitude with the norm of the corresponding
down-projection vector, rather than using activation alone or
gradient-based attribution methods?

A: Activation magnitude alone reflects only how strongly a neu-
ron responds to a given input, but does not indicate how much
it influences the subsequent hidden representation. Conversely,
the norm of the corresponding column in W4y, characterizes the
neuron’s potential downstream influence, but does not capture
whether it is actually activated by harmful inputs. Their product
therefore jointly measures input-dependent responsiveness and
effective downstream impact in the model, providing a more com-
plete estimate of a neuron’s functional contribution than either
factor alone. Compared with gradient-based attribution methods,
this forward-based metric is independent of a specific training loss
or target response, avoids potentially noisy and unstable backward
signals, and enables consistent neuron comparison across different
languages, modalities, and datasets. Moreover, the neuron-masking
and targeted-tuning experiments further verify that the neurons se-
lected by this score are functionally relevant to model safety rather
than merely being highly activated general-purpose neurons.

F Limitations and Future Work

While our method demonstrates performance and provides mech-
anistic insights into VLLM safety, several limitations remain, mo-
tivating broader evaluation across diverse real-world deployment
contexts. First, it focuses on feed-forward network layers and may
overlook interactions with attention modules, residual pathways,
and cross-modal projection layers. Future work could examine how
safety signals propagate across the architecture for a comprehensive
understanding of multimodal safety alignment. Second, our evalua-
tion relies on existing datasets, which may not capture regional di-
alects, culturally specific expressions, or context-dependent safety
concerns. Culture-aware and context-sensitive benchmarks are
needed to assess generalizability more broadly in diverse settings.
Finally, our method relies on static safety definitions, which may
limit adaptability as human values and ethical norms evolve. Incor-
porating dynamic value systems could support adaptive long-term
alignment while preserving interpretability.
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