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Abstract001

Multilingual Fine-tuning of Large Language002
Models (LLMs) has achieved great advance-003
ments in machine translation. However, ex-004
isting research only focuses on a single-round005
fine-tuning process with fixed training data, of-006
ten lacking adaptability, where introducing new007
languages will influence the performance of008
existing ones. In this study, we propose a mod-009
ular fine-tuning pipeline that enables dynamic010
language support for LLMs. Instead of directly011
fine-tuning on all languages, our approach first012
trains English-centric LoRA adapters for each013
input and output language separately, and then014
merges the corresponding adapters’ parameters015
without any extra training during inference. Ex-016
periments on 12 translation directions involv-017
ing four low-resource and less-supported lan-018
guages show that modular fine-tuning achieves019
up to 86% performance of traditional multi-020
parallel full-parameter fine-tuning, while train-021
ing only 0.1% parameters and relying solely on022
English-centric data. Furthermore, we perform023
a comprehensive analysis about the merging024
ratio, when to merge, and the rationale for us-025
ing English as a bridge language via Bayesian026
Optimization and logit lens.1027

1 Introduction028

Recent advances in Multilingual Neural Machine029

Translation (MNMT) (Xu et al., 2024a,b; Alves030

et al., 2024) have significantly reduced the per-031

formance gap between Large Language Models032

(LLMs) and conventional translation models (Team033

et al., 2022). However, existing research mainly034

focuses on the traditional fine-tuning settings with035

fixed training data, where all languages share the036

same trainable parameters. This often leads to neg-037

ative language interference (Duh et al., 2012; Chen038

et al., 2023a; Huang et al., 2023) and also limits039

1Codes are available at https://anonymous.4open.
science/r/MMT-4353/.
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Figure 1: Example of our proposed modular fine-tuning
pipeline on three languages: German (de), French (fr),
Portuguese (pt). We first train English-centric adapters
(x → eng or eng → x) for input and output languages
separately. Then directly merge the parameters of corre-
sponding input and out adapters from the module pool
during a specific translation direction, e.g., translating
from German to French.

the model’s scalability to new languages. The dy- 040

namic language adaptation for LLMs remains an 041

underexplored problem. 042

To alleviate the interference and enable more 043

flexible language adaptation, there is an increasing 044

tendency in current research to leverage the modu- 045

lar nature of language models (Xiao et al., 2024) to 046

isolate different languages into separate language- 047

specific modules, e.g., extracting sub-networks (He 048

et al., 2023; Tan et al., 2024) for different languages 049

from the original model, or introducing language- 050

specific adapters (Pfeiffer et al., 2022; Pires et al., 051

2023; Cao et al., 2024; Xu et al., 2025). Despite 052

their effectiveness, these language-specific mod- 053

ules are still shared across different language di- 054

rections and interfere with each other during cross- 055

lingual training. We argue that these approaches do 056

not achieve complete modularity, as the training of 057

these modules is not fully independent. As a result, 058

the model still cannot dynamically adapt to new 059

languages, given that retraining is necessary for all 060
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existing language modules.061

