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Abstract001

Large Language Models (LLMs) have demon-002
strated remarkable capability in machine trans-003
lation on high-resource language pairs, yet004
their performance on low-resource translation005
still lags behind. Existing post-training meth-006
ods rely heavily on high-quality parallel data,007
which are often scarce or unavailable for low-008
resource languages. In this paper, we in-009
troduce WALAR, a reinforcement training010
method using only monolingual text to elevate011
LLMs’ translation capabilities on massive low-012
resource languages while retaining their perfor-013
mance on high-resource languages. Our key014
insight is based on the observation of failure015
modes (or “holes”) in existing source-based016
multilingual quality estimation (QE) models.017
Reinforcement learning (RL) using these QE018
models tends to amplify such holes, resulting019
in poorer multilingual LLMs. We develop tech-020
niques including word alignment and language021
alignment to mitigate such holes in WALAR’s022
reward for RL training. We continually trained023
an LLM supporting translation of 101 lan-024
guages using WALAR. The experiments show025
that our new model outperforms LLaMAX,026
one of the strongest open-source multilingual027
LLMs by a large margin on 1400 language di-028
rections on FLORES-101 dataset.029

1 Introduction030

Large Language Models (LLMs) exhibit strong ca-031

pability on language translation, especially on high-032

resource language directions (Brown et al., 2020;033

Ouyang et al., 2022; Touvron et al., 2023; Zhu et al.,034

2024). Recent progress in open source LLMs con-035

tinuously pushes the quality of machine translation036

to a new level on par with human (Rei et al., 2025;037

Grattafiori et al., 2024; Yang et al., 2025). How-038

ever, their translation performance on low-resource039

languages remains markedly inferior.(Zhu et al.,040

2024; Ochieng et al., 2025). Prior works on improv-041

ing LLMs’ translation capabilities focus primarily042

Source (English): Dr. Ehud Ur, professor of medicine at
Dalhousie University in Halifax, Nova Scotia and chair of
the clinical and scientific division of the Canadian Diabetes
Association cautioned that the research is still in its early days.

Reference (Javanese): Dr. Ehud Ur, profesor ilmu kedok-
teran ing Universitas Dalhousie ing Halifax, Nova Scotia lan
ketua divisi klinis lan ilmiah saka Asosiasi Diabetes Kanada
ngengetake menawa panaliten iku isih ing tahap wiwitan.

Over-translation (Javanese): Dr. Ehud Ur, Ketua Bagian
Klinis lan Riset Asosiasi Diabetes Kanada lan profesor ing
Sekolah Kedokteran Halifax Universitas Dalhousie, nedahake
manawa riset iki isih ana ing tahap awal lan mbutuhake penye-
lidikan sing luwih jero. MetricX: -2.00

Wrong Language (Indonesian): Dr. Ehud Ur, dosen ke-
dokteran di Universitas Dalhousie di Halifax, Nova Scotia,
dan ketua divisi klinis dan ilmiah Asosiasi Diabetes Kanada
memperingatkan bahwa penelitian ini masih dalam tahap awal.
MetricX: -0.85

Figure 1: A case from English to Javanese showing
weakness of source-based quality estimate metric (Met-
ricX, higher is better). Even though there is over-
translation and wrong candidate language, MetricX still
scores high (-5 or below is considered a major error).
RL using such a reward would amplify LLM’s failure.

on post-training strategies such as supervised fine- 043

tuning, knowledge distillation, and back-translation 044

(Li et al., 2024; Cheng et al., 2025). Despite the 045

advancements, these methods are far from effective 046

for low-resource or zero-resource languages since 047

they rely on large amounts of high-quality parallel 048

or preference data, which are scarce or unavailable 049

for those languages. 050

We consider the following problem: can we ef- 051

fectively post-train an LLM with only monolingual 052

data to improve translation performance on massive 053

languages? Reinforcement learning (RL) has been 054

applied effectively to improve standalone machine 055

translation models and LLMs (Kumar et al., 2019; 056

Yan et al., 2023; He et al., 2024; Ramos et al., 2024). 057

The general idea is using a metric model such as 058

COMET (Rei et al., 2020) or COMET-Kiwi (Rei 059

et al., 2022) to provide reward signals during RL 060

training. The former is reference-based — compar- 061
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ing LLM’s generation candidates to references —062

