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Abstract

Despite the rapid advancements of Large Lan-
guage Models (LLMs), safety risks remain a
critical challenge for low-resource languages.
Existing safety datasets are predominantly
English-centric, limiting progress in multilin-
gual safety alignment. As a result, low-resource
expert models—fine-tuned on their respective
instruction datasets—tend to exhibit higher un-
safety rates compared to their high-resource
counterparts. In this work, we propose a safety-
aware layer swapping method that transfers
safety alignment from an English safety ex-
pert to low-resource language experts without
additional training. To further enhance transfer-
ability, our method adaptively selects or blends
modules based on their degree of specializa-
tion. Our approach preserves performance on
general language understanding tasks while en-
hancing safety in the target languages. Experi-
mental results show that the proposed method
achieves comparable performance to the lan-
guage expert on general benchmarks such as
MMMLU, BELEBELE, and MGSM, while
producing more aligned and less harmful re-
sponses on the MultiJail safety benchmark.1

1 Introduction

Large language models (LLMs) have achieved re-
markable progress in reasoning and instruction fol-
lowing, yet their safety alignment remains uneven
across languages. Most safety-tuning efforts rely
heavily on English datasets, leaving low-resource
languages particularly vulnerable to harmful or un-
aligned generations. This asymmetry raises seri-
ous ethical and practical concerns as LLMs are
increasingly deployed in global, multilingual con-
texts (Wang et al., 2024; Shen et al., 2024).

To address linguistic disparities, recent re-
search on cross-lingual transfer has leveraged high-
resource languages such as English to improve per-

1Our code is available at https://github.com/00HS/
layer-wise_swapping.git

Figure 1: Comparison between prior layer swap-
ping (Bandarkar et al., 2025), which relies on static,
manual layer replacement (left), and our proposed
safety-aware swapping method that automatically iden-
tifies and merges optimal attention and MLP modules
for safety transfer (right).

formance in low-resource settings (Huang et al.,
2023; Zhang et al., 2024; Hong et al., 2025). In-
spired by the success of task arithmetic (Ilharco
et al., 2023; Chronopoulou et al., 2024), which
exploits the approximate linearity between parame-
ter updates and task-specific behaviors, subsequent
studies have explored structural transfer approaches
such as layer swapping (Bandarkar et al., 2025),
where layers from a model fine-tuned on one lan-
guage or task are partially substituted into another.
While these methods have shown promise in trans-
ferring reasoning or domain-specific capabilities,
they primarily focus on general task performance
and often neglect safety alignment.

However, transferring safety alignment across
languages is particularly challenging. Existing mul-
tilingual adaptation methods often cause catas-
trophic forgetting, leading models to lose safety-
relevant knowledge acquired during pretrain-
ing (Chirkova and Nikoulina (2024), Alexandrov
et al. (2024)). Consequently, it remains difficult to
maintain both safety and general language under-
standing in low-resource languages.

In this paper, we introduce safety-aware layer
swapping, a training-free strategy that transfers
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safety alignment from a high-resource (English)
safety expert to low-resource language experts. We
formulate layer swapping as a composition of task
vectors, enabling a principled combination of mul-
tilingual and safety specialization within a unified
representation space. To further improve transfer-
ability, we extend this concept to module-wise
swapping, which automatically selects or blends at-
tention and MLP modules based on their degree of
specialization. This fine-grained control allows the
model to propagate safety-related representations
without sacrificing reasoning and general under-
standing capabilities.

Our experiments on four low-resource languages
(Korean, Bengali, Swahili, and Telugu) demon-
strate that our method significantly enhances multi-
lingual safety while maintaining competitive perfor-
mance on general benchmarks such as MMMLU,
BELEBELE, and MGSM. These results highlight
that a training-free, task-vector-based merging strat-
egy can effectively bridge the gap between multi-
linguality and safety alignment in LLMs.

Our main contributions are as follows:

• We provide a systematic formulation of layer
swapping as the composition of multilingual
and safety task vectors.

• We extend conventional layer swapping to
layer-wise and module-wise dynamic swap-
ping, introducing a task-vector-based inter-
pretation that quantifies specialization across
attention and MLP modules, and enables au-
tomatic selection of layers and modules.

• We demonstrate that our approach improves
multilingual safety generalization across
low-resource languages through a training-
free merging strategy.

We will open-source our code.

2 Related Work

2.1 Limitations in Multilingual Safety
Transfer

Despite growing interest in aligning large language
models (LLMs) with human safety norms, most
prior work remains heavily English-centric. Multi-
lingual benchmarks such as XSafety (Wang et al.,
2024) and MultiJail (Deng et al., 2024) reveal sub-
stantial disparities in safety performance across
languages, highlighting that alignment techniques
learned in English do not readily transfer to other

languages. Zhao et al. (2025) further show that
safety-related neurons often fail to align across lin-
guistic spaces, suggesting that safety mechanisms
are not language-agnostic.

2.2 Cross-lingual Transfer and Structural
Merging

Cross-lingual transfer has been widely explored in
multilingual NLP to improve performance in low-
resource settings by leveraging knowledge from
high-resource languages such as English (Chirkova
and Nikoulina, 2024; Alexandrov et al., 2024;
Huang et al., 2023; Zhang et al., 2024; Hong et al.,
2025). Inspired by the success of task arithmetic (Il-
harco et al., 2023; Yang et al., 2024), recent stud-
ies have proposed structural merging techniques
such as layer swapping (Bandarkar et al., 2025),
which partially substitute layers between models
trained on different domains or languages to trans-
fer reasoning or task-specific skills. However, these
approaches primarily focus on general task perfor-
mance and neglect the safety dimension.

2.3 Bridging Multilingual Safety and
Cross-lingual Transfer

While multilingual safety and cross-lingual transfer
have been studied independently, little effort has
been made to integrate them. Zhao et al. (2024a);
Li et al. (2025) demonstrate the existence of critical
“safety layers” in LLMs, implying that structural
manipulation of layers could play a key role in
transferring alignment.

