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Abstract001

Large language models have significantly002
advanced Multilingual Machine Translation003
(MMT), yet scaling to many languages while004
keeping quality robust across directions re-005
mains challenging. In this paper, we identify006
a failure mode of multilingual supervised fine-007
tuning (SFT) on multi-way parallel data: when008
such data are reused symmetrically around a009
pivot language (e.g., English), performance on010
reverse directions (X → pivot) can drop sub-011
stantially. We term this phenomenon Direc-012
tional Degeneration and attribute it to exces-013
sive many-to-one mappings, which encourage014
shortcut learning. We propose Strategic Down-015
sampling, a simple yet effective method to016
mitigate this degeneration. In addition, we017
introduce Parallel Multilingual Prompting018
(PMP), which augments translation instruc-019
tions with an auxiliary parallel sentence to pro-020
mote cross-lingual transfer during training and021
enables optional test-time enhancement when022
auxiliary translations are available. We further023
develop LMT, a Chinese–English-centric suite024
of Large-scale Multilingual Translation models025
spanning four sizes (0.6B/1.7B/4B/8B) cover-026
ing 60 languages and 234 directions. Compre-027
hensive evaluations show that LMT is compet-028
itive among open-source MMT systems, and029
that our 4B LMT model performs on par with030
or better than substantially larger baselines. We031
release our models to support inclusive and032
scalable MMT.033

1 Introduction034

Large language models (LLMs) have reshaped035

the way we build machine translation (MT) sys-036

tems. Instead of training a dedicated neural MT037

model from scratch, a widely used approach is038

to adapt a foundation LLM to translation through039

post-training (Yang et al., 2023; Alves et al., 2024;040

Xu et al., 2025; Cui et al., 2025; Luo et al., 2025;041

Zheng et al., 2025b). This shift has substantially042

LLM for MT #CPT #Langs Zh-
centric

Base
Model

BigTranslate (Yang et al., 2023) 90B 102 ✗ LLaMA
ALMA (Xu et al., 2024) 20B 6 ✗ LLaMA-2
TowerInstruct (Alves et al., 2024) 20B 10 ✗ LLaMA-2
Guo et al. (2024) 120G 3 ✗ LLaMA-2
X-ALMA (Xu et al., 2025) 40B 50 ✗ LLaMA-2
GemmaX2 (Cui et al., 2025) 54B 28 ✓ Gemma-2
Hunyuan-MT (Zheng et al., 2025a) - 33 ✓ Hunyuan-7B
Seed-X (Cheng et al., 2025) 200B 28 ✓ -
LMT (Ours) 90B 60 ✓ Qwen-3

Table 1: Comparison of typical LLM-based MMT mod-
els. We summarize their total number of continued
pretraining (CPT) data, supported languages, support
for Zh-centric translation, and the base models used.

improved translation quality and expanded the ca- 043

pability frontier of MT systems. However, it also 044

raises a key problem for multilingual MT (MMT): 045

how can we adapt foundation LLMs for massively 046

multilingual scale while maintaining robust perfor- 047

mance across all translation directions? 048

Most recent LLM-based MMT systems (repre- 049

sentative examples are summarized in Table 1) 050

follow a multi-stage training recipe. To bridge 051

the low-resource gap evident in foundation mod- 052

els (see Figure 1, top), the first stage, Continued 053

Pre-training (CPT), serves as the primary step to 054

enhance multilingual competence through large- 055

scale training. The second stage is supervised 056

fine-tuning (SFT), which aligns the model to high- 057

quality instruction-style translation. Since SFT 058

benefits most from clean and diverse supervision 059

(Zhou et al., 2023; Zhu et al., 2024), it is typically 060

built from human-translated corpora. However, for 061

many low-resource directions, such supervision is 062

limited. As a result, multi-way human-translated 063

corpora, such as FLORES-200 (Costa-jussà et al., 064

2022) and NTREX-128 (Federmann et al., 2022) 065

-like datasets, have become an important source for 066

scaling SFT coverage, since their multi-way struc- 067

ture can theoretically support any directions from a 068

relatively small amount of annotation. 069
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In this work, our findings indicate that current070

multi-way SFT practices fail when scaling to many071

languages. When multi-way corpora are reused072

symmetrically around a pivot language (e.g., En-073

glish), we observe an asymmetric outcome: while074

pivot → X improves as expected, the reverse X075

→ pivot directions drop substantially, producing076

fluent but less faithful translations. We term this077

phenomenon Directional Degeneration. We ana-078

lyze its cause as a data-usage issue. In multi-way079

corpora, the same pivot-language sentence may re-080

peatedly appear as the target for many different081

sources, which increases target-side repetition and082

encourages shortcut learning. To mitigate this, we083

propose Strategic Downsampling (SD), a simple084

data-level strategy that retains full supervision for085

pivot → X directions while keeping only a small086

fraction of reverse-direction instances. This change087

reduces excessive many-to-one mapping and stabi-088

lizes reverse-direction translation.089

In addition to using multilingual supervision090

properly, we also study how to elicit cross-lingual091

transfer more explicitly in MMT. We introduce092

Parallel Multilingual Prompting (PMP), which093

augments the translation instruction with an aux-094

iliary parallel sentence as in-context guidance, to095

facilitate cross-lingual transfer in MMT. PMP is096

applied during training, and it can be activated at097

inference time as a lightweight enhancement when098

auxiliary translations are available, including those099

generated by the model itself.100

We instantiate these ideas in LMT, a101

Chinese–English-centric suite of Large-scale102

Multilingual machine Translation models covering103

60 languages and 234 translation directions, with104

four model sizes (0.6B/1.7B/4B/8B). We first105

perform large-scale CPT on about 90B tokens to106

strengthen the multilingual base. To address the107

scarcity of Chinese-centric resources (as shown in108

Figure 1, bottom), we expand coverage through109

broad data collection and curation. We then110

perform SFT, where SD and PMP are integrated to111

improve directional robustness and cross-lingual112

transfer. Finally, we apply preference optimization113

with GRPO (Shao et al., 2024), reusing the114

same supervised pairs from SFT to further refine115

translation quality. Comprehensive evaluation116

shows that LMT is competitive among open-source117

MMT systems with comparable language coverage.118

In particular, LMT-60-4B is on par with or119

better than substantially larger baselines such as120

X-ALMA-13B (Xu et al., 2025), Aya-101-13B121

25

50

75

90

Performance Gap

Qwen3-8B

Gemma2-9B

Llama3.1-8B

A
cc
u
ra
cy
(%

)

0

10

20

30

40

50

Languages

P
ro
p
or
ti
on

(%
)

500

1,000

En-X Zh-X

0

50

100

Language Pairs

Figure 1: Top: Performance of base LLMs (orange) on
the Belebele benchmark across 108 languages, plotted
against their data ratios in the CulturaX (blue). Bottom:
Bilingual data volume (million sentence pairs) from the
OPUS corpus for 60 languages in our study, covering
English-centric (blue) and Chinese-centric (orange) di-
rections. Languages are grouped into high- , medium-,
and low-resource tiers.

(Üstün et al., 2024), and NLLB-54B (Costa-jussà 122

et al., 2022) on the overlapping directions. 123

In summary, our contributions are threefold: 124

• We identify Directional Degeneration as a fail- 125

ure mode in large-scale multilingual SFT with 126

symmetric multi-way data reuse, analyze its 127

cause, and propose Strategic Downsampling 128

as an effective data-level mitigation. 129

• We introduce Parallel Multilingual Prompting 130

(PMP), which strengthens cross-lingual trans- 131

fer during training and can be leveraged for 132

optional test-time enhancement. 133

• We present and release LMT, a suite of 134

Chinese–English-centric multilingual transla- 135

tion models in four sizes, providing broad lan- 136

guage coverage and strong performance. 137

2 The Pitfall of Directional Degeneration 138

SFT Data A common takeaway in instruction tun- 139

ing is that high-quality, diverse supervision matters 140

more than sheer scale (Zhou et al., 2023). How- 141

ever, for many low-resource languages, such high- 142

quality parallel data is extremely scarce, often lim- 143

ited to a few multi-way benchmarks. Consequently, 144

broad-coverage corpora like the FLORES-200 de- 145

vset (Costa-jussà et al., 2022) and NTREX-128 146
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Figure 2: Overview of the LMT framework. The pipeline consists of three stages: Continued Pre-training (CPT)
on mixed monolingual and bilingual corpora, Supervised Fine-Tuning (SFT) enhanced by Parallel Multilingual
Prompting (PMP) and Strategic Downsampling (SD), and Group Relative Policy Optimization (GRPO) to further
refine model outputs.

(Federmann et al., 2022) have become indispens-147

able, as they represent the few reliable sources of148

clean, human-annotated translations for these long-149

tail directions. Following this widely used recipe,150

we take Flores-200 devset and NTREX-128 as the151

primary backbone to ensure broad linguistic cov-152

erage, augment them with SMol (Caswell et al.,153

2025) for additional underrepresented pairs, and154

further add WMT14–23 and IWSLT17–24 test sets155

to increase style and domain diversity. In total, the156

resulting SFT dataset contains ≈567K high-quality157

parallel pairs, allocating 3K–20K examples per di-158

rection across 117 English- and Chinese-centric159

directions spanning 60 languages.160

The Phenomenon and Hypothesis We begin by161

applying standard SFT to the Qwen3-4B-Base162

(Yang et al., 2025a) model, utilizing parallel pairs163

in both directions (En/Zh↔X) as per common prac-164

tice. While this standard approach yielded expected165

improvements in the En/Zh→X directions, it unex-166

pectedly resulted in a significant performance drop167

in the reverse X→En/Zh directions. Qualitative168

analysis shows that the model falls into a state of169

fluent hallucination, producing grammatically cor-170

rect but factually unfaithful outputs. Table 4 shows171

a representative case. We term this phenomenon Di-172

rectional Degeneration. We hypothesize that this173

pathology stems from a Shallow Mapping Trap.174

The symmetric usage of multi-way data inherently175

creates excessive many-to-one mappings, where a176

single English/Chinese target is paired with dozens177

of distinct source languages. This structural im-178

balance incentivizes the model to learn a shortcut:179

bypassing source semantics to simply overfit the180

high-frequency target patterns, thereby sacrificing181

faithfulness.182

Experimental Design To test this hypothesis and 183

rule out model-specific factors, we design a sys- 184

tematic suite of experiments along three axes: data 185

usage, model, and multilingual scale. On the 186

data-usage axis, we (i) Break Symmetry by replac- 187

ing the reverse X→En/Zh portion of the multi-way 188

SFT data with a completely disjoint subset sam- 189

pled from our bilingual CPT corpus (symmetry- 190

breaking replacement), and (ii) perform Gradual 191

Symmetry Injection by training on the original 192

multi-way data while increasing the reverse re- 193

tention rate p from 0% to 100% (fully symmet- 194

ric). On the model axis, we repeat this protocol 195

on Qwen3 models ranging from 0.6B to 8B param- 196

eters, and further on Llama-3.1-8B (Dubey et al., 197

2024) and Gemma-2-9B (Rivière et al., 2024), to 198

verify whether the phenomenon persists across dif- 199

ferent model sizes and families. On the multilin- 200

gual axis, we vary the number of languages in- 201

volved in SFT from 10 to 50 (using Qwen3-4B- 202

Base) to assess how the density of many-to-one 203

mappings influences the severity of degeneration. 204

Results The results visualized in Figure 3 provide 205

converging evidence for our hypothesis. First, the 206

sharp contrast between the symmetry-breaking re- 207

placement setting (dashed lines) and fully sym- 208

metric multi-way reuse (solid curves at 100%) in 209

Qwen3-4B-Base shows that the collapse is driven 210

by how the multi-way data are reused, rather than 211

by the intrinsic difficulty of X→En/Zh directions. 212

Furthermore, the gradual injection curves reveal an 213

“inverted-V” trajectory: performance peaks rapidly 214

at a low retention rate (p ≈ 5%) but suffers a severe 215

decline as p increases toward 100%, confirming 216

that excessive target repetition triggers the degener- 217

ation. Second, the same asymmetric pattern consis- 218
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Figure 3: Comprehensive analysis of Directional Degeneration across different dimensions. The plots illustrate the
COMET performance trend as a function of the strategic downsampling proportion (p). Dashed lines in Qwen3-4B-
Base represent the use of disjoint data for the X→En/Zh directions.