Therefore, in this work, we dive deep into062

MNMT under a Completely Modular Fine-tuning063

setting, where language-specific adapters share no064

parameters and do not influence each other during065

training. More specifically, we propose a Com-066

peletely Modular Fine-tuning pipeline, which first067

trains English-centric adapters for input and output068

languages separately, and then directly merges the069

corresponding adapter parameters without any fur-070

ther training during translation. As shown in Figure071

1, since all adapters are trained in a single direction,072

i.e., translating from or to English, each language073

adapter can be trained independently. This enables074

the dynamic language support, as introducing a new075

language only requires training the corresponding076

English-centric adapters without any influence on077

existing ones. For example, to enable German sup-078

port, we only need to train the German-to-English079

input adapter and the English-to-German output080

adapter. By combining them with other existing081

adapters, the model can then translate in all direc-082

tions involving German.083

We conduct experiments on 12 language direc-084

tions of 4 low-resource and less-supported lan-085

guages from the FLORES+ (NLLB Team et al.,086

2024) dataset and compare the performance with087

traditional multi-parallel full-parameter fine-tuning088

settings. Results show that our method can achieve089

up to 86% performance of full-parameter fine-090

tuning on Llama3-8B-Instruct while only using091

0.1% trainable parameters and also reducing the092

training time as we rely solely on English-centric093

data. Furthermore, we conduct a comprehensive094

analysis about the merging ratio, when to merge,095

and the rationale for using English as the bridge096

language via Bayesian optimization and logit lens.097

2 Backgrounds098

Multilingual Machine Translation Given a set099

of n languages L = {l1, l2, · · · , ln}, multilingual100

machine translation aims to translate an input sen-101

tence x in the source language in ∈ L into an102

output sentence y in the target language out ∈ L.103

With an MNMT dataset including N sentence pairs104

D = {(xi,yi) : i ∈ 1 · · ·N}, the training loss is105

defined as:106

LMNMT = −
∑

x,y∈D

J∑
j=1

log pθ(yj |y<j ,x) (1)107

where x = x1, x2, · · · , xI is a input sentence with 108

length I and y = y1, y2, · · · , yJ is the correspond- 109

ing output sentence with length J . 110

Low Rank Adaptation (LoRA) LoRA (Hu et al., 111

2022) is widely used in Parameter-efficient Fine- 112

tuning (PEFT) for Large Language Models where 113

fine-tuning is re-parameterized in a low-rank in- 114

trinsic subspace. Given a weight matrix in a pre- 115

trained model W ∈ Rd×k, LoRA forward pass can 116

be calculated as: 117

h = Wx+BAx (2) 118

where B ∈ Rd×r and A ∈ Rr×k. During training, 119

W will be frozen and the trainable parameters, i.e., 120

A and B, will be reduced from d×k to d×r+r×k, 121

where r ≪ min(d, k). We choose LoRA as the 122

architecture of language adapters in this research, 123

thanks to its parameter efficiency and flexibility. 124

3 MNMT from a Modular Perspective 125

3.1 Completely Modular Fine-tuning 126

We assess the degree of modularity in an MNMT 127

system based on two factors: whether different lan- 128

guages share any trainable parameters, and whether 129

language-specific adapters influence each other dur- 130

ing training. If there is no parameter sharing across 131

languages and the training processes are entirely 132

independent, we refer to the setup as Completely 133

Modular Fine-tuning. 134

We want to emphasize that although some previ- 135

ous work (Pires et al., 2023; Cao et al., 2024) also 136

avoids parameter sharing across languages by sep- 137

arating them into input and output adapters, these 138

adapters still influence each other during multilin- 139

gual training. Consider a translation from an input 140

language lin to an output language lout , the corre- 141

sponding adapters for lin and lout are loaded simul- 142

taneously during training. As a result, the training 143

of these adapters is still not independent, hindering 144

the scalability of the model to new languages. 145

To enable Completely Modular Fine-tuning, we 146

decompose the MNMT task into input and output 147

language modules, and propose a modular fine- 148

tuning pipeline. As illustrated in Figure 1, we 149

first train English-centric modules and then directly 150

merge the corresponding ones to translate between 151

any languages. 152

3.2 English-centric Module Training 153

We use LoRA as the architecture of our language 154

module adapter. For each language li ∈ L, we 155
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build an input adapter LoRAli
in and an output156

adapter LoRAli
out , resulting in a module pool with157

2n adapters. As shown in Figure 1, all adapters158

are trained separately in an English-centric setting,159

where LoRAli
in is only trained on the direction from160

li to English, and LoRAli
out is only trained on the161

direction from English to li.162

We choose English as the bridge language based163

on the intuition that English often serves as the164

latent language in current LLMs (Wendler et al.,165

2024; Kargaran et al., 2025). We expect that us-166

ing English as the bridge language can maximize167

the cross-lingual transfer during training. Another168

advantage of this design is the improved data effi-169

ciency, since it requires only English-centric trans-170

lation data. Non-English directions often lack171

sufficient parallel data, especially for those low-172

resource languages (Goyal et al., 2022).173

3.3 Merging174

As mentioned in Section 2, we use LoRA as the175

adapter architecture. Each language module is com-176

posed of two matrices, denoted as A and B. When177

translating from an input language lin to an out-178

put language lout , only the corresponding input179

and output adapters LoRAlin
in and LoRAlout

out are ac-180

tivated. During translation, we directly merge the181

parameters of A and B separately with Equation 3182

without any training. We adopt a weighted merg-183

ing strategy, following the implementation in the184

PEFT library,2 where win+wout = 1 and are shared185

across all language directions.186

Bmerge = (
√
winB

lin
in +

√
woutB

lout
out )

Amerge = (
√
winA

lin
in +

√
woutA

lout
out )