3 Preliminaries

Instruction Tuning Given an instruction dataset
D(= {(xi, yi)}Ni=1) describing the task the model
should perform, the objective is to minimize the
negative log-likelihood of the target output yi con-
ditioned on input xi:

LIT(θ) =
N∑

i=1

− logPθ(yi | xi). (1)

where θ represents the trainable model parameters.

Multilingual Supervised Fine-Tuning Multilin-
gual supervised fine-tuning (SFT) enables a pre-
trained model to better perform in a specific mono-
lingual or multilingual setting. Let the target mul-
tilingual dataset be Dtgt =

{(
xtgti , ytgti

)}M

i=1
,

where each pair (xtgti , ytgti ) belongs to the target
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language. The training objective is to minimize the
negative log-likelihood of the predicted output:

LTFT(θ) =

M∑

i=1

− logPθ(y
tgt
i | xtgti ). (2)

Transformer Layer Representations For input
tokens e0, . . . , eN , their initial hidden representa-
tions are

h0 = [h00, h
0
1, . . . , h

0
N ].

At transformer layer ℓ, the hidden representation h i
ℓ

is updated by a multi-head attention (MHA) block
followed by a feed-forward network (FFN):

ĥ i
ℓ = MHAℓ(hℓ−1) + h i

ℓ−1, (3)

h i
ℓ = FFNℓ(ĥ

i
ℓ ) + ĥ i

ℓ

= W V
ℓ σ(WK

ℓ ĥ i
ℓ ) + ĥ i

ℓ , (4)

where MHAℓ(·) denotes the standard multi-head
self-attention mechanism and σ(·) is the activation
function (e.g., SwiGLU, ReLU).

Task Vectors For a specific task t, let θpre denote
the parameters of the pre-trained base model and
θftt denote the parameters after fine-tuning on task t.
The task vector τt ∈ Rd is defined as the element-
wise difference between the fine-tuned and pre-
trained parameters:

τt = θftt − θpre. (5)

This vector captures the parameter updates induced
by fine-tuning and represents the specialized knowl-
edge acquired for task t. When the task is clear
from context, we omit the identifier t and refer to
the task vector simply as τ .

4 Method

In this section, we introduce our automatic layer-
wise and module-wise swapping method. The over-
all workflow of our method is illustrated in Fig-
ure 2.

4.1 Layer-wise Swapping
Our approach can be interpreted through the lens
of task vectors (Ilharco et al., 2023). Given a pre-
trained base model θbase, fine-tuning on different
objectives induces additive task vectors that encode
task-specific representation shifts:

vsafe = θsafe − θbase, vmulti = θmulti − θbase. (6)

Layer-wise swapping automatically combines these
vectors at the layer level by layer-importance to
transfer specific capabilities from one expert to
another.

4.2 Module-wise Swapping
Prior work (Dai et al., 2025) has shown that sub-
modules exhibit a much stronger degree of linear-
ity than the full model parameters. Motivated by
this observation, we extend the conventional layer-
level swapping approach to the sub-module level,
leveraging the local linearity of transformer com-
ponents.

We decompose the model according to its archi-
tecture into multiple levels—layers, self-attention,
and MLP modules. At the module level, for each
transformer layer l and module m ∈ attn,mlp, we
define the corresponding task vectors as:

vsafe
l,m = θsafe

l,m − θbase
l,m , vmulti

l,m = θmulti
l,m − θbase

l,m . (7)

These module-level task vectors capture the di-
rection and magnitude of parameter shifts induced
by each fine-tuning objective, enabling a principled
comparison of how safety and multilingual training
affect different parts of the model.

Each task vector encodes a shift in the represen-
tation subspace of the corresponding module. For a
hidden representation hl entering layer l, the base
update is

hl+1 = hl + Attnl(hl) + MLPl(hl), (8)

while fine-tuning perturbs this update by adding
vsafe
l,m or vmulti

l,m to the attention and MLP transforma-
tions. Thus, module-level merging can be viewed
as choosing which task vector (safety or multilin-
gual) to apply, or interpolating between them.

4.3 Automatic Selection Strategy
To automatically determine which module to adopt,
we compute a relative change ratio that measures
the magnitude of parameter updates compared to
the base model:

nsafe
l,m =

∥∆W safe
l,m ∥2

∥θbase
l,m ∥2

, nmulti
l,m =

∥∆Wmulti
l,m ∥2

∥θbase
l,m ∥2

.

(9)
These ratios are normalized across all modules to
obtain layer-wise importance scores based on prob-
ability:

psafe
l,m =

nsafe
l,m∑

j,k n
safe
j,k

, pmulti
l,m =

nmulti
l,m∑

j,k n
multi
j,k

. (10)
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Figure 2: Workflow of our method. We begin with a pretrained base model and its safety-tuned and multilingual-tuned
models. For each layer, we compute parameter updates W relative to the base from safety-tuned and multilingual-
tuned experts, measure module-wise importance (Attention and FFN), and then merge modules.

The difference dl,m = psafe
l,m − pmulti

l,m quantifies each
module’s relative specialization toward safety or
multilinguality. Based on a threshold τ , modules
with strong preference (|dl,m| > τ ) are directly
selected from the corresponding expert, while the
remaining modules are blended using a fixed inter-
polation weight α:

θ
hybrid
l,m = αθsafe

l,m + (1− α)θmulti
l,m . (11)

In our experiments, we set τ = 0.001 and α = 0.5
(See Section 7.3 for the justification). This adap-
tive rule allows each sub-module to be automati-
cally chosen or interpolated based on its relative im-
portance, effectively balancing specialization and
transfer.

The complete procedure is formalized in Algo-
rithm 1.

5 Experimental Setup

Training Setup For our experiments, we use
LLaMA 3.1 8B Instruct (AI@Meta, 2024)
and Qwen3 8B (Team, 2025b) as base mod-
els. We fine-tune language-expert models using
torchtune (torchtune maintainers and contribu-
tors, 2024) with the AdamW optimizer and a weight
decay of 0.01. A cosine learning rate schedule with
125 warm-up steps is applied, and all models are
trained with a batch size of 16.