tently appears across all evaluated model sizes and219

backbone families, indicating that directional de-220

generation is a general failure mode of large-scale221

multilingual SFT. Finally, the degradation becomes222

more pronounced as we scale the number of lan-223

guages, supporting the interpretation that stronger224

many-to-one target repetition at larger multilingual225

scales amplifies shortcut learning and undermines226

faithfulness.227

2.1 Mitigation via Strategic Downsampling228

While replacing reverse-direction data with disjoint229

data proves effective in our analysis, relying on ex-230

ternal data sources for SFT is not always viable231

in practice. We therefore seek a self-contained so-232

lution that resolves the degeneration solely within233

the existing multi-way SFT corpus. The Gradual234

Symmetry Injection experiment suggests a simple235

yet effective mitigation strategy. As shown by the236

solid curves in Figure 3: while full reuse (p=100%)237

leads to a clear collapse, retaining a small fraction238

of reverse examples is sufficient to maintain align-239

ment without triggering the collapse. Motivated240

by this, we propose Strategic Downsampling (SD):241

during SFT, we retain all En/Zh→X data, and for242

the multi-way portion of the corpus we indepen-243

dently subsample each X→En/Zh instance with244

probability p, using p=5% as the default setting in245

our models.246

It is worth noting that recent work (Zheng et al.,247

2025b) also reports this asymmetric degradation,248

attributes it to the curse of multilinguality, and249

addresses it with model-level interventions such250

as direction-aware training and group-wise model251

merging. Compared with this line of work, our252

analysis supports a more specific data-usage expla- 253

nation, showing that symmetric reuse of multi-way 254

corpora induces the degradation. We further find 255

that a simple data-level strategy is sufficient to pre- 256

vent it in practice. 257

3 Parallel Multilingual Prompting 258

Recent studies have highlighted the utility of multi- 259

way parallel data in enhancing multilingual LLMs. 260

For instance, Shen et al. (2025) demonstrate that 261

utilizing multi-way corpora during CPT effectively 262

promotes cross-lingual alignment and transfer. Par- 263

allelly, investigations into inference-time strategies 264

(Mu et al., 2024; Yang et al., 2025b) indicate that 265

incorporating auxiliary translations into the prompt 266

improves performance, with Mu et al. (2024) fur- 267

ther identifying specific neuronal mechanisms that 268

support such parallel processing. Despite these 269

advancements in pre-training and inference, the 270

integration of such multi-source signals directly 271

into the SFT for large-scale machine translation 272

remains unexplored. To address this gap, we in- 273

troduce Parallel Multilingual Prompting (PMP), a 274

training strategy that incorporates auxiliary paral- 275

lel context into the input prompts during SFT. By 276

explicitly conditioning on both the source and an 277

auxiliary anchor, PMP enables more direct cross- 278

lingual transfer. 279

Formulation Let S be a source sentence in lan- 280

guage LS and T the target in LT . Under a standard 281

translation prompt (STP), the model is trained to 282

model Pθ(T | S; τLS→LT
), where τLS→LT

denotes 283

the translation direction. PMP augments the input 284

with an auxiliary sentence A in an auxiliary lan- 285

guage LA, which is itself a translation of S, and 286
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instead models Pθ(T | S,A; τLS→LA→LT
), so that287

(S,A) provide two parallel views of the same se-288

mantic content. Here, the auxiliary context A acts289

as a semantic anchor that aids the model in inter-290

preting the source S and guiding the generation of291

the target T . Figure 5 compares these two prompt-292

ing strategies.293

Auxiliary Language Selection To select the most294

effective auxiliary language, our strategy consid-295

ers two primary factors: linguistic affinity and296

model proficiency. Intuitively, an anchor is most297

beneficial when it shares close linguistic ties with298

the specific language being supported while being299

well-mastered by the model. Following this ratio-300

nale: For En ↔ X, we look for a high-proficiency301

neighbor: we select a language that shares close302

typological ties with X (e.g., via script, phylogeny,303

or contact) and on which the model demonstrates304

robust competence. For Zh↔X, we use English305

(LA=En), which the model typically handles most306

reliably and thus provides a stable semantic an-307

chor. This choice also facilitates test-time PMP,308

since self-generating an English anchor is typically309

easier and more robust than generating anchors in310

other languages. Detailed mapping information are311

provided in Appendix Table 12.312

Training and Inference We integrate PMP into313

SFT by probabilistically mixing PMP samples with314

standard STP samples. This explicitly trains the315

model to exploit auxiliary parallel context while316

preserving performance under STP. At inference,317

the model translates using the standard STP prompt318

by default. When an auxiliary sentence A is pro-319

vided (e.g., from a high-quality external MT system320

or self-generated), we can use the PMP prompt to321

activate the learned behavior, which can yield addi-322

tional improvements in translation quality.323

4 The LMT Framework324

LMT is a suite of Chinese–English-centric MMT325

models scaled across four distinct sizes (0.6B, 1.7B,326

4B, and 8B). The suite covers 60 languages span-327

ning diverse families and scripts, supporting a total328

of 234 translation directions (including English329

↔ 59 languages and Chinese ↔ 58 languages).330

The complete language list is available in the Ap-331

pendix. Guided by our preliminary comparison in332

Figure 1 (top), which shows that Qwen3 offers a333

more comprehensive multilingual capability than334

contemporary open models with similar scale, we335

adopt Qwen3 as the backbone for all LMT variants.336

4.1 Adaptation Pipeline 337

We adapt the base models to the MMT task through 338

a three-stage pipeline, applied consistently across 339

all four model scales to produce the LMT-60 suite: 340

• Stage 1: Continued Pre-training (CPT). We 341

first train the Qwen3 base models on a large-scale 342

mixture of monolingual and parallel corpora to 343

strengthen the model’s broad multilingual and 344

translation knowledge. 345

• Stage 2: Supervised Fine-tuning (SFT). We 346

instruction-tune the model on the curated STF 347

data (Section 2). During SFT, we apply SD to the 348

multi-way portion to prevent directional degener- 349

ation, and incorporate PMP to train the model to 350

leverage auxiliary parallel context. 351

• Stage 3: Preference Optimization (PO). We 352

further refine the model with GRPO, reusing the 353

SFT prompts to sample candidate translations 354

and scoring them with COMET-22 as a reference- 355

based reward. This setup improves quality with- 356

out introducing extra preference data. 357

4.2 CPT Data Curation 358

To support effective CPT, we construct a multi- 359

stage data pipeline comprising large-scale collec- 360

tion, pseudo-parallel synthesis, and systematic fil- 361

tering. For monolingual data, we aggregate text for 362

the 60 target languages from a broad range of pub- 363

lic, curated multilingual sources, and apply stan- 364

dard cleaning and de-duplication. For parallel data, 365

we start from OPUS and examine the available par- 366

allel volume for our 117 directions. As illustrated 367

in Figure 1 (bottom), we observe a significant im- 368

balance: while English-centric directions are rela- 369

tively well-covered, Chinese-centric directions suf- 370

fer from severe data scarcity. To bridge this gap, 371

we extensively augment the authentic parallel pool 372

with synthetic data generated by high-performing 373

MT systems. Following a systematic quality fil- 374

tering process, we obtain a total of approximately 375

2.1B English-centric and 2.9B Chinese-centric sen- 376

tence pairs across 117 language pairs, which lay 377

a solid data foundation for subsequent adaptation. 378

Detailed corpus composition, quality estimation, 379

and statistics are provided in Appendix A. 380

5 Results and Analyses 381

5.1 Setup 382

Training Details For CPT, we use 90B tokens bal- 383

anced at a 1:1:1 ratio across monolingual, Chinese- 384
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Model
High Resource Medium Resource Low Resource

En→X Zh→X X→En X→Zh En→X Zh→X X→En X→Zh En→X Zh→X X→En X→Zh
Qwen3-4B-Base 84.63 80.77 85.87 85.44 79.68 76.21 86.09 84.55 56.81 53.33 75.36 75.35

SFT 87.72+3.09 85.11+4.34 83.82−2.05 73.60−11.84 86.71+7.03 83.58+7.37 80.00−6.09 72.18−12.37 77.51+20.70 73.68+20.35 73.78−1.58 67.94−7.41

+ SD 87.80+0.08 85.32+0.21 87.49+3.67 86.55+12.95 86.72+0.01 83.67+0.09 87.67+7.67 85.87+13.69 78.68+1.17 75.15+1.47 80.72+6.94 79.13+11.19

+ CPT 89.03+1.23 86.72+1.40 87.97+0.48 87.39+0.84 89.77+3.05 86.96+3.29 88.56+0.89 87.06+1.19 87.14+8.46 84.17+9.02 86.02+5.30 84.74+5.61

+ PMP 88.98−0.05 86.74+0.02 88.00+0.03 87.53+0.14 89.73−0.04 86.92−0.04 88.62+0.06 87.20+0.14 87.06−0.08 84.08−0.09 86.07+0.05 84.90+0.16

+ GRPO 89.43+0.45 87.20+0.46 88.46+0.46 88.19+0.66 90.23+0.50 87.52+0.60 89.10+0.48 87.97+0.77 87.85+0.79 84.92+0.84 86.60+0.53 85.81+0.91

Qwen3-8B-Base 87.02 83.55 86.65 86.05 84.69 81.98 87.29 85.60 66.43 63.32 78.50 78.59

SFT 88.53+1.51 85.96+2.41 84.86−1.79 77.83−8.22 88.21+3.52 85.22+3.24 82.27−5.02 76.55−9.05 80.72+14.29 76.95+13.63 77.61−0.89 73.08−5.51

+ SD 88.57+0.04 86.13+0.17 87.69+2.83 86.84+9.01 88.28+0.07 85.37+0.15 87.99+5.72 86.33+9.78 82.49+1.77 79.12+2.17 82.83+5.22 81.52+8.44

+ CPT 89.31+0.74 87.07+0.94 88.02+0.33 87.46+0.62 90.06+1.78 87.35+1.98 88.57+0.58 87.17+0.84 87.42+4.93 84.51+5.39 86.32+3.49 85.18+3.66

+ PMP 89.29−0.02 87.10+0.03 88.06+0.04 87.60+0.14 90.06+0.00 87.28−0.07 88.63+0.06 87.39+0.22 87.38−0.04 84.50−0.01 86.41+0.09 85.41+0.23

+ GRPO 89.60+0.31 87.41+0.31 88.50+0.44 88.22+0.62 90.39+0.33 87.70+0.42 89.10+0.47 87.95+0.56 87.93+0.55 85.04+0.54 86.91+0.50 86.08+0.67

Table 2: COMET-22 scores of 4B and 8B models as we progressively enable components of the LMT training
pipeline: supervised fine-tuning (SFT), Strategic Downsampling (SD), continued pre-training (CPT), Parallel
Multilingual Prompting (PMP), and preference optimization (PO). Bold numbers indicate the best score within each
backbone block. Subscripts denote the score difference compared to the previous row. We use red to mark entries
affected by directional degeneration, and green to highlight substantial improvements (>1.0).

centric bilingual, and English-centric bilingual data.385

The bilingual samples are used equally in both di-386

rections (En/Zh→X and X→En/Zh; 50/50), and387

adopt an Informative Formatting with explicit388

direction tags and a target-language separator (as389

shown in Figure 5), which we find performs better390

slightly than naïve newline source–target concate-391

nation (Guo et al., 2024; Iyer et al., 2024). Dur-392

ing SFT, for forward directions (En/Zh→X), STP393

and PMP each account for 50%. For reverse di-394

rections (X → En/Zh), we apply strategic down-395

sampling with a total retention of 5%, split evenly396

between formats (STP 2.5%, PMP 2.5%). Finally,397

we perform preference optimization with GRPO by398

reusing SFT prompts to generate rollouts and scor-399

ing them with COMET-22 (Rei et al., 2022a) as a400

reference-based reward. We train four model sizes401

(0.6B/1.7B/4B/8B) on 16 NVIDIA H200 GPUs,402

and the detailed hyperparameters are provided in403

the Appendix Table 5.404

Evaluation Data and Metrics We evaluate on405

FLORES-200 devtest (Costa-jussà et al., 2022). To406

address the lack of a Mongolian (traditional script)407

testset, we translated the Chinese side of FLORES408

into Mongolian with native annotators 1. We adopt409

COMET-22 as our primary evaluation metric, and410

report SacreBLEU (Post, 2018) in the Appendix.411

For brevity, we present LMT-60-4/8B in the main412

text, with full results for all four sizes provided413

in the Appendix. In addition, we also provide a414

comparison against the WMT24++ (Deutsch et al.,415

2025) in the Appendix.416

1We will release this dataset to fill a gap in MT Benchmark.

