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Abstract

Recent advancements in Large Language Mod-
els (LLMs) have shown remarkable capabil-
ities in multilingual contexts. However, pre-
vious studies suggest that multilingual LLMs
primarily rely on the rich semantic knowledge
of high-resource (i.e., English) representations
to conduct tasks across languages. To miti-
gate the performance gap arising from resource
imbalances, we propose Steering via Language-
Specific Neurons, a training-free method that
aligns non-English representations with the En-
glish manifold intervening on language-specific
neuron activations via linear interpolation to-
ward English activation prototypes. Experi-
mental results show that the proposed method
generally improves downstream task perfor-
mance with minimal computational cost, yield-
ing performance gains for low-resource scenar-
ios where limited data often constrains knowl-
edge coverage. Our findings suggest that the
fundamental limitations of low-resource lan-
guages can be effectively alleviated by lever-
aging the robust representation space of high-
resource languages, offering a promising direc-
tion for more balanced multilingual LLM:s.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable performance on complex tasks,
including reasoning, mathematics, and program-
ming, leading to their widespread adoption (Yang
et al., 2025; Al@Meta, 2024; DeepSeek-Al, 2025).
As the enormous datasets utilized for training these
models are sourced from the web, they naturally
encompass a diverse range of languages (Luccioni
and Viviano, 2021; Kreutzer et al., 2022). This
induces inherent multilingual capabilities, enabling
LLMs to exhibit impressive performance across
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various linguistic contexts (GemmaTeam, 2025;
Mistral Al 2025).

Despite these inherent multilingual capabili-
ties, multilingual LL.Ms exhibit performance gaps
across languages, particularly underperforming in
low-resource scenarios (Ahuja et al., 2023; Huang
et al., 2023; Xu et al., 2025). Recent studies on
the internal mechanisms of multilingual LLMs re-
veal that they do not operate in a language-neutral
manner; instead, their processing is largely orga-
nized around an English representation space (Etx-
aniz et al., 2024; Wendler et al., 2024; Schut et al.,
2025). In low-resource scenarios, representations
tend to converge toward the English manifold as
representations propagate through layers, showing
increasing semantic similarities to English repre-
sentation (Wendler et al., 2024; Tang et al., 2024).
This observation implies that improving the align-
ment between low- and high-resource language
representations may enhance performance. How-
ever, achieving such alignment through additional
training is often computationally demanding and
further constrained by limited data availability for
low-resource scenarios (Guo et al., 2024; Kadyrbek
et al., 2025).

To better understand the internal mechanisms of
multilingual LLMs, prior studies have investigated
the linguistic circuits activated during the process-
ing of diverse languages (Resck et al., 2025; Zhang
et al., 2025). One popular approach is to localize
Language-Specific Neurons (LSNs) that respond
selectively to particular languages. To analyze their
functional roles, previous studies employ masking
or ablation to intervene on targeted components
and examine resulting changes in language prefer-
ence and selection dynamics (Kojima et al., 2024;
Zhao et al., 2024). For example, Tang et al. (2024)
identify LSNs via cross-lingual comparisons of

In this work, we use the term “low-resource” to refer to

languages with limited web-scale pretraining exposure, rather
than speaker population size.
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activation patterns across a predefined set of lan-
guages, and show that modulating these neurons
can steer the model’s output language. Further-
more, representation-level interventions, such as
adding bias or transformation vectors, have been
explored to steer model behavior toward specific
linguistic manifolds or task-relevant spaces (Schut
et al., 2025; Etxaniz et al., 2024).

Collectively, these lines of studies indicate that
multilingual behavior can be influenced through
targeted neuron- and representation-level interven-
tions. These findings motivate a lightweight ap-
proach for low-resource scenarios: aligning input
language (non-high-resource in our scenario) repre-
sentations toward a target language (high-resource
language such as English in our scenario) man-
ifold by manipulating a small set of language-
related neurons, leading to improved downstream
performance. Therefore, we propose Steering
via Language-Specific Neurons (STEERLSN), a
training-free approach that intervenes on LSNs to
shift input language representations toward a target
language manifold, thereby improving alignment
between them. Specifically, we employ Language
Activation Probability Entropy (LAPE) (Tang et al.,
2024) to identify LSNs, and linearly interpolate
their subspaces defined by LSN activations toward
target-language prototypes to improve alignment
with the target language.

Our approach builds on recent findings suggest-
ing that improved alignment between low- and
high-resource language representations can lead
to better performance (Tang et al., 2024). Since
some task-relevant conceptual knowledge may be
more readily accessed in high-resource represen-
tation space, improving access to that space may
yield performance gains by enabling more effective
reuse of such knowledge. Based on this observa-
tion, we posit the Conceptual Access Hypothesis:
performance limitations in low-resource scenarios
stem not only from a lack of encoded knowledge,
but also from limited access to the English-centric
conceptual space where such knowledge may be
more effectively utilized. STEERLSN enhances
access to this conceptual space by encouraging
alignment with English representations.