while the latter is source-based. Since our scenario063

only contains monolingual text from multiple lan-064

guages, we are forced to use source-based quality065

estimation (QE) models (Rei et al., 2022; Juraska066

et al., 2024).067

However, directly applying RL on LLMs with068

quality-estimation rewards presents notable weak-069

nesses. Our study shows that, although state-of-070

the-art quality estimation models achieve strong071

performance in evaluating translation quality (Fre-072

itag et al., 2024), these QEs exhibit noticeable holes073

when applied to LLM training, such as failure to074

detect over- and under-translation, and wrong lan-075

guage words. Figure 1 illustrates examples of Met-076

ricX’s inability to score major translation errors.077

Even worse, when trained with such QE rewards,078

an LLM could amplify holes in certain language079

directions, leading to reward hacking and resulting080

LLM just repeating input source sentences. Aston-081

ishingly, an QE model will give a perfect score to082

the generated repeating source when compared to083

the source utterance.084

To solve this major challenge, we develop085

WALAR, an effective reinforcement learning086

method using monolingual-only data to enhance087

a pre-trained LLM’s multilingual translation per-088

formance. Our key idea is to use a source-based089

quality estimation model as the base RL reward and090

to mitigate its holes with additional word alignment091

and language alignment scores. Word alignment092

will encourage proper coverage, not too many left093

or extra words in the candidate, compared to the094

source utterance. Language alignment will ensure095

the model is generating desired target languages.096

We integrate all these three components in group097

relative policy optimization (GRPO) training frame-098

work and post-train an LLM based on LLaMAX-099

8B (Lu et al., 2024). The outcome and our contri-100

butions are as follows:101

• We discover holes (failure modes) in widely-102

adopted QE models (xCOMET, MetricX) and ob-103

serve that LLMs trained with these QEs lead to104

reward hacking in translating certain languages.105

• We develop WALAR, a reinforcement learning106

method for post-training multilingual LLM with107

a hybrid reward to mitigate reward hacking.108

• We trained an 8B LLM using our WALAR. Our109

experiments demonstrate that our model outper-110

forms the strongest prior LLM of the same size111

in 1,400 language directions on the FLORES- 112

101 dataset. Furthermore, WALAR generalizes 113

across languages, improving the quality of mul- 114

tilingual translation even for unseen language 115

directions during training. 116

2 Related Work 117

Reinforcement Learning in Machine Transla- 118

tion Performing RL on a machine translation task 119

is not a novel idea. Feng et al. (2025) employs a 120

reference-based model as the reward in the rein- 121

forcement learning to incorporate reasoning into 122

LLMs’ translating behavior. Ramos et al. (2025) 123

leverages xCOMET as the reward model to gener- 124

ate token-level rewards, thus bringing a more fine- 125

grained feedback and offering more benefit over 126

sentence-level feedback. However, these works 127

rely heavily on reference translation data. Other ef- 128

forts have investigated the use of QE models in this 129

context. Ramos et al. (2024) explores the poten- 130

tial of using the QE model as a data filter, reward 131

model, and decoding reranker, demonstrating no- 132

table improvements in translation quality, whereas 133

He et al. (2024) adopts QE-based feedback train- 134

ing and introduces heuristic rules to penalize the 135

overoptimization problem of QE models. Despite 136

the promising results achieved by previous work, 137

whether reinforcement learning can enhance LLMs’ 138

translation abilities in low-resource languages re- 139

mains important and underexplored. Our work fur- 140

ther unleashes the power of reinforcement learning 141

for machine translation and enhances LLMs’ trans- 142

lation capabilities across more than 100 languages. 143

Multilingual LLMs Recent progress in LLMs has 144

continuously increased the supporting language 145

numbers of LLMs (Yang et al., 2025; Grattafiori 146

et al., 2024; Xu et al., 2025) and achieved promis- 147

ing results on high-resource languages (Rei et al., 148

2025; Cheng et al., 2025). But the performance 149

gap between high- and low-resource languages re- 150

mains significant (Yuan et al., 2024; Zhu et al., 151

2024). Efforts to address such a gap either focus on 152

the pre-training phase (Lu et al., 2024) or the post- 153

training phase (Rei et al., 2025; Cheng et al., 2025). 154

However, post-training methods, including instruc- 155

tion tuning and preference optimization, fail short 156

in low-resource languages due to the scarcity of 157

high-quality parallel data (Tran et al., 2020; Dang 158

et al., 2024a). WALAR offers promising poten- 159

tial to address this problem by utilizing the abun- 160

dant monolingual data in low-resource languages, 161
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"We now have 4-month-
old mice that are non-

diabetic that used to be
diabetic," he added. 
Translate the above

sentence from English to
Icelandic.

LLM

„Nú höfum við náð að rækta
fjögurra mánaða gamlar músir,
sem áður þjáðust af sykursýki,
en eftir meðferð eru þær orðnar
heilbrigðar og þjást ekki lengur

af sykursýki.“

Vi har nå fire måneder gamle
mus som ikke er diabetiske,

men som pleide å være
diabetiske, la han til.

(Norwegian)

„Við erum núna með fjögurra
mánaða gamla mýs sem eru

ekki með sykursýki en voru áður
með hana,“ bætti hann við.

-5 + 25
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QE
Word
Align

-4 + 25
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-25

Lang
Align

Lang
Align

QE
Word
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Word
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Figure 2: Illustration of WALAR. On each step, the LLM is prompted to translate one monolingual sentence into
another language with several different rollouts. Each output will then be evaluated by language alignment, quality
estimation, and word alignment. Finally, the LLM is trained using GRPO with the reward on the previous step
iteratively.