5.2 Main Results 417

Table 2 summarizes the evolution of translation 418

quality as we progressively integrate components 419

of the LMT training pipeline. We report COMET- 420

22 scores averaged over all 60 languages, catego- 421

rized by resource tiers and translation direction. 422

Starting from the 3-shot base models, SFT im- 423

proves En/Zh→X on both 4B and 8B settings, but 424

all X→En/Zh drop significantly below the corre- 425

sponding base scores, as indicated by the red sub- 426

scripts. This empirically confirms that SFT under 427

symmetric multi-way reuse can trigger severe direc- 428

tional degeneration in reverse directions. Integrat- 429

ing SD effectively reverses this effect: X→En/Zh 430

directions typically recover by approximately 2–13 431

COMET points relative to the SFT baseline, sur- 432

passing base performance while maintaining strong 433

results on En/Zh→X. 434

Compared to the SD+SFT baseline, CPT yields 435

substantial improvements across the board. It con- 436

tributes 1–3 COMET points in high- and medium- 437

resource scenarios and a remarkable 5–9 points in 438

low-resource directions, underscoring its critical 439

role in strengthening the model’s broad translation 440

ability. 2 The introduction of PMP yields gains on 441

X→En/Zh directions, likely by enriching source- 442

side diversity to alleviate the directional degenera- 443

tion. Finally, GRPO reuses the same SFT examples 444

but still brings a further gain of about 0.3–0.8 points 445

across resource tiers. This indicates that preference 446

optimization can extract additional benefit from 447

the supervised data by exploring alternative genera- 448

2Detailed analyses are provided in Appendix B.
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#Langs Model En→X X→En Zh→X X→Zh Avg.
TowerInstruct-13B 88.91 88.51 86.29 86.81 87.63

10 LMT-60-4B 89.29 88.58 87.09 88.40 88.34
LMT-60-8B 89.42 88.59 87.30 88.40 88.43
Aya-expanse-8B 88.66 88.31 86.26 86.20 87.36

23 LMT-60-4B 89.44 88.62 87.00 87.99 88.26
LMT-60-8B 89.63 88.65 87.18 87.98 88.36
Seed-X-PPO-7B 90.78 89.05 88.48 87.96 89.07

27 LMT-60-4B 90.35 88.87 88.02 88.19 88.86
LMT-60-8B 90.49 88.88 88.23 88.16 88.94

GemmaX2-28-9B 88.39 88.95 85.56 87.37 87.57
28 LMT-60-4B 88.72 88.52 85.97 87.71 87.73

LMT-60-8B 88.83 88.62 86.12 87.76 87.83
Hunyuan-MT-7B 86.78 86.42 83.88 85.74 85.71

35 LMT-60-4B 88.72 88.00 86.03 87.26 87.50
LMT-60-8B 88.84 88.12 86.18 87.36 87.63
X-ALMA-13B 89.17 88.68 - - 88.92

40 LMT-60-4B 89.24 88.67 - - 88.96
LMT-60-8B 89.38 88.73 - - 89.06
Aya-101-13B 84.87 86.45 81.53 82.54 83.85

54 LMT-60-4B 88.61 88.23 85.67 87.15 87.42
LMT-60-8B 88.75 88.36 85.84 87.24 87.55
LLaMAX3-Alpaca 81.29 86.27 77.24 81.02 81.45

55 LMT-60-4B 88.66 88.20 85.74 87.16 87.44
LMT-60-8B 88.78 88.32 85.91 87.23 87.56
NLLB-54B 86.89 87.72 84.06 80.50 84.79

59 LMT-60-4B 88.78 87.93 86.00 87.00 87.43
LMT-60-8B 88.91 88.07 86.16 87.11 87.56

Table 3: COMET-22 scores of our LMT models com-
pared with a range of general-purpose multilingual
LLMs and dedicated MMT models, averaged over all
overlapping languages for each system in four directions.
“#Langs” denotes the number of languages shared be-
tween the baseline and LMT. Bold numbers indicate the
best score in each comparison group, and underlined
numbers the second best. The symbol “-” indicates di-
rections not supported by the baseline model.

tions and reinforcing better candidates, even when449

no new training examples are introduced.450

5.3 Comparison with Existing MMT Systems451

To benchmark LMT against the current SOTA, Ta-452

ble 7 presents a comprehensive comparison with453

a diverse range of systems, categorized into two454

groups: (1) General-purpose Multilingual LLMs455

capable of instruction-following translation, in-456

cluding Aya-Expanse-8B (Dang et al., 2024), Aya-457

101-13B (Üstün et al., 2024), and LLaMAX3-8B-458

Alpaca (Lu et al., 2024); (2) Dedicated MMT459

Models, including TowerInstruct-13B (Alves et al.,460

2024), GemmaX2-28-9B (Cui et al., 2025), X-461

ALMA-13B (Xu et al., 2025), Hunyuan-MT-7B462

(Zheng et al., 2025a), Seed-X-PPO-7B (Cheng463

et al., 2025), and NLLB-54B (Costa-jussà et al.,464

2022). To ensure a fair evaluation, we calculate465

En→X Zh→X X→En X→Zh
84

86

88

90

92

C
O
M
E
T

DT
PMP-S
PMP-O

In-Group Out-of-Group
84

85

86

87

88

C
O
M
E
T

w/o PMP
w/o PMP

Figure 4: Analysis of the Parallel Multilingual Prompt-
ing (PMP). Left: Comparison of different inference-
time strategies. Right: Comparison of zero-shot perfor-
mance with and without PMP training.

metrics solely on the intersection of languages sup- 466

ported by each baseline, reporting the averaged 467

COMET-22 scores over overlapping directions. We 468

report a resource-tier breakdown on FLORES and 469

additional results in Appendix C. 470

The results demonstrate that LMT models de- 471

liver robust and consistent performance across all 472

comparison groups. Against general-purpose multi- 473

lingual LLMs, LMT achieves substantial improve- 474

ments, surpassing models like Aya-101-13B and 475

LLaMAX3-Alpaca by a margin of approximately 476

3–6 COMET points on average. Compared to dedi- 477

cated MMT systems, LMT remains highly competi- 478

tive. It outperforms strong baselines such as NLLB- 479

54B and GemmaX2-28-9B, and performs on par 480

with top-tier systems like Seed-X-PPO-7B. Most 481

notably, LMT-60-4B demonstrates exceptional pa- 482

rameter efficiency, matching or exceeding the per- 483

formance of significantly larger models (e.g., the 484

Aya-101-13B and NLLB-54B). Overall, these re- 485

sults position LMT as a competitive MMT baseline: 486

it covers a broader set of languages than most exist- 487

ing LLM-based MT systems, and achieves compa- 488

rable or better quality than much larger baselines 489

on the overlapping directions. 490

5.4 Understanding the Effect of PMP 491

Test-time Enhancement We first analyze the ef- 492

fect of PMP at inference time on the PMP-enabled 493

languages (see Table 12). We compare three 494

modes: Direct Translation (DT), which uses the 495

standard translation prompt (STP), PMP with a self- 496

generated auxiliary sentence (PMP-S), and PMP 497

with an oracle auxiliary sentence (PMP-O). As 498

illustrated in Figure 4 (left), the effectiveness of 499

PMP varies by direction. On X→En/Zh, PMP-S 500

performs comparably to or better than PMP-O, sug- 501
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gesting that for high-resource targets, the model502