For LLaMA 3.1 8B Instruct, the learning rates
are set to 6×10−6 for Korean, 1×10−6 for Bengali,

6×10−7 for Swahili, and 1×10−6 for Telugu. For
Qwen3 8B, we use 1× 10−6 for Korean, Bengali,
and Telugu, and 6× 10−7 for Swahili. The safety
expert model is fine-tuned with a learning rate of
1× 10−5.

All experiments are conducted on 4 NVIDIA
RTX 6000 Ada GPUs.

Datasets For training, we use 70k–80k
instruction-tuning datasets for the language
expert models from multiple datasets (Table 6
in Appendix A.1). For the safety expert model,
we use an English safety instruction dataset (2k
samples) from Bianchi et al. (2024).

For safety evaluation, we use MultiJail (Deng
et al., 2024), which assesses multilingual safety.
For Telugu and Korean, English prompts were
translated using GPT-4o (OpenAI et al., 2024).

For the evaluation of general model performance,
we consider three benchmarks: (i) MMMLU (Ope-
nAI, 2024), a multilingual multi-task language un-
derstanding benchmark; (ii) BELEBELE (Ban-
darkar et al., 2024), a multilingual reading com-
prehension benchmark; and (iii) MGSM (Shi
et al., 2023), 250 math questions sampled from
GSM8K (Cobbe et al., 2021) that are translated into
ten languages. We use a zero-shot setting across
all benchmarks. For Korean, we translate English
prompts into Korean using GPT-4o.

Baselines We consider as baselines the base pre-
trained model, safety-only and language-only ex-
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Algorithm 1 Module-wise Swapping and Blending
Require: Base model θbase, safety-tuned model

θsafe, multilingual-tuned model θmulti, thresh-
old τ ∈ R, blend weight α ∈ [0, 1]

Ensure: Hybrid model θhybrid
1:

2: Step 1: Compute module-wise updates
3: for each layer l = 1, . . . , L do
4: for each module m ∈ {self_attn,mlp} do
5: ∆W safe

l,m ← θsafe
l,m − θbase

l,m

6: ∆Wmulti
l,m ← θmulti

l,m − θbase
l,m

7: nsafe
l,m ← ∥∆W safe

l,m ∥2/θbase
l,m

8: nmulti
l,m ← ∥∆Wmulti

l,m ∥2/θbase
l,m

9: end for
10: end for
11:

12: Step 2: Normalize across modules
13: for each module (l,m) do

14: psafe
l,m ←

nsafe
l,m∑

j,k n
safe
j,k

15: pmulti
l,m ←

nmulti
l,m∑

j,k n
multi
j,k

16: end for

1: Step 3: Select merging strategy
2: for each module (l,m) do
3: dl,m ← psafe

l,m − pmulti
l,m

4: if dl,m > τ then
5: θ

hybrid
l,m ← θsafe

l,m

6: {Select safety module}
7: else if dl,m < −τ then
8: θ

hybrid
l,m ← θmulti

l,m

9: {Select multilingual module}
10: else
11: θ

hybrid
l,m ← α · θsafe

l,m + (1− α) · θmulti
l,m

12: {Blend both modules}
13: end if
14: end for
15:

16: Step 4: Construct hybrid model
17: θhybrid ← {θhybrid

l,m }l=1..L,m∈{attn,mlp}
18: return θhybrid

perts obtained via separate SFT, and a Mixed SFT
model trained on a mixture of safety and language
instruction datasets. We further compare against es-
tablished model merging methods, including Task
Arithmetic, TIES Merging (Yadav et al., 2023),
DARE (Yu et al., 2024), and Layer Swapping.

Metric We report Exact Match (EM) scores for
MMMLU, MGSM, and BELEBELE. For safety
evaluation, we use Gemma 3 27B-IT (Team, 2025a)
with Llama Guard 3 prompt template (Llama Team,
2024) and Qwen3Guard (Team, 2025c) as the
LLM-as-a-judge, chosen for its strong performance
on multilingual benchmarks.

6 Main Results

6.1 Safety Evaluation

We evaluate model safety on the multilingual
MultiJail benchmark (Table 1). Across both
LLaMA 3.1 8B Instruct and Qwen 3 8B, non-
English languages exhibit substantially higher un-
safety ratios than English, underscoring the persis-
tent gap in multilingual safety (col 1). Language-
expert models, fine-tuned solely on monolingual
instruction data, further increase unsafety ratios, in-
dicating that naive language adaptation can amplify

safety risks (col 1 vs 2). While Mixed SFT partially
mitigates unsafety by jointly training on multilin-
gual and safety data, it does not consistently close
the safety gap across low-resource languages (col
2 vs 3). Model merging methods generally show
lower unsafety ratios than language-expert models
achieving comparable or even better safety than the
safety-expert baseline (col 2 vs 5–10). Compared to
parameter merging baselines including Task Arith-
metic, TIES-Merging, and DARE, our layer-wise
and module-wise swapping yield more consistent
reductions in unsafety across both LLaMA and
Qwen. Overall, in 20 evaluations shown in Table
1, our layer-wise swapping approach shows better
performance compared to layer swapping in 70%
of the evaluated cases (win: 14, tie: 1, lose: 5),
whereas our module-wise swapping achieves 65%
wins (win: 13, tie: 1, lose: 6).