thereby incentivizing LLMs’ translation capabili-162

ties solely with monolingual data.163

3 Proposed WALAR Method164

In this section, we introduce the overall reinforce-165

ment training framework and our specially de-166

signed reward to mitigate hacking issues brought167

by translation quality estimation metrics.168

3.1 Problem Formulation169

Let a source-language sentence be represented as170

a sequence of tokens x = (x1, x2, . . . , xm) ∈ Lm
src,171

where Lsrc denotes the source-language vocabulary172

and m is the sequence length. A translation model173

(e.g., LLM) captures the conditional distribution of174

a target-language token sequence given the source175

sentence,176

πθ(y | x) =
n∏

t=1

πθ(yt | y<t, x), (1)177

where y = (y1, . . . , yn), yt ∈ Ltgt, Ltgt denotes178

the target-language vocabulary, n is the target se-179

quence length, and θ are the model parameters. We180

start from a pre-trained LLM and continually train181

it with only source text (x’s) in multiple languages182

using reinforcement learning (e.g., GRPO). It opti-183

mizes the following objective:184

argmaxJ (θ) = Ey∼πθ(·|x)[R(x, y)] (2)185

where y is sampled from prior model θ and R is a186

carefully designed reward. GRPO uses a slightly187

more sophisticated reward with an advantage func-188

tion, which will be presented later.189

3.2 WALAR Reward 190

Our reward comprises three components: a base 191

quality estimation model, word alignment score, 192

and language alignment score. We first detail each 193

component and then describe how they are inte- 194

grated into a unified reward. 195

Quality Estimation score. To effectively evalu- 196

ate the translation given only the source sentence, 197

we use MetricX-24-Hybrid-XXL-Bf161 (MetricX; 198

Juraska et al. 2024), the state-of-the-art quality esti- 199

mation metric in WMT24 Metric Shared Task (Fre- 200

itag et al. 2024). Remarkably, MetricX supports 201

both source-based and reference-based evaluation 202

as a hybrid model, achieving the highest consis- 203

tency with human ratings. Besides, since MetricX 204

is further finetuned from mT5 (Xue et al. 2021), 205

which is pretrained on mC4 and covers 101 lan- 206

guages, it can provide reliable evaluations even for 207

translations into low-resource languages. 208

We define the QE reward rqe using MetricX as 209

rqe(x, y) = MetricX(x, y), (3) 210

where the source sentence x and LLM’s gener- 211

ated hypothesis y are concatenated with a sepa- 212

rating space token and provided as input to the 213

MetricX model to produce a scalar reward score 214

rqe(x, y) ∈ [−25, 0], following the MQM anno- 215

tation guidelines (Juraska et al., 2024). However, 216

using QE alone in RL would lead to reward hack- 217

ing issues as we illustrated in Figure 1, since QE 218

may assign high rewards to degenerate hypotheses. 219

1https://huggingface.co/google/metricx-24-hybrid-xxl-
v2p6-bfloat16
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Word Alignment Score. To address this reward220

hacking, we incorporate a word-alignment–based221

score that evaluates whether all words are prop-222

erly covered in the target sentence and no extra223

information is introduced by LLM’s hallucination.224

Formally, a word aligner identifies a set of align-225

ment pairs226