is resilient to imperfect anchors; self-generated503

context is sufficient to boost performance. Con-504

versely, on Zh→X, we find that only PMP-O yields505

clear gains, while PMP-S does not. This implies506

that translating into X is sensitive to anchor qual-507

ity: while gold-standard context helps, noisy self-508

generated anchors may fail to provide positive guid-509

ance. Practically, these findings highlight PMP-S510

as a robust inference-time enhancement strategy511

for X→En/Zh directions, enabling the model to512

self-boost performance without relying on external513

references.514

PMP Improves Zero-shot Transfer Beyond in-515

ference benefits, we examine whether PMP train-516

ing enhances the model’s cross-lingual transfer in517

zero-shot directions. We compare models trained518

with and without PMP on two distinct subsets of519

directions among the participating languages (Fig-520

ure 4 (right)). In the In-Group setting (translations521

between auxiliary languages and their associated522

targets, A↔X), PMP training substantially boosts523

the average COMET-22 score from 85.20 to 86.11.524

Furthermore, in the Out-of-Group setting, where525

we evaluate directions between high-resource lan-526

guages never explicitly used as PMP anchors (e.g.,527

{Es, Ja}↔X), we still observe a positive perfor-528

mance uplift. These results indicate that PMP not529

only strengthens the anchored language pairs but530

also promotes zero-shot transfer to related direc-531

tions that were never explicitly used as auxiliary532

anchors during training.533

6 Related Work534

LLM Adaptation for MMT While dedicated535

encoder-decoder models like NLLB (Costa-jussà536

et al., 2022) and M2M-100 (Fan et al., 2021) have537

long served as the backbone of multilingual trans-538

lation, recent trends have shifted towards adapting539

decoder-only LLMs for this task (Yang et al., 2023;540

Alves et al., 2024; Xu et al., 2025; Cui et al., 2025).541

This transition brings not only stronger transla-542

tion quality but also advanced capabilities such as543

context awareness (Wang et al., 2024, 2025b) and544

reasoning (Wang et al., 2025a; Chen et al., 2025).545

Despite this progress, current LLM-based MMT546

systems still face several limitations. First, regard-547

ing language coverage, most existing adaptations548

remain restricted to a narrow set of dominant lan-549

guages, struggling to match the extensive linguistic550

breadth required for truly universal translation. Sec-551

ond, regarding translation directions, the research 552

landscape remains heavily English-centric. Conse- 553

quently, non-English directions are largely under- 554

served, resulting in inferior performance compared 555

to English-centric tasks, with only a few recent 556

works extending capabilities to Chinese-centric 557

translation(Cui et al., 2025; Zheng et al., 2025a; 558

Cheng et al., 2025). Finally, low-resource trans- 559

lation remains a persistent challenge for adapted 560

LLMs. Under severe data scarcity and the domi- 561

nance of high-resource languages in pre-training, 562

these models often struggle to maintain robustness 563

on resource-poor languages. 564

Utilization of Multi-way Data Multi-way par- 565

allel data, where aligned sentences exist across 566

three or more languages, provides richer seman- 567

tic constraints than bilingual counterparts. In tra- 568

ditional NMT, this concept was explored through 569

multi-source translation to improve disambiguation 570

and robustness (Nishimura et al., 2020; Xu et al., 571

2021). In the era of LLMs, recent analysis has 572

begun to reveal the parallel multilingual learning 573

mechanisms within these models, suggesting that 574

LLMs inherently benefit from cross-lingual align- 575

ment (Mu et al., 2024; Shen et al., 2025; Yang et al., 576

2025b). However, while these works demonstrate 577

the value of multi-way signals, how to properly 578

leverage them for consistent gains in large-scale 579

multilingual machine translation, and the poten- 580

tial pitfalls of widely used symmetric multi-way 581

mixtures in SFT remain under-explored. 582

7 Conclusion 583

In this work, we introduce LMT, a Chinese-English- 584

centric MMT model, covering 60 languages across 585

234 translation directions and achieving competi- 586

tive performance among models with similar lan- 587

guage coverage. Our adaptation pipeline begins 588

with the construction of a large, curated multilin- 589

gual corpus, followed by extensive continued pre- 590

training to integrate broad translation knowledge 591

into the model. We then identify directional de- 592

generation, a salient yet previously overlooked is- 593

sue in SFT with multi-way data, and mitigate it 594

by introducing a simple strategic downsampling 595

method. Furthermore, we propose Parallel Multi- 596

lingual Prompting, a simple but effective technique 597

to enhance cross-lingual transfer. We release LMT 598

models as publicly available baselines to facilitate 599

future research on inclusive and high-quality multi- 600

lingual machine translation. 601
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Limitations602

While LMT shows promising performance, we note603

several limitations that also point to natural direc-604

tions for future work. First, although our eval-605

uation covers a broad set of standard academic606

benchmarks and primarily relies on COMET, these607

settings may not fully reflect the diversity of real-608

world translation use cases. Future work could609

extend this evaluation to a wider range of real-610

world scenarios to further assess generalization611

and capture more nuanced aspects of translation612

quality. Second, LMT adopts a Chinese–English-613

centric design as a step toward moving beyond an614

English-only focus. This bi-centric setting is still615

a simplifying choice and may not be optimal for616

other regions or language communities. It would617

be useful to explore tri-centric or more general618

multi-centric configurations, and to study how they619

affect scalability, interference, and cross-lingual620

transfer. Third, LMT currently supports 60 lan-621

guages, which remains a small subset of global622

linguistic diversity. Expanding coverage is con-623

strained not only by training cost but also by the624

availability and quality of text and parallel data625

for many underrepresented languages, especially626

those with limited written resources. Future work627

could prioritize extending support to additional lan-628

guages and improving adaptation under extreme629

data scarcity through more effective data collection,630

filtering, and transfer strategies.631
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A Continued Pre-training Data Curation944

The foundation of CPT relies on a high-quality,945

large-scale, and diverse corpus. Recognizing that946

constructing such a corpus is a major challenge,947

we designed a systematic, multi-stage data cura-948

tion pipeline to ensure both linguistic breadth and949

quality consistency.950

CPT Monolingual Data To achieve comprehen-951

sive coverage and diversity, our monolingual CPT952

corpus aggregates several sources. For English and953

Chinese, we utilized the well-curated SlimPajama954

(Soboleva et al., 2023) and Skywork (Wei et al.,955

2023) corpora, respectively. For the remaining lan-956

guages, we collected from CulturaX (Nguyen et al.,957

2024), OpenDataLab (Yu et al., 2025), and Wiki-958

media, with full source details in Table 10.959

CPT Bilingual Data The foundation of the bilin-960

gual corpus is curated from OPUS 3 sub-corpora.961

To significantly scale this up, we employed pseudo-962

parallel synthesis using open-source models in two963

ways: (1) direct synthesis, creating synthetic En/Zh964

→ X data by translating monolingual corpora, and965

(2) pivoted synthesis via English, leveraging typ-966

ically higher-quality En↔X and En→Zh models967

to obtain Zh↔X data. Finally, all data was uni-968

fied and subjected to a rigorous quality control969

pipeline. We used OpusFilter (Aulamo et al., 2020)970

for rule-based cleaning, including length-based san-971

ity checks and misalignment removal; in partic-972

ular, we filtered out sentence pairs with a maxi-973

mum length ratio greater than 3.0. For language974

identification, we employed the standard FastText975

LID model integrated in OpusFilter, with an adap-976

tive strategy to accommodate different resource977

levels: for high-resource languages we enforced978

a confidence threshold of 0.5 to ensure data pu-979

rity, while for low-resource languages (where LID980

probabilities are often poorly calibrated) we prior-981

itized recall by accepting samples as long as the982

Top-1 predicted language matched the target tag,983

regardless of its probability. We further applied984

CometKiwi (Rei et al., 2022b) for quality-based985

3https://opus.nlpl.eu/

scoring and selection. This yields approximately 986

2.1B sentence pairs for English-centric and 2.9B 987

for Chinese-centric directions, with the vast major- 988

ity comprising over 10M high-quality pairs across 989

the 117 targeted directions. 990

Quality Analysis of the Bilingual Corpus Fig- 991

ures 7 and 8 present the COMETKiwi score (Rei 992

et al., 2022b) distributions for the English-centric 993

(En ↔ X) and Chinese-centric (Zh ↔ X) portions 994

of our curated CPT bilingual corpus, respectively. 995

A primary observation is that the score distributions 996

for low-resource languages are noticeably skewed 997

to the left compared to the high-resource counter- 998

parts. This skew is particularly pronounced for 999

the Chinese-centric low-resource pairs (Figure 8), 1000

highlighting the challenge of sourcing non-English- 1001

centric data. We attribute this phenomenon to two 1002

factors. First, it likely reflects the real scarcity of 1003

clean, high-quality bilingual data for many low- 1004

resource languages, especially those paired with 1005

non-English. Second, it may reveal a bias in the 1006

quality estimation (QE) model itself—models like 1007

COMETKiwi may yield less reliable scores for un- 1008

derrepresented or non-English language pairs due 1009

to limited exposure during training. This could lead 1010

to systematically lower scores for some language 1011

pairs, irrespective of their true quality. 1012

Overall, these findings point to a dual challenge 1013

in multilingual MT: the limited availability of clean 1014

bilingual data for many non-English-centric pairs, 1015

and the potential calibration limitations of current 1016

QE models in such settings. They also motivate 1017

future work on QE methods that are better cali- 1018

brated and more robust across diverse, non-English- 1019

centric language pairs. 1020

B CPT Gains Across Languages 1021

This section details the language-specific im- 1022

pact of Continued Pre-training (CPT), extend- 1023

ing the aggregated ablation results in Sec- 1024

tion 5.2. Figure 6 presents COMET score com- 1025

parisons between Base+SFT+SD (without CPT) 1026

and Base+CPT+SFT+SD (with CPT) across four 1027

translation directions per language. 1028

Across nearly all languages and directions, in- 1029

corporating CPT yields consistent performance im- 1030

provements, underscoring its role as a fundamental 1031

adaptation step. However, the magnitude of this 1032

gain is not uniform, and is more pronounced for 1033

medium- and low-resource languages. This trend 1034

aligns with the expectation that CPT is particularly 1035
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beneficial for strengthening foundational linguistic1036

knowledge where the base model lacks sufficient1037

prior exposure. Additionally, for many high- and1038

medium-resource languages, the baseline model1039

exhibits lower performance in the En/Zh → X di-1040

rections than in X → En/Zh, consistent with prior1041

observations (Arivazhagan et al., 2019) that gen-1042

erating into diverse target languages is inherently1043

more challenging. CPT substantially improves per-1044

formance in these directions, highlighting its effec-1045

tiveness in strengthening multilingual generation1046

capabilities.1047

C Additional Evaluation1048

This appendix complements Section 5.3 by (i) re-1049

porting FLORES results stratified by resource tier,1050

and (ii) evaluating on WMT24++ (Deutsch et al.,1051

2025) to test robustness beyond FLORES.1052

C.1 FLORES Breakdown by Resource Tier1053

Table 6 provides a resource-tier breakdown that1054

complements the direction-level averages reported1055

in the main text, and helps assess whether improve-1056

ments are concentrated in a particular subset of1057

languages. In the high-resource tier, where most1058

baselines already perform strongly, LMT-60-4B/8B1059

remains consistently competitive across all four di-1060

rections and is frequently among the top systems,1061

suggesting that the overall gains are not achieved1062

by sacrificing performance on well-resourced pairs.1063

In the medium- and low-resource tiers, the relative1064

advantage of LMT becomes more pronounced and1065

more stable, particularly on Chinese-centric direc-1066

tions where several baselines either lag behind or1067

do not support the full direction set. For exam-1068

ple, on the 54-language overlap with Aya-101-13B,1069

LMT-60-4B improves low-resource En→X from1070

81.68 to 86.92 and low-resource X→Zh from 81.581071

to 85.98. On the 59-language overlap with NLLB-1072

54B, LMT-60-4B yields a clear margin on low-1073

resource X→Zh (80.56→85.88) and improves low-1074

resource Zh→X (82.33→84.52), while remaining1075

strong on En-centric directions.1076

Overall, the tiered results indicate that LMT’s1077

performance is broadly competitive on high-1078

resource pairs and delivers larger, more consistent1079

gains on the long tail, rather than being driven by a1080

narrow subset of directions.1081

C.2 Results on WMT24++1082

Table 8 reports results on WMT24++, a document-1083

level benchmark that emphasizes cross-sentence1084

Continued Pre-training Prompt

Standard Translation Prompt (STP)

Parallel Multilingual Prompt (PMP) 

<en2ky> Fellow wrestlers also paid tribute to Luna. 
<ky> Балбандар да Лунага сый көрсөтүштү.

Translate this from English to Kirghiz:
English: Fellow wrestlers also paid tribute to Luna.
Kirghiz: Балбандар да Лунага сый көрсөтүштү.

Translate this from English to Russian and Kirghiz:
English: Fellow wrestlers also paid tribute to Luna.
Russian: Борцы тоже почтили Луну.
Kirghiz: Балбандар да Лунага сый көрсөтүштү.

Figure 5: Examples of the three prompt formats for
the CPT and SFT stages of LMT adaptation. The
underlined text indicates the part used for loss computa-
tion during training.

coherence and discourse-level adequacy. In this 1085

setting, LMT remains competitive on many direc- 1086

tions but trails Hunyuan-MT on several subsets. 1087

More broadly, these results are consistent with a 1088

general limitation of current LLM-based MT sys- 1089

tems: document-level translation is still challeng- 1090

ing, likely because most models are post-trained 1091

primarily with sentence-level supervision and re- 1092

ceive limited exposure to discourse-level signals. 1093

For LMT, our SFT focuses on sentence pairs and in- 1094

cludes little document-context training, which can 1095

weaken performance on benchmarks that require 1096

cross-sentence consistency. In future work, we will 1097

incorporate targeted document-level parallel data 1098

and context-aware SFT to strengthen discourse- 1099

level behaviors. 1100
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Category Content

Source 他补充道：“我们现在有4个月大没有糖尿病的老鼠，但它们曾经得过该病。”

Reference "We now have 4-month-old mice that are non-diabetic that used to be diabetic," he
added.