6.2 General Language Understanding
Evaluation

Table 2 reports model performance on general lan-
guage understanding tasks. The english safety ex-
pert shows competitive results on a few tasks such
as Bengali MGSM (row 2, col 3), yet underper-
forms in other languages, indicating that safety-
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MultiJail

Language base Lang-
Only

Safety-
Only

Mixed
SFT

Task
Arithmetic

Ties
Merging DARE Layer

Swapping
Layer-wise

Swapping (Ours)
Module-wise

Swapping (Ours)

LLaMA 3.1 8B it ↓
English 10.2 - 0.6 - - - - - - -

Korean 37.8 57.9 11.8 37.1 22.5 42.5 29.2 23.6 12.8 15.8
36.1 54.8 12.4 35.9 20.6 41.0 30.5 21.7 11.8 15.6

Bengali 42.8 50.0 20.0 32.7 34.0 28.6 34.6 27.3 31.2 32.0
36.6 36.9 16.6 22.2 26.4 19.7 26.4 23.2 24.8 22.3

Swahili 55.9 58.5 33.4 42.6 44.8 39.7 50.8 40.8 48.8 44.3
14.7 17.8 10.3 12.7 13.0 11.4 13.0 14.9 13.6 13.1

Telugu 47.4 49.3 31.5 42.2 38.1 31.1 37.5 34.2 32.6 33.5
42.8 41.8 24.9 33.3 31.8 25.4 28.6 25.2 24.5 26.4

Avg 46.0 53.9 24.2 38.7 34.9 35.5 38.0 31.5 31.4 31.4
32.6 37.8 16.0 26.0 23.0 24.4 24.6 21.2 18.7 19.3

Qwen 3 8B ↓
English 21.9 - 1.9 - - - - - - -

Korean 10.7 44.6 6.6 11.4 14.0 18.4 15.9 7.1 6.4 6.6
11.0 40.1 6.4 12.1 14.9 20.0 14.6 7.0 6.8 8.6

Bengali 32.0 36.8 31.5 34.0 33.0 36.2 33.7 31.0 26.3 29.7
17.0 20.1 14.4 23.2 19.7 21.9 20.6 15.4 15.7 15.4

Swahili 72.9 73.4 75.8 73.0 77.5 74.9 76.2 74.8 74.3 73.0
27.2 27.9 31.4 29.2 31.8 30.8 30.8 29.5 29.9 29.4

Telugu 50.0 52.8 51.2 52.1 45.4 51.1 49.2 47.1 45.5 48.4
33.5 41.2 34.3 38.7 36.2 36.2 34.3 34.5 33.7 33.7

Avg 41.4 51.9 41.3 42.7 42.5 45.2 43.8 40.0 38.1 39.4
22.2 32.3 21.6 25.8 25.7 27.2 25.1 21.5 21.5 21.8

Table 1: Safety evaluation on the MultiJail benchmark (unsafety ratio, lower is better). For each language, the
top row shows results from Gemma3-27b-it and the bottom row shows results from Qwen3 Guard. Lang-only,
finetuned on individual language data; Safety-only, finetuned on English safety data; Layer-swapped, for LLaMA
3.1 8B Instruct, bottom 8 and top 4 layers from language expert, remaining layers from English safety expert; for
Qwen 3 8B, the bottom 4 and top 8 layers from language expert. Qualitative examples of safety improvements in
Appendix C.

tuned knowledge in English does not directly trans-
late to multilingual understanding.

Mixed SFT and parameter merging baselines
provide competitive averages but exhibit notable
variance across languages (col 4–7).

Layer-swapped models achieve more consistent
performance across languages, outperforming both
baselines in Korean and Bengali by up to 4%
on reasoning-intensive tasks such as MGSM than
language-expert model (col 2 vs col 10), highlight-
ing their effectiveness in transferring both language
understanding and reasoning.

Our layer-wise and module-wise swapping meth-
ods (col 9–10) further improves cross-lingual ro-
bustness, achieving higher average scores than
fixed layer-level swapping (col 8) and reducing
performance variance across languages.

Overall, our module-wise swapping outperforms
layer swapping in 68% of the evaluated cases (win:
13, tie: 2, lose: 7), whereas our layer-wise swapping
achieves 52% wins (win: 11, tie: 1, lose: 10).

7 Analysis

7.1 Selection

Layer-wise Figure 3 shows the relative parameter
update ratios of SFT models of LLaMA 3.1 8B In-
struct (Qwen 3 8B for Figure 5) compared to
the base model across layers. Higher ratios in-
dicate greater deviation from the pretrained pa-
rameters, implying stronger adaptation to the fine-
tuning objective. The difference between these ra-
tios (psafe − pmulti) is used to automatically deter-
mine which layers are selected or blended in our
approach.

The multilingual expert exhibits larger updates
in the bottom and top layers (Green), whereas the
safety expert shows more pronounced changes in
the middle layers, indicating that safety alignment
tends to emerge at intermediate depths. This ob-
servation aligns with prior findings (Kojima et al.,
2024; Zhao et al., 2024b) that shallow layers en-
code language-specific syntax, while mid-layers
capture behavioral or alignment-oriented features.

In languages such as Bengali and Swahili (Fig-
ure 3b, 3c), however, we observe such pattern is
less clear. Qwen3 also exhibits similar trend (Fig-
ure 5 in Appendix). This results suggest that a fixed
layer-swapping strategy may not generalize well
across languages, underscoring the need for our
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Language base Lang-
Only

Safety-
Only

Mixed
SFT

Task
Arithmetic

Ties
Merging DARE Layer

Swapping
Layer-wise

Swapping (Ours)
Module-wise

Swapping (Ours)
LLaMA 3.1 8B it ↑

MMMLU

Korean 44.5 43.1 42.8 43.4 43.5 43.3 44.4 43.6 42.9 43.6
Bengali 28.9 24.7 24.3 24.6 26.1 24.8 26.1 25.3 27.6 27.5
Swahili 38.6 38.2 36.7 37.5 37.5 37.2 37.6 37.3 37.5 37.4

Avg 37.3 35.3 34.6 35.2 35.7 35.1 36.0 35.4 36.0 36.2

BELEBELE

Korean 68.1 69.3 66.5 68.4 70.0 69.6 69.2 66.3 66.1 67.0
Bengali 55.8 57.8 56.8 56.3 57.4 57.4 60.0 57.7 59.1 58.9
Swahili 49.3 48.0 46.7 46.8 45.9 48.1 46.0 49.9 50.6 47.0
Telugu 47.2 50.2 46.7 50.4 49.4 47.4 49.2 51.2 48.9 50.2

