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Abstract

As Large Language Models support more and more lan-
guages, they face increasing challenges in alleviating lan-
guage inference and adapting to unseen languages. In this
work, we propose a modular fine-tuning pipeline for mul-
tilingual neural machine translation, where adapters are
trained separately for input and output languages. Dur-
ing translation, the parameters of the corresponding input
and output language adapters are combined using weighted
summation. Experiments on 5 languages show that our
methods can reach 50% of full-parameter fine-tuning per-
formance with only 0.5% to 1% trainable parameters.
Moreover, under certain weight configurations, merging
input and output language adapters outperforms using them
individually in some language directions, highlighting the

potential of our merging strategy.

1 Introduction

Multilingual Neural Machine Translation (MNMT) fo-
cuses on developing a unified model to translate among dif-
ferent languages. Although recent Large Language Models
(LLMs) can handle dozens or even hundreds of languages,
they also bring challenges related to training efficiency, lan-
guage interference, and adaptation to unseen languages.

To address these issues, recent research has gradually
focused on investigating the modular nature [1] of LLMs.
One line of research leverages the sparsity of model pa-
rameters by projecting the parameter space into a low-
rank, task-specific intrinsic subspace [2, 3, 4] such as Low-
rank Adaptation (LoRA) [5]. [6] builds language-specific
LoRAs to alleviate language interference in a parameter-
efficient way. Another line of research [7] attempts to ex-
tract language-specific sub-networks within models and ac-

tivate different sub-networks during training through mask-
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Figure 1: Example of our proposed modular fine-tuning
pipeline on four languages: English (en), Japanese (ja),
Chinese (zh), and German (de). We divided all adapters
into two categories: adapters of input language and
adapters of output language. During generation, we di-
rectly merge the corresponding two adapters (the colored

ones) from the adapter pool.

ing. Despite effectiveness, these methods require train-
ing on all language pairs simultaneously, which limits the
model’s ability to extend to unseen languages.

Therefore, we propose modular fine-tuning of MNMT,
a two-step pipeline which first trains adapters for different
languages separately and then combines selected adapters
directly without any further training. As shown in Fig-
ure 1, we categorize adapters into two types: adapters
for input language /;, and adapters for output language
lour. Using these two items, we can describe a transla-
tion as I (L, L,ur). For each translation, we only choose
two adapters from each category separately and then di-
rectly merge the parameters of these two adapters through
weighting during generation. Given n languages, we can
reduce the total number of required adapters from n X n to
n+n compared with fine-tuning for each language direction
separately. Additionally, since no additional retraining or
retrieval is required, our proposed method can be naturally

extended to unseen languages without compromising the
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performance of existing languages.

We conduct our experiments on a 5-language subset of
FLORES-101 [8]. The results show that we can reach 50%
of full-parameter fine-tuning performance with only 0.5%
to 0.1% trainable parameters. We also find that under spe-
cific weight settings, introducing input language adapters
can improve the performance of certain directions, demon-
strating the potential of our merging strategy. We further
introduce weight learning to analyze the impact of weights
on performance, indicating that the output language often

plays a more important role in translation tasks.

2 Related Work

Intrinsic Subspace Intrinsic Subspace is the minimal
parameter subspace required for models to learn new tasks.
[2, 9] showed that the fine-tuning of pre-trained models ac-
tually happened in a tiny subspace. Following their work,
there is an increasing tendency to explore the modular-
ity within pre-trained models [1] to improve translation
performance. [6] built different sized language-specific
adapters based on resource-level of languages to alleviate
the interference among languages. Another line of work
[7] try to locate language-specific neurons inside models
and extract sub-network for different languages. Despite
effectiveness, these methods require unified training of all
langauge-specific modules, which hinders their flexibility
in adapting to new languages.

Low-rank Adaptation (LoRA) LoRA [5] employs
the product of two low-rank matrices to replace the orig-
inal parameter matrix for fine-tuning. This method is
parameter-efficient and widely used in Large Language
Models. Recent works [10, 11] have focused on how to fur-
ther enhance the efficiency of LoRA. [10] modeled LoRA
in the form of singular value decomposition and improved
efficiency by pruning less important singular values. [11]
reduced trainable parameters of LoRA by only leaning
scaling vectors during training, fixed low-rank matrices are
randomly initialized and shared for each layer. We choose
LoRA as our adapter structure thanks to its efficiency and

flexibility.
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3 Methods

3.1 Multilingual Neural Machine Transla-
tion from a Modular Perspective

Given a set of n languages L = {ly, [, - , [,,}, multilin-
gual machine translation aims to translate an input sentence
x in the source language src € L into an output sentence
y in the target language zgr € L. With an MNMT dataset
including N sentence pairs D = {(x;,y;),i € 1 --- N}, the
training loss is defined as:

J
Lyunmr = — Z Zlog Po(yily<j.x) (D

x,yeD j=1
where x = x1,x, -+, X is a source sentence with length 7
andy =y, y2,- -,y isthe corresponding target sentence

with length J.