We evaluate our method on widely used multilin-
gual LLMs, including Llama 3 (AI@Meta, 2024)
and Qwen 3 (Yang et al., 2025), using standard
benchmarks, such as Global MMLU (Singh et al.,
2025) and MGSM (Shi et al., 2023). Experimen-
tal results show consistent improvements for low-

resource scenarios in knowledge-intensive evalua-
tions spanning diverse domains without requiring
additional low-resource language samples or sig-
nificant computational cost. These improvements
suggest that better aligning low-resource language
representations with the high-resource language
space enables leveraging knowledge encoded in
the high-resource language representation space.
We emphasize that our goal is to improve access
to language-attributed knowledge, rather than to
universally enhance procedural reasoning.

2 Related Work

2.1 Neuron Analysis

To elucidate the multilingual processing mecha-
nisms of LLLMs and Multimodal LLMs (MLLMs),
Tang et al. (2024) proposed a quantitative method-
ology to identify LSNs by measuring the LAPE of
neuron activation distributions across languages.

Subsequent studies have expanded beyond this
probabilistic distribution analysis, introducing var-
ious approaches to enhance the precision and
reliability of neuron identification. Representa-
tive advancements include the Parallel Language-
specific Neuron Detection (PLND) technique uti-
lizing label-free data (Zhao et al., 2024). Notably,
to resolve polysemanticity caused by the superpo-
sition phenomenon in neural networks, attempts
have been made to utilize Sparse Autoencoders
(SAE) to decompose neurons into more granular
features (Deng et al., 2025; Shi et al., 2025; Huben
et al., 2024). Furthermore, research is actively em-
ploying gradient-based attribution scores to capture
actual causal influence rather than simple activa-
tion frequency, thereby identifying key neurons
that significantly contribute to model reasoning (Ya-
mamoto et al., 2025; Chen et al., 2025; Lu et al.,
2025).

However, existing research remains primarily at
an analytical level, focusing on observing LSN
distributions or assessing performance changes
through ablation. Approaches that sophisticatedly
manipulate LSNs and their surrounding vector rep-
resentations layer-wise to actively transfer knowl-
edge from high-resource to low-resource languages
and improve practical reasoning capabilities remain
underexplored.

2.2 Inference-time Intervention

Inference-time Intervention (ITI) has emerged as a
cost-effective, parameter-preserving technique that
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steers model behavior by shifting internal activa-
tions without modifying weights (Li et al., 2023).
To apply such interventions effectively in multi-
lingual contexts, it is crucial to understand the
model’s internal processing dynamics. Recent stud-
ies reveal that LLMs contain both core linguistic
regions for general capabilities and monolingual
regions specific to individual languages (Zhang
et al., 2024). Furthermore, processing typically
transitions from an initial input space to an English-
centric concept space located in the intermediate
layers, where the majority of complex reasoning
occurs before generating the final output (Wendler
et al., 2024).

Leveraging these layer-wise characteristics, re-
cent frameworks attempt to bridge the performance
gap between languages by focusing on these in-
termediate layers. For instance, extensive analy-
sis of cross-lingual semantic alignment suggests
that alignment is most prominent in middle lay-
ers, directly correlating with downstream perfor-
mance (Liu and Niehues, 2025; Wu et al., 2025;
Mao and Yu, 2024). Based on this, methods like
INCLINE align low-resource representations to the
high-performance space (Wang et al., 2025), while
the MRRE framework adopts a hierarchical ap-
proach: guiding representations into the English
space for reasoning and subsequently restoring
them to the target language distribution (Li et al.,
2025). Extending this line of research, this study
proposes maximizing the reasoning capabilities of
medium-to-low resource languages by explicitly
operating on language-specific neurons, rather than
on dense representation subspaces, to enable tar-
geted and language-aware intervention.

3 Method

In this section, we first describe how we ex-
tract language-conditioned activations and identify
LSNs for interventions in the model’s language-
processing mechanisms. Specifically, we employ
FLORES+ (Costa-jussa et al., 2024) to obtain
language-conditioned activations and apply LAPE
to identify LSNs. We then provide the detailed
procedures of our method. Hereafter, we refer to
the input language as the source-language and the
language used as the alignment objective as the
target-language.

3.1 Preliminary

Extracting language-conditioned activations.
To extract language-conditioned activations, we
use the FLORES+ benchmark, which provides
~ 1k parallel sentences per language across 225
languages (Costa-jussa et al., 2024). Following
Tang et al. (2024), we define a neuron as a linear
transformation of a single column vector in the
first linear map Wi € R4 of a feed-forward
network (FFN), followed by an activation function.
Let h € R? denote the post-attention hidden state
of a token at ¢-th layer, where d is the model hid-

den size. Then, a j-th neuron at i-th layer, aé-, is

represented as a§ =0 ((hi)Twé), where o (-) and

are an activation function and the j-th column

J
of W, respectively.

Let L = {I,}" be the set of N languages I
and let D = {xg, e ,XZN}le denote the K
FLORES+ sentences in [,,. We extract language-
conditioned activations by forwarding the model
on each XL" and collecting {a;'. (xig‘)}.

w

LAPE. Prior studies suggest that ag- are often se-
lective and sparse, and that intervening on a small
subset of units (e.g., via masking or ablation) can
induce detectable changes in model behavior (Dai
et al., 2022; Bricken et al., 2023), making them
practical control points in multilingual scenarios.
Therefore, LAPE leverages aé- to find LSNs by esti-
mating the activation probability p; ;. Specifically,

pﬁ”; for a given language [,,, is estimated by
) > Lal (xpm) > 0)

]

where 1(-) is an indicator function. Then, the p; ;,
the normalized p;; over L, is used to compute
LAPE § score which is denoted as:

i ~ln ~l7l
0 = =D _Piylog
L

b _

J

Since 4 is an entropy, a subset of a’ with the lowest
5; is selected as LSNS.

