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Abstract

Current large language models (LLMs) of-
ten exhibit performance imbalances between
dominant languages (e.g., English) and non-
dominant ones due to the skewed distribution
of pretraining data. A common strategy to
address this issue is to enhance cross-lingual
alignment, thereby facilitating non-dominant
language processing. However, existing meth-
ods typically rely on additional training objec-
tives or language-specific parameters, which
increase training complexity and cost. In this
work, we propose a selective bidirectional lan-
guage projection framework that enables ef-
ficient multilingual alignment and language
shift using the intrinsic parameters. Specifi-
cally, we first identify the layers most sensitive
to language projection between non-dominant
and dominant languages through neuron activa-
tion analysis. We then perform sequential lan-
guage projection within the selected layers by
mapping non-dominant representations into the
dominant language space and reverting them
before generation. The bidirectional projec-
tion benefits the subsequent instruction tuning
in non-dominant languages. Experiments on
seven benchmarks demonstrate that our method
remarkably enhances the performance of non-
dominant languages. Further analyses indicate
that our method learns better internal represen-
tations and exhibits strong generalization capa-
bilities.

1 Introduction

Large language models (LLMs) have demonstrated
impressive multilingual capabilities across diverse
understanding and generation tasks (OpenAI, 2023;
Google et al., 2023; AI@Meta, 2024). However,
imbalanced pretraining data biases models toward
dominant languages (e.g., English), resulting in
a significant performance gap with non-dominant
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(a) LLaMA3-8B (b) LLaMA3-8B+Translation

Figure 1: (a) Representation visualization of the 15th
layer in LLaMA3-8B via t-SNE. (b) The internal repre-
sentations are aligned after fine-tuning with the Swahili-
English translation data, indicating that translation ef-
fectively supports cross-lingual alignment.

ones (Zhang et al., 2024; Zhu et al., 2024; Fan
et al., 2025). Consequently, achieving balanced
multilingual proficiency in LLMs remains a critical
and persistent challenge in this field (Zhang et al.,
2023; Ye et al., 2025).

A prevalent strategy to mitigate this performance
gap is multilingual alignment (Li et al., 2024a;
Yoon et al., 2024; Zhang et al., 2025; Liu and
Niehues, 2025), which aims to align the dominant
and non-dominant languages in the shared latent se-
mantic space, thereby enhancing the non-dominant
capabilities via knowledge transfer. Recent studies
(Zhao et al., 2024b; Huo et al., 2025) have further
suggested a three-step processing framework: non-
dominant language inputs are first mapped into a
language-agnostic representation space, followed
by semantic understanding or reasoning, and finally
projected back into the target language. Within
this paradigm, some works focus on aligning in-
termediate layers via additional explicit supervi-
sion, such as contrastive learning (Li et al., 2024a;
Zhang et al., 2025) or deep supervised fine-tuning
(Huo et al., 2025). However, these methods require
balancing multiple training objectives and often

43307



incur significant increases in training complexity
and cost. Other works (Zhang et al., 2025; Ye
et al., 2025; Wang et al., 2025) explore explicit lan-
guage shift mechanisms between the dominant and
non-dominant languages. While promising, these
approaches typically rely on additional parameters
to implement the shift. Therefore, how to achieve
effective language projection using only intrinsic
model parameters remains underexplored.

Recent findings (Zhao et al., 2024b; Tezuka and
Inoue, 2025) reveal that LLMs have specialized
neurons supporting cross-lingual latent transitions.
This observation suggests that language projection
may be achieved solely with intrinsic model param-
eters. Motivated by this insight, we conduct pre-
liminary experiments on LLaMA3-8B (AI@Meta,
2024) by fine-tuning the lower layers on parallel
sentences and analyzing the resulting internal rep-
resentations, as translation can be viewed as a natu-
ral form of language shift. As shown in Figure 1,
representations become well-aligned in the mid-
dle layer, showing that translation can effectively
support cross-lingual projection. However, per-
forming full-parameter training risks degrading the
model’s inherent reasoning and understanding abil-
ities, which may ultimately harm performance in
non-dominant languages.

In this study, we propose a selective bidirectional
language projection framework (SiLP) that enables
efficient multilingual alignment without introduc-
ing external parameters. Following the three-step
processing paradigm, our approach leverages intrin-
sic LLM parameters to facilitate both understand-
ing and generation in non-dominant languages.
Specifically, we first identify the layers that are
most sensitive to language projection between non-
dominant and dominant languages through neuron
activation analysis. We then utilize parallel data
to perform sequential language projection within
these selected layers, enabling efficient language
shifts in both the lower and upper parts of the
LLM. Finally, we fine-tune the aligned model on in-
struction data in the target non-dominant language,
thereby strengthening its non-dominant capabilities
while maintaining high alignment efficiency. Our
main contributions are summarized as follows:

• We propose SiLP, a selective bidirectional lan-
guage projection framework to enhance the
non-dominant language capabilities by align-
ing their representations with the dominant
counterparts using the intrinsic model param-

eters. We also propose an activation analysis
method to select the projection-sensitive lay-
ers for efficient projection.

• We conduct extensive evaluations across dif-
ferent tasks and languages, and experimental
results show that our method remarkably out-
performs strong baselines, achieving an aver-
age performance gain of up to +2.85 points.

• In-depth analysis confirms that our method
can deliver substantial performance improve-
ments with limited parallel data. Furthermore,
the method proves effective across different
LLM models and scales, demonstrating strong
generalization capabilities.

2 Related Work

Multilingual LLMs Large language models pre-
trained on large-scale multilingual datasets demon-
strate remarkable multilingual capabilities. These
models have shown proficiency in a wide range
of understanding (Bandarkar et al., 2024; Niklaus
et al., 2023; Li et al., 2024a) and generation (Li
et al., 2024c; Zhang et al., 2024; Zhao et al., 2024a)
tasks. However, most LLMs still exhibit limited
performance in low-resource languages due to im-
balanced distribution of pretraining data, result-
ing in a significant cross-lingual performance gap
(OpenAI, 2023; Zhang et al., 2024). Considerable
efforts have been made to improve performance
in non-dominant languages by constructing multi-
lingual training samples via translation (Zhu et al.,
2023; Ranaldi et al., 2024), but these methods of-
ten face challenges such as high annotation costs
and low-quality translations (Muennighoff et al.,
2023; Tan et al., 2024; Chen et al., 2024). In this
work, we propose a bidirectional language projec-
tion framework designed to align cross-lingual rep-
resentations and enhance model performance in
non-dominant languages with limited parallel data.