(3)187

where Blin
in , Blout

out , Alin
in , Alout

out are the low-rank188

matrices of the activated LoRAlin
in and LoRAlout

out .189

Then, the forward pass during inference can be190

calculated as:191

y = Wx+BmergeAmergex, (4)192

where W is a given weight matrix in the original193

model.194

Our approach satisfies the requirements of Com-195

pletely Modular Fine-tuning, given that all adapters196

are trained independently and merged without any197

additional training.198

2https://huggingface.co/docs/peft/index

4 Experimental Setup 199

Dataset FLORES+ (NLLB Team et al., 2024) 200

is a high-quality multi-parallel dataset supporting 201

translation between over 200 languages. All sen- 202

tences are divided into three splits: dev (997 sen- 203

tences), devtest (1,012 sentences), and test (992 204

sentences). Since the test set is not publicly avail- 205

able, we use the dev set for training and devtest set 206

for evaluation. 207

Backbone Model and Metric We first adopt 208

Qwen2.5-0.5B-Instruct (Qwen et al., 2025) as the 209

backbone model, thanks to Qwen’s strong multilin- 210

gual support. We further extend our experiments 211

to larger models, including Qwen2.5-7B-Instruct 212

and Llama3.1-8B-Instruct (Grattafiori et al., 2024), 213

to verify the scalability of our method. We choose 214

chrF++ (Popović, 2017) as our evaluation metric 215

in the following experiments. Although neural- 216

based evaluation metrics, such as COMET (Rei 217

et al., 2020, 2022; Guerreiro et al., 2024) are widely 218

used given their higher agreement with human 219

judgments, this research mainly focuses on low- 220

resource languages which LLMs perform poor, and 221

such metrics are often unreliable in low-resource 222

settings. Similarly, BLEU score (Papineni et al., 223

2002) is also sensitive to tokenization (Post, 2018; 224

Goyal et al., 2022), leading to inconsistent eval- 225

uation for low-resource languages that lack stan- 226

dardized tokenizers. Therefore, we use chrF++, 227

as it performs well on typologically diverse lan- 228

guages. We use greedy decoding during evaluation 229

for higher efficiency. 230

Language Selection While prior work often 231

groups languages by resource level, we argue that 232

the resource level cannot accurately reflect an 233

LLM’s ability for a language. On the one hand, 234

an LLM’s performance on a given language of- 235

ten correlates with its training data, and some 236

low-resource languages may perform well due 237

to targeted training. On the other hand, some 238

low-resource languages, e.g., Occitan, may also 239

achieve strong performance due to their high simi- 240

larity with certain high-resource languages (Team 241

et al., 2022; Cao et al., 2024). To fairly compare 242

the performance of modular fine-tuning on well- 243

supported and less-supported languages, we begin 244

by evaluating the English-centric performance of 245

Qwen2.5-0.5B-Instruct on 179 languages in the 246

FLORES+ dataset, excluding those without a dev 247

or devtest set. As shown in Figure 2, we report 248

3

https://huggingface.co/docs/peft/index


10 20 30 40 50 60
Translate from xx to English

0

10

20

30

40

50
Tr

an
sla

te
 fr

om
 E

ng
lis

h 
to

 x
x

chrf++ score for English-centric directions

10

20

30

40

50

Av
er

ag
e 

sc
or

e

Figure 2: English-centric chrF++ scores of Qwen2.5-
0.5B-Instruct on 179 languages in the FLORES+ dataset.
Each point represents a language, with the x-axis show-
ing performance for translation from the language into
English, and the y-axis showing translation from En-
glish into the language. The color indicates the average
of the two directions, which we use to estimate the
model’s ability on each language.

the English-centric chrF++ scores on the Qwen2.5-249

0.5B-Instruct model and divide all languages into250

three groups based on their average scores s trans-251

lating from and to English: high-performance252

(≥ 40), medium-performance (20 < s < 40), and253

low-performance (≤ 40). We randomly choose254

four languages from each group for experiments.255

More details about the selected languages are pro-256

vided in Appendix A.257

Baseline For the four languages in each group,258

we evaluate translation performance on all 12 di-259

rections. We choose traditional full-parameter fine-260

tuning with multi-parallel data of all 12 directions261

as a strong baseline.262

Training Details All experiments of Qwen2.5-263

0.5B-Instruct are conducted on a single NVIDIA264

A100 40GB GPU. For Qwen2.5-7B-Instruct and265

Llama3.1-8B-Instruct, we train LoRA modules on266

a single NVIDIA H200 GPU. Full-parameter fine-267

tuning is performed using DeepSpeed ZeRO-3 (Ra-268

jbhandari et al., 2020), and all experiments use269

bfloat16 (bf16) precision. For full-parameter fine-270

tuning, we report the best score across all epochs271

as our baseline. For LoRA modules, we choose272

the best checkpoint based on the English-centric273

performance for merging. We apply LoRA to the274

weight matrices of both the attention (q, k, v) and275

the MLP (fc1, fc2) across all layers. We use super-276

vised fine-tuning (SFT) and calculate the loss of277

output sentences during training. More details are278

provided in Appendix B.279

5 Main Results 280

Table 1 shows the chrF++ scores of four low- 281

performance languages on Qwen2.5-0.5B-Instruct: 282

Moroccan Tamazight (zgh), Tamasheq (taq), 283

Acehnese (ace), Minangkabau (min). We evaluate 284

all 12 translation directions and report the average 285

score of the three directions when translating to 286

(→ l ) or from (l →) a specific language l . 287

We first conduct experiments on Qwen2.5-0.5B- 288

Instruct using different LoRA ranks r and merg- 289

ing ratios, denoted as win : wout . We use green 290

to highlight scores that exceed 75% of traditional 291

full-parameter fine-tuning performance, and under- 292

line scores where merging outperforms using only 293

LoRAin or LoRAout . As shown in Table 1, per- 294

formance consistently improves with increasing 295

rank. Merge (1:9,r=64) achieves 79% of the full- 296

parameter baseline performance while using only 297

8% of the trainable parameters. Notably, compared 298

to the traditional multi-parallel baseline, modu- 299

lar fine-tuning is almost zero-shot, given these 300

adapters are trained using only a single direction, 301

translating from or to English, and all 12 evaluated 302

directions are never seen during training. 303

Although only using LoRAin performs poorly 304

due to being trained exclusively on to-English di- 305

rection, we surprisingly find that a simple merge of 306

LoRAin and LoRAout yields consistent improve- 307

ments in almost all directions. Furthermore, the 308

results also indicate that the output language plays 309

a much more important role than the input lan- 310

guage in machine translation. A merging ratio of 311

win : wout = 1 : 9 is the only setting that consis- 312

tently brings improvements across all ranks, while 313

further increasing the weight of the input language 314

hurts performance. We believe this is because, for 315

language models, language understanding is much 316

easier than language generation (Li et al., 2024). 317

Therefore, the model does not require much input 318

language information to perform well. 319

We further extend our experiments to two 320

larger models: Qwen2.5-7B-Instruct (Table 2) and 321

LLaMA3.1-8B-Instruct (Table 3). With just 0.1% 322

trainable parameters, our method reaches 86% of 323

the full-parameter performance on Llama3.1-8B- 324

Instruct and 68% on Qwen2.5-7B-Instruct. Consis- 325

tent with previous experiments, merging LoRAin 326

and LoRAout brings improvements on almost all di- 327

rections. Additionally, our method can be naturally 328

extended to new languages without influencing ex- 329

isting ones, and it requires only English-centric 330
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Language Directions
Methods ace→ min→ taq→ zgh→ →ace →min →taq →zgh AVG