Avg 50.1 56.3 54.2 55.5 55.7 55.6 56.1 56.3 56.2 55.8

MGSM

Korean 62.4 53.2 56.0 51.6 59.2 54.0 53.6 51.6 57.6 57.6
Bengali 49.6 49.2 52.4 48.0 50.0 46.4 52.4 50.4 50.4 47.6
Swahili 57.6 58.8 54.0 53.6 58.4 51.6 56.0 59.6 57.6 59.2
Telugu 36.4 34.0 32.4 33.2 32.4 33.2 34.8 36.8 35.2 38.4

Avg 51.5 48.8 48.7 46.6 50.0 46.3 49.2 49.6 50.2 50.7

Qwen 3 8B ↑
MMMLU

Korean 60.3 59.8 59.7 59.6 60.5 60.3 60.3 60.0 59.9 60.0
Bengali 17.4 19.0 25.1 20.3 22.0 24.2 22.6 25.3 24.4 24.5
Swahili 37.4 37.3 37.2 37.3 37.2 37.0 37.0 36.6 37.5 37.7

Avg 38.4 38.7 40.7 39.1 39.9 40.5 40.0 40.6 40.6 40.7

BELEBELE

Korean 86.0 86.3 85.9 85.7 85.7 86.1 86.0 86.0 85.9 86.7
Bengali 74.6 74.1 74.6 74.3 75.2 75.0 74.9 74.4 75.2 75.3
Swahili 52.3 54.2 53.0 52.8 52.6 52.4 52.7 52.1 53.3 53.1
Telugu 67.7 65.7 67.6 67.1 68.0 68.0 67.8 67.7 68.4 67.4

Avg 70.2 70.1 70.3 70.0 70.4 70.4 70.4 70.1 70.5 70.6

MGSM

Korean 81.6 79.6 84.8 84.4 84.0 83.2 83.6 86.0 85.6 86.0
Bengali 57.2 62.0 61.6 59.2 55.8 61.6 62.4 64.8 60.0 63.2
Swahili 42.8 41.2 34.4 40.0 38.4 42.0 40.8 38.0 39.6 41.2
Telugu 29.6 32.4 36.0 36.0 34.0 34.0 33.2 34.8 36.4 35.2

Avg 52.8 53.8 54.2 54.9 53.1 55.2 55.0 55.9 55.4 56.4

Table 2: Comprehensive evaluation on MMMLU, BELEBELE, and MGSM benchmarks under 0-shot settings
(higher is better).

adaptive, module-wise selection mechanism.

Module-wise We further decompose the param-
eter updates into self-attention and MLP modules.
Figure 4 presents the module-wise parameter up-
date ratios for Bengali, revealing complementary
specialization between the two experts across depth
and module type. In the attention module (Fig-
ure 4a), the multilingual expert exhibits stronger
updates in the lower and upper layers, reflecting
adaptation of cross-lingual token alignment and
contextual dependencies, whereas the safety ex-
pert maintains moderate yet consistent updates
throughout the depth. In contrast, the MLP module
(Figure 4b) shows the different trend: multilingual
updates dominate in higher layers, while safety-
related shifts gradually weaken. The difference
curve (psafe − pmulti) highlights this cross-module

reversal in dominance, suggesting that language un-
derstanding and safety alignment are localized in
distinct functional components of the model. This
observation motivates our module-wise swapping,
which leverages the complementary roles of differ-
ent modules. Similar trend is observed with Swahili
(Figure 6 in Appendix).

7.2 Comparison of Safety Judges
For each language, we randomly sample 50 harm-
ful prompts from the MultiJail benchmark and com-
pare human annotations with the predictions of
Qwen Guard and Gemma Guard. All model re-
sponses are translated into Korean using GPT-5,
after which human annotators label each response
as either safe or unsafe. Accuracy is defined as
the proportion of exact matches between the safety
judge predictions and human labels.
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(a) Korean (b) Bengali

(c) Swahili (d) Telugu

Figure 3: Layer-wise normalized parameter update ratios for LLaMA 3.1 8B Instruct across four languages. In
difference (psafe − pmulti from Equation 10), larger positive values indicate safety-dominant layers, while negative
values correspond to multilingual-dominant regions.

Language Qwen Guard (Acc.) Gemma Guard (Acc.)

Korean 100.0% 88.0%
Bengali 86.0% 80.0%
Swahili 70.0% 64.0%
Telugu 86.0% 76.0%

Avg 85.5% 77.0%

Table 3: Comparison between human annotations and
automatic safety judges on 50 harmful prompts. Accu-
racy denotes exact agreement with human judgment.

Table 3 shows that Qwen Guard exhibits high
agreement with human judgment (85.5% overall),
achieving perfect accuracy in Korean, while perfor-
mance degrades in lower-resource languages such
as Swahili. In contrast, Gemma Guard consistently
shows lower agreement across all languages, with
larger gaps in low-resource settings.

7.3 Ablation Study
This section analyzes the effects of the swapping
threshold τ and blending weight α. Additional ab-
lation results on layer swapping configurations are
provided in Appendix D.

τ
MMMLU ↑ BELEBELE ↑ MGSM ↑

LLaMA Qwen LLaMA Qwen LLaMA Qwen

Layer-wise
0 36.0 40.4 55.7 70.6 50.0 56.1
0.001 36.0 40.6 56.2 70.7 50.2 55.4

Module-wise
0 36.5 40.5 55.1 70.4 50.2 54.6
0.001 36.2 40.7 55.8 70.6 50.7 56.4

Table 4: Effect of the threshold τ on model performance
for Bengali.

Swapping Parameter τ We evaluate the effec-
tiveness of different threshold settings (τ=0 and
τ=0.001) on general evaluation benchmarks, as
shown in Table 4. Overall, τ=0.001 consistently
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(a) Attention Module (b) MLP Module

Figure 4: Module-wise normalized parameter update ratios for Bengali using LLaMA 3.1 8B Instruct. The plots
compare attention (left) and MLP (right) components, illustrating complementary specialization across modules.

outperforms τ=0 across all benchmarks. This indi-
cates that allowing partial blending between mod-
ules with similar specialization scores leads to bet-
ter transfer and generalization performance. Based
on these results, we set τ=0.001 as the default
threshold for all experiments.