Multilingual Alignment To enhance the perfor-
mance of LLMs in non-dominant languages, sub-
stantial efforts have been devoted to cross-lingual
alignment. One line of work aligns non-dominant
languages with dominant ones by incorporating
multilingual parallel data for joint training or in-
troducing auxiliary training objectives. Typical
approaches include integrating translation-based in-
struction data (Li et al., 2023, 2024b; Zhang et al.,
2024), aligning internal representations through
contrastive training (Li et al., 2024a; Huo et al.,
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Figure 2: Overview of our selective bidirectional language projection framework. First, it identifies the layers
most sensitive to language projection via neuron activation analysis. Second, the selected layers are sequentially
fine-tuned with parallel data to align the representations of dominant and non-dominant languages. Lastly, the
aligned model is fine-tuned with instruction data in the target non-dominant language.

2025; Zhang et al., 2025), aligning questions via
translation to English (Zhu et al., 2024), selectively
fine-tuning FFN in the lower layers (Fan et al.,
2025), and aligning lexicons via random code-
switching (Chai et al., 2025; Zhang et al., 2024).
Another line of work focuses on leveraging lan-
guage shift to project the representations between
dominant and non-dominant languages. Represen-
tative methods involve employing language vectors
to better learn unified representations (Xu et al.,
2023; Zhang et al., 2025), performing cross-lingual
intervention (Wang et al., 2025) or transformation
(Ye et al., 2025) in the inference stage. Recent
research (Zhao et al., 2024b; Tezuka and Inoue,
2025) reveals the internal mechanisms in LLMs:
converting diverse language inputs into a dominant
language (e.g., English) in the lower layers, while
performing the reverse mapping in the upper layers.
These findings further underscore the necessity of
multilingual alignment. Building upon these in-
sights, we propose a translation-based alignment
framework that first identifies layers pertinent to
language projection and then conducts selective
fine-tuning with those selected intrinsic parameters
to facilitate multilingual alignment.

3 Method

As illustrated in Figure 2, our SiLP framework
contains the following three steps: (1) Projection-
sensitive layer selection, which identifies the lay-
ers most strongly associated with language pro-
jection. (2) Selective bidirectional language pro-
jection, which sequentially aligns dominant and

non-dominant language representations in both di-
rections using the selected layers. (3) Instruction
tuning in non-dominant languages, strengthens non-
dominant language performance.

3.1 Projection-sensitive Layer Selection
Our goal is to enable language projections between
dominant and non-dominant languages in the latent
space, thereby enabling LLMs to better process
non-dominant language inputs by aligning them
with dominant-language representations and gen-
erating outputs in the non-dominant language. To
achieve this efficiently, we first identify the layers
most sensitive to cross-lingual projection. We use
translation as a probing task for this purpose, since
it inherently requires mapping between languages.
Specifically, we measure changes in neuron acti-
vation between two consecutive feed-forward net-
work (FFN) sublayers during translation, which
allows us to identify the layers most involved in
cross-lingual projection. The FFN module is for-
malized as:

hl
out = act_fn(hl

inW
l
1) ·Wl

2 (1)

where act_fn(·) is the activation function and the
resulting activation values are denoted as A. For
each translation pair (x, y), we conduct a forward
pass through the model from the source to the target
language and calculate the activation differences
between adjacent layers. Formally, the activation
values of neuron i in layers l − 1 and l during
the n-th forward pass is represented as Al−1

i,n and
Al

i,n, respectively. The activation change between
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adjacent layers across N forward propagations is
defined as:

Sl(x, y) =
1

MN

∣∣∣∣∣
N∑

n=1

M∑

i=1

(
Al

i,n −Al−1
i,n

)∣∣∣∣∣ (2)

where M is the total number of intermediate neu-
rons in each FFN layer. Sl quantifies the average
changes in activation patterns when the model trans-
lates from source to target language. The layers
with larger changes are considered to play a more
critical role in cross-lingual mapping and thus bet-
ter suited for interlingual representation projection.

3.2 Bidirectional Language Projection
Layer Allocation. After calculating Sl for all lay-
ers, we assign the most sensitive layers to each pro-
jection direction. Prior studies (Zhao et al., 2024b;
Tezuka and Inoue, 2025) empirically show that the
lower layers tend to convert diverse input languages
into English, whereas the upper layers reverse this
process. Following this observation, we separately
select the projection-sensitive layers from the lower
and upper parts of the model as follows:

LN2D = arg max
topk1

{S1, S2, ..., Sk} (3)

LD2N = arg max
topk2

{Sk+1, Sk+2, ..., SL−1} (4)

where LN2D denotes the top-k1 layers responsi-
ble for projecting non-dominant languages to the
dominant ones (N2D projection), while LD2N rep-
resents the top-k2 layers for the reverse projection
(D2N projection). After identifying the projection-
sensitive layers, we leverage translation tasks to
perform bidirectional language projection.

N2D Projection. To make the model effec-
tively process the non-dominant language in the
lower layers, we first conduct N2D projection
to align non-dominant language representations
with those of the dominant language counterparts,
in which the model already exhibits strong profi-
ciency. This alignment allows the model to handle
non-dominant language inputs in a manner simi-
lar to dominant ones, thereby facilitating knowl-
edge transfer from dominant to non-dominant lan-
guages. Specifically, given a parallel sentence pair
(xN , xD), where xN is an input in a non-dominant
language and xD is the corresponding translation
in the dominant language. The N2D projection
trains the model to generate the response xD given
the input xN , which is formulated as follows:

LN2D = − logP (xD|xN , θLN2D
) (5)

where LN2D is the layers allocated to N2D projec-
tion and θLN2D

denotes the corresponding parame-
ters. By learning this projection in the intermediate
representation space, the model develops a shared
representation space that bridges the semantic gap
between dominant and non-dominant languages,
enabling more effective cross-lingual generaliza-
tion in the subsequent layers.

D2N Projection. To enable the model to generate
appropriate responses in the target non-dominant
language, we further introduce an inverse projec-
tion step that maps dominant-language represen-
tations back to the non-dominant language prior
to generation. Specifically, we reverse the parallel
sentence pair to obtain (xD, xN ) and perform D2N
projection at the upper layers of the model, which
is formulated as:

LD2N = − logP (xN |xD, θLD2N
) (6)

where LD2N is the layers at which the D2N pro-
jection is applied, θLD2N

is the corresponding pa-
rameters. This projection ensures that knowledge
acquired from the dominant language is preserved
and effectively leveraged for generation in the non-
dominant language.

3.3 Multi-stage Training
To fully leverage the transferability of the domi-
nant language, we propose a multi-stage training
strategy, as shown in Figure 2. Since the inher-
ent semantic gaps in vanilla LLMs may result in
suboptimal performance, we first perform selec-
tive bidirectional language projection sequentially.
Specifically, we apply N2D projection to align non-
dominant language representations with the domi-
nant language space, followed by D2N projection
to enable effective generation in the target non-
dominant language.