To enable modular fine-tuning, considering the MNMT
task between input and output languages, we follow a two-
step pipeline, which first train adapters for input languages
A = {AZ’,AZ’, e ’AZ:} and output languages A,,; =
{A;’I‘” , A;’Z”’ e ,A;’:’} separately, and then when translate
from a soure language to a target langauge src — tgt, we

directly merge A;’:rc and AZ’Z during generation.
3.2 Training Modular LoRAs

LoRA [5] is widely used in Parameter-efficient Fine-
tuning (PEFT) for Large Language Models where fine-

tuning is re-parameterized in a low-rank intrinsic subspace.

For a weight matrix in a pre-trained model W € R*k,
LoRA forward pass can be calculated as:
h = Wx + BAx 2)

where B € R¥** and A € R"™*?. During training, W will
be frozen and the trainable parameters, i.e., A and B, will
be reduced from d X k to d Xr+rxk, where r < min(d, k).

We divided LoRA into two categories: LoRAs for in-
put language (LoRA;,), and LoRAs for output language
(LoRA,,;), and then we train LoRA;,;s and LoRA,,;s for
each language separately in a English-centric way, e.g.,
when translating from Japanese to Chinese, the LoRA;,
of Japanese will be trained by the data of Japanese —
English, and the LoRA,,; of Chinese will be trained by
the data of English — Chinese. Since LLMs are trained
on unbalanced, English-dominated corpora, English often
serves as an internal pivot language. Therefore, we select

English as the bridge language in our setting to maximize
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cross-lingual transfer learning. This setting also makes our
pipeline easier to extend to new languages, as introducing
a new language requires only preparing data between the
new language and English. For convenience, the LoRA;;,
and LoRA,,; of English will be trained by the data of
English — English.

3.3 Merging LoRAs

We compare two different strategies [12] when merging
LoRA;, and LoRA,,;.

Merge the outputs of LoRAs In this setting, we
merge the outputs of LoRA;, and LoRA,,; as:

h = w;,LoRA;,(x) + w,, LORA,,(x)
= (WinBinAin + W()utBoutA()ut)x (3)
= LORAmerged (x )

Merge B and A separately In this setting, we merge

LoRA,;, and LoRA,,; with the following equation:

h = ( VWinBin + VwoulBout)( VwinAin + VWoutAout)x 4

The two settings have similar training and inference ef-
ficiency. The second setting, which separately merges the
A and B matrices, offers finer granularity but requires all
LoRAs to share the same rank. In contrast, the first setting
directly merges the product of A and B matrices, potentially
losing some information but offering greater flexibility in

rank configuration.

3.4 Weight Learning

To further analyze the weight dynamics of LoRA;, and
LoRA,,:, we introducee a weight learning method inspired
by neural architecture search [13, 6]. Given a pre-trained
weight matrix W with LoRA;, and LoRA,,,;, we calculate

a weighted sum during forward pass as follows:
h=Wx +w;, LoRA;,(x) +wy, LoRA,,(x) (5

where w;,, W,y are scalars shared among all LoORA mod-
ules in the same layer. We use softmax to make sure the
weights are non-negative and sum up to 1. Specifically,
Win, Wour = softmax(wg, wi), where wq and w are initial-
ized to 1.0.

4 Experimental Setup

Dataset FLORES-101 [8] is a high-quality parallel
dataset, including 3,001 sentences from English Wikipedia
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which are translated into 101 languages by human trans-
lators. Sentences are divided into three splits: dev (997
sentences), devtest (1,012 sentences), and test (992 sen-
tences). Since the test set is not publicly available, we
use the dev set for training and devtest set for evaluation.
We choose five languages . English (en), French (fr), Ger-
man (de), Japanese (ja) and Chinese (zh) in our following
experiments.

Training We chose Qwen2.5-Instruct-0.5B [14] as our
base model. We modified the Transformers ! and PEFT
2) libraries to implement our LoRA settings in the exper-
iments. We fine-tuned the model via Supervised Fine-
tuning (SFT) ? ). Forall experiments, we trained the model
for 2 Epochs with a learning rate of 0.00002. All models
were trained with a single NVIDIA A100-40GB on the
mdx [15] cluster.

Evaluation We choose full-parameter fine-tuning as
our baseline and set the beam size to 5 during generation.
We report the chrF++ score [16].

5 Results

Table 1 shows the chrF++ scores on selected 5 lan-
guages. We calculate the averaged score when translating
to, e.g., —en, and translating from a specific langauge,
e.g., en—. First, we compared the performance of using
only LoRA;, or LoRA,,, separately. We found that using
LoRA,,; achieved better results, indicating the target lan-
guage plays a more important role in multilingual machine
translation.

As mentioned in Section 3.3, we compared two merging
strategies with different weight configurations: merging
the outputs of LoRAs (Setting 1), and merging A and
B separately (Setting 2). As shown in the Talbe 1, we
achieved 50% performance of full parameter fine-tuning
while using only 0.5% ~ 1% trainable parameters. Al-
though using more information from LoRA,,, (1:9) gen-
erally yields better results for most language directions
(except for —en), we found that under certain weight set-
tings, introducing LoRA;;, can achieve better performance
(underlined scores).