Pre-train 0.94 1.00 0.75 0.89 0.95 0.51 1.06 1.07 0.90
Full-parameter 17.73 16.85 14.83 15.24 14.22 16.47 16.82 17.14 16.16
Only LoRAin (r=8) 1.17 1.40 0.92 1.05 1.00 0.80 1.46 1.27 1.13
Only LoRAout (r=8) 9.99 7.56 6.48 6.46 8.71 9.91 4.14 7.71 7.62
Merge(1:9,r=8) 12.22 12.71 8.19 8.49 11.76 12.24 8.21 9.39 10.40
Merge(3:7,r=8) 11.10 11.57 8.18 7.03 12.47 11.96 5.08 8.38 9.47
Merge(5:5,r=8) 8.08 6.79 5.14 2.43 6.97 9.71 1.73 4.03 5.61
Merge(7:3,r=8) 3.83 1.72 1.47 1.19 1.74 4.20 1.30 0.97 2.05
Merge(9:1,r=8) 1.06 1.34 0.93 1.08 0.99 0.82 1.46 1.13 1.10
Only LoRAin (r=16) 1.21 1.48 0.96 1.11 1.05 0.82 1.52 1.37 1.19
Only LoRAout (r=16) 10.11 6.32 5.56 7.91 9.31 10.35 7.24 3.01 7.47
Merge(1:9,r=16) 12.19 12.19 9.30 8.43 10.06 11.52 9.39 11.14 10.53
Merge(3:7,r=16) 10.98 11.17 7.17 6.59 8.79 10.91 6.52 9.69 8.98
Merge(5:5,r=16) 7.74 5.96 4.52 4.69 5.45 9.14 2.18 6.14 5.73
Merge(7:3,r=16) 3.03 1.34 1.76 1.11 0.97 3.36 1.43 1.48 1.81
Merge(9:1,r=16) 1.24 1.58 1.02 1.13 1.09 0.85 1.54 1.49 1.24
Only LoRAin (r=32) 1.33 1.49 0.99 1.17 1.07 0.83 1.58 1.50 1.25
Only LoRAout (r=32) 13.83 9.05 8.70 9.35 10.00 11.18 9.77 9.97 10.23
Merge(1:9,r=32) 13.29 13.23 10.30 10.28 10.99 13.61 10.26 12.23 11.77
Merge(3:7,r=32) 12.02 12.80 8.83 7.99 11.16 13.35 6.78 10.35 10.41
Merge(5:5,r=32) 7.91 7.11 6.72 6.27 7.99 11.65 1.66 6.71 7.00
Merge(7:3,r=32) 2.95 1.59 4.33 1.38 1.83 5.27 1.59 1.57 2.56
Merge(9:1,r=32) 1.35 1.55 1.11 1.23 1.17 0.84 1.62 1.61 1.31
Only LoRAin (r=64) 1.34 1.51 1.04 1.14 1.12 0.83 1.56 1.53 1.26
Only LoRAout (r=64) 14.41 12.04 9.42 10.13 10.41 12.09 10.64 12.86 11.50
Merge(1:9,r=64) 14.40 14.57 11.11 11.80 10.47 14.37 12.63 14.40 12.97
Merge(3:7,r=64) 12.76 13.91 8.79 9.49 11.12 13.47 9.47 10.88 11.24
Merge(5:5,r=64) 8.75 7.67 6.74 7.99 9.10 10.90 4.98 6.19 7.79
Merge(7:3,r=64) 2.79 2.30 5.41 5.76 5.91 7.07 1.56 1.71 4.06
Merge(9:1,r=64) 1.43 1.63 1.20 1.22 1.25 0.98 1.61 1.63 1.37

Table 1: The chrF++ scores for four low-performance languages on Qwen2.5-0.5B-Instruct. We evaluate all 12
directions and report the average score translating to (→ l) or from (l →) a specific language l. We also explore
different merging ratios and LoRA ranks r, denoted as Merge(win :wout , r). Scores where merging outperforms
using only LoRAin or LoRAout are underlined, and those achieving more than 75% of the full-parameter fine-tuning
performance are highlighted in green.

data, demonstrating the potential of modular fine-331

tuning. We also notice that Llama3.1 performs332

better than Qwen2.5. We attribute this to Llama’s333

stronger English-centric nature compared to Qwen,334

which allows it to benefit more when we use En-335

glish as the bridge language. We provide further336

analysis in Section 6.3.337

6 Analysis and Discussion338

6.1 Is There an Optimal Merging Ratio?339

In previous experiments, we tested several merging340

ratios intuitively. This naturally leads to the follow-341

ing question: Is there an optimal merging weight342

setting? To answer this question, we perform a343

case study on translating from Acehnese (ace) to344

Minangkabau (min), where we apply Bayesian Op-345

timization (Gardner et al., 2014; Nogueira, 2014) 346

to search for the optimal merging weights. 347

Given a layer index i, we can denote the weight 348

of LoRAout at that layer as wi
out . The weight of 349

LoRAin at that layer can be calculated as: 350

wi
in = 1− wi

out . (5) 351

To reduce the hyperparameter search space, we 352

assume that the wout for each layer follows a linear 353

relationship with respect to the layer index i: 354

wi
out = ai+ b, (6) 355

given specific values of a and b, all wi
in and wi

out 356

can be computed directly. During Bayesian Opti- 357

mization, we set the LoRAout weights for the first 358

layer wfirst
out and the last layer wlast

out as the only two 359
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Language Directions
Methods ace→ min→ taq→ zgh→ →ace →min →taq →zgh AVG

Pre-train 2.76 2.02 1.18 1.03 1.92 2.43 1.21 1.43 1.75
Full-parameter 19.44 18.87 17.11 17.33 17.31 19.40 17.95 18.09 18.19
Only LoRAin (r=8) 1.60 1.96 1.11 1.18 1.57 1.11 1.73 1.45 1.46
Only LoRAout (r=8) 13.94 11.88 11.06 11.83 12.45 13.91 12.59 9.75 12.18
Merge(1:9,r=8) 14.48 14.46 11.30 12.06 13.05 14.59 11.88 12.76 13.07
Merge(3:7,r=8) 12.82 12.56 10.80 11.07 13.05 14.51 8.97 10.71 11.81
Merge(5:5,r=8) 9.29 7.76 9.56 9.18 11.54 13.24 4.37 6.65 8.95
Merge(7:3,r=8) 4.88 4.68 4.84 4.68 6.90 9.09 1.46 1.62 4.77
Merge(9:1,r=8) 2.42 2.16 1.15 3.09 3.17 2.87 1.58 1.21 2.21

Table 2: The chrF++ scores for four low-performance languages on Qwen2.5-7B-Instruct. The merging ratio and
the LoRA rank are denoted as win :wout and r respectively. Scores where merging outperforms using only LoRAin

and LoRAout are underlined.