After establishing bidirectional alignment, we
finally fine-tune the model on instruction dataset in
the target non-dominant language to enhance the
task-specific performance. Formally, given the non-
dominant instruction dataset D = {(Ii, Ri)}Ni=1,
the training objective is formulated as:

LTFT = − 1

N

N∑

i=1

logP (Ri|Ii, θ) (7)

where Ii denotes the input question or instruction,
Ri is the corresponding output or response, and θ
denotes the model parameters.
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Model Understanding Generation

BELE. MMMLU XCOPA XStoryCloze MKQA XQuAD XLSUM

LLaMA3-8B
SFT 57.97 38.92 69.64 74.68 18.24 60.13 13.67
TFT 61.35 40.18 65.72 76.87 22.34 70.83 19.68
QAlign 56.90 38.55 66.60 78.38 20.30 24.49 7.57
SLAM 58.04 38.42 70.64 80.05 18.18 59.76 13.93
Incline 60.07 40.43 73.16 81.26 18.64 66.84 16.71
DFT 62.63 40.87 69.16 75.55 22.32 65.85 19.73
Ours 66.00 42.67 72.48 81.49 22.80 71.64 19.98

Qwen2.5-7B
SFT 75.94 52.58 72.32 81.28 20.24 70.97 18.09
TFT 77.61 53.55 73.04 88.19 22.30 71.09 19.69
QAlign 63.44 49.43 78.04 79.34 19.90 19.46 6.85
SLAM 67.28 49.77 74.28 79.19 18.20 65.49 18.26
Incline 75.99 55.17 78.20 85.90 20.92 71.02 18.94
DFT 77.74 53.78 76.32 88.40 20.36 67.02 19.77
Ours 78.39 55.25 74.88 90.39 23.38 71.46 19.99

Table 1: The averaged results of different languages across seven tasks within two distinct models. Detailed results
for each language are presented in Tables 10-16, Appendix B.

4 Experiments

4.1 Experimental Settings
Training setup. We conduct experiments on
two LLMs: LLaMA3-8B (AI@Meta, 2024) and
Qwen2.5-7B (Yang et al., 2025). We adopt the mul-
tilingual instruction dataset Bactrian-X (Li et al.,
2023) as the training corpus, and construct paral-
lel sentences using the inputs from Bactrian-X for
projection-sensitive layer detection and language
projection. Further details about training setups are
presented in Appendix A.1.

Evaluation. We conduct evaluations on seven
multilingual benchmarks, covering four natural
language understanding (NLU) tasks (BELEBELE
(Bandarkar et al., 2024), MMMLU (Lai et al.,
2023), XCOPA (Ponti et al., 2020), XStoryCloze
(Lin et al., 2022)) and three generation (NLG) tasks
(MKQA (Longpre et al., 2021), XQuAD (Artetxe
et al., 2020), XLSUM (Hasan et al., 2021)). We
report ROUGE-L scores for XLSUM dataset while
Accuracy for other datasets.

Baselines. We implement the baselines for com-
parison: SFT (Ouyang et al., 2022), TFT (Chen
et al., 2024), QAlign (Zhu et al., 2024), SLAM
(Fan et al., 2025), Incline (Wang et al., 2025) and
DFT (Huo et al., 2025).

4.2 Main Results
The average results across different languages on
multilingual NLU and NLG tasks are presented in
Table 1. Our method remarkably outperforms the

vanilla SFT and TFT models in both multilingual
understanding and generation tasks. The results
demonstrate that our method effectively enhances
the model’s capabilities in the target non-dominant
languages via multilingual alignment. Although
QAlign and SLAM also utilize translation-based
alignment, they do not consistently improve gen-
eration tasks, as they were originally designed for
reasoning tasks. For instance, SLAM aligns mul-
tilingual representations in the upper layers of the
model, which can lead to incorrect target-language
responses in summarization. Our method also sur-
passes the training-free cross-lingual alignment
method Incline on most testsets, except XCOPA.
We conjecture that the improvements of Incline on
non-dominant languages may be constrained by its
performance on the dominant language, since it
intervenes with dominant-like representations dur-
ing inference. Compared with DFT, which also
introduces language conversion in the intermediate
layers, our method achieves more stable improve-
ments while consuming less GPU memory during
training. Overall, our method achieves the best av-
erage performance across all tasks, demonstrating
that the language projection not only facilitates the
understanding of non-dominant languages but also
strengthens their generative capability.

4.3 Ablation Studies

(1) Feed-forward network contributes most in
language projection. We study the contributions
of different modules in LLMs to language projec-

43311



Figure 3: Performance comparisons of using feed-
forward, self-attention and whole decoder block for
model training on understanding and generation tasks.

Figure 4: Performance comparisons of different training
strategies on understanding and generation tasks.

tion, including self-attention, feed-forward and the
whole decoder block. As shown in Figure 3, our
method achieves optimal overall performance when
applied to the feed-forward network. While the
attention modules exhibit slightly stronger capabil-
ities in NLG tasks, they substantially underperform
in NLU tasks. These findings highlight the critical
role of FFN in cross-lingual alignment. Our results
align well with prior work by Tezuka and Inoue
(2025), which identifies transfer neurons within
FFN modules that map representations between the
shared and language-specific latent spaces.

(2) Training strategy significantly impacts per-
formance. To assess the impact of different train-
ing strategies, we implement two alternative ap-
proaches: one-stage (joint) training and two-stage
training. In one-stage training, bidirectional lan-
guage projection and TFT are jointly optimized
within a single phase. In contrast, two-stage train-
ing first performs bidirectional language projection
simultaneously, followed by TFT. As shown in Fig-
ure 4, our three-stage training strategy outperforms
the two alternatives, demonstrating that perform-
ing sequential language projection before TFT can
effectively preserve the transfer capability from the
dominant language to non-dominant ones.

(a) Number of Samples (b) Data Source

Figure 5: Impact of translation data: (a) Performance
improvement concerning the number of translation sam-
ples. (b) Performance comparison of different transla-
tion data sources in LLaMA3-8B.

5 Analysis

5.1 Impact of Parallel Data
A Small amount of parallel data makes improve-
ments. To investigate how the amount of paral-
lel data used in the language projection stage af-
fects model performance, we conduct experiments
with varying amounts of parallel data in the lan-
guage projection stage and present the results on
Chinese and Swahili in Figure 5(a). As shown
in Figure 5(a), even a small set of 500 parallel
sentences can yield noticeable improvements in
both languages, demonstrating the high efficiency
of language projection. However, increasing the
amount of translation data does not consistently
improve performance across languages. For ex-
ample, while performance on Swahili continues
to improve as the data increases from 500 to 5k,
the performance on Chinese fluctuates and even
declines in some cases. We conjecture that Swahili
may require more parallel data than Chinese to es-
tablish effective alignment with English, since it is
a low-resource language.