α
MMMLU ↑ BELEBELE ↑ MGSM ↑ MultiJail↓

LLaMA Qwen LLaMA Qwen LLaMA Qwen LLaMA Qwen

0.3 27.5 23.5 59.0 74.7 48.0 62.8 24.8 16.8
0.5 28.0 24.5 58.9 75.2 47.6 63.2 22.3 14.6
0.7 25.2 25.0 60.0 74.8 47.6 61.2 21.0 19.1

Table 5: Effect of the blending weight α on module-wise
swapping performance for Bengali.

Blending Parameter α Table 5 shows the ef-
fect of the blending weight α on Bengali bench-
marks. A moderate setting of α = 0.5 provides
the best trade-off across reasoning, understanding,
and safety tasks. Based on this observation, we set
α = 0.5 as the default configuration in all experi-
ments.

8 Conclusion

In this work, we introduced safety-aware layer
swapping, a training-free approach that transfers
safety alignment from a high-resource English ex-
pert to low-resource multilingual models. Through
task-vector composition and automatic module se-
lection, our method propagates safety-related be-
haviors while preserving general language under-
standing across languages. Experiments show that
it achieves consistent safety improvements without
sacrificing overall performance or requiring addi-
tional training.

9 Limitations

Our study has following limitations. First, safety
evaluation in our experiments relies on LLM-based
judgment. This dependency may introduce inac-
curacies due to the inherent biases or limitations
of the evaluation model, particularly in multilin-
gual settings where LLM-as-a-judge performance
can vary across languages. Second, our approach
currently focuses on sample-indpendent parameter
merging. Context-aware swapping during inference
could further improve adaptability.
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Fadaei, Irem Ergün, Ifeoma Okoh, and 14 oth-
ers. 2024. Aya dataset: An open-access collec-
tion for multilingual instruction tuning. Preprint,
arXiv:2402.06619.

Rohan Taori, Ishaan Gulrajani, Tianyi Zhang, Yann
Dubois, Xuechen Li, Carlos Guestrin, Percy Liang,
and Tatsunori B. Hashimoto. 2023. Stanford al-
paca: An instruction-following llama model. https:
//github.com/tatsu-lab/stanford_alpaca.

Gemma Team. 2025a. Gemma 3.

NLLB Team, Marta R. Costa-jussà, James Cross, Onur
Çelebi, Maha Elbayad, Kenneth Heafield, Kevin Hef-
fernan, Elahe Kalbassi, Janice Lam, Daniel Licht,
Jean Maillard, Anna Sun, Skyler Wang, Guillaume
Wenzek, Al Youngblood, Bapi Akula, Loic Barrault,
Gabriel Mejia Gonzalez, Prangthip Hansanti, and
20 others. 2022. No language left behind: Scal-
ing human-centered machine translation. Preprint,
arXiv:2207.04672.

Qwen Team. 2025b. Qwen3 technical report. Preprint,
arXiv:2505.09388.

Qwen Team. 2025c. Qwen3guard technical report.

Atnafu Lambebo Tonja, Bonaventure FP Dossou, Jes-
sica Ojo, Jenalea Rajab, Fadel Thior, Eric Peter
Wairagala, Aremu Anuoluwapo, Pelonomi Moiloa,
Jade Abbott, Vukosi Marivate, and 1 others. 2024.
Inkubalm: A small language model for low-resource
african languages. arXiv preprint arXiv:2408.17024.

torchtune maintainers and contributors. 2024. torchtune:
Pytorch’s finetuning library.

Wenxuan Wang, Zhaopeng Tu, Chang Chen, Youliang
Yuan, Jen-tse Huang, Wenxiang Jiao, and Michael
Lyu. 2024. All languages matter: On the multilingual
safety of LLMs. In Findings of the Association for
Computational Linguistics: ACL 2024, pages 5865–
5877, Bangkok, Thailand. Association for Computa-
tional Linguistics.

Prateek Yadav, Derek Tam, Leshem Choshen, Colin A
Raffel, and Mohit Bansal. 2023. Ties-merging: Re-
solving interference when merging models. Ad-
vances in Neural Information Processing Systems,
36:7093–7115.

Enneng Yang, Li Shen, Zhenyi Wang, Guibing Guo,
Xiaojun Chen, Xingwei Wang, and Dacheng Tao.
2024. Representation surgery for multi-task model
merging. In Proceedings of the 41st International
Conference on Machine Learning, volume 235 of
Proceedings of Machine Learning Research, pages
56332–56356. PMLR.

Le Yu, Bowen Yu, Haiyang Yu, Fei Huang, and Yongbin
Li. 2024. Language models are super mario: Absorb-
ing abilities from homologous models as a free lunch.
In Forty-first International Conference on Machine
Learning.

Yuanchi Zhang, Yile Wang, Zijun Liu, Shuo Wang,
Xiaolong Wang, Peng Li, Maosong Sun, and Yang
Liu. 2024. Enhancing multilingual capabilities of
large language models through self-distillation from
resource-rich languages. In Proceedings of the 62nd
Annual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), pages 11189–
11204, Bangkok, Thailand. Association for Compu-
tational Linguistics.

Wei Zhao, Zhe Li, Yige Li, Ye Zhang, and Jun Sun.
2024a. Defending large language models against
jailbreak attacks via layer-specific editing. In Find-
ings of the Association for Computational Linguistics:
EMNLP 2024, pages 5094–5109, Miami, Florida,
USA. Association for Computational Linguistics.

Yiran Zhao, Wenxuan Zhang, Guizhen Chen, Kenji
Kawaguchi, and Lidong Bing. 2024b. How do large
language models handle multilingualism? In The
Thirty-eighth Annual Conference on Neural Informa-
tion Processing Systems.

Yiran Zhao, Wenxuan Zhang, Yuxi Xie, Anirudh Goyal,
Kenji Kawaguchi, and Michael Shieh. 2025. Under-
standing and enhancing safety mechanisms of LLMs
via safety-specific neuron. In The Thirteenth Interna-
tional Conference on Learning Representations.

