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Abstract

Large language models (LLMs) increasingly support multi-
lingual understanding and generation. Meanwhile, efforts to
interpret their internal mechanisms have emerged, offering
insights to enhance multilingual performance. While multi-
head self-attention (MHA) has proven critical in many areas,
its role in multilingual capabilities remains underexplored. In
this work, we study the contribution of MHA in supporting
multilingual processing in LLMs. We propose Language At-
tention Head Importance Scores (LAHIS), an effective and
efficient method that identifies attention head importance
for multilingual capabilities via a single forward and back-
ward pass through the LLM. Applying LAHIS to Aya-23-
8B, Llama-3.2-3B, and Mistral-7B-v0.1, we reveal the exis-
tence of both language-specific and language-general heads.
Language-specific heads enable cross-lingual attention trans-
fer to guide the model toward target language contexts and
mitigate off-target language generation issue, contributing to
addressing challenges in multilingual LLMs. We also intro-
duce a lightweight adaptation that learns a soft head mask
to modulate attention outputs over language heads, requir-
ing only 20 tunable parameters to improve XQuAD accuracy.
Overall, our work enhances both the interpretability and mul-
tilingual capabilities of LLMs from the perspective of MHA.

Code — https://github.com/Linuxin-xxx/LAHIS

1 Introduction

Large language models (LLMs) have substantially advanced
natural language processing (NLP). With their increas-
ing pretraining on multilingual corpora, these models now
demonstrate impressive capabilities in understanding and
generating text across diverse languages (Huang et al. 2025;
Qin et al. 2024). As a result, enhancing and analyzing their
multilingual abilities has emerged as a central research ob-
jective (Muennighoff et al. 2023; Qi, Ferndndez, and Bisazza
2023; CONNEAU and Lample 2019).

Alongside performance improvements, there is a grow-
ing interest in uncovering the internal mechanisms that en-
able multilingual processing in LLMs. Gaining a deeper un-
derstanding of these mechanisms can facilitate the devel-
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opment of more interpretable and controllable models. Re-
cent studies have made progress in this area by identifying
language-specific neurons or analyzing the function of each
layer (Zhao et al. 2024; Tang et al. 2024; Zhang et al. 2024;
Wang et al. 2025; Zhong et al. 2024; Wendler et al. 2024).
However, one fundamental component of the Transformer
architecture, multi-head self-attention (MHA), remains rel-
atively underexplored in this context.

In other domains, studies have identified attention heads
that perform specialized functions, such as induction
heads (Olsson et al. 2022), retrieval heads (Wu et al. 2024),
successor heads (Gould et al. 2023), and safety heads (Zhou
et al. 2025). These roles indicate that attention heads can
exhibit functional specialization. Motivated by this, we hy-
pothesize that multilingual LLMs may also contain attention
heads that are selectively specialized for processing particu-
lar languages.

In this paper, we investigate the contribution of individ-
ual attention heads within MHA to the multilingual capabil-
ities of LLMs. To this end, we propose Language Attention
Head Importance Scores (LAHIS), an efficient method for
attributing head importance with respect to multilingual per-
formance. LAHIS utilizes a soft mask, implemented as a
trainable matrix shaped to match the model’s attention struc-
ture, to estimate head importance by tracking its updates dur-
ing training. This process requires only a single forward and
backward pass over a target-language corpus.

By applying LAHIS to Aya-23-8B, Llama-3.2-3B, and
Mistral-7B-v0.1, we obtain attention head importance matri-
ces across different languages and identify language heads
that contribute significantly to multilingual capabilities. We
define those that are highly important for specific languages
as language-specific heads, and empirically validate both
their effectiveness and specialization. Furthermore, we iden-
tify a set of language-general heads that consistently receive
high importance scores across all languages.