High-quality parallel data brings greater im-
provements. By default, the parallel data are con-
structed with inputs from Bactrian-X dataset. To ex-
amine the impact of parallel data quality on model
performance, we additionally sample parallel sen-
tences from the Flores devtest (Costa-Jussà et al.,
2022) for comparison. We adopt the reference-free
metric COMET-Wiki (wmt22-cometkiwi-da) (Rei
et al., 2022) to measure the quality of the paral-
lel data. The COMET scores and performance
results under the 1k-sample setting are shown in
Figure 5(b). Our method consistently outperforms
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(a) N2D Projection

(b) D2N Projection

Figure 6: Layer-wise average activation changes across
different language pairs in the LLaMA3-8B.

the vanilla TFT across both parallel datasets, and
the improvement is clearly correlated with the qual-
ity of the parallel data. This indicates that perfor-
mance is more dependent on the data quality rather
than the data source.

5.2 Impact of Bidirectional Language
Projection

Projection-sensitive FFNs locate in the lower
and upper layers. We analyze the distribution
of layers that exhibit higher sensitivity to language
projection. Figure 6 presents the average activation
changes between adjacent layers in LLaMA3-8B
when translation instructions across different lan-
guage pairs are provided. The results show that the
average activation changes follow a similar trend
for both N2D and D2N projections across language
pairs. Higher activation changes are generally ob-
served in the lower and upper layers, suggesting
that these layers are more sensitive to language
projection. Similar patterns can also be found in
Qwen2.5-7B, as shown in Figure 12. Accordingly,
we select the lower layers with the largest activa-
tion changes for the N2D projection and the upper
layers with the largest activation changes for the
D2N projection.

Bidirectional projection is necessary. Based on
the ablation results in Table 2, we can observe that

Model LLaMA3-8B Qwen2.5-7B

NLU NLG NLU NLG

TFT 61.03 37.62 73.10 37.70

Ours 65.86 38.14 74.73 38.27
w/o LN2D 64.72 37.89 73.77 37.77
w/o LD2N 65.03 38.07 73.56 37.95

Table 2: The impact of bidirectional language projection
on the average results of all benchmarks.

(a) NLU (b) NLG

Figure 7: Average improvement for Chinese and Swahili
on 7 tasks at different (k1,k2) settings in LLaMA3-8B.

removing either N2D or D2N projection from the
model leads to a decline in performance across
both NLU and NLG tasks on LLaMA3-8B and
Qwen2.5-7B. The results demonstrate that each di-
rection of the language projection contributes to
the overall effectiveness. Aligning non-dominant
languages with the dominant language alone is
insufficient, and mapping knowledge back from
the dominant language to non-dominant languages
is equally important for maintaining strong cross-
lingual generalization.

Impact of different training layers. To evalu-
ate how k1 and k2 affect performance, we conduct
experiments under different (k1, k2) settings and
present the results in Figure 7. The performance on
NLU tasks can be remarkably improved when only
one layer is used in both the bottom and top sides.
This indicates that our language projection method
can effectively align non-dominant languages with
the dominant language, thereby enabling the model
to benefit from the representations of the dominant
language. In contrast, for NLG tasks, larger values
of k1 and k2 are needed to ensure that the model
responds correctly in the target non-dominant lan-
guage. Overall, pronounced performance improve-
ments for NLU and NLG tasks are achieved when
k1 and k2 fall within the range {3, 4}. Based on
these observations, we empirically set both k1 and
k2 to 4 in the experiment to achieve balanced per-
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Figure 8: Comparison of the overlap ratio between En-
glish and Swahili activated neurons in LLaMA3.2-3B.

formance on NLU and NLG tasks. We also com-
pare the performance of different layer selection
methods and present the results in Figure 10. Our
projection-sensitive layer selection method outper-
forms the random selection and all-layer selection
methods, demonstrating the effectiveness of our
layer selection strategy.

5.3 Representation Analysis

To understand the mechanism of bidirectional lan-
guage projections, we visualize the internal sen-
tence representations across different languages us-
ing t-SNE (Van der Maaten and Hinton, 2008) for
visualization. Specifically, we encode parallel En-
glish and Swahili sentences from the Flores dataset
and obtain sentence representations through mean
pooling over all tokens. The representation distri-
butions at the 15th and 31st layers are presented in
Figures 1 and 11, respectively. At the 15th layer,
representations of the two languages align better
after applying the N2D projection, indicating that
our method effectively brings non-dominant lan-
guage representations closer to those of the dom-
inant language. At the 31st layer, while represen-
tations remain clustered by language, they also
exhibit greater proximity to each other. To quantify
cross-lingual alignment, we employ the accuracy
of similarity search tasks as a quantitative indicator
of cross-lingual representation alignment follow-
ing Liu et al. (2022). As presented in Figure 13,
the search accuracy is notably improved with the
D2N projection, demonstrating that representations
are semantically aligned despite possessing distinct
language-specific spaces.

5.4 Neuron Activation Analysis

We further analyze the activation patterns in each
FFN layer for non-English languages compared to
English to facilitate understanding of our method.
Following Fan et al. (2025), we compute the over-
lap ratio of activated neurons when processing par-
allel sentences in different languages. A higher

(a) LLaMA3-8B (b) Qwen2.5-7B

Figure 9: Average improvement achieved on other lan-
guages when finetuning LLaMA3-8B and Qwen2.5-7B
with Chinese and Indonesian, respectively.

overlap indicates that the model activates similar
neural pathways for non-dominant languages as
it does for English, suggesting successful transfer
of English capabilities. The results for English-
Swahili are shown in Figure 8. SiLP consistently
achieves higher neuron activation overlap than TFT,
particularly in the middle-to-deep layers. This indi-
cates that our bidirectional projection enables the
model to simulate the activation pattern of English
when processing non-dominant languages, leading
to effective reuse of English-centric knowledge and
resulting in performance gains.

5.5 Generalization across Languages

To investigate the cross-lingual transferability of
our method, we further evaluate the model’s perfor-
mance on languages that are not involved in instruc-
tion tuning. Specifically, we fine-tune LLaMA3-8B
and Qwen2.5-7B separately on Chinese and In-
donesian datasets, and evaluate their performance
on other languages. As illustrated in Figure 9, fine-
tuning the model on one language consistently im-
proves performance across diverse languages, re-
gardless of language family. The improvements on
LLaMA3-8B are more pronounced, likely due to
its more imbalanced pretraining data distribution,
which allows greater benefit from internal represen-
tation alignment. These results confirm the efficacy
of our method in facilitating cross-lingual transfer.

5.6 Performance across Different Scales

We further assess the generalization of our method
across model scales. Experiments are conducted on
the LLaMA family (3B and 13B) and the Qwen2.5
family (0.5B, 1.5B, and 14B), with average results
summarized in Table 3. The results show that
our method stably outperforms baselines across
all model scales. Specifically, for the LLaMA fam-
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(a) NLU (b) NLG

Figure 10: Comparison of average performance on the
Chinese dataset under different layer selection methods.

ily, our method shows average improvements of
1.17 and 0.83 points at the 3B and 13B scales, re-
spectively. For the Qwen2.5 family, our method
achieves average improvements of 0.74, 0.47, and
1.24 points at the 0.5B, 1.5B, and 14B scales,
respectively. Comparing the results within the
Qwen2.5 family, we find that the improvements
on larger models are greater than those on smaller
models, which is likely due to the inherent multilin-
gual capacities of the base models. These findings
confirm that our method generalizes effectively
across different model families and scales.