Prediction He added: "We now have four-month-old mice that have never had diabetes but were
given the disease."

Table 4: Translation error cases: hallucinations and fabricated outputs

Hyperparameter CPT Stage SFT Stage GRPO Stage
Learning Rate 2e-5 2e-5 5e-7
Adam β (0.9, 0.999) (0.9, 0.999) (0.9, 0.999)
LR Scheduler cosine cosine cosine
Number of Epochs 1 1 1
Global Batch Size 1536 1024 1024
Max Length 2048 1024 1024
Train Steps 40,000 500 500
Warmup Ratio 0.05 0.01 0.01
Weight Decay 0.01 0.01 0.01
Rollout - - 8
Temperature - - 1.0
KL β - - 0.001

Table 5: Hyperparameter configuration during training.
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# Langs
(Hig./Med./Low) Model

High Resource Medium Resource Low Resource

En→X X→En Zh→X X→Zh En→X X→En Zh→X X→Zh En→X X→En Zh→X X→Zh
TowerInstruct-13B 88.78 88.51 86.15 86.83 89.92 88.53 87.44 86.66 - - - -
LMT-60-4B 89.14 88.56 86.91 88.42 90.47 88.68 88.49 88.28 - - - -

10
(9/1/0)

LMT-60-8B 89.28 88.58 87.14 88.39 90.47 88.61 88.56 88.43 - - - -

Aya-expanse-8B 88.60 88.16 86.44 86.32 88.82 88.50 86.19 86.13 87.82 88.41 84.76 85.28
LMT-60-4B 89.43 88.46 87.20 88.19 89.67 88.85 86.98 87.81 87.55 88.58 84.69 87.27

23
(13/9/1)

LMT-60-8B 89.60 88.50 87.41 88.17 89.87 88.85 87.18 87.80 87.80 88.65 84.41 87.39
Seed-X-PPO-7B 89.91 88.59 87.73 87.94 91.58 89.48 89.25 88.07 91.27 89.22 88.78 87.39
LMT-60-4B 89.43 88.46 87.20 88.19 91.14 89.26 88.84 88.26 91.09 89.00 88.46 87.84

27
(13/12/2)

LMT-60-8B 89.60 88.50 87.41 88.17 91.26 89.24 89.04 88.20 91.14 89.01 88.67 87.88
GemmaX2-28-9B 89.34 88.62 86.99 87.66 88.71 89.46 85.82 87.59 86.42 88.93 82.81 86.63
LMT-60-4B 89.43 88.46 87.20 88.19 89.11 89.04 86.16 87.99 87.06 88.04 83.63 86.56

28
(13/8/7)

LMT-60-8B 89.60 88.50 87.41 88.17 89.21 89.06 86.29 88.03 87.09 88.30 83.73 86.77
Hunyuan-MT-7B 89.43 87.56 87.08 87.38 89.10 87.76 86.29 86.77 82.74 84.43 79.27 83.50
LMT-60-4B 89.43 88.46 87.20 88.19 89.28 88.89 86.49 87.91 87.67 86.96 84.63 85.96

35
(13/9/13)

LMT-60-8B 89.60 88.50 87.41 88.17 89.41 88.90 86.64 87.93 87.75 87.22 84.74 86.22
X-ALMA-13B 89.41 88.51 - - 90.37 89.29 - - 87.15 87.98 - -
LMT-60-4B 89.43 88.46 - - 90.31 89.13 - - 87.47 88.24 - -

40
(13/16/11)

LMT-60-8B 89.60 88.50 - - 90.47 89.13 - - 87.55 88.40 - -

Aya-101-13B 87.00 86.55 84.34 83.29 87.54 87.32 84.26 83.26 81.68 85.71 77.92 81.58
LMT-60-4B 89.43 88.46 87.20 88.19 90.23 89.10 87.52 87.97 86.92 87.43 83.42 85.98

54
(13/18/23)

LMT-60-8B 89.60 88.50 87.41 88.17 90.39 89.10 87.70 87.95 87.01 87.72 83.56 86.20
LLaMAX3-Alpaca 85.22 87.19 82.28 82.49 84.80 87.87 80.90 82.23 76.69 84.60 71.97 79.38
LMT-60-4B 89.43 88.46 87.20 88.19 90.23 89.10 87.52 87.97 87.10 87.40 83.69 86.03

55
(13/18/24)

LMT-60-8B 89.60 88.50 87.41 88.17 90.39 89.10 87.70 87.95 87.17 87.65 83.82 86.22
NLLB-54B 87.95 88.17 85.82 80.06 88.95 88.85 85.58 80.69 85.12 86.81 82.33 80.56
LMT-60-4B 89.43 88.46 87.20 88.19 90.23 89.10 87.52 87.97 87.57 86.96 84.52 85.88

59
(13/18/28)

LMT-60-8B 89.60 88.50 87.41 88.17 90.39 89.10 87.70 87.95 87.65 87.23 84.64 86.12

Table 6: COMET-22 scores of our LMT models compared with a range of general-purpose multilingual LLMs and
dedicated MMT models . Evaluation is conducted only on the intersection of language pairs supported by each
baseline and our models. The first column (# Langs) denotes the number of overlapping languages, followed by
their distribution across resource tier (high/medium/low). Bold numbers indicate the best in each group, and the
underlined numbers the second best. The symbol ’-’ indicates directions not supported by the baseline model.
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# Langs
(Hig./Med./Low) Model

High Resource Medium Resource Low Resource

En→X X→En Zh→X X→Zh En→X X→En Zh→X X→Zh En→X X→En Zh→X X→Zh
TowerInstruct-13B 37.46 39.55 21.56 36.72 30.54 31.99 21.34 33.86 - - - -
LMT-60-4B 37.35 39.15 23.03 41.93 29.38 30.95 23.20 38.59 - - - -

10
(9/1/0)

LMT-60-8B 38.34 39.28 24.25 42.09 31.36 31.66 24.20 39.34 - - - -

Aya-expanse-8B 31.74 36.64 19.70 34.58 31.14 37.67 19.61 34.53 27.45 42.71 13.53 35.12
LMT-60-4B 33.79 37.97 21.42 41.10 32.61 39.69 21.10 40.48 24.68 44.13 14.13 41.32

23
(13/9/1)

LMT-60-8B 35.00 38.16 22.48 41.33 34.01 39.89 22.00 40.80 27.15 44.58 14.53 41.76
Seed-X-PPO-7B 37.88 37.14 23.13 34.03 38.33 40.63 23.12 34.95 39.32 42.53 21.84 33.86
LMT-60-4B 33.79 37.97 21.42 41.10 32.83 40.77 21.38 41.23 35.02 42.70 20.64 41.25

27
(13/12/2)

LMT-60-8B 35.00 38.16 22.48 41.33 33.91 40.79 22.32 41.21 35.79 42.72 21.52 41.26
GemmaX2-28-9B 36.23 39.78 22.60 40.42 32.21 41.59 20.40 39.21 22.06 43.09 13.74 38.21
LMT-60-4B 33.79 37.97 21.42 41.10 28.96 37.87 19.21 39.66 21.51 38.61 13.01 37.71

28
(13/8/7)

LMT-60-8B 35.00 38.16 22.48 41.33 30.22 38.22 20.12 40.17 22.28 39.51 13.60 38.42
Hunyuan-MT-7B 27.72 28.65 17.55 28.49 21.24 27.38 14.27 26.48 9.99 21.81 6.59 22.04
LMT-60-4B 33.79 37.97 21.42 41.10 28.92 38.12 18.95 39.84 18.00 34.70 10.97 36.93

35
(13/9/13)

LMT-60-8B 35.00 38.16 22.48 41.33 30.22 38.47 19.88 40.27 19.01 35.74 11.80 37.45
X-ALMA-13B 35.76 38.22 - - 35.12 41.53 - - 22.16 35.74 - -
LMT-60-4B 33.79 37.97 - - 31.87 40.42 - - 21.17 35.38 - -

40
(13/16/11)

LMT-60-8B 35.00 38.16 - - 33.01 40.49 - - 21.96 36.23 - -

Aya-101-13B 22.75 30.67 12.86 24.10 20.02 32.61 10.33 24.01 7.70 29.01 3.71 21.98
LMT-60-4B 33.79 37.97 21.42 41.10 30.96 40.11 19.13 40.61 20.05 36.17 11.98 37.02

54
(13/18/23)

LMT-60-8B 35.00 38.16 22.48 41.33 32.11 40.22 20.08 40.77 20.85 37.26 12.53 37.77
LLaMAX3-Alpaca 24.51 32.28 12.94 26.18 22.53 34.46 9.41 25.61 10.96 27.51 4.57 20.67
LMT-60-4B 33.79 37.97 21.42 41.10 30.96 40.11 19.13 40.61 20.38 36.01 12.27 37.10

55
(13/18/24)

LMT-60-8B 35.00 38.16 22.48 41.33 32.11 40.22 20.08 40.77 21.11 37.01 12.82 37.80
NLLB-54B 33.02 39.15 20.81 24.51 31.67 41.60 18.40 24.96 19.20 37.06 10.79 25.04
LMT-60-4B 33.79 37.97 21.42 41.10 30.96 40.11 19.13 40.61 18.93 34.77 11.56 36.79

59
(13/18/28)

LMT-60-8B 35.00 38.16 22.48 41.33 32.11 40.22 20.08 40.77 19.75 35.81 12.21 37.47

Table 7: BLEU scores of our LMT models compared with a range of general-purpose multilingual LLMs and
dedicated MMT models . Evaluation is conducted only on the intersection of language pairs supported by each
baseline and our models. The first column (# Langs) denotes the number of overlapping languages, followed by
their distribution across resource tier (high/medium/low). Bold numbers indicate the best in each group, and the
underlined numbers the second best. The symbol ’-’ indicates directions not supported by the baseline model.
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Figure 6: Performance improvements brought by Continued Pre-training (CPT). Languages are grouped by resource
level: high, medium , and low. The orange portion of the bar shows the performance of the model without
CPT (Base+SFT+SD), while the total height of the bar represents the performance after including the CPT stage
(Base+CPT+SFT+SD). The blue portion visually represents the performance gain (∆COMET) contributed by CPT.
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# Langs
(Hig./Med./Low) Model

High Resource Medium Resource Low Resource

En→X X→En Zh→X X→Zh En→X X→En Zh→X X→Zh En→X X→En Zh→X X→Zh
TowerInstruct-13B 82.27 83.33 81.78 81.06 84.28 81.29 82.14 78.12 - - - -
LMT-60-4B 82.64 83.37 82.66 85.09 86.92 84.35 85.82 84.96 - - - -

10
(9/1/0)

LMT-60-8B 83.04 83.54 83.22 85.01 87.39 84.97 86.73 85.29 - - - -

Aya-expanse-8B 82.50 83.03 82.85 82.08 83.38 83.78 83.38 82.10 82.92 83.46 81.59 80.98
LMT-60-4B 83.11 82.93 82.79 84.46 83.97 82.95 83.06 83.57 80.95 83.14 77.72 83.39

23
(13/9/1)

LMT-60-8B 83.41 83.15 83.32 84.59 84.12 83.84 83.72 84.36 81.34 83.47 79.18 83.80

GemmaX2-28-9B 75.49 76.42 74.40 76.26 74.92 68.62 75.34 75.97 75.04 58.88 73.21 76.92
LMT-60-4B 83.11 82.93 82.79 84.46 83.64 83.40 82.68 83.67 81.30 82.92 78.80 82.78

24
(13/8/3)

LMT-60-8B 83.41 83.15 83.32 84.59 83.77 84.18 83.02 84.76 81.27 83.60 79.49 83.65

Hunyuan-MT-7B 85.35 83.32 84.21 85.30 86.59 84.40 84.55 85.11 81.29 83.58 77.83 83.23
LMT-60-4B 83.11 82.93 82.79 84.46 83.74 83.14 82.77 83.54 79.74 81.92 76.81 80.70

28
(13/9/6)

LMT-60-8B 83.41 83.15 83.32 84.59 83.96 83.98 83.22 84.60 80.83 83.56 78.24 82.93

X-ALMA-13B 80.15 79.31 - - 81.60 78.87 - - 75.35 75.98 - -
LMT-60-4B 83.11 82.93 - - 84.69 83.30 - - 78.41 82.82 - -

33
(13/16/4)

LMT-60-8B 83.41 83.15 - - 84.96 84.10 - - 78.78 83.72 - -

Aya-101-13B 75.14 77.68 77.85 75.00 76.64 78.69 77.94 75.06 71.80 77.87 70.82 74.04
LMT-60-4B 83.11 82.93 82.79 84.46 84.62 83.25 83.50 83.76 80.49 81.76 77.99 81.04

39
(13/18/8)

LMT-60-8B 83.41 83.15 83.32 84.59 84.88 84.04 84.07 84.40 81.36 83.23 79.11 82.94

Table 8: COMET-22 results on the WMT24++ benchmark (document-level). Only models without WMT24++
training are included. Evaluation is conducted only on the intersection of language pairs supported by each baseline
and our models. The first column (# Langs) denotes the number of overlapping languages, followed by their
distribution across resource tier (high/medium/low). The symbol ’-’ indicates directions not supported by the
baseline model.