Language-specific heads can help address challenges
faced by multilingual LLMs. In real-world applications such
as dialogue systems and retrieval-augmented generation,
multilingual input contexts are common. However, when
conflicting facts are presented in different languages, the
model’s information selection can become unpredictable
and biased (Park and Lee 2025). Our experiments demon-
strate that by enhancing or suppressing language-specific



heads, we can steer the model’s attention and shift its pref-

erence toward the target-language context, thereby enabling

more reliable and controllable cross-lingual reasoning.

We further demonstrate that modulating language-specific
heads provides a practical mechanism to mitigate off-target
language generation (Sennrich, Vamvas, and Mohammad-
shahi 2024), a common issue where multilingual models are
likely to output high-resource languages like English, even
when the input is in a different language. By suppressing
English-heads during generation, we effectively realign the
output language with the input. Our experiments on the XL-
Sum dataset show that this targeted intervention restores lan-
guage fidelity while maintaining high summarization qual-
ity, revealing a controllable axis for correcting multilingual
generation asymmetries in LLMs.

Moreover, building on the discovery of language heads,
we propose a lightweight adaptation method that enhances
multilingual performance by training a small matrix aligned
with the attention structure of the LLM, without modifying
the LLM’s original weights. This trainable matrix updates
only a few parameters associated with the identified heads
and is inserted into the LLM as a gate to modulate the corre-
sponding attention outputs during training or inference. Ex-
periments on the XQuAD dataset across three models show
that this adaptation, tuning only 14-20 parameters, yields an
average accuracy improvement of 5 percentage points over
the vanilla models, and outperforms the random-heads base-
line by 4 points.

Our key contributions are as follows:

We propose LAHIS, a lightweight and efficient method
for estimating attention head importance with respect
to multilingual capabilities. Applied to three LLMs
across diverse languages, LAHIS reveals the existence
of language-specific heads critical to individual lan-
guage performance, and language-general heads benefi-
cial across languages.

. We show that language-specific heads offer a mecha-
nism to control model behavior in multilingual contexts.
By enhancing or suppressing these heads, we steer the
model’s attention toward the target language, enhancing
cross-lingual reasoning and reducing bias from conflict-
ing multilingual inputs.

. We demonstrate that modulating language-specific heads
effectively mitigates off-target language generation. Our
experiments show that suppressing English-heads re-
aligns the outputs with input languages while maintain-
ing generation quality.

. We propose a lightweight adaptation that enhances mul-
tilingual performance by inserting a simple, attention-
aligned trainable matrix to modulate certain language
heads’ outputs. Tuning only 14-20 parameters, it im-
proves XQuAD accuracy by 5 points on average and sur-
passes the random-heads baseline by 4 points.

1.

2 Method
2.1 Preliminary

In this section, we briefly introduce the Transformer archi-
tecture and the multi-head self-attention (MHA) mechanism
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(Vaswani et al. 2017), as they form the foundation for the
rest of the paper. We mainly focus on the decoder-only
transformer architecture, which is widely adopted in mod-
ern LLMs. This architecture generally consists of multiple
layers, each comprising a multi-head self-attention module
and a feed-forward network.

The self-attention mechanism computes dependencies be-
tween tokens in an input sequence, assigning different
weights to enable the LLMs to focus on the most relevant
information. Multi-head self-attention further splits internal
representations into multiple subspaces, allowing the mod-
els to capture diverse semantic features that a single head
may struggle to represent effectively (Vaswani et al. 2017).

Each head in the MHA module is implemented as a
Scaled Dot-Product Attention unit. The i-th head, head,, is

QiK{

calculated as:
Vi (1)
)

The inputs consist of queries );, keys K;, and values V;,
each with a dimensionality of dj. In self-attention, Q;, K;
and V; are obtained from the same internal representation
produced by the previous layer, through different linear pro-
jections. In this way, each head performs its computation
independently. The outputs of all heads # are then concate-
nated and projected by a parameter matrix Wy to form the
final output of the MHA module:

head; = Attention(Q;, K, Vi) = softmax <

MultiHead = Concat(heads, ..., heads)Wo 2)

Moreover, several models, such as Llama-3, adopt the
Grouped-Query Attention (GQA) mechanism (Ainslie et al.
2023), in which multiple queries within a group share the
same keys (K) and values (V). However, this shared use of
K and V does not eliminate head-wise differentiation, as
each head still employs its own distinct queries (Q).