5.7 Comparison of Layer Selection Methods

To evaluate the necessity of the projection-sensitive
layer selection strategy, we conduct experiments
to compare our method with other layer selection
methods, including random selection and all-layer
selection. Random selection performs language
projection in the randomly selected layers in the
lower and upper parts of the model, while all-layer
selection utilizes all layers for language projec-
tion. The results are presented in Figure 10. The
results show that our projection-sensitive layer se-
lection method outperforms the other two methods,
demonstrating the effectiveness of our layer selec-
tion strategy.

5.8 Experiments with Non-English languages
as the Dominant Language

Language projection aims to align the represen-
tations of non-dominant languages with those of
the dominant language. To evaluate the generaliza-
tion of our method, we conduct experiments using
French as the dominant language instead of En-
glish, with a 1k parallel dataset constructed from
the Flores devtest. The results in Table 4 show that
the average performance on both NLU and NLG
tasks is still improved for both LLaMA3-8B and

Model BELE. XCOPA XQuAD XLSUM

LLaMA3.2-3B
SFT 45.07 51.56 61.15 13.43
TFT 52.01 62.16 66.32 19.37
Ours 53.64 63.96 67.02 19.93

LLaMA2-13B
SFT 34.15 41.84 49.44 13.47
TFT 46.72 56.60 53.45 19.42
Ours 47.92 57.64 54.13 19.84

Qwen2.5-0.5B
SFT 34.42 53.88 41.86 14.57
TFT 35.55 54.16 48.98 16.50
Ours 35.98 55.56 49.34 17.28

Qwen2.5-1.5B
SFT 54.54 63.44 61.05 16.35
TFT 61.53 68.08 64.47 17.82
Ours 62.29 68.58 64.80 18.11

Qwen2.5-14B
SFT 83.90 87.12 72.33 17.09
TFT 84.63 86.12 71.99 19.03
Ours 85.39 87.36 72.78 21.20

Table 3: Average performance across languages under
models of different scales and families.

Model LLaMA3-8B Qwen2.5-7B

NLU NLG NLU NLG

TFT 61.03 37.62 73.10 37.70
Ours 63.58 38.35 73.62 37.85

Table 4: Average performance on all benchmarks with
French as the dominant language for language projec-
tion. Detailed results are presented in Table 17.

Qwen2.5-7B. However, since the two base models
generally perform worse in French than in English,
the improvements are relatively smaller compared
to those under the English-dominant settings.

6 Conclusion

We propose a selective bidirectional language pro-
jection framework to enhance the non-dominant
capabilities of LLMs. Our method performs se-
quential language projection between the dominant
and non-dominant languages within the projection-
sensitive layers, thereby enabling efficient language
shifts without introducing additional parameters.
We conduct extensive experiments on diverse lan-
guages from different families on LLaMA3-8B and
Qwen2.5-7B. The results on seven understanding
and generation tasks demonstrate that our method
significantly enhances the performance of target
languages. Further analyses reveal that our method
can efficiently bridge the representation gap and
generalize to unseen languages.
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Limitations

While our method effectively enhances the non-
dominant language capabilities of LLMs, our
method has the following limitations. First, our ex-
periments currently focus on a single non-dominant
language. Future work will expand evaluations to
multiple languages and investigate cross-lingual
interactions, which may further improve the trans-
fer ability while reducing the cost for deploying
separate models per language. Second, due to com-
putational resource limitations, our experiments
are constrained to two base models with up to 14B
parameters. Validating the scalability and gener-
alizability of our approach across larger and more
diverse model architectures remains an important
research direction. Lastly, the performance on ex-
tremely low-resource languages still falls behind
other languages. In the future, we will explore
modifying the model architecture or introducing
additional training data to further enhance their
performance.
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Appendix

A Experiments

A.1 Experimental Settings

Training Setup. We employ two representa-
tive LLMs: LLaMA3-8B (AI@Meta, 2024) and
Qwen2.5-7B (Yang et al., 2025) as the base models
to validate the effectiveness of our method. We
adopt the multilingual instruction dataset Bactrian-
X (Li et al., 2023) as the training corpus, which
contains 67k instruction-response pairs in each lan-
guage. Since the instructions in Bactrian-X are con-
structed through translation, we directly utilize the
instruction content from their respective datasets to
obtain the translation pairs for projection-sensitive
layer detection and language projection. We utilize
English as the dominant language by default, since
its data generally predominates in the pre-training
corpora. Our experiments are implemented based
on the LLaMAFactory framework (Zheng et al.,
2024) using DeepSpeed (Rasley et al., 2020) on
4 NVIDIA A800-SXM4-80GB GPUs. The train-
ing duration is empirically set to 2 epochs with the
learning rate of 2e-5, cosine learning rate sched-
uler with warm-up ratio of 0.03, maximum se-
quence length of 1024, and global batch size of 128.
AdamW optimizer (Loshchilov and Hutter, 2019)
is used to update the parameters during the train-
ing process with β1 = 0.9 and β2 = 0.999. Mixed
precision training and ZeRO are applied within the
DeepSpeed training framework to accelerate the
training process and reduce memory usage (Rasley
et al., 2020). We set k to 20 to categorize the
N2D and D2N regions following Tezuka and Inoue
(2025). Other hyperparameters are set according to
Zheng et al. (2024).

Evaluation Tasks. We conduct evaluations on
seven multilingual benchmarks, which can be cate-
gorized into understanding and generation tasks.

• Multilingual Understanding: (1) BELE-
BELE (Bandarkar et al., 2024), a multiple-
choice reading comprehension dataset, (2)
MMMLU (Lai et al., 2023), the multilin-
gual version of MMLU (Hendrycks et al.,
2020), designed to evaluate models’ general
knowledge, (3) XCOPA (Ponti et al., 2020), a
multilingual dataset for causal commonsense
reasoning, and (4) XStoryCloze (Lin et al.,
2022), a multilingual commonsense reasoning
dataset for evaluating story understanding.

Code Language Family

ar Arabic Afro-Asiatic
es Spanish Indo-European
en English Indo-European
hi Hindi Indo-European
id Indonesian Austronesian
sw Swahili Niger-Congo
th Thai Tai-Kadai
vi Vietnamese Austro-Asiatic
zh Chinese Sino-Tibetan

Table 5: Details of language information in this work.

• Multilingual Generation: (1) MKQA (Long-
pre et al., 2021), an open-domain question
answering evaluation dataset, (2) XQuAD
(Artetxe et al., 2020), a cross-lingual question
answering dataset, and (3) XLSUM (Hasan
et al., 2021), a multilingual abstractive sum-
marization benchmark comprising multiple
long news texts into a single sentence.