Language Directions
Methods ace→ min→ taq→ zgh→ →ace →min →taq →zgh AVG

Pre-train 1.54 1.48 1.35 1.44 1.26 1.19 1.66 1.69 1.45
Full-parameter 19.70 19.15 17.00 17.35 17.64 19.45 18.20 17.91 18.30
Only LoRAin (r=8) 1.28 1.36 1.17 1.27 1.24 0.90 1.52 1.41 1.27
Only LoRAout (r=8) 17.70 16.62 11.59 11.99 11.81 13.10 16.86 16.13 14.47
Merge(1:9,r=8) 18.26 17.43 12.79 13.67 13.41 14.98 16.86 16.90 15.54
Merge(3:7,r=8) 18.16 17.41 13.73 14.72 15.68 16.62 15.33 16.38 16.00
Merge(5:5,r=8) 17.31 15.96 12.70 12.61 15.58 16.95 11.79 14.27 14.65
Merge(7:3,r=8) 15.62 12.98 8.03 9.34 12.52 15.34 8.07 10.03 11.49
Merge(9:1,r=8) 5.68 3.09 1.19 1.31 1.43 1.47 2.72 5.63 2.81

Table 3: The chrF++ scores for four low-performance languages on Llama3.1-8B-Instruct. The merging ratio and
the LoRA rank are denoted as win :wout and r respectively. Scores where merging outperforms using only LoRAin

and LoRAout are underlined.

hyperparameters to be searched. Given wfirst
out and360

wlast
out , the linear coefficients a and b can be com-361

puted as:362

b = wfirst
out (7)363

a =
wlast
out − wfirst

out

last
. (8)364

We choose the setting of Qwen2.5-0.5B-Instruct,365

Merge(1:9, r=8) as our baseline, where the score366

for translating from Acehnese to Minangkabau367

(ace→min) is 17.05. After 50 iterations of368

Bayesian Optimization, we obtain a higher score of369

17.54, with wfirst
out ≈ 0.99, wlast

out ≈ 0.91. We then370

extend this setting to all other directions. However,371

as shown in Table 4, this setting (Bayesian (r=8))372

fails to achieve a higher overall score. Considering373

the inherently multi-objective nature of MNMT,374

i.e., improving performance for some languages375

may come at the expense of others (Duh et al.,376

2012; Huang et al., 2023; Chen et al., 2023b), it’s377

almost impossible to find an optimal setting that 378

works well for all languages. As shown in the re- 379

sults, while hyperparameter search can improve the 380

performance for a specific language, it inevitably 381

degrades performance for others. The 1:9 ratio pro- 382

vides a relatively good trade-off. This is in line 383

with our earlier conclusion that LoRAout plays a 384

much more important role during translation. 385

6.2 Results on High- and 386

Medium-performance languages 387

Previous experiments focused on four low- 388

performance languages. In this section, we shift our 389

attention to another four high-performance (French, 390

Portuguese, Spanish, German) and four medium- 391

performance languages (Czech, Asturian, Japanese, 392

Ukrainian). 393

As shown in Appendix C, compared to low- 394

performance languages, medium-performance lan- 395

guages (Table 7) can achieve comparable results to 396

the full-parameter fine-tuning baseline using only 397
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Language Directions
Methods ace→ min→ taq→ zgh→ →ace →min →taq →zgh AVG

Pre-train 0.94 1.00 0.75 0.89 0.95 0.51 1.06 1.07 0.90
Full-parameter 17.73 16.85 14.83 15.24 14.22 16.47 16.82 17.14 16.16
Only InputLoRA(r=8) 1.17 1.40 0.92 1.05 1.00 0.80 1.46 1.27 1.13
Only OutputLoRA(r=8) 9.99 7.56 6.48 6.46 8.71 9.91 4.14 7.71 7.62
Merge(1:9,r=8) 12.22 12.71 8.19 8.49 11.76 12.24 8.21 9.39 10.40
Bayesian(r=8) 12.41 12.41 8.78 7.95 10.92 12.07 8.06 10.50 10.39

Table 4: The chrF++ scores on Qwen2.5-0.5B-Instruct using the merging ratio after Bayesian Optimization
(Bayesian(r=8)). We compared it with the previous best ratio (Merge(1:9, r=8)). Scores where merging outperforms
using only LoRAin and LoRAout are underlined.

the LoRAout module with a smaller rank (Only398

LoRAout (r=4)). In the case of high-performance399

languages (Table 6), results are even better than400

the full-parameter fine-tuning baseline. Merg-401

ing with LoRAin provides almost no additional402

gain. We attribute this to the model having already403

acquired sufficient knowledge for these strong-404

performance languages, making the LoRAin un-405

necessary. Therefore, for these languages, using406

only the LoRAout is enough for effective modular407

fine-tuning.408

6.3 Uncovering the Latent Language in409

Machine Translation410

In previous experiments, we intuitively adopted411

English as the bridge language for English-centric412

modular training. In this section, we take a closer413

look at the rationale for this choice. Inspired by414

Wendler et al. (2024); Zhong et al. (2025), we con-415

duct further analysis by visualizing the latent lan-416

guage during translation. We focus on the follow-417

ing two questions: (1) What is the latent language418

used by current LLMs during translation? (2) Will419

large-scale multilingual fine-tuning change the la-420

tent language of LLMs?421

Specifically, we follow the experimental setup422

from Wendler et al. (2024), analyzing the models’423

latent language via Single Word Translation. We424

use a 4-shot prompt template:425

Template for Single Word Translation

Deutsch: “mutter” - Français: “mère”
Deutsch: “ozean” - Français: “océan”
Deutsch: “herz” - Français: “cœur”
Deutsch: “wort” - Français: “mot”
Deutsch: “berg” - Français: “