3.2 Steering via Language-Specific Neurons

To align a source-language, ls.., representation
with a target-language, l;4;, representation, we in-
tervene on a§ of their LSNs. Our approach con-
sists of two stages: 1) shift LSNs of /5., LSN ghere
while activating those of [y, LSNslst to steer
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representations toward the target-language man-
ifold, and 2) restore the generation capability in the
source-language. For brevity, let S C {1,--- ,4d}
be the set of LSN indices at layer :. We define the
masked afg such that its j-th component is given
by (ag); = a;-1(j € S).

3.2.1 Cross-Lingual Representation
Interpolation

STEERLSN focuses on the linear interpolation of
a§- of LSNs’r< and those of LSNs!ts¢. To interpret
our neuron-level intervention, we simplify each
Transformer block (Vaswani et al., 2017) as updat-
ing a residual representation. For clarity, let W'
be redefined as Wflp, since it performs as the up-
projection, and Wfiown € R*¥*9 denote the FEN
down-projection (i.e., the second linear map) that
maps a' = [a}, -+ ,a’,]" back to the residual
stream. The residual stream is updated by adding
a’ as follows:

hi-‘rl — h’L + ( éown)—rai +eee

with other sub-layers omitted for brevity. There-
fore, intervening on a subset of neurons is analo-
gous to injecting a controlled perturbation into the
representation as follows:

Ahit = (Wi )TAal.

In the proposed method, Aa;'» is non-zero only
for indices of LSNs. Hence, the induced shift lies
in a low-dimensional subspace spanned by the cor-
responding output directions:

AhH—l — (Wz

down

)TAafg € span({(Wfiown[s, :])T}S€S> .

This implies that neuron-level interventions
move h’ along a structured subspace associated
with LSNs, rather than arbitrarily perturbing the
representation.

Intuitively, if LSNs capture language-dependent
factors that bias representations toward a particular
language manifold, then shifting their activations
can steer the residual stream toward the [;4; repre-
sentation while preserving the remaining compo-
nents of the [, representation.

3.3 Steering toward Mean Target
Representations

We use the language-wise mean of afs, denoted
by Hai» as the steering objective (i.e., the target-
language in Stage 1 and the source-language in

Stage 2). Since our method intervenes at inference-
time, using a mean activation pattern provides a
stable reference for steering. First, Hai, TEpresents

a typical activation level under the LSN's* activa-
tion distribution. It can reduce the drastic distribu-
tion shifts compared to extreme statistics, such as
the maximum. Second, i, provides a prototype

within the LSN'ts¢ subspace. It encourages LSN/sre
activations to steer towards a representative LSNst
pattern, rather than towards rare activation regimes
that may be related to low-density regions. Addi-
tionally, when combined with interpolation, ai,
can enhance robustness by reducing sensitivity to a
steering strength « relative to alternatives.
Furthermore, replacing afgtgt with their mean

introduces an additive offset along LSN"st direc-
tions. As this replacement fixes the afgtgt to a

typical value under LSN’t activation distribution,
it reduces input-dependent variability in LSN’tst
subspace and can make the steering effect more
consistent across inputs. Consequently, /4. repre-
sentations are encouraged to move toward a high-
density region associated with the [;;; mean ac-
tivation pattern (restricted to the LSN subspace),
facilitating alignment with the /;,; representation
space. In Stage 2, we instead steer LSN activations
toward the source-language mean to restore source-
language generation while reducing residual /;4;
features.

Stage 1. The goal of Stage 1 is to shift the /g,
features and amplify the strength of [;;; features
to align h? of I, into lt4¢ Tepresentation space.
Specifically, for each neuron index j, the adjusted
activation &3'- is computed as:

(1—a)a + Wi if j € Ssre,
77\ Has,, if j € Sige,
ai-

J otherwise,

where a € (0, 1] is the steering strength. Note that
we do not zero out LSN’s"¢ activations. Due to
the polysemantic nature of neurons (Mondal et al.,
2025), setting activations to zero can have unin-
tended effects, may suppress task-relevant signals
such as reasoning. We linearly interpolate LSN’s
activations to shift them more carefully, aiming to
preserve their original contributions while enabling
the model to better leverage knowledge encoded in
ltgt-
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Stage 2. The objective of Stage 2 is to restore
L4y generation by reactivating LSN’s7e. The d;'- in
Stage 2 is computed as:

Mo, for j € Sqpe,
a; =14 (1— a)aé g for j € Sigt,
a otherwise.

Concretely, we set the mean LSNsv< activation for
LSN'sre to reinstate a source-typical activation pat-
tern for LSN*" subspace. At the same time, for
LSN’st, we interpolate aé» toward the same source
prototype with strength «, gradually reducing resid-
ual [;4; features.