WA = {(xi, yj) | xi ∈ x, yj ∈ y,Sim(xi, yi) > c},
(4)227

where each pair (xi, yj) ∈ WA indicates that the228

source token xi and the target token yj are seman-229

tically similar within the sentence context and Sim230

indicates semantic similarity.231

We use the embedding-based approach from232

Dou and Neubig (2021) to calculate similarity233

and construct aligned word pairs in source-target234

utterances. Specifically, we first calculate the235

word embeddings hx = ⟨hx1 , . . . , hxm⟩ and hy =236

⟨hy1 , . . . , hyn⟩ for x and y using an embedding237

model’s hidden state. Then, we compute the238

similarity matrix through dot product Simxy =239

Softmax(hxh
T
y ). We construct WA by taking the240

intersection: WA = {(xi, yj) | Simxy(xi, yj) >241

c and Simyx(yj , xi) > c}, where c is a threshold242

set to 1e-3. To ensure robustness in low-resource243

languages, we leverage BGE-M3, a strong mul-244

tilingual embedding model supporting over 100245

languages (Chen et al., 2024), and extract word246

embeddings from its 24th layer.247

Based on the constructed word alignments, we248

define the word-alignment score rwa as the F1249

score:250

rwa(x, y) = 2 · P (x, y) ·R(x, y)

P (x, y) +R(x, y)
, (5)251

where P (x, y) = |WA|
n and R(x, y) = |WA|

m denote252

alignment precision and recall, respectively. This253

formulation penalizes both over-translation (which254

reduces precision) and under-translation (which255

reduces recall), thereby mitigating reward hacking256

effects induced by QE-based rewards.257

Language Alignment. Since both QE models258

and word alignment models are language-agnostic,259

LLMs can still hack theses scores by generating260

translations in an unintended language (see Sec-261

tion 5.1). To mitigate this issue, we introduce a262

language alignment score that verifies whether the263

generated translation matches the desired target lan-264

guage and only assigns a positive reward when the265

languages are as expected.266

We adopt GlotLID (Kargaran et al., 2023), a 267

strong language identification model supporting 268

over 1,600 languages, to detect the language of the 269

LLM-generated translation. However, word align- 270

ment may assign disproportionately high scores 271

when the translation copies words from the source 272

sentence, which can lead to code-switching out- 273

puts after training. In our preliminary experiments, 274

we find that GlotLID alone struggles to reliably 275

identify such code-switching translations. 276

To address this limitation, we further incorpo- 277

rate MaskLID (Kargaran et al., 2024), a language 278

identification method designed for code-switching 279

scenarios. Specifically, we first apply MaskLID to 280

detect code-switching segments in the generated 281

translation. We then mask tokens belonging to 282

these segments to obtain a filtered target sentence 283

y′. Finally, we feed the masked sentence pair (x, y′) 284

into GlotLID to compute the language-alignment 285

reward rla = I(Lang_detect(y) = tgt), where 286

Lang_detect(·) is the language detection function, 287

tgt denotes the desired target language. This en- 288

courages the model to generate translations fully in 289

the intended target language. 290

Overall Reward. We define the overall WALAR 291

reward function as 292

r(x, y) =


−25, if rla = 0

rqe(x, y)