# Langs
(Hig./Med./Low) Model

High Resource Medium Resource Low Resource

En→X X→En Zh→X X→Zh En→X X→En Zh→X X→Zh En→X X→En Zh→X X→Zh
TowerInstruct-13B 32.33 35.15 15.54 25.74 16.07 16.92 10.81 15.26 - - - -
LMT-60-4B 28.89 28.59 17.41 34.83 15.39 17.10 18.43 30.19 - - - -

10
(9/1/0)

LMT-60-8B 32.45 34.24 19.88 29.31 25.28 21.57 22.41 24.05 - - - -

Aya-expanse-8B 28.46 32.20 17.15 31.30 27.15 31.95 16.36 30.07 24.48 34.64 13.12 29.58
LMT-60-4B 25.00 26.40 15.46 33.16 19.33 24.47 14.12 27.48 15.28 30.02 8.12 30.96

23
(13/9/1)

LMT-60-8B 28.18 29.74 17.48 28.18 26.58 21.72 17.17 26.58 15.78 35.22 8.12 29.73

GemmaX2-28-9B 16.84 22.03 10.56 21.98 12.39 13.60 8.06 16.88 12.60 9.60 7.19 19.33
LMT-60-4B 25.00 26.40 15.46 33.16 15.27 21.77 12.03 25.79 20.41 25.37 11.43 27.58

24
(13/8/3)

LMT-60-8B 28.18 29.74 17.48 28.18 20.92 18.76 14.53 26.57 20.81 27.36 12.06 29.42

Hunyuan-MT-7B 19.28 26.60 14.40 28.44 14.66 23.38 11.12 25.21 7.47 22.09 5.51 20.84
LMT-60-4B 25.00 26.40 15.46 33.16 15.72 22.22 11.96 25.81 14.13 20.09 7.80 21.27

28
(13/9/6)

LMT-60-8B 28.18 29.74 17.48 28.18 21.40 18.74 14.56 26.30 16.29 18.54 9.33 23.59

X-ALMA-13B 11.98 12.58 - - 11.99 11.55 - - 6.72 9.07 - -
LMT-60-4B 25.00 26.40 - - 21.24 26.08 - - 14.84 23.11 - -

33
(13/16/4)

LMT-60-8B 28.18 29.74 - - 28.10 26.45 - - 17.00 22.03 - -

Aya-101-13B 10.26 15.01 5.91 7.53 11.39 15.75 5.11 8.96 6.63 15.39 2.40 8.61
LMT-60-4B 25.00 26.40 15.46 33.16 20.08 25.17 13.41 28.36 15.73 19.76 8.90 22.39

39
(13/18/8)

LMT-60-8B 28.18 29.74 17.48 28.18 26.78 25.62 15.91 26.68 17.19 19.33 9.87 22.59

Table 9: BLEU results on the WMT24++ benchmark (document-level). Only models without WMT24++ training
are included. Evaluation is conducted only on the intersection of language pairs supported by each baseline and our
models. The first column (# Langs) denotes the number of overlapping languages, followed by their distribution
across resource tier (high/medium/low). The symbol ’-’ indicates directions not supported by the baseline model.
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Languages Data Source

en SlimPajama-6B (Soboleva et al., 2023)

zh Skywork (Wei et al., 2023)

ar, th, vi WanJuanSiLu (Yu et al., 2025)

cs, fa, hi, de, fr, it, pt, es, el, uk, fi
CulturaX(Nguyen et al., 2023)

sv, nb, da, ro, hu, sk, bg, nl, pl, tr

hr, sw MADLAD-400 (Kudugunta et al., 2023)

ne CulturaX, MADLAD-400, MrBinit/Nepali a

bn, he, id, ms, az, kk, ps, ta, ur, uz, CulturaX, MADLAD-400, Opus-Corpora(Zhang et al., 2020),
am, jv fineweb-2(HuggingFaceFW, 2024)

km, lo, my, tl
CulturaX, MADLAD-400, fineweb-2,
Opus-Corpora, C4 (Raffel et al., 2020), OSCAR b

ja, ko, ru WanJuanSiLu (Yu et al., 2025)

ug, bo, mvf In-house dataset

yue AlienKevin/yue_and_zh_sentences c

si, te, mr, is, tg, ky, ka, hy HPLT (Burchell et al., 2025), OSCAR, Wikipedia

Table 10: Monolingual data sources information for 60 languages.

ahttps://huggingface.co/datasets/MrBinit/nepali_dataset_text_cleaned
bhttps://oscar-project.github.io/documentation/versions/oscar-2301/
chttps://huggingface.co/datasets/AlienKevin/yue_and_zh_sentences
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ISO Code Language Script Family Resource
13 High-resource Languages
en English Latin Indo-European High
ar Arabic Arabic Afro-Asiatic High
es Spanish Latin Indo-European High
de German Latin Indo-European High
fr French Latin Indo-European High
it Italian Latin Indo-European High
ja Japanese Japanese Japonic High
nl Dutch Latin Indo-European High
pl Polish Latin Indo-European High
pt Portuguese Latin Indo-European High
ru Russian Cyrillic Indo-European High
tr Turkish Latin Turkic High
zh Chinese Han Sino-Tibetan High
18 Medium-resource Languages
bg Bulgarian Cyrillic Indo-European Mid
bn Bengali Bengali Indo-European Mid
cs Czech Latin Indo-European Mid
da Danish Latin Indo-European Mid
el Modern Greek Greek Indo-European Mid
fa Persian Arabic Indo-European Mid
fi Finnish Latin Uralic Mid
hi Hindi Devanagari Indo-European Mid
hu Hungarian Latin Uralic Mid
id Indonesian Latin Austronesian Mid
ko Korean Hangul Koreanic Mid
nb Norwegian Latin Indo-European Mid
ro Romanian Latin Indo-European Mid
sk Slovak Latin Indo-European Mid
sv Swedish Latin Indo-European Mid
th Thai Thai Tai-Kadai Mid
uk Ukrainian Cyrillic Indo-European Mid
vi Vietnamese Latin Austroasiatic Mid
29 Low-resource Languages
am Amharic Ge’ez Afro-Asiatic Low
az Azerbaijani Latin Turkic Low
bo Tibetan Tibetan Sino-Tibetan Low
he Modern Hebrew Hebrew Afro-Asiatic Low
hr Croatian Latin Indo-European Low
hy Armenian Armenian Indo-European Low
is Icelandic Latin Indo-European Low
jv Javanese Latin Austronesian Low
ka Georgian Georgian Kartvelian Low
kk Kazakh Cyrillic Turkic Low
km Central Khmer Khmer Austroasiatic Low
ky Kirghiz Cyrillic Turkic Low
lo Lao Lao Tai-Kadai Low
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ISO Code Language Script Family Resource
mvf Inner Mongolian Mongolian Mongolic Low
mr Marathi Devanagari Indo-European Low
ms Malay Latin Austronesian Low
my Burmese Myanmar Sino-Tibetan Low
ne Nepali Devanagari Indo-European Low
ps Pashto Arabic Indo-European Low
si Sinhala Sinhala Indo-European Low
sw Swahili Latin Atlantic-Congo Low
ta Tamil Tamil Dravidian Low
te Telugu Telugu Dravidian Low
tg Tajik Cyrillic Indo-European Low
tl Tagalog Latin Austronesian Low
ug Uighur Arabic Turkic Low
ur Urdu Arabic Indo-European Low
uz Uzbek Latin Turkic Low
yue Yue Chinese Han Sino-Tibetan Low

Table 11: Detailed information of 60 languages. The languages are grouped into categories based on their data ratios
in the CulturaX (Nguyen et al., 2024): High Resource (>1%), Medium Resource (0.1%–1%], and Low Resource
(≤0.1%).
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ISO Code Language Script Family Auxiliary
Language ISO Code

es Spanish Latin Indo-European Portuguese pt
de German Latin Indo-European Dutch nl
fr French Latin Indo-European Italian it
it Italian Latin Indo-European French fr
nl Dutch Latin Indo-European German de
pl Polish Latin Indo-European Czech cs
bg Bulgarian Cyrillic Indo-European Russian ru
cs Czech Latin Indo-European Polish pl
da Danish Latin Indo-European Norwegian nb
fa Persian Arabic Indo-European Arabic ar
fi Finnish Latin Uralic Hungarian hu
hi Hindi Devanagari Indo-European Bengali bn
hu Hungarian Latin Uralic Finnish fi
id Indonesian Latin Austronesian Dutch nl
nb Norwegian Latin Indo-European Danish da
ro Romanian Latin Indo-European Italian it
sk Slovak Latin Indo-European Czech cs
sv Swedish Latin Indo-European Norwegian nb
uk Ukrainian Cyrillic Indo-European Russian ru
vi Vietnamese Latin Austroasiatic French fr
az Azerbaijani Latin Turkic Turkish tr
hr Croatian Latin Indo-European Czech cs
is Icelandic Latin Indo-European Danish da
jv Javanese Latin Austronesian Indonesian id
kk Kazakh Cyrillic Turkic Russian ru
ky Kirghiz Cyrillic Turkic Russian ru
lo Lao Lao Tai-Kadai Thai th
mr Marathi Devanagari Indo-European Hindi hi
ms Malay Latin Austronesian Indonesian id
ne Nepali Devanagari Indo-European Hindi hi
ps Pashto Arabic Indo-European Persian fa
tg Tajik Cyrillic Indo-European Russian ru
tl Tagalog Latin Austronesian Indonesian id
ug Uighur Arabic Turkic Persian fa
ur Urdu Arabic Indo-European Persian fa
uz Uzbek Latin Turkic French fr

Table 12: The set of languages that utilize the Parallel Multilingual Prompting (PMP) method and their corresponding
auxiliary languages.
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Direction
COMET BLEU