4 Experiments

4.1 Experimental Settings

Model and evaluation benchmarks. To verify
the effectiveness of STEERLSN, we evaluate it
on two popular multilingual LLMs, Qwen3-4B-
Instruct (Yang et al., 2025) and Llama3.1-8B-
Instruct (AI@Meta, 2024), using two multilingual
benchmarks: Global MMLU (Singh et al., 2025)
and MGSM (Shi et al., 2023). Global MMLU cov-
ers 42 languages and includes two types of tasks,
Culturally Sensitive (CS) and Culturally Agnos-
tic (CA). In particular, CS questions can verify
whether representation alignment facilitates cross-
lingual transfer of language-attributed knowledge.
MGSM covers 11 languages and consists of grade-
school math problems. Because solving math prob-
lems requires multi-step reasoning, it can evaluate
whether representation alignment enables models
to leverage the more complex reasoning ability typ-
ically learned from high-resource languages (e.g.,
English), where training data are richer and more
abundant. We do not involve Chain-of-Thought
(CoT) (Wei et al., 2022) to evaluate MGSM. Consis-
tent with prior findings that multilingual LLMs are
English-centric, CoT produced by these models are
often dominated by English, even when the input is
in non-English. This can hinder rigorous analysis
of the proposed method’s effect. If the model shifts
its CoT into English, performance gains may stem
from CoT-induced language switching.

Language selection. We evaluate Global MMLU
on 12 languages. Using the 11 language set from
MGSM as a base, we add Hindi (hi) and Turk-
ish (tr) to increase coverage of non-high-resource
languages and exclude Thai (th) because it is not

supported in Global MMLU. MGSM is evaluated
on its full set of 11 supported languages. Based on
the Distribution of Languages in Common Crawl
Monthly Archives, we categorize languages with
a share of at least 2.5% as high-resource, those
with a share between 0.25% (inclusive) and 2.5%
(exclusive) as medium-resource, and those with a
share below 0.25% as low-resource. Under this
criterion, seven languages—English (en), Chinese
(zh), Russian (ru), German (de), Japanese (ja),
French (fr), and Spanish (es)—are categorized as
high-resource; Turkish (tr), Hindi (hi), and Ben-
gali (bn) as medium-resource; and Swabhili (sw) as
low-resource.

LAPE. We estimate LAPE using the entire lan-
guage set (i.e., 12 for Global MMLU and 13 for
MGSM). Following Tang et al. (2024), we filter
neurons by requiring activation probabilities above
the 95-th percentile and then select LSNs as the
bottom 1% by LAPE score.

STEERLSN. The steering strength « is searched
based on the validation performance using a grid
search over (0, 1] with a step size of 0.1. To rigor-
ously find «, we split each benchmark dataset into
a validation set and a test set, with a ratio of 2 : 8.
Since MGSM has only 258 samples per language,
we evaluate over five different splits and select «
by majority vote. The validation set of each split
is mutually exclusive from that of the other splits.
We use the same « for all layers where the linear
interpolation is applied.

4.2 Experimental Results

Layer selection. Our proposed method applies
layer-wise shifts to the hidden states, so selecting
appropriate layers for each stage is critical. To
identify which layers to intervene on effectively, we
analyze t-SNE (van der Maaten and Hinton, 2008)
of language representations on different layers to
visualize how they transition across layers from
bottom to top.

Fig. 1 visualizes t-SNE of layer-wise represen-
tations from Qwen3-4B-Instruct, computed using
parallel sentences across languages. It shows that
language representations form distinct clusters in
lower layers, and gradually become closer to one
another toward the middle layers. Toward the top
layers, they diverge again, forming distinct clusters.
This observation is consistent with prior studies

https://commoncrawl.github.io/
cc-crawl-statistics/plots/languages
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Resource Level Highest High Medium Low
Bench.  Model en zh ru de ja fr es tr hi bn sw
Qwen3-4B 67.88 62.68 59.44 58.88 5594 6131 60.38 37.50 23.56 45.50 29.13
Global  + STEERLSN - 62.31 5994 60.94 58.81 61.75 61.75 45.75 30.94 4538 29.81
MMLU Llama3.1-8B 67.19 55.19 5450 56.50 50.81 57.12 56.88 4575 44.06 41.56 41.12
+ STEERLSN - 55.19 55,50 56.44 51.31 5644 58.25 46.25 4431 4275 41.31
Qwen3-4B 32.80 27.60 34.80 3040 23.60 28.80 33.60 - - 26.80 8.40
+ STEERLSN - 2480 34.00 31.20 2440 2840 3320 - - 26.40  10.00
MGSM
Llama3.1-8B 9.60 120 14.00 1440 560 13.60 11.60 - - 11.60 10.80
+ STEERLSN - 11.20 1320 14.00 8.00 12.80 12.40 - - 11.20 11.20

Table 1: Accuracy on Global MMLU and MGSM for Qwen3-4B-Instruct and Llama3.1-8B-Instruct. All values are
percentages. Bold represents the best performance between the baseline and STEERLSN. “Bench.” denotes the

benchmark.
Layer 1 Layer 12
e .
e e
)
st .
% : -
Layer 36
b
L
o Wi
en de SwW hi fr te th
tr es zh bn ru ja

Figure 1: t-SNE of layer-wise representation from
Qwen3-4B-Instruct.

suggesting that the internal mechanisms of multilin-
gual LLMs are not inherently language-neutral, but
instead predominantly English-centric, reflecting
the bias inherent in high-resource training data (Etx-
aniz et al., 2024; Wendler et al., 2024; Schut et al.,
2025; Zeng et al., 2025). Based on Fig. 1, we apply
Stage 1 to the lower-middle through upper-middle
layers (25% — 75% to the model depth), where lan-
guage representations become more aligned with
English after being encoded with language-specific
characteristics (e.g., script and syntactic structure)
in lower layers. Stage 2 is applied to the upper
layers, 75% — 100%, where representations are
transformed back to the source language for output
generation. Comparison between different layer
selections will be discussed in Sec. 4.3.