Specifically, for layer [ in an LLM, given the internal rep-
resentation R'~! from the previous layer and the trainable
parameters Wcl? Wll< and W{, of the current layer, attention

head headé is computed as:
head} = Attention(R'™'Wq, R Wi, R"'WY)  (3)

In this paper, a gate parameter g; is used to control the
magnitude of each attention head head;:

> 1 (enhance)

head; = gi-head;, where g; € R>¢ and ¢g; § € [0,1) (weaken)
=0 (disable)

4)

2.2 Language Attention Head Importance Scores

In this paper, we focus on the attention heads within
multilingual LLMs. We propose a lightweight and effi-
cient method, Language Attention Head Importance Scores
(LAHIS), which estimates the importance of each attention
head for multilingual capability. Specifically, it computes an
importance matrix that reflects how crucial each attention



head is to a specific language, using only a single forward
and backward pass of the LLM on a corpus in that language.
This is achieved by a trainable matrix designed to efficiently
approximate each head’s contribution.

Following prior works (Zhou et al. 2025; Michel, Levy,
and Neubig 2019; Tang et al. 2024; Zhao et al. 2024), we
estimate the importance of an attention head i by measur-
ing the change in model loss AL before and after disabling
it via a masking mechanism. Given a language-specific cor-
pus &, in language c, the model computes the change in
loss £(x) when an attention head is deactivated. As shown
in earlier studies (Voita et al. 2019; Michel, Levy, and Neu-
big 2019), many attention heads are redundant for specific
tasks and can be pruned with minimal degradation in per-
formance. Hence, if disabling a particular head leads to a
significant increase in loss, it indicates that the head plays
an important role in processing language c.

Formally, for an LLM with n; layers and n; heads per
layer, we construct the attention head importance matrix
ImpScore, € R™*™» for language ¢, where each entry is
defined based on the loss difference AL when deactivating
a specific attention head. Specifically, the importance score
for attention head h; is given by:

ImpScore, (h;) = Eq.cx. [L(hi=0 | z.) — L(z)]

with h; € H indexing all attention heads.

However, explicitly disabling each attention head one by
one is computationally expensive, especially for large-scale
models such as Aya-23-8B, which contains 1024 attention
heads. To address this, inspired by previous works (Michel,
Levy, and Neubig 2019; Molchanov et al. 2017), we ap-
proximate the loss difference AL using a first-order Tay-
lor expansion. Specifically, we introduce a trainable matrix
M e Rm>"hn referred to as the soft attention head mask,
to efficiently estimate the head-wise importance through a
single forward and backward pass. The approximated loss
difference AL is given by:

where m; € M denotes the mask parameter correspond-
ing to attention head h;.

Furthermore, since we aim to identify heads whose re-
moval leads to an increase in loss, we compute the propor-
tion of negative gradients with respect to each mask param-

eter, denoted by Wye,:
o = e, [1 (222 o))

Finally, we define the refined attention head importance
matrix LAHIS,. € R™*™ for language ¢ by weighting the
loss difference AL with the factor Wheg that emphasizes
heads with beneficial gradients. Formally, each importance
score of LAHIS, is computed as:

1 (%) <o)
®)

)

ami

mi (6)

AE = EZ‘CEXC |:

OL(xzc) @

8mi

aﬂ(wc)

Bmi

mg

LAHIS, (h;) = Ea. € X. {
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In summary, each score in the attention head importance
matrix reflects the degree to which a given head contributes
to the model’s ability to handle a specific language. Atten-
tion heads with higher scores are deemed more critical and
can be regarded as language-specific heads that play a spe-
cialized role in multilingual processing.