As mentioned in Section 3.4, we showed the results of
weight learning in Figure 2 of Appendix A to better un-
derstand the weight dynamics of LoRA;, and LoRA,,;.

1) https://github.com/huggingface/transformers
2) https://github.com/huggingface/peft
3) https://huggingface.co/docs/trl/sft_trainer
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Table 1: The chrF++ scores on 5 languages: English (en), French (fr), German (de), Japanese (ja), Chinese (zh). We

calculate the average scores for a given language /; as the input language and output language separately, denoted as [; —

and — [;%. Params means the ratio of trainable parameters compared with full-parameter fine-tuning. For LoRA;, and

LoRA,,;, we only use the single LoRA module without merging. Setting 1 refers to merging the outputs of LoRA;, and

LoRA,,; and Setting 2 refers to merging A and B separately. The ratio behind shows the weights w;, and w,,,, we use for

each setting. We underline the scores in Setting 1 and Setting 2 that outperform those achieved by using only LoRA;, or

LoRA,,; independently.

Language Direction
Methods %Params | en— fr—» de— ja— zh— —en —fr —de —ja —zh
Pre-train - 30.75 28.85 29.25 27.05 31.6 4878 388 3255 10.86 16.5
Full-parameter fine-tuning ~ 100% | 34.25 33.23 3338 309 33,5 51.08 4213 3478 16.1 21.1
LoRA;, 0.5% 30.0 30.53 30.85 27.85 32.0 50.125 3945 3195 1348 16.23
LoRA,; 0.5% 3248 31.6 3145 284 30.88 47.25 40.65 34.15 14475 18.275
Setting 1 (1:9) 1% 3225 31.7 31.65 2853 315 4858 4048 34.075 144 18.1
Setting 1 (3:7) 1% 32.05 31.63 31.825 28.6 32.25 4998 405 33.83 1438 17.68
Setting 1 (7:3) 1% 31.2 31.08 3145 283 3223 504 3995 3295 13.9 17.05
Setting 1 (9:1) 1% 30.43 30.65 31.2 28.05 321 502 39.8 3228 13.58 16.58
Setting 2 (1:9) 1% 32.78 3148 31.38 28.03 3033 4598 406 3423 146  18.58
Setting 2 (3:7) 1% 32.63 31.03 31.08 284 30.1 4745 4048 34.03 1445 17.68
Setting 2 (7:3) 1% 306 2993 305 281 3228 499 3985 33.05 14.05 1455
Setting 2 (9:1) 1% 29.85 29.85 3043 2775 3225 50.0 39.55 3233 1378 14.48

We observed that for language pairs involving English, the
model focuses mainly on the target language information
when translating from English to other languages (Fig-
ure 2a,2b, 2c, 2d), whereas it emphasizes the source lan-
guage information when translating from other languages
to English (Figure 2e,2i,2m,2q). We attribute this to the
English-centric training process, where, for consistency,
we included English-to-English data to train the English
adapter. However, the results suggest that such data is
unnecessary, leading the model to always prioritize direc-
tions involving other languages. Besides that, excluding
language directions involving English, target information
plays a dominant role in 8 out of the remaining 12 direc-
tions (Figure 2g,2h,2j,2k,21,2r,2s,2t). For the remaining
four directions (Figure 2f, 2n,20,2p), we observed that the
model’s focus shifts from the source language to the target
language in the intermediate layers. From the results of
weight learning, we infer that the target language generally
plays a more important role in machine translation. This
observation also explains why assigning greater weight to

LoRA,,; yields better performance.
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6 Conclusion

In this work, we propose a modular fine-tuning pipeline
for LLM-based Multilingual Neural Machine Translation,
which first divide LoRAs into two groups: LoRAs for
input languages (LoRA;,) and LoRAs for output lan-
guages (LoRA,,;) and then train these LoRA adapters in an
English-centric way. During translation, the correspond-
ing LoRA;, and LoRA,,, are directly merged without any
additional training. These enables our pipeline to be easily
extended to new languages by training only the LoRA;,
and LoRA,,, for the new language, without impacting the
performance of existing languages. Our experiments on
the FLORES dataset with five languages demonstrate that
using only 0.5% to 1% of the trainable parameters achieves
50% performance of full-parameter fine-tuning. Addi-
tionally, under specific weight configurations, combining
LoRA;, and LoRA,,; yields better results than using them
individually, highlighting the potential of this approach.
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A Results of Weight Learning

As shown in Figure 2, we illustrate the trend of weight changes in the model for each language direction after weight

learning.

(a) English to French (b) English to German (c) English to Japanese (d) English to Chinese

(e) French to English (h) French to Chinese

e Nt N

(i) German to English (1) German to Chinese

(m) Japanese to English (n) Japanese to French (o) Japanese to German

h ,/\.r"\”,&/ 1
o/ L/\(\”‘

(q) Chinese to English (r) Chinese to French (s) Chinese to German (t) Chinese to Japanese

Figure 2: Results of Weight Learning
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