Overall. As shown in Tab. 1, the proposed
method generally improves performance on Global

MMLU, whereas MGSM exhibits a different per-
formance improvement tendency. On Global
MMLU, most languages have performance gains
over the baselines. We also observe performance
enhancement for five of the 6 high-resource lan-
guages, suggesting that alignment to a higher-
resource target can be beneficial even when the
source language is already high-resource. In con-
trast, improvements for sw are relatively modest;
we speculate that extremely limited training data
may constrain the model’s ability to encode and
exploit representations for this language. Medium-
resource languages benefit most from STEERLSN.
In particular, applying STEERLSN to #r and hi im-
proves accuracy by 8.25% and 7.38%, respectively,
over the Qwen3-4B-Instruct baseline. We infer that,
unlike low-resource scenarios, medium-resource
languages retain sufficient capacity to encode well-
formed representations, yet may still lack language-
specific knowledge coverage. This makes them es-
pecially well-suited to gain from improved access
to the richer knowledge encoded in high-resource
representations.

Why does STEERLSN show limited gains on
MGSM? On MGSM, STEERLSN yields little to
no improvement over the baselines. We hypothe-
size that the limited gains on MGSM stem from
the nature of the benchmark itself. STEERLSN is
designed to improve access to language-attributed,
knowledge-intensive representations by aligning
language-specific subspaces. In contrast, MGSM
primarily evaluates procedural, multi-step reason-
ing that depends on composing intermediate states,
rather than retrieving or contextualizing language-
dependent knowledge. Under this hypothesis, im-
proving conceptual access alone may be insuffi-
cient to enhance performance on MGSM, suggest-

1010



ing that complementary mechanisms beyond repre-
sentation alignment are required for such tasks.

4.3 Analysis

Language-attributed knowledge transfer.
Tab. 2 provides detailed results of Global MMLU.
CS results are computed using only questions
related to English-speaking countries, including
“USA”, “UK”, and “Canada”, as English is the
target language. STEERLSN yields comparable
improvements on CS questions and CA ones,
suggesting that its benefits are not limited to
broadly shared facts but are also consistent with
improved access to representations underlying
language-associated or culture-linked information.
For example, a CS question—“Which statement
best describes one of Dworkin’s central arguments
in Justice for Hedgehogs?’—requires familiarity
with USA-centric jurisprudence context. For
sw, the model answers this question correctly
after applying STEERLSN (“Moral values are
both independent and objective.”), whereas it
previously predicted an incorrect option (“Morality
plays no role in the concept of law.”), indicating
that alignment can alter how language-specific
representations are mapped to task-relevant
semantic distinctions.

Is the improvement really due to target-
language knowledge? To more rigorously assess
whether CS improvements are driven by culture-
linked knowledge, we vary the target language and
consider a non-English high-resource target (zh).
As shown by hi results in Tab. 2, even though
zh is among the highest-resource languages, the
CS improvement is smaller than when English is
the target, whereas the CA improvement is larger.
This observation supports the view that represen-
tation alignment via STEERLSN induces target-
dependent alignment effects, which can differen-
tially influence performance on CS and CA ques-
tions.

The effect of linear interpolation of each Stage.
To verify whether STEERLSN operates well as
intended at the representation level, we com-
pute the cosine distance between source- and
target-language (i.e., English) representations us-
ing Qwen3-4B-Instruct. We set tr as the source-
language. As presented in Fig. 2, applying
STEERLSN in Stage 1 (25% — 75% to the model
depth) shifts the source-language representation
closer to the English representation, consistent with

Lang. CS-en CA
zh 58.82 66.82
+STEERLSN 58.82 (+0.0) 66.82 (+0.00)
ru 56.86 59.64
+STEERLSN 58.82 (+1.96)  59.64 (+0.00)
de 43.14 60.27
+STEERLSN 52.94 (+9.80)  63.01 (+2.74)
ja 35.29 55.45
+STEERLSN 39.22 (+3.93)  59.55 (+4.10)
fr 54.90 65.62
+STEERLSN 54.90 (+0.0) 65.18 (- 0.44)
es 54.90 61.54
+STEERLSN 60.78 (+5.88)  64.25 (+2.71)
tr 27.45 40.54
+STEERLSN 37.25 (+9.80) 48.20 (+7.66)
bn 37.25 42.92
+STEERLSN 3529 (-1.96)  39.73 (-3.19)
SW 27.45 27.85
+STEERLSN 27.45 (+0.0) 29.68 (+1.83)
hi 23.53 25.68
+STEERLSN 27.45 (+3.92)  32.88 (+7.20)
+STEERLSN—zh 2549 (+1.96) 33.78 (+8.10)
Avg. +STEERLSN  45.29 (+3.33)  52.89 (+2.26)

Table 2: Performance on CS and CA tasks of Global
MMLU for Qwen3-4B-Instruct per language after apply-
ing STEERLSN. Parenthesized values denote changes
relative to the model without STEERLSN. All values
are percentages. Red and blue means improvements and
decreases, respectively.

the intended role of Stage 1 in promoting align-
ment. In contrast, during Stage 2, using the mean
activation of source LSNs as the interpolation end-
point gradually moves representations away from
English, bringing the cosine distance closer to the
baseline trajectory.