3 Experiments
3.1 Experiment Setting

Models We conduct experiments on three widely-used
open-source multilingual models: Aya-23-8B (Aryabumi
et al. 2024), Llama-3.2-3B (Grattafiori et al. 2024), and
Mistral-7B-v0.1 (Jiang et al. 2023). Aya-23-8B is partic-
ularly optimized for multilinguality and supports 23 lan-
guages, including both high-resource and low-resource lan-
guages. Llama-3.2-3B officially supports eight languages,
while it has been trained on a broader collection of lan-
guages beyond these supported ones. Mistral-7B-v0.1 is also
pretrained on a mixture of multilingual data and exhibits
multilingual capabilities.

Datasets For language modeling, we use perplexity (PPL)
on the Wikipedia dataset, which contains cleaned articles
across multiple languages, with one subset per language. For
multilingual summarization, we use XL-Sum (Hasan et al.
2021), a large-scale dataset of article-summary pairs in 44
languages from BBC, covering both low and high-resource
languages. Summary quality is measured using BERTScore
F1 (Zhang* et al. 2020). For multilingual understanding,
we adopt XQuAD (Artetxe, Ruder, and Yogatama 2020), a
closed-domain QA benchmark in ten languages that evalu-
ates cross-lingual transfer and comprehension.

Languages Based on the languages supported by the se-
lected models and datasets, our experiments are conducted
on the following languages: English (en), Spanish (es),
Italian (it), German (de), Portuguese (pt), Greek (el),
Chinese (zh), Japanese (ja), Korean (ko), Thai (th), Hindi
(hi), Vietnamese (vi), and Indonesian (id). These lan-
guages cover both high-resource and low-resource settings
to ensure diversity in our evaluation.

3.2 Obtaining Attention Head Importance Matrix

We apply LAHIS to obtain attention head importance matri-
ces for multilingual capabilities in Aya-23-8B, Llama-3.2-
3B, and Mistral-7B-v0.1, focusing on the following lan-
guage sets for each model respectively: (en, zh, hi,
vi, es, pt, id, ja, ko, el), (en, pt, it,
de, th, id, vi, ja, ko, el) and (en, es,
vi, hi, ja, th, el).Asdescribedin § 2.2, we per-
form forward and backward passes over each language’s
Wikipedia corpus, which contains hundreds of thousands of
tokens, to compute attention head importance scores using
Equation 8.

Figure 1 presents the attention head importance matrices
as heatmaps, where darker regions represent higher impor-
tance scores. Each heatmap is primarily composed of lighter
areas with a few dark blocks, indicating that most attention
heads contribute little to the model’s performance on the tar-
get language, while a small subset has a disproportionately
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Figure 1: Illustration of attention head importance matrices
obtained by LAHIS. Darker cells indicate higher importance
scores. Most cells are light, showing that only a small subset
of heads are highly important.

high impact. These high-importance heads are likely to cap-
ture language-specific patterns.

Furthermore, the identified high-importance heads are
predominantly located in the lower layers of the LLMs,
where attention heads exhibit greater feature differentiation
(Voita et al. 2019).

3.3 Language-General Heads

Certain attention heads show consistently high importance
across all languages, suggesting a key role in general lan-
guage processing. To validate this, we disable these heads
and evaluate LLMs on the XL-Sum dataset (500 samples
per language) using BERTScore F1, which reflects both lan-
guage understanding and generation abilities. Mistral-7B is
excluded due to its tendency to generate English summaries
for non-English inputs, resulting in artificially low evalu-
ation scores. For Aya-23-8B and Llama-3.2-3B, we select
the top 4% and 19% most important heads per language, re-
spectively, and identify the ones shared across all languages,
which account for approximately 1% and 5% of total heads.