+ α · rwa(x, y′),
if rla = 1

(6) 293

where y′ denotes the masked translation produced 294

by the code-switching detector, and α is a scal- 295

ing hyperparameter. We set α = 25 to match the 296

dynamic range of the word-alignment reward rwa 297

with that of the QE reward rqe. 298

3.3 RL Training 299

We adopt Group Relative Policy Optimization 300

(GRPO; Shao et al. 2024) as our RL algorithm 301

to train the model with our WALAR reward, as 302

shown in Eq 7. 303

JGRPO(θ) = Ex∼D, {y(k)}Gk=1∼πθold
(·|x)[

1

G

G∑
k=1

min
( πθ(y

(k) | x)
πθold(y

(k) | x)
Ak,

clip

(
πθ(y

(k) | x)
πθold(y

(k) | x)
, 1− ε, 1 + ε

)
Ak

)
− β DKL

(
πθ
∥∥πref)

]
,

(7) 304
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DKL(πθ∥πref) =
πref(y

(k)|x)
πθ(y(k)|x)

−log
πref(y

(k)|x)
πθ(y(k)|x)

−1

(8)305

Specifically, for a query x sampled from a306

monolingual dataset D, we first append a sys-307

tem prompt (“translating from language src to308

tgt”) to x. Then GRPO rolls out G candidate se-309

quences {y(1), y(2), . . . , y(G)} at each step with310

old policy LLM πθold . For each sequence, we311

extract the translation outputs (for simplicity, we312

slightly abuse x and y notations for modified in-313

put without and extracted translation from output).314

For each output y(k), we compute the advantage315

Ak = r(x,y(k))−mean({r(x,y(1)),r(x,y(2)),...,r(x,y(G))})
std(r(x,y(1)),r(x,y(2)),...,r(x,y(G)))

316

with WALAR reward.317

The hyperparameters ϵ and β control the GRPO318

clipping threshold and the weight of the Kull-319

back–Leibler (KL) divergence penalty, respectively,320

in Eq 8.321

4 Implementation and Experiments322

4.1 Experimental Setup323

Data. Our monolingual training dataset is built324

upon the WMT News Crawl dataset (Kocmi et al.,325

2024), using 22 source languages2. To effectively326

train the models, we first evaluate their perfor-327

mance with all these 22 languages as the source328

and all remaining languages in FLORES-101 as329

the target. Then, we select language directions for330

which the sentence piece BLEU (spBLEU; Goyal331

et al. 2022) score is between 1 and 20. Finally, for332

each selected language direction, we sample 2,000333

instances and train all directions concurrently. In334

this way, we can avoid training models on language335

directions that are either too easy or too hard for336

them to translate, thus ensuring the effectiveness of337

our training process. To ensure the quality of our338

training data, we adopt Named Entity Recognition339

(NER) and length clipping to filter out low-quality340

monolingual data. We also conduct data decontam-341

ination to avoid potential data leakage, following342

the approach in Kocyigit et al. 2025. For detailed343

information, please refer to Appendix A and F.344

Models and training details. Our implementation345

of WALAR is based on OpenRLHF3 framework.346

2The source languages include: Arabic, Bengali, Bulgar-
ian, Croatian, German, English, Finnish, French, Hindi, Hun-
garian, Indonesian, Italian, Icelandic, Macedonian, Dutch,
Polish, Portuguese, Romanian, Russian, Spanish, Turkish,
Ukrainian, Simple Chinese.