Performance tendency in layer selection. To
analyze the effect of layer selection, we compare
two variants: 1) early Stage 1, which applies Stage
1 to 0-50% of the model depth and Stage 2 to 75-
100%, and 2) early Stage 2, which applies Stage 1
to 25-50% and Stage 2 to 50-100%. As reported
in Fig. 3, steering source representations toward
the target language at the beginning of the model
is less effective. Likewise, initiating the recov-
ery of source-language generation from the middle
layers is generally ineffective, likely reducing the
model’s ability to leverage knowledge encoded in
the target-language representations. This aligns
with Fig. 1, where lower layers encode language-
specific structural information and mid layers show
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Figure 2: Layer-wise cosine distance between Turkish
and English representations in Qwen3-4B-Instruct when
input language is Turkish.
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== Early Stage 1
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Figure 3: Ablation on layer selection for Qwen3-4B-
Instruct.

the strongest cross-lingual convergence. Moreover,
triggering Stage 2 too early can prematurely rein-
troduce source-language biases, and may weaken
the target-oriented shift before it is sufficiently es-
tablished.

Text generation after each Stage. Tab. 3
presents examples from Qwen3-4B-Instruct before
and after applying STEERLSN stages sequentially.
We use es as the source language and en as the
target. After Stage 1, the model generates fluent
English, and after Stage 2 it successfully returns
to generate outputs in the source language, as in-
tended by design of the proposed approach.

5 Conclusion

In this paper, we introduce STEERLSN, a training-
free method that aligns low-resource language rep-
resentations with high-resource ones by interven-
ing on LSN activations, enabling models to better
leverage knowledge encoded in high-resource lan-
guages and thereby improving downstream task
performance. The experimental results demon-
strate that the proposed method generally improves
task performance in low-resource scenarios, sug-
gesting that carefully controlled shifts of language
representations can make representation alignment
an effective mechanism for cross-lingual knowl-

Prompt (Cudles son las principales causas del cam-
bio climético?

Baseline Las principales causas del cambio
climdtico son las actividades humanas que
aumentan la concentracion de gases de
efecto invernadero (...)

S;r EERLSN The main causes of climate change are pri-

age 1 . o .
marily human activities that increase the
concentration of greenhouse gases (GHGs)
in the atmosphere. These gases trap heat
from the sun, leading to a warming effect
known as the greenhouse effect.(...)

S;Z?;LSN Las principales causas del cambio

climatico are: 1. Emissions de gases de
efecto invernadero (GEIs)

Table 3: Generated samples of Qwen3-4B-Instruct base-
line and its outputs with applying STEERLSN stage
sequentially.

edge transfer. We expect that this LSN-based in-
tervention framework can be extended to a wider
spectrum of linguistic pairs and complex reasoning
tasks, demonstrating that structural steering is a
viable and computationally effective alternative to
extensive finetuning for downstream performance
in low-resource scenarios.

Limitations

Although our method improves downstream task
performance, the gains are modest. We infer that
this is due to the polysemantic nature of neuron
activations: a single neuron may encode linguis-
tic properties (e.g., script or syntactic structure)
while also contributing to task-relevant ability (e.g.,
reasoning). As a result, modifying activations
based solely on an LSN criterion may inadver-
tently distort signals that are essential for solv-
ing the task. Future work that better disentan-
gles language-related and task-related contribu-
tions could enable more precise control of cross-
lingual knowledge transfer. A second limitation
concerns our use of mean LSN activations, which
may reduce the representational richness of the
original, context-dependent activation patterns. An
alternative is to sample replacement values from
the target-language activation distribution, poten-
tially preserving variability while still encouraging
alignment.

Use of AI Assistants

We used an Al assistant (ChatGPT) to polish the
writing of this paper, limited to grammar correction
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and sentence-level wording suggestions. All sug-
gestions were reviewed and revised by the authors.
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A Evaluation Prompt & Generated
Samples over Languages

Fig. 4 provides the prompt used to evaluate the
MGSM benchmark, with a system prompt consist-
ing of language options.

MGSM Prompt

[System]

‘en': "Solve the math problem step by step and end
your response with 'The answer is <number>"",

'de': "Losen Sie das mathematische Problem Schritt fiir
Schritt und beenden Sie lhre Antwort mit 'Die Antwort ist
<Zahl>'",

'es": "Resuelve el problema matematico paso a paso y
termina tu respuesta con 'La respuesta es <nimero>"",

'fr': "Résolvez le probleme mathématique étape par
étape et terminez votre réponse par 'La réponse est
<nombre>"",

jat "BMFOMREE X Ty TINA XTI TRE BRI
<HF>'TEZEEMDHL < 2T I,

ru': "Pelunte MaTeMaTMyeCcKyto 3afady noLlaroso u
3aKOHYMTe CBOW OTBET dpason 'OTBeT: <uncno>"",

'zh' "BH A MR, HEEBERNMN L ER
<>,

'bn"; "sNffS< TG A1Tot ATst TR BT QI WATT
Ta Tad 3T <R P eI

'te': "tfedes 55080858 eoBeoBent H8Y,B0), D
DRl 'HSeeSo <Sogg>' & Snfosod.”,

'th': "uAlleymndiamaasia:dunaunasauhaauvavaude
'MOdUAD <Miav>"",

'sw': "Tatua tatizo la hisabati hatua kwa hatua na

umalizie jibu lako na Jibu ni <nambari>".