426

We do experiments on five languages: German427

(de), English (en), Russian (ru), Chinese (zh), and 428

French (fr). Given the 4-shot prompt, the model 429

will translate the fifth German word. We then apply 430

the logit lens (Nostalgebraist, 2020) by feeding 431

the hidden states from all layers into the language 432

modeling head, and extract the probabilities for 433

all the tokens corresponding to the given word in 434

these five languages. This allows us to obtain the 435

language probability at each layer. 436

To answer question (1), we conduct this analysis 437

on Llama3.1-8B-Instruct and Qwen2.5-7B-Instruct. 438

Figure 3 shows the language probability and en- 439

tropy at each layer when translating from German 440

(de) to French (fr). We find that the input language 441

rarely serves as the latent language. Instead, the 442

given word is first transformed into English and 443

Chinese in the middle layers, and then translated 444

into the output languages in the final layers. Both 445

Llama and Qwen rely on English and Chinese as 446

latent languages. Llama uses them in nearly equal 447

proportions, with a slight preference for English, 448

while Qwen shows a clear dominance of Chinese. 449

This difference helps explain why Qwen performs 450

worse than Llama in previous English-centric mod- 451

ular fine-tuning. It also suggests that we should 452

consider the model’s latent language preferences 453

when choosing the bridge language. We report the 454

analysis results for other directions in Appendix D. 455

For the second question, we compare the la- 456

tent language between Llama2-13B (Touvron et al., 457

2023) and Alma-13B (Xu et al., 2024a). Alma is 458

fine-tuned from Llama2 with billions of multilin- 459

gual tokens. We choose Alma because it is one 460

of the few LLMs that has undergone large-scale 461

multilingual fine-tuning from a backbone LLM. 462

This comparison allows us to investigate the im- 463

pact of multilingual fine-tuning on the LLM’s latent 464

language. The results in Appendix D show that 465

even after multilingual fine-tuning with billions 466
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(b) Qwen2.5-7B-Instruct

Figure 3: The language probabilities when translating
from German to French using Llama3.1-8B-Instruct and
Qwen2.5-7B-Instruct. We show the probabilities on five
languages at each layer: German (de), English (en),
Russian (ru), Chinese (zh), French (fr). We also report
the entropy on the top of the probabilities.

of tokens, the model’s latent language tendencies467

remain largely unchanged. This indicates the tra-468

ditional multilingual fine-tuning also aligns with469

the model’s latent language preference, which is470

consistent with the idea of modular fine-tuning.471

7 Related Work472

LLM-based Machine Translation Current473

LLM-based machine translation research mainly474

focuses on improving performance by optimizing475

the training data and pipeline (Xu et al., 2024a;476

Alves et al., 2024), or by introducing reinforcement477

learning techniques (Xu et al., 2024b; Wu et al.,478

2024) to narrow the gap between LLMs and479

conventional translation-dedicated models (Fan480

et al., 2020; NLLB Team et al., 2024). However,481

they still focus on the traditional full-parameter482

fine-tuning setting with fixed training data, which483

introduces language interference and makes484

it difficult to extend to new languages. The485

dynamic language adaptation of LLMs remains486

underexplored.487

Language-specific Learning There is also a se-488

ries of studies that try to leverage the modular489

nature of language models for machine transla-490

tion. Introducing language-specific structures is 491

a common strategy in this kind of research. Sachan 492

and Neubig (2018); Escolano et al. (2021); Pires 493

et al. (2023) built language-specific encoder and 494

decoder layers, and Cao et al. (2024) used LoRA 495

as language-specific adapters to further reduce the 496

trainable parameters. Another line of work (Lin 497

et al., 2021; Wang and Zhang, 2022; He et al., 2023; 498

Tan et al., 2024) tried to extract language-specific 499

sub-networks from the language model. However, 500

these studies only focus on alleviating language 501

interference. The language-specific structures still 502

influence each other during multilingual training, 503

limiting the support of dynamic language adapta- 504

tion. 505

Model Merging Model merging has recently 506

emerged as a significant trend in the research of 507

LLMs. Liu et al. (2025) merged intermediate 508

checkpoints during pre-training to improve model 509

performance, whereas our work targets the fine- 510

tuning stage. Another line of work (Yu et al., 2024; 511

Wan et al., 2024; Gupta and Gupta, 2024; Ban- 512

darkar et al., 2025) more closely related to ours 513

aims to merge multiple expert models to enhance 514

performance on a specific task. While they mainly 515

focused on mathematics and coding, conducting 516

model merging in multilingual settings receives 517

little attention. 518

8 Conclusion 519

In this research, we studied the Completely Mod- 520

ular Fine-tuning setting for Multilingual Neural 521

Machine Translation. We propose a modular fine- 522

tuning pipeline that first trains English-centric 523

LoRA adapters for each input and output language 524

independently. Instead of traditional end-to-end 525

training, we then merge the corresponding LoRAin 526

and LoRAout to achieve the translation between 527

any languages. We conduct experiments on 12 528

languages with different performance levels. We 529

try varying merging ratios and find that LoRAout 530

plays a much more important role than LoRAin dur- 531

ing translation. For those languages which LLM 532

performs poorly, merging can improve the perfor- 533

mance across all directions, highlighting the po- 534

tential of modular fine-tuning. We also notice that 535

Llama performs better than Qwen in modular fine- 536

tuning and attribute this to the stronger English- 537

centric nature of Llama after analyzing the latent 538

language. We hope our findings will encourage 539

further research on modular training of LLMs. 540
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Limitation541