3https://github.com/OpenRLHF/OpenRLHF

During the training stage, we set the training batch 347

size to 1024 and the micro-batch size to 16. For 348

the GRPO algorithm, we set the rollout numbers 349

to 8, the temperature to 1, the PPO clipping range 350

ϵ to 0.2, and the KL penalty coefficient β to 0.01. 351

We also adopt warm-up training with the learning 352

rate peaking at 5e-7. All the models are trained on 353

5 NVIDIA A6000 GPUs. 354

We finetune LLaMAX3-8B-Alpaca (Lu et al., 355

2024) with WALAR and also report results for 356

all the following baseline models. All baseline 357

models are strong multilingual models, including 358

encoder-decoder models and LLM-based Decoder- 359

only models: 360

• NLLB-200-1.3B (Team et al., 2022): An 361

encoder-decoder model supports translations for 362

more than 200 languages, allowing single sen- 363

tence translation. 364

• Hunyuan-MT-7B (Zheng et al., 2025): A mul- 365

tilingual translation model supporting bidirec- 366

tional translation across 33 major languages. 367

• Tower-Plus-9B (Rei et al., 2025): A strong mul- 368

tilingual model built on top of Gemma 2 9B 369

through extensive pre-training and post-training, 370

covering 22 languages in total. 371

• Aya-Expanse-8B (Dang et al., 2024b): A highly 372

advanced multilingual model in Aya Expanse 373

family supporting 23 major languages. 374

• LLaMAX3-8B-Alpaca (Lu et al., 2024): A 375

strong translation-specialized LLM supporting 376

more than 100 languages. 377

Evaluation method. We evaluate all models on 378

the FLORES-101 (Goyal et al., 2022) test set us- 379

ing the BenchMAX evaluation suite (Huang et al., 380

2025), and report results for seven representative 381

languages, covering over 1400 language directions 382

in total. We use XCOMET-XL4 (Guerreiro et al., 383

2024) and MetricX-24-Hybrid-XXL-Bf16 (Juraska 384

et al., 2024) to evaluate the translation quality of 385

the models. These two models share the first-place 386

performance in the WMT24 metrics shared task 387

(Kocmi et al., 2024) and outperform lexical met- 388

rics like BLEU (Papineni et al., 2002) by a large 389

margin. Both models are used in reference-based 390

mode, with the source sentence, translation, and 391

reference provided as inputs to ensure accuracy 392

during evaluation. Further details can be found in 393

Appendix B. 394

4https://huggingface.co/Unbabel/XCOMET-XL
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x → en x → ar x → tr x → hi x → ru x → zh x → sw
MetricX xCOMET MetricX xCOMET MetricX xCOMET MetricX xCOMET MetricX xCOMET MetricX xCOMET MetricX xCOMET

Encoder-Decoder Models

NLLB-200-1.3B -4.03 90.24 -4.89 74.70 -7.81 73.39 -5.45 63.90 -5.47 81.89 -6.24 68.40 -5.66 66.85

LLM based Decoder-Only Models

Hunyuan-MT-7B -10.16 57.83 -15.46 41.21 -14.06 50.00 -14.77 37.22 -13.12 51.99 -8.40 55.84 -16.20 33.18
Tower-Plus-9B -6.12 82.13 -11.70 46.10 -12.74 55.73 -7.21 58.37 -7.19 77.23 -5.52 69.70 -17.85 28.30
Aya-Expanse-8B -9.21 71.01 -11.61 57.90 -14.61 53.97 -10.53 47.90 -10.66 66.14 -8.97 59.68 -23.35 21.17

LLaMAX3-8B-Alpaca -4.10 88.84 -6.19 67.87 -9.50 65.80 -6.57 54.53 -5.50 80.57 -4.63 71.55 -8.43 57.04
+WALAR -3.65 90.31 -5.45 68.48 -7.06 72.67 -5.65 56.05 -5.01 81.18 -4.20 71.30 -6.31 61.51

en → x ar → x tr → x hi → x ru → x zh → x sw → x
MetricX xCOMET MetricX xCOMET MetricX xCOMET MetricX xCOMET MetricX xCOMET MetricX xCOMET MetricX xCOMET

Encoder-Decoder Models

NLLB-200-1.3B -6.04 80.04 -3.21 80.25 -4.40 79.97 -2.27 79.67 -3.54 84.77 -2.80 84.16 -5.31 68.53

LLM based Decoder-Only Models

Hunyuan-MT-7B -5.42 77.43 -12.12 52.23 -13.10 51.17 -16.58 36.47 -8.64 68.86 -5.06 72.24 -12.27 41.50
Tower-Plus-9B -9.39 65.84 -11.30 54.21 -10.72 57.57 -9.88 59.80 -10.66 61.89 -9.53 60.82 -13.49 43.66
Aya-Expanse-8B -12.83 53.80 -13.25 49.10 -13.62 49.23 -12.23 48.39 -13.25 51.68 -12.68 51.76 -19.89 26.69