[User]

{question}

Figure 4: MGSM evaluation prompt
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Prompt: ST LISETaE] I FRASfT F?

Bascline: S ARIS@T 1 FRrSf e R
a;ﬂlgm 3 Wﬁﬁ?@@ga&m@ T &

Steering: STy fSF6F (Climate Change) 97 T
FEFS are primarily driven by human activities that
increase the concentration of greenhouse gases in the
Earth's atmosphere. The main causes are:

1. Emission of Greenhouse Gases These gases trap heat in
the atmosphere and cause the greenhouse effect. The
primary greenhouse gases involved are:

- Carbon

Prompt: CTH #itFis i Foi [ge S we?

Baseline: GTR #itie i Rye SR 03 G ST (0 eet)
e e shews T o @l

Steering: CTH 21T (CT= A=) @i Rge Teo 03 by
converting sunlight into electricity through a process
called the photovoltaic effect. Here's a step-by-step
explanation of how it works:

Prompt: F3fie TRICHE ek 2

Baseline: W3 ImicH JRe1eF 3o =R, WAt @2 Amiee
kicucEEpal

Steering: f3fir® TR (exercise) 27 &% of the most important
habits for maintaining good health and well-being. Fafi®
IR Aring Jmany benefits to both the body and mind. Here
are the key benefits of regular exercise:

Prompt: ;Cual es la capital de Francia?
Baseline: La capital de Francia es Paris.

Steering: La capital of France is Paris.

Prompt: ;Quién escribi6 la novela "Orgullo y Prejuicio"?

Baseline: La novela Orgullo y Prejuicio fue escrita por
Jane Austen.

Steering: La novela Orgullo y Prejuicio fue written by
Jane Austen.

Prompt: ;Cuales son los beneficios del ejercicio regular?

Baseline: El ejercicio regular ofrece una amplia gama de
beneficios para la salud fisica, mental y emocional. A
continuacion, se detallan los principales:

Steering: El ejercicio regular offers numerous physical,
mental, and emotional benefits. Here are some of the key
advantages:

Prompt: Was sind die Hauptursachen des Klimawandels?

Baseline: Die Hauptursachen des Klimawandels liegen in
der erheblichen Erhéhung von Treibhausg in der
Atmosphire, insbesondere durch menschliche Aktivititen.
Der Klimawandel bezieht sich auf die langfristigen
Verinderungen im globalen Klima, die hauptséchlich durch
den Hitzestieg und Veriinderungen im Wetter verursacht
werden

Steering: The main causes of climate change are primarily
human activities that increase the concentration of
greenhouse gases (GHGs) in the atmosphere. These gases
trap heat from the sun, leading to a warming effect known
as the greenhouse effect. The key drivers are:

Prompt: Was ist der Unterschied zwischen einem Virus und
Bakterien?

Baseline: Der Unterschied zwischen Viren und Bakterien
liegt in ihrer Struktur, Lebensweise, Fortpflanzung und
der Art, wie sie Krankheiten verursachen. Hier ist eine
klare Ubersicht:

Steering: The difference between a virus and bacteria lies
in their structure, how they reproduce, and how they affect
living organisms. Here's a clear comparison:

Prompt: Wie erzeugen Solarpaneele Strom?

Baseline: Solarpaneele erzeugen Strom durch einen

physikalischen Prozess, der Photovoltaeffekt genannt wird.

Hier ist ein einfacher, schrittweiser Uberblick, wie das
funktioniert:

Steering: Solarpaneele erzeugen Strom through a process
called the photovoltaic effect. Here's a simple step-by-step
explanation of how this works:

Prompt: Qui a écrit le roman "Orgueil et Préjugés" ?

Baseline: Le roman Orgueil et Préjugés a été écrit par
Jane Austen.

Steering: Le roman Orgueil et Préjugés was written by
Jane Austen.

Prompt: Comment les vaccins aident-ils a prévenir les
maladies ?

Baseline: Les vaccins aident a prévenir les maladies en
enseignant au systéme immunitaire du corps a
reconnaitre et 2 combattre des agents pathogeénes,
comme les virus ou les bactéries, sans que le corps soit
exposé a la maladie réelle.

Steering: Vaccins help to prevent diseases by training the
body's immune system to recognize and fight specific
pathogens, such as viruses or bacteria, without causing the
disease itself. Here's how they work step by step:

Figure 5: Samples generated by Qwen3-4B-Instruct before and after applying Stage 1 of STEERLSN. Clockwise
from the top left: Bengali, German, French, and Spanish.
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Prompt: H8#¥)% B9 &4F A RAETIERY ?

Baseline:

HEFAREY. REMFELMEFA SRS Lmk
HMKEACATIY (NEEHE ) FERESHTE. E
RiIR EEGBUEFNEMISRZ— , RESRKAR

HEEBMES.