As shown in Table 1, disabling these heads consistently
degrades summarization quality across languages on two
models (-12.3 and -19.2 F1 score on average), while ran-
domly removing the same number of heads has minimal im-
pact. In some cases, disabling these heads causes the models
to produce repetitive or nonsensical outputs, indicating se-
vere damage to their language capabilities. Therefore, we
argue that these heads are universally important across lan-
guages and refer to them as language-general heads.
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Aya-23-8B
zh hi vi es pt id ko Avg
VM 89.1 857 793 69.6 727 683 84.6 785
RH 885 865 77.8 668 729 67.0 848 777
GH 720 84.0 69.0 584 635 479 69.0 66.2
Llama-3.2-3B
en pt th id vi ja ko Avg
VM 562 59.1 563 665 714 722 821 663
RH 548 612 552 637 755 742 828 66.8
GH 48.0 539 390 469 387 614 59.0 49.6

Table 1: Impact of deactivating language-general heads on
XL-Sum. Disabling these heads significantly reduces the av-
erage F1 scores (1), whereas randomly removing heads has
negligible impact. VM: Vanilla Model; RH: Random Heads
Deactivated; GH: Language-General Heads Deactivated.

3.4 Language-Specific Heads

§ 3.2 reveals that a small subset of attention heads plays a
dominant role in supporting individual language capabili-
ties in multilingual LLMs. We refer to these as language-
specific heads. Specifically, based on the attention head im-
portance matrices obtained by LAHIS, we select the top
2% highest-scoring heads per language, excluding language-
general heads to ensure specificity. We then evaluate both the
effectiveness and the language specificity of these heads.

To evaluate effectiveness, we deactivate the identified
language-specific heads and measure the impact on perplex-
ity (PPL) using the multilingual Wikipedia corpus with sev-
eral hundred thousand tokens per language. An increase in
PPL indicates performance degradation in language abil-
ity, reflecting the importance of the deactivated heads. As a
baseline, we randomly deactivate the same number of heads.
As shown in Table 2, disabling language-specific heads con-
sistently leads to larger PPL increases than both the vanilla
model and the random baseline, demonstrating the effective-
ness of the language-specific heads identified by LAHIS.

To assess specificity, we evaluate whether each set of
language-specific heads primarily affects its corresponding
language by examining the cross-lingual impact of deacti-
vating them. Figure 2 presents the resulting PPL increases,
where each cell (¢, j) denotes the PPL change on language j
when the heads specific to language ¢ are disabled. The con-
sistently darker diagonal entries indicate that almost every
language is affected the most by the deactivation of its own
heads, confirming their specificity.

3.5 Transferring Cross-Lingual Attention

In interactive dialogue or retrieval-augmented generation
(RAG) scenarios, input contexts are often multilingual (Qi,
Fernandez, and Bisazza 2025; Chirkova et al. 2024). How-
ever, when cross-lingual information conflicts, they exhibit
a preference for the language of the context during informa-
tion extraction, driven by prompt design or input-language
factors (Park and Lee 2025; Chirkova et al. 2024; Sharma,



Aya-23-8B

en zh hi vi es
Vanilla Model 8.18 8.66 2.89 6.38  4.22
Random Heads 8.26 8.94 2.92 6.42 436
Language Heads  9.57 14.1 4.08 890 6.60

pt id ja ko el
Vanilla Model 11.2 7.20 8.57 724  6.66
Random Heads 11.5 7.34 8.75 747  6.78
Language Heads  15.8 10.1 10.7 9.62 8.04

Llama-3.2-3B

en pt it de th
Vanilla Model 8.36 9.09 8.76 6.26  6.35
Random Heads 8.65 9.28 8.84 647  6.63
Language Heads 10.01 12.35 12.16 9.04 8.71

id vi ja ko el
Vanilla Model 2.98 8.93 9.04 1092 478
Random Heads 3.00 9.13 9.41 11.15 4.89
Language Heads 6.47 11.75 1232 15.15 6.81