0.6B 1.7B 4B 8B 0.6B 1.7B 4B 8B
13 High-resource Languages
en→ar 82.97 85.51 87.01 87.14 17.64 19.45 22.54 25.09
en→es 84.77 86.67 87.32 87.40 24.82 27.14 29.04 29.39
en→de 83.58 87.66 88.54 88.87 28.92 35.39 37.74 38.79
en→fr 85.70 88.10 88.70 89.01 40.79 45.41 47.42 49.50
en→it 86.17 88.58 89.40 89.49 25.70 27.99 30.22 31.21
en→ja 90.09 91.61 92.26 92.38 30.69 35.35 37.24 38.35
en→nl 84.75 87.72 88.65 88.78 22.32 24.82 26.11 27.42
en→pl 84.48 88.86 90.04 90.54 15.58 19.31 21.37 22.33
en→pt 88.03 89.78 90.32 90.41 42.78 46.27 48.32 49.37
en→ru 86.49 89.22 90.37 90.47 24.92 28.20 30.73 31.66
en→tr 86.72 89.74 90.78 90.90 20.36 23.86 25.59 27.55
en→zh 87.92 89.49 89.82 89.84 44.12 48.03 49.21 49.34
18 Medium-resource Languages
en→bg 87.90 90.74 91.39 91.58 31.84 35.90 37.52 38.85
en→bn 83.20 86.81 87.85 87.60 13.47 15.01 15.91 16.99
en→cs 87.19 91.04 92.05 92.18 25.48 28.95 31.15 32.30
en→da 88.27 90.60 91.65 91.76 38.27 41.34 44.11 45.04
en→el 84.59 88.68 89.71 90.08 19.39 22.54 24.99 26.10
en→fa 82.58 86.70 88.31 88.51 19.56 22.53 24.64 25.85
en→fi 85.85 90.98 92.67 92.83 15.25 19.18 22.85 23.77
en→hi 76.81 80.45 81.85 82.28 24.11 27.00 28.85 30.45
en→hu 83.81 88.80 90.26 90.28 17.04 20.48 23.59 24.14
en→id 90.62 91.93 92.38 92.47 43.23 45.00 45.71 47.10
en→ko 87.55 89.38 90.47 90.47 26.61 28.17 29.38 31.36
en→nb 87.89 89.91 90.64 90.77 28.57 30.39 31.46 31.87
en→ro 86.68 90.20 91.36 91.55 32.33 35.74 38.28 40.00
en→sk 85.90 90.22 91.44 91.86 25.60 28.56 31.41 32.84
en→sv 87.40 90.52 91.51 91.63 36.37 39.99 42.74 43.44
en→th 85.83 88.63 89.79 89.86 11.56 11.82 14.14 14.94
en→uk 85.08 89.50 90.64 91.00 20.86 25.40 28.64 30.21
en→vi 88.25 89.65 90.22 90.31 39.10 40.82 41.88 42.74
29 Low-resource Languages
en→am 79.76 86.81 88.40 88.67 5.38 8.57 10.77 11.57
en→az 84.31 88.17 89.25 89.15 11.80 13.04 14.23 14.38
en→bo 87.37 91.51 92.82 93.09 1.71 3.63 3.26 2.84
en→he 81.79 83.31 87.55 87.80 17.16 20.37 24.68 27.15
en→hr 86.02 90.06 91.56 91.58 22.48 25.60 28.98 29.62
en→hy 86.42 89.90 91.10 91.11 17.23 20.13 22.33 23.10
en→is 81.43 85.65 86.91 87.38 18.77 21.95 23.75 24.53
en→jv 85.89 87.89 88.37 88.41 23.92 27.22 28.74 29.58
en→ka 81.89 86.89 89.02 89.17 10.89 12.22 14.84 14.90
en→kk 88.46 91.05 91.53 91.69 18.53 21.52 23.06 23.76
en→km 79.32 83.38 85.04 85.11 6.52 7.72 7.50 7.49
en→ky 85.84 89.11 89.98 89.84 11.35 13.58 14.45 14.73
en→lo 80.52 85.09 86.81 86.78 11.57 13.64 14.31 14.42
en→mvf 95.25 95.22 95.48 95.55 15.12 11.74 15.17 16.67
en→mr 70.80 75.00 76.45 76.67 11.20 14.13 15.54 16.72
en→ms 88.98 90.23 90.62 90.70 39.25 40.67 41.05 41.95
en→my 77.47 86.78 88.79 88.97 2.72 3.36 4.28 4.51
en→ne 81.45 84.14 85.23 85.22 15.79 18.21 19.45 20.49
en→ps 75.67 79.49 80.25 80.15 9.36 11.06 12.04 12.03
en→si 82.90 88.20 90.29 90.64 10.33 12.89 15.50 17.16
en→sw 82.88 85.47 86.08 86.35 30.52 33.45 35.56 36.72
en→ta 85.42 89.05 90.27 90.35 10.79 13.07 14.29 15.33
en→te 83.10 86.59 87.49 87.59 15.33 17.57 19.29 20.54
en→tg 75.64 77.25 77.68 77.81 15.19 18.64 20.73 21.87
en→tl 83.16 85.42 86.37 86.18 32.19 35.54 37.34 38.30
en→ug 84.05 87.82 88.93 88.68 12.13 14.52 16.70 18.01
en→ur 78.67 82.87 84.23 84.08 17.40 19.49 21.38 22.16
en→uz 88.52 90.74 91.45 91.32 15.18 18.21 20.46 20.81
en→yue 85.88 88.85 89.63 89.85 5.02 9.32 5.58 8.32

Table 13: COMET-22 and SacreBLEU scores of LMT on the FLORES-200 devtest set (En → X).
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Direction
COMET BLEU

0.6B 1.7B 4B 8B 0.6B 1.7B 4B 8B
13 High-resource Languages
ar→en 84.53 87.15 87.78 87.97 33.56 38.83 40.93 41.40
es→en 86.38 87.41 87.85 87.94 29.17 31.27 33.64 33.57
de→en 88.14 89.38 89.59 89.52 39.99 43.33 44.45 43.99
fr→en 88.43 89.34 89.48 89.49 41.93 44.98 45.34 45.71
it→en 87.09 88.14 88.60 88.59 31.12 33.97 35.88 35.95
ja→en 86.85 88.30 88.71 88.82 25.51 28.35 30.40 31.09
nl→en 86.27 87.70 87.84 87.94 29.92 32.36 33.05 33.56
pl→en 84.47 86.36 86.74 86.72 27.50 30.83 31.93 31.94
pt→en 88.54 89.53 89.98 89.96 45.49 48.63 50.56 50.51
ru→en 85.50 86.81 87.21 87.36 31.91 35.56 37.70 38.03
tr→en 87.12 89.28 89.76 89.83 32.26 36.79 39.18 39.31
zh→en 86.73 87.79 87.96 87.87 28.62 30.95 32.59 32.88
18 Medium-resource Languages
bg→en 86.72 88.05 88.47 88.40 36.89 40.82 41.85 41.68
bn→en 85.21 88.04 88.98 89.25 25.12 32.25 34.61 35.73
cs→en 86.78 88.48 88.98 88.88 35.38 39.52 41.44 41.28
da→en 88.86 90.15 90.36 90.27 44.61 48.59 48.66 47.73
el→en 85.09 87.49 88.12 88.14 30.94 35.74 37.86 38.17
fa→en 85.32 87.87 88.48 88.65 30.48 35.40 37.34 38.10
fi→en 86.46 89.36 90.09 90.23 27.84 33.16 34.76 35.45
hi→en 86.97 89.16 89.94 89.99 31.72 38.53 40.53 40.44
hu→en 86.30 88.36 88.91 88.93 30.87 35.52 37.16 37.17
id→en 88.61 89.72 89.93 89.95 41.19 44.60 45.69 45.56
ko→en 86.62 88.31 88.68 88.61 25.94 30.12 30.95 31.66
nb→en 87.57 88.96 89.24 89.29 41.13 43.75 44.30 44.40
ro→en 88.00 89.42 89.59 89.66 39.91 43.51 44.88 44.81
sk→en 86.32 88.24 88.64 88.51 34.59 39.32 40.64 40.35
sv→en 88.52 90.04 90.27 90.26 44.68 48.14 48.82 48.00
th→en 86.78 88.62 89.13 89.01 28.22 32.63 34.02 34.46
uk→en 85.55 87.35 87.71 87.64 35.01 39.42 40.15 40.47
vi→en 86.70 87.83 88.21 88.15 35.14 37.47 38.37 38.51
29 Low-resource Languages
am→en 77.78 83.41 86.36 87.20 15.76 25.52 31.42 33.47
az→en 84.26 86.46 87.42 87.45 19.75 23.76 26.12 26.73
bo→en 64.15 70.09 72.90 74.04 6.20 11.59 15.67 17.72
he→en 84.98 87.72 88.58 88.65 35.83 41.79 44.13 44.58
hr→en 85.83 88.01 88.41 88.37 33.44 38.05 39.41 39.15
hy→en 85.31 87.82 88.75 88.98 30.29 36.15 38.69 40.41
is→en 82.28 85.90 87.04 87.41 28.44 33.98 36.39 37.38
jv→en 81.57 84.96 86.30 86.53 32.90 38.37 41.37 41.94
ka→en 83.54 86.35 87.29 87.62 22.45 26.80 29.33 30.21
kk→en 84.96 87.67 88.29 88.57 27.53 32.83 34.90 35.83
km→en 83.37 86.26 87.56 88.02 23.47 30.17 34.01 35.15
ky→en 83.17 85.84 86.66 86.65 20.17 23.50 25.54 26.25
lo→en 83.32 86.02 87.82 88.31 25.63 31.88 36.87 38.06
mvf→en 69.36 74.64 76.58 77.86 10.00 14.22 18.04 20.45
mr→en 84.96 87.71 88.73 88.73 27.81 33.60 36.46 37.52
ms→en 88.02 89.28 89.59 89.65 41.94 45.06 45.99 46.28
my→en 80.74 84.80 86.62 86.88 17.59 23.72 26.20 27.78
ne→en 87.81 89.95 90.66 90.90 30.23 37.25 39.12 40.79
ps→en 80.52 83.94 85.41 85.76 24.03 29.30 32.95 33.63
si→en 81.72 85.36 88.44 89.00 19.28 26.12 32.61 34.32
sw→en 81.64 84.74 86.26 86.37 34.29 39.21 42.08 43.14
ta→en 82.22 86.08 87.38 87.70 22.40 28.89 31.98 33.11
te→en 84.09 87.62 88.78 89.10 26.63 35.44 37.64 39.50
tg→en 73.45 77.79 79.12 79.49 26.06 32.20 34.85 36.21
tl→en 84.73 87.21 88.15 88.39 38.80 44.41 47.59 48.05
ug→en 83.68 86.76 87.74 87.84 21.31 25.96 28.41 28.83
ur→en 83.64 87.08 87.99 88.23 26.55 33.38 35.50 36.67
uz→en 85.05 87.69 88.42 88.57 28.58 34.00 35.75 36.32
yue→en 86.53 87.81 88.13 88.06 28.84 32.09 32.60 33.58

Table 14: COMET-22 and SacreBLEU scores of LMT on the FLORES-200 devtest set (X → En).
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Direction
COMET BLEU