HEFRETEREEY R |, LERM 5 et
RS, BENIRAUDSAW DI EENR : KRR
Light-dependent reactions ) 18§ &R ( Light-independent
reactions , tWFFR/RIEH ) .

Steering: X EVERRABY. algae (8 ) H some
bacteria ( FLEHE ) FI A sunlight ( PEX ) $F carbon
dioxide ( =& {tH% ) and water ( water ) At
glucose ( %EHE ) and oxygen (&SR ) WA, Bisa
fundamental biological process that sustains life on Earth
by producing organic matter and releasing oxygen into the
atmosphere.

Here’s a step-by-step explanation of how photosynthesis
works:

Prompt: APRAEERSHARAN (AR ER ?

Baseline:

APEAEERShAR A& EE Y IR BT K ERRL ( Photoelectric
Effect ) , EAIRAOT :

Steering:

APRBEERS AR A BB A B A R IR 2 K EMAT ( Photoelectri

cEffect) , BEIRUT :

Prompt: Nani aliandika riwaya ya "Kiburi na Chuki"?

Baseline: "Kiburi na Chuki" ni riwaya ya kiswahili
ambapo kiswahili ni maelezo ya kiswahili, lakini kuna
maelezo ya kiswahili kwa kuzingatia kwa kiswahili. Hapa
ni maelezo ya kiswahili kwa kuzingatia kwa kiswahili.

Steering: "Kiburi na Chuki" is not a widely recognized or
established title in Swahili literature or traditional
storytelling. It is possible that there is a confusion with a
similar-sounding title, or it may be a fictional, regional, or
lesser-known story not widely documented in standard
Swahili literary sources.

In Swahili oral tradition, there are many stories involving
themes of bravery,

Prompt: Ni faida gani za mazoezi ya kawaida?

Baseline: Mazoezi ya kawaida (kama vile mazoezi ya
kawaida ya kisasa, kisasa ya kawaida, kisasa ya kawaida ya
kisasa) ni mazoezi ambao zinazotangaza kusaidia kisasa
kwa kawaida, kama vile kusaidia kisasa kwa kawaida,
kusaidia kisasa kwa kawaida,

Steering: Mazoezi ya kawaida (also known as "common
law" or "customary law") is a system of law that is based on
tradition, custom, and judicial precedent rather than written
statutes. In many African countries, including Kenya,
mazoezi ya kawaida plays a significant role in shaping legal
and social practices, especially in rural areas and among
certain ethnic communities.

Prompt: RUREE DXL RE T TTH ?

Baseline: RUREBOELRAE L, REHRS R0HM
T, B, UATO LS BABNERNIAE LR
ZBEZTWES

1. {ERIREL D RN

A AR, RRH R EofLAmEI ATz &
T, ZBLRE (CO.) PABICHREINET,

- ZHICEY . RERPOBEHRA D

Steering: RIREB O ERREA & AFHEED , 45
BEDRHTZAOKEHR (B ) T, LT are the

key contributors:

1. {b BB D combustion ( #AHE )

- Coal (X&), oil (), and natural gas ( K#AH
) O buming for energy production, transportation, and
industrial processes releases large amounts of carbon
dioxide (CO:),

Prompt: KIGH/SFNFEDL S ICBREERL £7
"7

Baseline: KB/ S3)L (KIEEM ) (£, KBEDTR
LME—ZBRIFNF—ICERT IEBECTT, 0
L. 7+ PR TR (ABHR ) ICEOL
TWES, UTIC, Zotlszbhl 0 <ERAL
7,

Steering: KK/ (REFEE/SFIL) 1E, T FRIV
F— (KBX ) #BRT R F—IC convert ( ZHE )
THRETT, ZD process ( 7 HER) iscalled
photovoltaic effect ( XEHR ) .

Here's a simple step-by-step explanation of how solar
panels generate electricity:

Prompt: e & s Heer & Fmm w27

Baseline: dtar # wertet ST Ush UG Sfteq T TisHAT & S a3
foru Tt 3t s o Seqred & forg 31

Steering: Wi # werer wywor (Photosynthesis) is a vital
biological process by which green plants use sunlight to
convert carbon dioxide and water into glucose (a form of
sugar) and oxygen. This process not only provides energy
for the plant but also releases oxygen into the atmosphere,
supporting life on Earth.

Prompt: arere 3 Sedifen & Fm siqw 22

Baseline: a3 3adifn # 3 secaqet sia &, S 37wt wem, e
wiffafer, SurTE ST et o alieh §

Steering: arRE 3T 3@dfar are both microorganisms that can
cause diseases, but they are fundamentally different in
structure, function, and behavior. Here's a clear comparison
of the key differences between viruses and bacteria:

Prompt: frafir smm & i sz 82

Baseline: fafi szmam 2 ot % % & 8, S 9, 57 i shed it
o fere s et & e faf

Steering: fafi =mm (Regular Exercise) % 21 number of sga
important %% are, which benefit both physical and mental
health. Here are the key benefits:

Figure 6: Samples generated by Qwen3-4B-Instruct before and after applying Stage 1 of STEERLSN. Clockwise
from the top left: Chinese, Japanese, Hindi, and Swabhili.
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