Mistral-7B

en es vi hi ja
Vanilla Model 5.08 3.26 5.14 343 6.96
Random Heads 5.17 3.32 5.20 346  6.99
Language Heads 5.73 5.16 8.91 480 9.81

th el - - -
Vanilla Model 4.35 2.73 - - -
Random Heads 4.36 2.76 - - -
Language Heads 7.70 341 - - -

Table 2: Impact of deactivating language-specific heads on
PPL (] ). Disabling language-specific heads significantly in-
creases PPL compared to both the vanilla models and ran-
dom heads removal, highlighting the effectiveness of the
LAHIS method in identifying language-specific heads.

Murray, and Xiao 2025), potentially misaligning with users’
task-specific language requirements.

In this section, we investigate whether language-specific
heads can steer the model’s attention across languages.
Specifically, we test whether enhancing or weakening them
can guide the model’s attention toward a target language.

As illustrated in Figure 3, the input provides conflicting
facts about Alice’s occupation: “scientist” in Chinese and
“teacher” in Hindi. When queried in English, the model
initially answers “teacher”, reflecting the Hindi input. En-
hancing Chinese-heads or suppressing Hindi-heads shifts
the answer to “scientist”, aligning with the Chinese con-
text. Figure 4 further visualizes vocabulary-projected acti-
vations across Aya-23-8B’s layers using LogitLens (Wang
2025), showing that manipulating language-specific heads
effectively redirects attention to the intended language, al-
tering the final output.

To verify cross-lingual attention transfer via language-
specific heads, we design prompts with conflicting descrip-
tions of Alice’s profession in two languages (Contextl
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Figure 2: PPL impact from deactivating language-specific
heads. Cell (i,j) shows the PPL increase on language j
when disabling language i’s heads. The dark diagonals in-

dicate the specificity of heads identified by LAHIS.
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Figure 3: An illustration of shifting LLM’s multilingual at-
tention via head intervention. The vanilla model chooses
“teacher” from the Hindi context, but switches to ’scientist”
from the Chinese context after weakening Hindi-heads or
enhancing Chinese-heads.

in language A and Context2 in language B) and an En-
glish question. The model’s predicted profession indicates
its preference for one language’s context. We then enhance
language A’s heads or deactivate language B’s heads to ex-
amine whether the output shifts toward Context1.

Figure 5 shows experimental results on Aya-23-8B,
Llama-3.2-3B, and Mistral-7B with 450-720 samples per
language. Models initially prefer Context2, likely due to
its proximity to the question. After intervention, preference
for Context1 rises by about 10 percentage points, while
reliance on Context2 drops by 12 points. These results
confirm that language-specific heads enable effective cross-
lingual attention transfer.

3.6 Mitigating Off-Target Language Generation

Multilingual LLMs exhibit off-target language generation
(Tang et al. 2024; Sennrich, Vamvas, and Mohammadshahi
2024; Chen et al. 2023; Gu et al. 2019), where outputs
do not match the input language. This misalignment ad-
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Figure 4: Layer-wise vocabulary projections of Aya-23-8B
illustrating the multilingual attention shift.

versely affects tasks requiring language consistency. This
phenomenon is also observed in our experiments on XL-
Sum dataset with Mistral-7B, where the model generates
English summaries despite non-English inputs and prompts,
resulting in reduced evaluation scores. The bias toward En-
glish is primarily attributed to its dominance in the pre-
training corpus, leading the model to develop stronger profi-
ciency and preference for English (Hasan et al. 2024).