LLaMAX3-8B-Alpaca -7.12 71.68 -7.14 64.02 -7.37 65.90 -6.35 63.95 -6.70 69.98 -6.45 67.90 -7.90 56.71
+WALAR -4.94 76.85 -5.09 68.37 -5.14 70.54 -4.68 67.38 -4.81 74.46 -4.29 72.59 -5.76 60.07

Table 1: Translation performance of strong multilingual LLMs and encoder-decoder models on the FLORES-101
devtest set, with results for 7 representative languages shown in the table. Ours delivers the best performance on
28 of the 28 reported metrics. In this table, "x" denotes all languages in FLORES-101 supported by XComet and
MetricX, excluding the source and target languages in each translation direction. The best results in LLM-based
Decoder-only models are bolded for clarity.

Directions LLaMAX3-8B WALAR

en→x 54.87 62.14
ar→x 55.72 63.88
tr→x 55.06 63.67
hi→x 56.99 63.69
ru→x 58.87 65.39
zh→x 57.66 66.24
sw→x 52.36 60.07

Avg 55.93 63.58

Table 2: Evaluation results for models using LLM-as-
Judge by Gemini-3-flash. Best results are bolded for
clarity.

4.2 Main Results395

WALAR improves LLM translation quality by a396

large margin. As shown in Table 1, we evaluate all397

models on the FLORES-101 benchmark and report398

xCOMET and MetricX scores over 1400 language399

directions. Comparing LLaMAX3 before and af-400

ter training with WALAR, we observe consistent401

improvements across all metrics and evaluated di-402

rections.403

Notably, WALAR yields substantial gains for404

both English-centric and low-resource–centric405

translation. For example, in Swahili-X translation,406

the xCOMET score increases from 56.71 to 60.07,407

while English-X translation improves from 71.68408

to 76.85. These significant improvements demon-409

strate the effectiveness of WALAR, particularly for410

low-resource language directions.411

Furthermore, when compared with other strong412

LLM-based decoder-only multilingual models, our413

model trained with WALAR achieves the best per-414

formance across all reported language directions . 415

Moreover, our model demonstrates strong ability 416

in X-English and performs better than NLLB-200- 417

1.3B in this direction. 418

WALAR improves translation under LLM-as- 419

a-Judge. To verify that WALAR improves actual 420

translation quality rather than merely optimizing 421

the neural metrics such as MetricX, we addition- 422

ally evaluate translations using an LLM-as-a-Judge 423

method. Specifically, we adopt Gemini 3 Flash 424

as the judge model, motivated by the Gemini fam- 425

ily’s first-place performance in the WMT25 met- 426

rics shared task (Lavie et al., 2025). Our evalu- 427

ation prompt follows the ESA-style format used 428

in WMT25, augmented with reference translations 429

to enable reference-based assessment. The full 430

prompt is provided in Appendix C. 431

As shown in Table 2, we evaluate LLaMAX3- 432

8B-Alpaca and its WALAR-trained counterpart on 433

seven representative languages, covering over 700 434

language directions. Models trained with WALAR 435

consistently outperform their baseline counterparts 436

across all evaluated directions, increasing the aver- 437

age score from 55.93 to 63.58. Notably, the scores 438

achieved by WALAR-trained models are close to 439

66 across language directions, corresponding to 440

translations with only minor issues according to the 441

judging rubric. These results further corroborate 442

the substantial translation quality improvements 443

brought by WALAR. 444

WALAR improves language consistency in 445

translation. To systematically assess an LLM’s 446

ability to generate translations in the desired tar- 447
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Prompt: USA Gymnastics and the USOC have the same goal — making the sport of gymnastics, and others, as safe as possible
for athletes to follow their dreams in a safe, positive and empowered environment. Translate it from English to Chinese.