Baselines. For comparison, we consider the fol-
lowing baseline methods that enhance the multilin-
gual capabilities of LLMs using different multilin-
gual instruction fine-tuning methods:

• SFT (Ouyang et al., 2022): which performs in-
struction fine-tuning with the English datasets.

• TFT (Chen et al., 2024), which is instruction-
tuned using the target datasets translated from
the original English datasets.

• QAlign (Zhu et al., 2024), which first aligns
questions by translating the question in tar-
get languages into English before instruction-
tuning.

• SLAM (Fan et al., 2025), which identifies and
fine-tunes the FFN sublayers responsible for
handling multilingualism in the lower-level
layers. We fine-tune the first four FFN sublay-
ers following their settings.

• Incline (Wang et al., 2025), which is an in-
tervention approach that transforms source
language representations into target language
representation space during inference. We uti-
lize Flores-devtest to calculate the transform
matrix and tune the intervention parameter α
on each testset within [−1, 1].

• DFT (Huo et al., 2025), which incorporates
additional supervision in the internal layers of
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Dataset #Lang Languages #samples Metric

BELEBELE 8 Arabic, Spanish, Hindi, Indonesian, Swahili, Thai, Vietnamese, Chinese 900 Accuracy
MMMLU 6 Arabic, Spanish, Hindi, Indonesian, Vietnamese, Chinese 1000 Accuracy
XCOPA 5 Indonesian, Swahili, Thai, Vietnamese, Chinese 500 Accuracy
XStoryCloze 6 Arabic, Spanish, Hindi, Indonesian, Swahili, Chinese 1151 Accuracy
MKQA 5 Arabic, Spanish, Thai, Vietnamese, Chinese 1000 Accuracy
XQuAD 6 Arabic, Spanish, Hindi, Thai, Vietnamese, Chinese 1190 Accuracy
XLSUM 8 Arabic, Spanish, Hindi, Indonesian, Swahili, Thai, Vietnamese, Chinese 100 ROUGE-L

Table 6: Dataset Statistics.

Task Pattern Verbalizer

BELEBELE
Given the following passage, query, and answer choices, output the letter corresponding to the correct answer.
Passage: {passage} Query: {query} Choices: (A){choice_1} (B){choice_2} (C){choice_3} (D){choice_4}

(A)||(B)||(C)||(D)

MMMLU
Given the following query and answer choices, output the letter corresponding to the correct answer.
Query: {query} Choices: (A){choice_1} (B){choice_2} (C){choice_3} (D){choice_4}

(A)||(B)||(C)||(D)

XCOPA

Given the following premise, query, and answer choices, output the letter corresponding to the most plausible answer.
Premise: {premise} {% if question == “cause” %} Which of the following two options is the cause of the above premise?
{% else %} Which of the following two options is the result of the above premise?
Choices: (A) {choice_1} (B) {choice_2}

(A)||(B)

XStoryCloze
Given the following story, query, and answer choices, output the letter corresponding to the correct answer.
Story: {story} Query: Which of the following two options is more likely to be the ending of the given story?
Choices: (A) {choice_1} (B) {choice_2}

(A)||(B)

MKQA {question} {answer}
XQUAD Given the following passage, answer the question. Passage: {passage} Question: {question} {answer}
XLSUM Summarize this passage in one sentence. {passage} {summary}

Table 7: The example prompt templates used for evaluation.

(a) LLaMA3-8B (b) LLaMA3-8B+Translation

Figure 11: Representation visualization of the 31st layer
in LLaMA3-8B and our method fine-tuned with the
English-Swahili translation data.

the model to constrain the conversion of the
target language into English and to enforce
reasoning in English. We follow their imple-
mentation for the feature-based method.

A.2 Evaluations

Datasets. We select a subset of representative lan-
guages from the entire set of languages in Bactrian-
X, covering both high and low-resource languages
for training and evaluation. The language subsets
and the test samples used in the seven evaluation
tasks in our experiments are presented in Tables 5
and 6. The evaluation prompt templates in English

for each task are presented in Table 7. The tem-
plates are translated into target languages using
ChatGPT for evaluation.

Metrics. For BELEBELE, MMMLU, XCOPA, XS-
toryCloze, MKQA and XQuAD datasets, Accuracy
is utilized as the evaluation metric. Specifically, for
the multiple-choice tasks of BELEBELE, MMMLU,
XCOPA and XStoryCloze, a response is consid-
ered correct only if it contains the correct answer
choice(s) and excludes all others. In contrast, for
the generative QA tasks of MKQA and XQuAD, a
response is deemed correct if it contains the gold
answer. For XLSUM dataset, ROUGE-L scores are
reported. We employ a greedy decoding strategy
with a maximum of 40 new tokens for generation.

B Detailed Results

B.1 Results on Seven Benchmarks

Detailed performance results of LLaMA3-8B and
Qwen2.5-7B on BELEBELE, MMMLU, XCOPA,
XStoryCloze, MKQA, XQuAD and XLSUM dataset
are listed in Tables 10-16, respectively.

B.2 Results on Similarity Search

We employ the accuracy of similarity search tasks
as a quantitative indicator of cross-lingual represen-
tation alignment. We sample 500 parallel sentences
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(a) N2D Projection (b) D2N Projection

Figure 12: Layer-wise average activation changes across different language pairs in the Qwen2.5-7B.

Model #Para.(LP) #Para.(IT)

Ours(ATTN) 4.18% 29.80%
Ours(FFN) 17.55% 89.20%
Ours(BLOCK) 21.73% 100%

Table 8: Comparison of the amount of trainable param-
eters in each stage. ‘#Para.(LP)’ denotes the number
of parameters involved in language projection, while
‘#Para.(IT)’ denotes the number of parameters involved
in non-dominant instruction tuning.

between English and Swahili from Flores devtest,
and obtain their sentence presentations across all
layers via mean pooling. The average top-1 accu-
racy of sentence similarity research is presented
in Figure 13. The search accuracy is notably im-
proved with the D2N projection, demonstrating
that representations are semantically aligned de-
spite possessing distinct language-specific spaces.

B.3 Discussion on Training Cost

We compare the number of parameters required for
language projection and non-dominant instruction
tuning on LLaMA3-8B, as summarized in Table 8.
As shown in Figure 3, Ours(FFN) outperforms
Ours(BLOCK) with fewer trainable parameters,
yet has a higher training cost than Ours(ATTN).
Compared to vanilla SFT and TFT, Ours(FFN) in-
troduces only about 6.7% additional parameters
(not external parameters) during fine-tuning.