Despite the insights gained from our work, our542

research still has some limitations.543

Firstly, we adopt a simple weighted-sum merg-544

ing strategy for combining language-specific mod-545

ules. While this approach is straightforward and546

effective, it may not fully exploit the potential of547

modular training. Exploring more sophisticated548

merging methods, or designing techniques that ex-549

tract language-specific structures to reduce parame-550

ter overlap across modules, warrants further inves-551

tigation.552

Secondly, our experiments are conducted on rel-553

atively small-scale training data. There is always554

a trade-off between the amount of available data555

and language diversity. We believe that relying not556

only on parallel data but also incorporating other557

forms of data, such as monolingual corpora, may558

yield more insightful findings in future studies.559
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Performance Level Language Code → en en →

High

French fra 56.20 46.46
Portuguese por 58.35 47.51
Spanish spa 50.19 41.91
German deu 52.33 37.70

Medium

Czech ces 38.45 20.94
Asturian ast 37.26 18.97
Japanese jpn 38.54 15.65
Ukrainian ukr 36.36 17.49

Low

Moroccan Tamazight zgh 9.04 0.89
Tamasheq taq 9.56 1.04
Acehnese ace 13.69 0.70
Minangkabau min 13.94 0.74

Table 5: The selected 12 languages from FLORES+.
We divide them into three performance levels (High,
Medium, Low) based on their English-centric transla-
tion ability, measured by the average chrF++ scores
when translating to English (→ en) and from English
(en →).

A Dataset Setting841

We report chrF++ scores translating from (en →)842

and to (→ en) of the 12 selected languages in Table843

5. The 12 languages are grouped into three perfor-844

mance levels based on the average score s of these845

two directions: high-performance (≥ 40), medium-846

performance (20 < s < 40), low-performance847

(≤ 20). As shown in the results, for all languages,848

translating into English consistently yields higher849

chrF++ scores than translating from English. This850

also aligns with the general intuition that language851

understanding is much easier than language gener-852

ation for LLMs.853

B Training Details854

For Qwen2.5-0.5B-Instruct, we use a learning rate855

of 2e-5 and train for 5 epochs, reporting the best856

chrF++ score as the full-parameter fine-tuning base-857

line. For English-centric LoRA training, we use858

the same learning rate, set the LoRA scaling factor859

α = 4r, and train for 10 epochs.860

For Qwen2.5-7B-Instruct, we use a learning rate861

of 1e-6 and train 10 epochs for the full-parameter862

fine-tuning baseline. We use a learning rate of 2e-5,863

set the LoRA scaling factor α = r and train 20864

epochs for LoRA training.865

For Llama3.1-8B-Instruct, we use a learning rate866

of 1e-6, train 10 epochs for the full-parameter fine-867

tuning baseline. For LoRA training, we notify that868

Llama needs a larger learning rate than Qwen dur-869

ing experiments; we use a learning rate of 1e-4,870

set the LoRA scaling factor α = r, and train 20871

epochs.872

Consider the differing learning dynamics across873

languages, to avoid complex, language-specific hy- 874

perparameter searching, we adopt a small learning 875

rate for all languages and extend training epochs. 876

We then select the checkpoint that achieves the best 877

performance on English-centric directions, ensur- 878

ing that the appropriate LoRA module is selected 879

for each language. 880

C Results on High- and 881

Medium-performance Languages 882

We further extend our experiments to four high- 883

performance languages (French, German, Por- 884

tuguese, Spanish) and four medium-performance 885

languages (Czech, Asturian, Japanese, Ukrainian), 886

as shown in Table 6 and 7. For medium- 887

performance languages, modular fine-tuning 888

achieves performance comparable to traditional 889

full-parameter fine-tuning, while using only 890

LoRAin yields very limited improvement. For 891

high-performance languages, we observe that mod- 892

ular fine-tuning even out-performs traditional full- 893

parameter fine-tuning. We believe that this is be- 894

cause these languages are easier to overfit during 895

training, leading to performance degradation. Addi- 896

tionally, incorporating LoRAin provides no benefit 897

in this setting. These findings suggest that for high- 898

and medium-performance languages, the model 899

has already acquired sufficient knowledge during 900

pre-training, making the use of LoRAin unneces- 901

sary. 902

D The Latent Language of 903

Qwen2.5-7B-Instruct and 904

Llama3.1-8B-Instruct 905

Following Wendler et al. (2024), we visualize the 906

latent probabilities of five languages using the logit 907

lens: German (de), French (fr), Chinese (zh), En- 908

glish (en), and Russian (ru). As shown in Fig- 909

ure 4 and 5, we present the language probabilities 910

across 12 translation directions using Llama3.1- 911

8B-Insturct and Qwen2.5-7B-Instruct. Both Qwen 912

and Llama exhibit a similar tendency that the in- 913

put word is first transformed into Chinese and En- 914

glish in the middle layers and then converted into 915

the target language in the final layers. For direc- 916

tions that do not involve Chinese, Llama shows 917

a slightly stronger preference for English, while 918

Chinese plays a dominant role in Qwen. 919
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Language Directions
Methods deu→ fra→ por→ spa→ →deu →fra →por →spa AVG