0.6B 1.7B 4B 8B 0.6B 1.7B 4B 8B
13 High-resource Languages
zh→ar 79.71 83.02 84.27 84.31 8.71 10.67 13.14 13.64
zh→en 86.73 87.79 87.96 87.87 28.62 30.95 32.59 32.88
zh→es 82.67 85.05 85.67 86.03 16.32 19.01 20.04 21.03
zh→de 80.41 84.75 85.58 86.10 14.97 18.62 21.15 22.57
zh→fr 82.06 84.86 85.64 85.80 21.16 25.07 27.75 29.36
zh→it 83.75 86.70 87.61 87.71 15.70 18.60 20.35 21.48
zh→ja 88.87 90.71 91.20 91.21 24.08 27.48 29.90 30.81
zh→nl 81.67 85.47 86.44 86.66 13.11 15.77 17.65 18.91
zh→pl 83.08 87.95 89.16 89.41 9.86 12.36 14.86 15.16
zh→pt 84.89 86.97 87.46 87.75 21.17 24.49 26.04 27.65
zh→ru 84.76 88.19 88.94 89.24 14.21 17.14 18.67 20.11
zh→tr 81.09 85.33 86.51 86.80 10.47 12.93 14.87 16.15
18 Medium-resource Languages
zh→bg 84.63 88.06 89.24 89.39 17.14 19.66 21.96 23.17
zh→bn 78.06 82.14 83.52 83.57 6.72 7.98 9.16 10.22
zh→cs 84.72 89.18 90.32 90.65 13.30 17.02 18.97 19.98
zh→da 84.95 87.85 88.70 88.97 18.89 21.87 24.13 25.02
zh→el 81.00 85.66 87.02 87.53 10.69 12.65 15.54 16.67
zh→fa 79.75 84.04 85.86 85.99 11.50 13.87 16.00 16.39
zh→fi 81.87 87.79 89.79 90.17 8.83 10.96 14.32 15.12
zh→hi 69.07 73.82 75.37 75.50 12.42 15.62 17.77 18.27
zh→hu 79.62 85.75 87.26 87.52 9.78 12.58 15.56 15.94
zh→id 87.07 88.80 89.27 89.35 23.24 25.21 27.07 27.71
zh→ko 85.14 87.68 88.49 88.56 18.88 21.48 23.20 24.20
zh→nb 84.44 87.44 88.22 88.26 13.90 16.60 17.92 18.74
zh→ro 83.24 87.03 88.26 88.51 17.83 21.19 23.41 24.54
zh→sk 83.23 88.15 89.65 89.65 13.10 15.49 18.31 19.44
zh→sv 84.32 87.64 88.70 88.89 17.00 20.12 22.68 23.97
zh→th 83.82 86.58 87.42 87.56 8.20 9.17 10.46 11.87
zh→uk 82.86 87.74 89.13 89.42 10.96 14.72 16.84 17.96
zh→vi 86.97 88.57 89.06 89.12 27.63 29.38 31.07 32.32
29 Low-resource Languages
zh→am 74.21 81.93 84.53 84.54 2.61 4.24 5.60 6.33
zh→az 80.11 85.27 86.28 86.43 7.95 9.61 10.57 10.75
zh→bo 88.72 92.10 93.26 93.03 1.61 2.39 2.12 2.17
zh→he 78.05 81.34 84.69 84.41 7.97 10.43 14.13 14.53
zh→hr 83.28 88.23 89.83 90.14 12.13 14.94 18.07 18.99
zh→hy 82.24 86.51 88.01 88.19 9.16 11.54 13.25 13.18
zh→is 78.16 82.82 84.73 84.71 10.50 12.47 15.06 15.34
zh→jv 81.64 84.92 85.38 85.35 11.06 14.80 16.08 16.47
zh→ka 77.88 84.30 86.20 86.62 6.61 8.30 10.02 11.27
zh→kk 84.72 87.86 88.69 88.82 10.15 12.27 13.89 14.60
zh→km 75.69 80.56 82.11 82.22 5.01 5.41 6.41 6.52
zh→ky 82.14 86.74 87.36 87.67 7.62 9.53 10.47 11.11
zh→lo 76.58 81.78 83.74 83.86 7.26 9.42 10.01 10.06
zh→mvf 96.15 95.96 96.20 96.25 25.34 25.23 31.97 35.50
zh→mr 63.03 68.39 70.03 70.45 6.15 7.81 9.02 9.65
zh→ms 85.16 86.77 87.09 87.21 20.51 22.09 23.22 24.06
zh→my 71.97 83.07 85.30 85.61 1.60 2.40 2.87 2.88
zh→ne 73.18 77.19 78.04 78.19 7.17 8.69 9.88 10.19
zh→ps 70.92 76.46 77.23 77.25 5.10 6.65 8.09 7.94
zh→si 78.49 85.07 87.50 87.84 5.71 7.68 9.68 10.54
zh→sw 78.23 81.45 82.27 82.63 13.87 16.80 18.80 19.85
zh→ta 80.41 85.38 86.49 86.78 5.95 7.35 8.67 8.84
zh→te 75.90 81.20 82.67 82.92 7.20 9.11 10.35 11.45
zh→tg 73.88 75.87 76.64 76.33 8.47 11.36 13.42 14.02
zh→tl 78.69 81.84 82.61 82.57 16.05 19.96 21.22 22.65
zh→ug 80.12 84.64 85.59 85.49 9.20 11.29 12.73 13.86
zh→ur 73.01 78.45 79.89 80.26 9.16 11.82 13.22 14.51
zh→uz 84.90 87.85 88.65 88.62 8.46 10.58 12.11 12.59
zh→yue 90.19 91.55 91.74 91.84 5.52 8.73 4.76 7.64

Table 15: COMET-22 and SacreBLEU scores of LMT on the FLORES-200 devtest set (Zh → X).
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Direction
COMET BLEU

0.6B 1.7B 4B 8B 0.6B 1.7B 4B 8B
13 High-resource Languages
ar→zh 82.33 85.82 86.77 86.89 31.79 38.23 40.56 41.53
en→zh 87.92 89.49 89.82 89.84 44.12 48.03 49.21 49.34
es→zh 86.04 87.73 88.33 88.32 34.09 37.72 38.84 39.49
de→zh 85.80 87.94 88.43 88.46 36.81 41.25 42.37 42.21
fr→zh 86.55 87.94 88.49 88.36 37.54 41.60 42.80 42.83
it→zh 86.18 87.93 88.49 88.41 34.67 38.93 40.30 40.79
ja→zh 86.80 88.73 89.36 89.16 31.92 36.96 38.52 38.68
nl→zh 84.78 86.89 87.52 87.53 32.49 36.40 38.20 38.10
pl→zh 83.95 86.61 87.19 87.28 31.89 36.34 38.01 38.38
pt→zh 86.46 88.35 88.86 88.83 37.45 41.65 42.81 43.32
ru→zh 84.87 86.83 87.42 87.40 35.11 39.06 40.93 40.64
tr→zh 83.99 86.68 87.58 87.56 32.56 38.48 40.65 40.64
18 Medium-resource Languages
bg→zh 84.40 86.94 87.59 87.57 35.67 40.08 41.89 41.68
bn→zh 81.62 85.77 87.13 87.45 27.02 34.16 36.67 37.84
cs→zh 85.06 87.33 88.01 87.82 34.77 39.89 41.41 41.42
da→zh 85.99 88.27 88.98 88.69 37.27 42.14 43.40 42.99
el→zh 82.17 85.81 86.94 86.91 30.55 36.86 39.04 39.39
fa→zh 83.02 86.58 87.53 87.47 30.68 37.07 38.64 39.38
fi→zh 83.35 87.26 88.12 88.25 30.90 37.21 39.83 39.49
hi→zh 82.65 86.27 87.32 87.67 30.19 36.55 39.01 39.84
hu→zh 83.67 86.82 87.61 87.48 32.40 38.49 40.41 39.98
id→zh 85.98 87.72 88.25 88.21 36.96 41.91 42.57 42.99
ko→zh 85.44 87.71 88.28 88.43 32.16 36.68 38.59 39.34
nb→zh 85.26 87.48 88.20 88.26 34.91 39.68 41.22 41.07
ro→zh 84.94 87.45 88.06 88.02 36.41 41.45 42.90 42.70
sk→zh 84.61 87.27 87.77 87.75 34.06 39.29 40.85 41.18
sv→zh 85.93 88.18 88.90 88.85 36.53 41.38 42.79 42.89
th→zh 85.72 88.20 88.78 88.70 32.22 37.83 39.51 39.52
uk→zh 83.86 86.61 87.32 87.19 34.54 39.76 41.31 41.11
vi→zh 86.53 88.24 88.61 88.46 35.73 40.02 40.87 41.02
29 Low-resource Languages
am→zh 73.26 80.52 83.92 84.74 16.53 26.33 31.58 33.71
az→zh 82.36 85.47 86.37 86.44 27.51 31.84 34.02 34.52
bo→zh 64.72 72.11 74.55 76.06 7.84 17.05 21.15 23.54
he→zh 82.45 86.12 87.27 87.39 32.04 38.68 41.32 41.76
hr→zh 84.01 87.16 87.95 87.91 33.55 38.71 40.51 40.49
hy→zh 81.99 85.80 87.24 87.32 30.52 36.90 39.66 40.35
is→zh 80.51 85.02 86.20 86.30 28.44 34.82 37.69 38.34
jv→zh 79.12 83.44 85.00 85.06 29.27 35.64 37.69 38.54
ka→zh 80.88 85.28 86.86 86.99 25.37 33.32 36.54 37.23
kk→zh 82.87 85.96 87.03 87.13 30.63 36.15 39.02 38.87
km→zh 81.26 84.94 86.58 86.73 26.41 32.17 35.44 36.42
ky→zh 81.23 85.01 86.24 86.14 25.83 31.01 33.91 34.09
lo→zh 80.42 84.79 86.53 87.11 25.25 32.50 36.13 38.08
mvf→zh 77.98 81.50 83.95 85.12 24.01 46.70 54.35 58.64
mr→zh 80.23 85.17 86.60 86.63 27.00 35.08 37.42 37.95
ms→zh 84.87 87.04 87.73 87.86 36.14 40.54 41.99 42.03
my→zh 76.46 83.03 85.10 85.40 14.78 26.54 30.40 31.71
ne→zh 83.16 86.41 87.78 88.13 29.26 35.60 37.99 39.22
ps→zh 77.75 82.73 84.59 84.85 23.07 30.92 34.43 35.06
si→zh 78.07 83.39 86.90 87.38 19.46 27.73 35.46 36.24
sw→zh 78.09 83.09 84.73 85.03 27.18 35.13 37.31 38.63
ta→zh 78.56 83.57 85.34 85.67 22.72 31.58 34.49 35.40
te→zh 78.81 84.35 86.10 86.57 24.11 34.04 37.07 37.82
tg→zh 73.04 77.70 79.72 79.93 27.95 34.58 37.93 38.51
tl→zh 81.68 85.14 86.36 86.39 32.58 38.84 41.48 41.47
ug→zh 81.64 85.73 86.90 87.10 28.28 34.81 37.32 37.18
ur→zh 80.30 84.70 86.38 86.49 25.39 33.71 37.21 37.50
uz→zh 82.42 85.95 87.17 87.16 30.56 37.25 39.21 39.38
yue→zh 90.67 91.42 91.49 91.39 43.02 46.05 45.82 45.25

Table 16: COMET-22 and SacreBLEU scores of LMT on the FLORES-200 devtest set (X → Zh).
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(a) High Resource Languages

(b) Medium Resource Languages

(c) Low Resource Languages

1

Figure 7: COMETKiwi score distributions for bilingual sentence pairs (En-X) are shown as histograms. Vertical
lines indicate quality thresholds at 0.6 (red), 0.7 (green), and 0.8 (magenta), with the legend specifying the number
and proportion of sentence pairs exceeding each threshold. Some language pairs are excluded due to COMETKiwi’s
limited language support.
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(a) High Resource Languages

(b) Medium Resource Languages

(c) Low Resource Languages

1

Figure 8: COMETKiwi score distributions for bilingual sentence pairs (Zh-X) are shown as histograms. Vertical
lines indicate quality thresholds at 0.6 (red), 0.7 (green), and 0.8 (magenta), with the legend specifying the number
and proportion of sentence pairs exceeding each threshold. Some language pairs are excluded due to COMETKiwi’s
limited language support.
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