B.4 Results on Experiments with French as
the Dominant Language

To evaluate the generalization of our method, we
conduct experiments using French as the domi-
nant language instead of English, with a 1k parallel
dataset sampled from the Flores devtest. The de-
tailed results on each benchmark are presented in
Table 17. The results show that the average per-

Task SFT Projection Language

ar hi sw zh

BELEBELE 70.00 72.66 69.44 71.78 70.78
MMMLU 48.50 50.50 48.70 49.70 49.40
XCOPA 84.00 84.80 84.00 85.20 82.20
XStoryCloze 78.62 75.58 80.34 79.15 73.39
MKQA 45.90 46.10 44.10 45.50 45.70
XQuAD 78.32 76.97 77.98 78.49 77.90
XLSUM 20.35 20.96 20.20 21.00 21.68

Table 9: Comparison of English performance between
models with and without our SiLP on LLaMA3.2-3B.

Figure 13: The similarity search top-1 accuracy on Flo-
res devtest on English-Swahili language pair.

formance on both NLU and NLG tasks is still im-
proved in most cases for both LLaMA3-8B and
Qwen2.5-7B.

B.5 Analysis on English Performance
To evaluate whether our alignment method can
retain their English capabilities, we perform
SFT with English instruction data on (i) vanilla
LLaMA3.2-3B and (ii) the aligned LLaMA3.2-3B
with our bidirectional language projection. The
English performance for each projection language
is summarized in Table 9. The model with bidirec-
tional projection achieves comparable or slightly
better English performance after instruction-tuning,
confirming that the alignment of intrinsic parame-
ters does not induce catastrophic forgetting or com-
promise the model’s core reasoning and linguistic
foundations in English.
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Model ar es hi id sw th vi zh AVG.

LLaMA3-8B
SFT 57.44 73.22 49.89 62.44 38.33 57.56 58.22 66.67 57.97
TFT 62.55 76.11 48.33 62.67 58.22 54.67 65.67 62.56 61.35
QAlign 53.44 69.11 44.67 58.33 44.67 54.22 63.44 67.33 56.90
SLAM 57.33 72.78 49.44 61.67 37.78 57.22 60.89 67.22 58.04
Incline 60.33 73.78 53.56 62.22 38.44 57.33 64.88 70.00 60.07
DFT 69.00 63.89 49.67 55.44 53.44 80.67 61.78 67.11 62.63
Ours 70.33 76.00 55.11 63.67 61.44 60.33 70.56 71.67 66.14

Qwen2.5-7B
SFT 82.44 87.00 62.11 82.44 47.00 76.11 83.33 87.11 75.94
TFT 78.33 85.44 60.89 83.67 72.11 73.00 81.67 85.78 77.61
QAlign 76.33 82.33 52.78 33.44 34.67 65.89 80.00 82.11 63.44
SLAM 75.89 82.67 53.89 60.22 32.11 66.00 80.67 86.78 67.28
Incline 83.78 86.77 60.78 82.67 48.00 77.88 81.33 86.67 75.99
DFT 79.33 85.78 60.89 83.00 71.89 72.67 81.89 86.44 77.74
Ours 80.67 86.33 61.78 83.77 73.44 72.44 82.00 86.67 78.39

Table 10: Detailed performance results of different languages on the BELEBELE task across all models.

Model ar es hi id vi zh AVG.

LLaMA3-8B
SFT 32.00 42.50 31.70 43.90 40.40 43.00 38.92
TFT 36.00 43.60 36.00 43.90 42.00 39.60 40.18
QAlign 34.70 41.00 34.60 41.80 39.30 39.90 38.55
SLAM 32.40 42.20 32.00 41.40 40.00 42.50 38.42
Incline 33.90 45.90 35.40 43.20 40.30 43.90 40.43
DFT 45.90 42.40 34.40 41.90 35.80 44.80 40.87
Ours 38.50 47.80 37.00 45.00 43.40 44.30 42.67

Qwen2.5-7B
SFT 45.90 62.70 38.60 54.30 52.90 61.10 52.58
TFT 48.20 64.50 41.80 60.30 53.70 52.80 53.55
QAlign 45.30 58.90 39.50 44.20 50.90 57.80 49.43
SLAM 44.40 59.90 38.00 46.30 48.80 61.20 49.77
Incline 50.50 64.50 44.30 56.10 54.30 61.30 55.17
DFT 68.00 55.50 42.00 58.30 48.10 50.80 53.78
Ours 50.80 64.00 43.30 60.40 55.00 58.00 55.25

Table 11: Detailed performance results of different languages on the MMMLU task across all models.

Model id sw th vi zh AVG.

LLaMA3-8B
SFT 77.60 51.20 65.80 71.20 82.40 69.64
TFT 75.00 56.60 67.80 67.40 61.80 65.72
QAlign 71.60 58.60 66.20 58.80 77.80 66.60
SLAM 78.00 54.40 66.20 72.00 82.60 70.64
Incline 78.40 55.80 73.80 74.20 83.60 73.16
DFT 74.40 58.00 68.80 63.20 81.40 69.16
Ours 75.80 63.80 70.00 71.80 85.00 73.28

Qwen2.5-7B
SFT 85.00 31.60 71.80 81.00 92.20 72.32
TFT 87.20 74.00 34.60 82.20 87.20 73.04
QAlign 82.20 64.20 78.20 75.20 90.40 78.04
SLAM 83.40 45.60 72.60 76.40 93.40 74.28
Incline 85.40 49.60 74.00 89.40 92.60 78.20
DFT 86.00 75.80 62.80 83.40 73.60 76.32
Ours 87.20 76.00 37.60 85.40 88.20 74.88

Table 12: Detailed performance results of different languages on the XCOPA task across all models.

43323



Model ar es hi id sw zh AVG.

LLaMA3-8B
SFT 74.59 89.68 52.90 84.70 54.47 91.73 74.68
TFT 76.83 87.82 71.61 83.39 56.98 84.58 76.87
QAlign 76.64 85.44 75.25 71.60 73.26 88.09 78.38
SLAM 74.89 89.27 80.54 84.77 59.30 91.53 80.05
Incline 76.24 90.07 80.41 84.17 66.18 90.47 81.26
DFT 62.01 90.14 68.89 86.43 65.59 80.24 75.55
Ours 84.65 87.93 80.41 84.58 62.48 88.88 81.49

Qwen2.5-7B
SFT 82.79 95.43 76.97 87.36 53.87 91.26 81.28
TFT 86.63 93.58 83.85 90.21 82.13 92.72 88.19
QAlign 90.73 84.85 81.34 47.12 78.76 93.25 79.34
SLAM 81.34 92.06 67.84 87.16 52.61 94.10 79.19
Incline 93.64 96.10 87.76 87.75 53.93 96.23 85.90
DFT 83.72 93.51 86.57 89.21 87.36 90.00 88.40
Ours 92.26 95.57 87.29 90.47 83.06 93.71 90.39

Table 13: Detailed performance results of different languages on the XStoryCloze task across all models.

Model ar es th vi zh AVG.