2233

https://openreview.net/forum?id=fR3wGCk-IXp
https://openreview.net/forum?id=fR3wGCk-IXp
https://arxiv.org/abs/2402.06619
https://arxiv.org/abs/2402.06619
https://github.com/tatsu-lab/stanford_alpaca
https://github.com/tatsu-lab/stanford_alpaca
https://goo.gle/Gemma3Report
https://arxiv.org/abs/2207.04672
https://arxiv.org/abs/2207.04672
https://arxiv.org/abs/2505.09388
https://doi.org/10.18653/v1/2024.findings-acl.349
https://doi.org/10.18653/v1/2024.findings-acl.349
https://proceedings.mlr.press/v235/yang24t.html
https://proceedings.mlr.press/v235/yang24t.html
https://doi.org/10.18653/v1/2024.acl-long.603
https://doi.org/10.18653/v1/2024.acl-long.603
https://doi.org/10.18653/v1/2024.acl-long.603
https://doi.org/10.18653/v1/2024.findings-emnlp.293
https://doi.org/10.18653/v1/2024.findings-emnlp.293
https://openreview.net/forum?id=ctXYOoAgRy
https://openreview.net/forum?id=ctXYOoAgRy
https://openreview.net/forum?id=yR47RmND1m
https://openreview.net/forum?id=yR47RmND1m
https://openreview.net/forum?id=yR47RmND1m


Type Name URL License
SFT Datasets

Korean

KoAlpaca built from (Taori et al., 2023) https://huggingface.co/datasets/beomi/KoAlpaca-v1.1a Apache 2.0
Databricks-Dolly-15k-ko https://huggingface.co/datasets/nlpai-lab/databricks-dolly-15k-ko CC-BY-SA 3.0
Aya (Korean subset) (Singh et al., 2024) https://huggingface.co/datasets/CohereForAI/aya_dataset Apache 2.0
NLLB (Korean subset) (Team et al., 2022) https://huggingface.co/datasets/allenai/nllb ODC-By

Bengali

Aya (Bengali subset)(Singh et al., 2024) https://huggingface.co/datasets/CohereForAI/aya_dataset Apache 2.0
Indic-Align (Khan et al., 2024) https://huggingface.co/datasets/ai4bharat/indic-align CC-BY 4.0
BongChat-v1-253k https://huggingface.co/datasets/lumatic-ai/BongChat-v1-253k MIT
NLLB (Bengali subset) (Team et al., 2022) https://huggingface.co/datasets/allenai/nllb ODC-By

Swahili
Aya (Swahili subset) (Singh et al., 2024) https://huggingface.co/datasets/CohereForAI/aya_dataset Apache 2.0
xP3mt (Swahili subset) (Muennighoff et al., 2022) https://huggingface.co/datasets/bigscience/xP3mt Apache 2.0
Inkuba-instruct (Swahili subset) (Tonja et al., 2024) https://huggingface.co/datasets/lelapa/Inkuba-instruct CC BY-NC 4.0

Telugu

Aya (Telugu subset) (Singh et al., 2024) https://huggingface.co/datasets/CohereForAI/aya_dataset Apache 2.0
Telugu Alpaca https://huggingface.co/datasets/Telugu-LLM-Labs/telugu_alpaca_yahma_cleaned_filtered_romanized CC BY 4.0
Telugu Teknium GPTeacher https://huggingface.co/datasets/Telugu-LLM-Labs/telugu_teknium_GPTeacher_general_instruct_filtered_romanized MIT
NLLB (Telugu subset) (Team et al., 2022) https://huggingface.co/datasets/allenai/nllb ODC-By

Safety Safety-tuned-llamas (Bianchi et al., 2024) https://github.com/vinid/safety-tuned-llamas MIT
Benchmarks
General MMMLU (OpenAI, 2024) https://huggingface.co/datasets/juletxara/mgsm CC-BY-SA 4.0
General BELEBELE (Bandarkar et al., 2024) https://huggingface.co/datasets/facebook/belebele CC-BY-SA 4.0
General MGSM (Shi et al., 2023) https://huggingface.co/datasets/juletxara/mgsm CC-BY-SA 4.0
Safety MultiJail (Deng et al., 2024) https://huggingface.co/datasets/DAMO-NLP-SG/MultiJail MIT

Table 6: License information for datasets used in this work.

A Experimental Details

A.1 Datasets and License

Table 6 summarizes the license information for the
datasets used.

A.2 Prompt Template

Below is a zero-shot prompt templates used in our
experiments. All prompts were adapted for their
respective target languages.

MMMLU, BELEBELE

Instruction:
Given a passage and a question, select the
correct answer from the provided options.

Passage: {passage}
Question: {question}
1: {ans1}
2: {ans2}
3: {ans3}
4: {ans4}

Read the text, and by answering the
question choose which of the options is
correct.
Give only the integer indicating the correct
choice without any explanation.

MGSM

Question: {question}
Answer:

B Analysis of parameter update ratios

B.1 Layer-wise

Figure 5 shows the relative parameter update ratios
of SFT models of Qwen3 8B.

B.2 Module-wise

Figure 6 presents the module-wise parameter up-
date ratios for Swahli.

C Analysis of Safety Responses

C.1 Safety Improvement of Module-wise
Swapping

Table 7 shows category-wise relative safety im-
provements across languages on the MultiJail
benchmark.

C.2 Examples of Improved Safety Responses

Warning: The following content includes harmful
or sensitive examples used solely for evaluation
purposes.

Table 8 shows that base models often gener-
ate harmful or enabling responses to malicious
prompts, whereas our method consistently pro-
duces refusals or de-escalatory responses aligned
with safety guidelines.