To address this issue, we reduce the model’s attention to
English to encourage generation in the target non-English
language. Experimenting on XL-Sum with Mistral-7B (100
samples per language), we deactivate 5% of English-heads
fores and vi, and 1% for hi, ja, and th. The language of
the generated summaries is classified using FastText (Joulin
etal. 2016). Figure 6 illustrates a Thai summarization exam-
ple where weakening English-heads shifts the output from
English to Thai. Table 3 shows that deactivating a small sub-
set of English-heads increases correct-language outputs to
100%. Additionally, improved BERTScore F1 confirms that
summary quality remains high after this language shift.

These results suggest that language-specific heads can be
leveraged to modulate the model’s language bias, provid-
ing a simple yet effective solution to the off-target language
generation problem. Additionally, these findings indicate an
asymmetry in multilingual LLMs, showing that while their
understanding capability spans many languages, their gener-
ation ability remains disproportionately influenced by high-
resource languages.

3.7 Enhancing Multilingual Performance via
Language-Specific Head Mask

Language heads can be leveraged to enhance the multilin-
gual capabilities of LLMs. For a given LLM with n; layers
and ny, attention heads per layer, we construct a trainable
matrix of shape (n;, ny, ). Only the parameters corresponding
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Figure 5: Influence of language-specific heads on multi-
lingual prediction shifting. Given prompts with conflicting
facts in two languages, enhancing heads for language A or
disabling heads for B increases the model’s reliance on lan-
guage A’s context, indicating that language-specific heads
can steer cross-lingual attention and influence predictions.

to the identified language heads are set as trainable, while
the rest remain frozen, which we refer to as the language-
specific head mask. During training or inference, the mask
parameters are multiplied with the attention outputs (prior
to projection through Wy), thereby influencing the model’s
final predictions.

Based on each language’s attention head importance ma-
trix, we select the top 2% scoring heads and set the corre-
sponding positions in the language-specific head mask as
trainable parameters. To support language task performance,
language-general heads are not excluded from this set. To as-
sess its multilingual effectiveness, we evaluate the language-
specific head mask on three models using the XQuAD across
languages. We train the language-specific head masks for
two epochs on 200 training samples and evaluate on 800 test
samples. As a baseline, we train head masks by randomly se-
lecting an equal number of parameters. As shown in Table 4,
the language-specific head masks yield an average accuracy
improvement of 5 percentage points over the vanilla mod-
els, and outperform the random baseline by 4 points. These
results demonstrate the effectiveness of the language heads
identified using LAHIS, and show that updating only a small
number of parameters within the language-specific head
mask (e.g., 14-20 for these three LLMs), requiring only 30
seconds, can improve multilingual task performance.



Prompt in Thai:
aqfearuiidmualasde [Yena] Text in Thai [agl]

(Translation: Summarize the given text briefly. [Text[Text in Thai [Summary])

Output from Vanilla Model:
African twin girls, joined at the head, separated after 18-hour surgery

Output after English-heads Weakened:

a ' @ o o "o ' < Ja
LANNLLEINTINBBNINNU Wﬁ\iﬁ?‘liﬂﬂ'liw'lﬂﬂi‘ﬁiy‘u'lu 18 AB'JIIN OBIIUT LASIN
(Translation: They had recently been separated after having had a major
surgery of 18 hours)

Figure 6: An example of off-target language generation and
mitigation. The LLM summarizes Thai input in English but
outputs correctly after weakening English-heads.

es vi hi ja th
Lan-Acc VM  0.67 0.35 0.74  0.99 0.78
EH 1.00 1.00 1.00 1.00 1.00
VM 5741 5021 70.19 8148 58.99
Sum-Qua
EH 7170 80.27 8559 81.54 69.07

Table 3: Language-accuracy (1) and summarization-quality
(1) of Mistral-7B on XL-Sum. Deactivating English-heads
yields 100% target language outputs and significantly im-
proves F1 scores versus the vanilla model. Lan-Acc: Lan-
guage Accuracy, Sum-Qua: Summarization Quality; VM:
Vanilla Model; EH: English-Heads Deactivated.