LLaMA3-8B
SFT 10.20 28.50 15.40 23.90 13.20 18.24
TFT 13.10 36.20 17.30 29.40 15.70 22.34
QAlign 13.30 29.00 17.60 28.80 12.80 20.30
SLAM 10.40 27.90 15.50 24.10 13.00 18.18
Incline 11.00 28.60 15.10 24.80 13.70 18.64
DFT 12.90 35.60 17.70 29.60 15.80 22.32
Ours 13.20 35.90 17.90 30.90 16.10 22.80

Qwen2.5-7B
SFT 11.40 31.90 17.60 23.40 16.90 20.24
TFT 15.10 31.10 16.50 29.40 19.40 22.30
QAlign 11.20 30.70 17.30 26.30 14.00 19.90
SLAM 11.80 27.60 14.50 20.40 16.70 18.20
Incline 13.60 32.10 17.80 24.50 16.60 20.92
DFT 13.00 30.30 13.50 26.00 19.00 20.36
Ours 15.40 33.70 16.30 29.70 21.80 23.38

Table 14: Detailed performance results of different languages on the MKQA task across all models.

Model ar es hi th vi zh AVG.

LLaMA3-8B
SFT 41.68 69.08 59.41 60.50 69.41 60.67 60.13
TFT 63.87 76.47 65.88 66.72 77.65 74.37 70.83
QAlign 61.60 28.07 12.61 13.03 23.03 8.57 24.49
SLAM 40.34 69.66 59.58 59.92 68.57 60.50 59.76
Incline 56.97 74.11 62.26 62.35 71.76 73.61 66.84
DFT 58.40 75.46 60.67 61.18 71.43 67.98 65.85
Ours 64.45 77.14 67.90 66.81 77.90 75.63 71.64

Qwen2.5-7B
SFT 67.06 80.76 47.30 73.45 77.06 80.20 70.97
TFT 66.47 78.82 49.42 69.08 80.67 82.10 71.09
QAlign 10.00 29.26 29.16 13.45 24.20 10.67 19.46
SLAM 62.02 74.87 33.95 72.10 68.57 81.43 65.49
Incline 66.89 80.50 47.48 72.26 77.39 81.60 71.02
DFT 61.60 76.47 46.55 63.61 77.23 76.63 67.02
Ours 66.56 78.32 49.33 70.50 81.09 82.94 71.46

Table 15: Detailed performance results of different languages on the XQUAD task across all models.
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Model ar es hi id sw th vi zh AVG.

LLaMA3-8B
SFT 2.37 16.58 6.46 11.81 18.53 16.75 16.48 20.38 13.67
TFT 15.21 20.97 19.61 19.59 21.98 17.65 18.85 23.76 19.68
QAlign 13.90 4.57 0.30 5.78 6.21 17.58 3.72 8.53 7.57
SLAM 2.88 16.53 6.76 11.93 20.02 16.34 16.61 20.36 13.93
Incline 11.23 17.62 17.01 14.80 16.65 17.08 16.68 22.62 16.71
DFT 15.90 21.09 19.58 19.98 21.87 17.79 18.68 22.92 19.73
Ours 16.08 21.18 19.25 20.02 23.24 17.96 17.90 24.24 19.98

Qwen2.5-7B
SFT 13.13 19.59 13.84 21.30 19.71 17.16 16.80 23.16 18.09
TFT 18.03 21.35 17.12 20.55 21.11 16.13 18.75 24.56 19.69
QAlign 4.01 5.78 2.34 6.28 6.02 15.96 3.87 10.53 6.85
SLAM 9.56 19.93 15.37 22.22 18.00 18.44 17.06 25.47 18.26
Incline 16.66 19.91 16.67 19.11 18.78 18.13 18.30 23.92 18.94
DFT 18.46 21.10 16.60 19.90 22.80 16.51 18.25 24.55 19.77
Ours 19.00 21.77 17.01 20.26 23.65 16.85 18.25 23.11 19.99

Table 16: Detailed performance results of different languages on the XLSUM task across all models.

Model ar es hi id sw th vi zh AVG.

Dataset: BELEBELE

LLaMA3-8B TFT 62.55 76.11 48.33 62.67 58.22 54.67 65.67 62.56 61.35
Ours 67.22 79.67 52.22 61.33 63.89 60.56 70.78 58.22 64.24

Qwen2.5-7B TFT 78.33 85.44 60.89 83.67 72.11 73.00 81.67 85.78 77.61
Ours 79.44 85.78 60.89 83.89 71.89 72.67 81.89 86.56 77.88

Dataset: MMMLU

LLaMA3-8B TFT 36.00 43.60 36.00 43.90 – – 42.00 39.60 40.18
Ours 36.00 43.20 35.20 44.10 – – 42.60 42.00 40.52

Qwen2.5-7B TFT 48.20 64.50 41.80 60.30 – – 53.70 52.80 53.55
Ours 49.20 64.20 43.60 60.50 – – 54.20 52.00 53.95

Dataset: XCOPA

LLaMA3-8B TFT – – – 75.00 56.60 67.80 67.40 61.80 65.72
Ours – – – 76.00 62.40 67.60 70.60 82.20 71.76

Qwen2.5-7B TFT – – – 87.20 74.00 34.60 82.20 87.20 73.04
Ours – – – 87.20 74.40 37.80 80.60 87.60 73.52

Dataset: XStoryCloze

LLaMA3-8B TFT 76.83 87.82 71.61 83.39 56.98 – – 84.58 76.87
Ours 85.97 91.19 64.99 69.89 69.03 – – 85.84 77.82

Qwen2.5-7B TFT 86.63 93.58 83.85 90.21 82.13 – – 92.72 88.19
Ours 86.57 95.76 86.57 90.60 81.54 – – 93.71 89.13

Dataset: MKQA

LLaMA3-8B TFT 13.10 36.20 – – – 17.30 29.40 15.70 22.34
Ours 12.10 37.90 – – – 18.50 32.90 16.30 23.54

Qwen2.5-7B TFT 15.10 31.10 – – – 16.50 29.40 19.40 22.30
Ours 14.60 32.60 – – – 15.40 28.50 20.80 22.38

Dataset: XQuAD

LLaMA3-8B TFT 63.87 76.47 65.88 – – 66.72 77.65 74.37 70.83
Ours 64.20 77.56 68.07 – – 67.06 78.40 75.80 71.85

Qwen2.5-7B TFT 66.47 78.82 49.42 – – 69.08 80.67 82.10 71.09
Ours 66.81 78.49 49.41 – – 70.42 81.26 83.27 71.61

Dataset: XLSUM

LLaMA3-8B TFT 15.21 20.97 19.61 19.59 21.98 17.65 18.85 23.76 19.68
Ours 16.29 20.70 19.28 20.00 20.44 18.50 18.28 23.85 19.67

Qwen2.5-7B TFT 18.03 21.35 17.12 20.55 21.11 16.13 18.75 24.56 19.69
Ours 18.15 21.61 16.34 20.35 22.70 16.56 18.22 22.58 19.56

Table 17: Detailed results on NLU and NLG tasks with French as the dominant language for language projection.
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