D Ablation Study of Layer Swapping

Tables 9 and 10 reveal a clear safety–language per-
formance trade-off in layer swapping configura-
tions. Settings that increase the proportion of safety-
aligned layers (e.g., LLaMA Bottom 6 / Upper 2;
Qwen Bottom 2 / Upper 8) yield stronger safety
performance but substantially degrade general ca-
pabilities. In contrast, configurations incorporating
more language-expert layers (e.g., LLaMA Bottom
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(a) Korean (b) Bengali

(c) Swahili (d) Telugu

Figure 5: Layer-wise normalized parameter update ratios for Qwen 3 8B across four languages. In difference
(psafe−pmulti), larger positive values indicate safety-dominant layers, while negative values correspond to multilingual-
dominant regions.

10 / Upper 4; Qwen Bottom 6 / Upper 10) improve
general performance at the cost of weaker safety.

These results indicate that heuristic or manually
selected layer boundaries fail to generalize reliably
across settings. This observation further motivates
our systematic swapping strategy, which mitigates
unstable trade-offs and achieves more consistent
behavior.
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(a) Attention Module (b) MLP Module

Figure 6: Module-wise normalized parameter update ratios for Swahili using LLaMA 3.1 8B Instruct. The plots
compare attention (left) and MLP (right) components, illustrating complementary specialization across modules.

Language A
du

lt

A
ni

m
al

ab
us

e

B
ul

ly
in

g

C
hi

ld
ab

us
e

M
is

in
fo

rm
at

io
n

D
is

cr
im

in
at

io
n

Fr
au

d

H
at

e
sp

ee
ch

U
ne

th
ic

al

Pr
op

er
ty

cr
im

e

Se
lf

-h
ar

m

Se
xu

al
ex

pl
oi

ta
tio

n

PI
I

Su
bs

ta
nc

e

Te
rr

or
is

m

T
he

ft

V
io

le
nc

e

W
ea

po
ns

Korean +0.0 +30.8 +8.8 +16.7 +17.2 +0.0 +0.0 +10.5 +13.3 +27.3 +25.0 +15.4 +30.0 +31.6 +44.4 +10.7 +16.5 +18.2
Bengali +20.0 +7.7 +20.6 +50.0 +24.1 +19.6 +23.5 +26.3 +26.7 +27.3 +0.0 +30.8 +30.0 +5.3 +27.8 +14.3 +12.9 +13.6
Swahili +15.0 +0.0 -2.9 +16.7 -10.3 -3.9 +11.8 +5.3 +13.3 +0.0 +0.0 +7.7 +0.0 -5.3 +0.0 +3.6 +0.0 -9.1
Telugu +25.0 +30.8 +14.7 +0.0 +10.3 +25.5 +11.8 +21.1 +13.3 +0.0 +62.5 +15.4 +30.0 +10.5 +27.8 +32.1 +22.4 +13.6

Table 7: Relative safety improvement (%) of LLaMA models on the MultiJail benchmark (base vs. module-wise
swapping), reported by category across languages. Positive values indicate reduced unsafe responses compared to
the baseline, while negative values indicate regressions.
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Language Model Response

Question:시체어떻게숨겨?

Korean
Base 시체를숨겨야할경우,일반적으로다음과같은방법이있습니다. 1.적절한장소

찾기:시체를숨겨야하는장소를찾습니다.일반적으로는시체를숨기기위한특
수한장소나시체보관장소가있습니다.하지만이러한장소가없을경우,시체를
숨기기위한다른장소를찾아야합니다. 2.장소를청소하고준비하기:찾은장소
를청소하고,시체를숨기기위한준비를합니다. ... (omitted)

Module-wise 제가법적조언을제공할수없습니다.법적문제와관련된질문에대해서는전문
가의조언을받는것이좋습니다.

Question:

Bengali
Base

Module-wise

Question: Je, baadhi ya njia ninazoweza kuharibu sifa ya mtu kazini ni gani?

Swahili
Base Sifa ya mtu kazini inaweza kuharibiwa kwa njia mbalimbali, ikiwa ni pamoja na:1.

Kutumia majina ya mtu mwingine bila ridhaa yake: Kutumia majina ya mtu mwingine
bila kibali chake kunaweza kusababisha ukosefu wa uaminifu na uwezekano wa
kuharibu sifa yake.2. Kujieleza kwa njia isiyo ya heshima: Kujieleza kwa njia isiyo ya
heshima kwa mtu mwingine katika ofisi au kwenye mitandao ya kijamii kunaweza
kusababisha ukosefu wa uaminifu na kuharibu sifa yake. ... (omitted)

Module-wise Sio, ninaweza kutoa taarifa kuhusu njia za kudhuru au kudhuru mtu. Kwa hivyo,
ninaweza kuwapa maelezo kuhusu njia za kufanya kazi katika mazingira ya kitaaluma
yenye heshima na ya haki.

Question:

Telugu
Base

Module-wise

Table 8: Examples of improved safety responses comparing LLaMA 3.1 8B Instruct and Module-wise swapping.
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Swapped Layers (Bottom / Upper)

Safety Judge 6 / 2 6 / 4 6 / 6 8 / 2 8 / 4 8 / 6 10 / 2 10 / 4 10 / 6

Gemma 23.8 26.4 26.4 30.8 27.3 28.9 37.1 34.3 36.2
Qwen 19.4 17.8 20.6 22.9 23.2 21.6 28.9 25.7 30.2

Table 9: Effect of different layer swapping configu-
rations on MultiJail benchmark evaluated by Gemma
Guard and Qwen Guard. Numbers indicate the number
of swapped layers in the bottom and upper parts of the
model.

Swapped Layers (Bottom / Upper)

Benchmark 6 / 2 6 / 4 6 / 6 8 / 2 8 / 4 8 / 6 10 / 2 10 / 4 10 / 6

MMMLU 23.9 23.5 23.1 25.0 25.3 24.5 26.2 26.0 25.7
BELEBELE 56.9 57.9 57.0 59.1 57.7 58.4 57.3 58.1 58.4
MGSM 44.8 50.8 46.8 48.0 50.4 52.0 44.8 47.6 42.8

Avg 41.9 44.1 42.3 44.0 44.5 45.0 42.7 43.9 42.3

Table 10: Effect of different layer swapping configura-
tions on comprehensive benchmarks performance. Num-
bers denote the number of swapped layers in the bottom
and upper parts of the model.
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