4 Related Work

Multilingual Mechanism Understanding how LLMs inter-
nally process different languages remains an open challenge.
Wendler et al. (2024) applies the LogitLens method (Wang
2025) and finds that in English-centric models like Llama,
token representations gradually shift from input space to
an English-biased concept space before transitioning to the
target language’s output space. Tang et al. (2024) proposes
a method to identify language-specific neurons, suggesting
that a small subset of neurons governs language capability.
Similarly, Zhao et al. (2024) introduces the PLND method
to detect such neurons and verifies a multilingual work-
flow in LLMs: understanding in multiple languages, rea-
soning in English, and generating output in the target lan-
guage. Wang et al. (2025) uses mechanistic interpretability
to explore cross-lingual inconsistencies, revealing that most
layers encode language-agnostic knowledge, with language-
specific transformations occurring mainly in the final layers,
where failures often cause output errors. While these works
offer valuable insights, they largely focus on entire layers
or neurons. In contrast, our work investigates the multilin-
gual roles of attention heads, offering a fresh perspective on
cross-lingual behavior in LLMs.

Multi-Head Attention Multi-head attention in LLMs has
been shown to be sparse, with only a small subset of heads
capturing task-relevant features while others can be pruned
without performance degradation (Michel, Levy, and Neu-
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Aya-23-8B

en zh vi es el Avg
VM 76.00 57.63 46.75 52.13 43.88 5528
RH 7525 60.75 48.00 52.88 43.88 56.15
LH 7738 63.63 5388 60.38 50.25 61.10
Llama-3.2-3B
en de th vi el Avg
VM 56.13 29.13 27.88 37.38 1438 32098
RH 56.50 32.00 27.00 38.25 14.63 33.68
LH 5925 3588 31.25 39.00 18.50 36.78
Mistral-7B
en es vi hi el Avg
VM 4488 30.25 2138 9.63 6.50 2253
RH 5275 3213 2225 11.38 725 2515
LH 60.13 37.13 24.13 1488 888 29.03

Table 4: Accuracy (1) (%) on XQuAD. Training language-
specific head masks (14-20 parameters) improves accuracy
by 5 points over vanilla models and outperforms random
masks by 4. VM: Vanilla Model; RH: Random Head Mask;
LH: Language-Specific Head Mask.

big 2019; Voita et al. 2019). However, certain heads have
also been demonstrated to play critical roles in many core
capabilities of LLMs (Su, Kempe, and Ullrich 2025; Vig
2019). Gould et al. (2023) identifies successor heads that in-
crement tokens in natural order, capturing abstract represen-
tations shared across architectures. Wu et al. (2024) discov-
ers retrieval heads responsible for extracting relevant infor-
mation from long contexts, which are essential for chain-of-
thought (CoT) reasoning. Zhou et al. (2025) examines the
role of attention heads in safety-related behaviors, introduc-
ing attribution methods to highlight their influence. Moti-
vated by these findings, our work investigates how certain
attention heads contribute to multilingual processing, high-
lighting a new facet of their functionality.

5 Conclusion

This paper provides new insights into the role of MHA
in enabling multilingual capabilities in LLMs. We intro-
duce LAHIS, an effective and efficient method for comput-
ing attention head importance with respect to multilingual
processing. Through comprehensive experiments on three
LLMs, we confirm the existence of both language-specific
and language-general heads. Our analysis demonstrates
that language-specific heads are instrumental in facilitating
cross-lingual attention transfer and mitigating off-target lan-
guage generation, thereby addressing the challenges in mul-
tilingual LLMs. Leveraging language heads, we further pro-
pose a lightweight adaptation strategy that improves multi-
lingual performance by updating only a small subset of pa-
rameters. Collectively, our work not only enhances the in-
terpretability of multilingual behaviors in LLMs from the
perspective of MHA, but also presents practical approaches
to strengthen the multilingual capabilities of LLMs.
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