Pre-train 35.90 38.42 38.82 37.20 33.51 39.49 38.55 38.79 37.58
Full-parameter 38.11 39.54 39.51 37.80 33.77 40.75 41.16 39.28 38.74
Only InputLoRA(r=4) 33.07 40.07 40.11 37.95 32.55 39.70 39.77 39.20 37.80
Only OutputLoRA(r=4) 39.63 42.83 43.43 41.29 35.75 44.43 45.11 41.91 41.80
Merge(1:9,r=4) 39.51 42.50 43.14 41.26 35.52 44.23 45.27 41.38 41.60
Merge(3:7,r=4) 39.50 42.37 42.94 40.83 35.27 44.03 45.03 41.30 41.41
Merge(5:5,r=4) 39.27 42.19 42.40 40.16 34.60 43.61 44.79 41.02 41.00
Merge(7:3,r=4) 35.57 41.66 41.23 39.42 33.88 41.89 43.57 38.53 39.47
Merge(9:1,r=4) 30.19 40.15 39.32 37.99 32.56 38.72 39.94 36.43 36.91
Only InputLoRA(r=8) 29.31 39.80 39.61 36.43 32.24 37.06 37.74 38.12 36.29
Only OutputLoRA(r=8) 39.71 42.79 43.27 41.30 35.73 44.32 45.19 41.82 41.77
Merge(1:9,r=8) 39.36 42.57 43.18 41.21 35.63 44.25 45.12 41.33 41.58
Merge(3:7,r=8) 39.32 42.37 43.01 40.64 35.11 44.00 45.00 41.23 41.33
Merge(5:5,r=8) 38.80 42.16 42.68 39.89 34.38 43.51 44.69 40.95 40.88
Merge(7:3,r=8) 32.64 41.42 40.66 38.67 32.82 40.10 43.41 37.04 38.34
Merge(9:1,r=8) 25.68 39.69 38.12 36.16 31.19 35.50 38.61 34.35 34.91

Table 6: The chrF++ scores for four high-performance languages on Qwen2.5-0.5B-Instruct. The merging ratio and
the LoRA rank are denoted as win :wout and r respectively. Scores where merging outperforms using only LoRAin

and LoRAout are underlined.

E The Latent Language of Llama2-13B920

and Alma-13B921

We present the language probabilities across 12922

translation directions using Llama2-13B and Alma-923

13B in Figure 6 and 7. Alma is fine-tuned from924

Llama2 with billions of multilingual tokens. We925

find that there is no big difference between Llama926

and Alma, indicating that the multilingual fine-927

tuning will not influence the latent language of928

LLMs.929
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Language Directions
Methods ast→ ces→ jpn→ ukr→ →ast →ces →jpn →ukr AVG

Pre-train 11.08 9.81 14.22 13.08 16.75 16.85 5.39 9.20 12.05
Full-parameter-94 18.33 21.04 21.85 20.29 27.82 20.36 12.09 21.25 20.38
Only InputLoRA(r=4) 14.77 14.46 12.92 14.21 17.27 16.88 9.32 12.90 14.09
Only OutputLoRA(r=4) 16.42 19.75 20.54 19.93 26.78 19.58 11.63 18.65 19.16
Merge(1:9,r=4) 16.73 19.94 20.14 19.98 26.88 19.72 11.46 18.73 19.20
Merge(3:7,r=4) 17.11 20.15 19.99 19.97 27.36 19.53 11.76 18.58 19.31
Merge(5:5,r=4) 16.76 19.99 19.60 20.01 27.88 19.34 11.09 18.05 19.09
Merge(7:3,r=4) 16.21 19.35 17.21 18.94 27.00 18.62 10.06 16.02 17.93
Merge(9:1,r=4) 14.80 17.63 13.38 16.20 23.37 17.10 8.27 13.26 15.50
Only InputLoRA(r=8) 15.08 13.88 12.48 13.06 16.99 16.48 8.54 12.49 13.63
Only OutputLoRA(r=8) 16.77 19.98 20.64 19.86 26.46 19.83 11.59 19.37 19.31
Merge(1:9,r=8) 17.03 20.07 20.22 20.03 26.49 20.03 11.49 19.34 19.34
Merge(3:7,r=8) 17.27 20.56 20.20 20.14 27.38 19.92 11.79 19.09 19.54
Merge(5:5,r=8) 17.10 20.22 19.67 19.72 27.82 19.42 11.30 18.18 19.18
Merge(7:3,r=8) 16.54 18.54 16.43 18.15 26.88 18.17 9.89 14.72 17.42
Merge(9:1,r=8) 14.98 16.60 12.29 15.12 23.16 16.49 7.67 11.67 14.75

Table 7: The chrF++ scores for four medium-performance languages on Qwen2.5-0.5B-Instruct. The merging ratio
and the LoRA rank are denoted as win :wout and r respectively. Scores where merging outperforms using only
LoRAin and LoRAout are underlined.
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Figure 4: The language probabilities of 12 translation directions using Llama3.1-8B-Instruct. We show the
probabilities on five languages at each layer: German (de), English (en), Russian (ru), Chinese (zh), French (fr). We
also report the entropy on the top of the probabilities.
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Figure 5: The language probabilities of 12 translation directions using Qwen2.5-7B-Instruct. We show the
probabilities on five languages at each layer: German (de), English (en), Russian (ru), Chinese (zh), French (fr). We
also report the entropy on the top of the probabilities.
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Figure 6: The language probabilities of 12 translation directions using Llama2-13B. We show the probabilities on
five languages at each layer: German (de), English (en), Russian (ru), Chinese (zh), French (fr). We also report the
entropy on the top of the probabilities.
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Figure 7: The language probabilities of 12 translation directions using Alma-13B. We show the probabilities on
five languages at each layer: German (de), English (en), Russian (ru), Chinese (zh), French (fr). We also report the
entropy on the top of the probabilities.
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