Error Model Output MetricX xCOMET

Self-
generated
Refer-
ence

Hypothsis: 美国体育运动协会和美国体育监督机构有着共同的目标，即确保体育
运动项目的安全性，以帮助运动员们实现自己的梦想，并创造一个安全、积极、
充满正能量的环境\n中文翻译：\n美国体育运动协会和美国体育监督机构有着共同
的目标，即确保体育运动项目的安全性，以帮助运动员们实现自己的梦想，并创
造一个安全、积极、充满正能量的环境。

-2.91 89.97

Non-
Translation

Hypothesis: USA Gymnastics and the USOC share the same goal. Their objective is to
ensure that gymnastics and other sports are as safe as possible for athletes to pursue their
dreams in a positive and empowering environment.

-3.08 99.19

Under-
Translation

Hypothesis: 美国体操协会和美国奥委会有相同的目标——让运动员在安全、积极
和赋权的环境中追求他们的梦想。 (Missing part: making the sport of gymnastics, and
others)

-1.82 89.00

Wrong
Language

Hypothesis: 미국체조대표팀과 USOC는같은목표를가지고있습니다. 선수들이
안전하고긍정적이며격려받는환경에서꿈을좇을수있도록체조등의스포츠를
가능한한안전하게만드는것입니다.

-2.36 97.90

Table 3: Holes of source-based quality estimation metrics. RL training using these metrics will amplify the holes in
LLMs.

en x

sw x

tr x

hi xzh x

ar x

ru x

0.5
0.6
0.7
0.8
0.9
1.0

x en

x sw

x tr

x hix zh

x ar

x ru

0.5
0.6
0.7
0.8
0.9
1.0

WALAR
LLaMAX

Aya-Expanse Tower-plus

Figure 3: LCR on language directions. WALAR im-
proves LLMs’ translation into desired target languages.

get language, we define the Language Consistency448

Rate (LCR) as449

LCR =
#{Lang(y) = tgt}

#test data
,450

which measures the proportion of test instances451

whose outputs are identified as being in the correct452

target language. We report LCR for all language453

directions covered in Table 1, using GlotLID (Kar-454

garan et al., 2023) as the language identification455

model.456

Figure 3 presents the LCR results for four457

different decoder-only models. Training with458

WALAR consistently improves language consis-459

tency across all evaluated language directions on460

average. Among the four models, LLaMAX trained461

with WALAR achieves the highest LCR across all462

language directions. The improvement is particu-463

larly pronounced for low-resource target languages464

such as Swahili, where LCR increases from 83% to465

nearly 100%. Full results are reported in Table 6.466

5 Analysis 467

In this section, we present the analysis of WALAR 468

and illustrate the holes of current neural machine 469

translation metrics. 470

5.1 Holes in Machine Translation Metrics 471

During training, we observe that models can ex- 472

ploit weaknesses in the reward signal when the 473

reward itself is unreliable. Table 3 summarizes 474

the error types encountered during training. In 475

particular, models trained solely with QE-based 476

rewards exhibit several failure modes, including 477

self-generated references, non-translation, over- 478

translation, under-translation, and wrong language 479

translation. 480

Self-generated reference refers to a failure mode 481

in which the model learns to repeat its own hypoth- 482

esis translation, causing the input to the QE model 483

to take the form (source, hypothesis, hypothesis). 484

This effectively tricks the QE model into treating 485

the repeated hypothesis as a reference, activating 486

its reference-based evaluation mode and yielding a 487

high score. We attribute this behavior to the hybrid 488

design of MetricX and xCOMET: during training, 489

both models are optimized to support both source- 490

based and reference-based evaluation by concate- 491

nating hypothesis translations and references into a 492

single input. 493

Non-translation occurs when the model sim- 494

ply paraphrases the source sentence rather than 495

producing a translation. Wrong language transla- 496

tion arises when the model generates output in a 497

language different from the one specified in the 498
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Figure 4: Human evaluation results on Az-Pt and En-
Kn.

prompt. In addition, models may exhibit over-499

translation or under-translation, producing outputs500

that contain redundant content or omit essential501

information.502

Several of these failure modes are consistent503

with prior observations in the literature (He et al.,504

2024; Yan et al., 2023). These errors reveal in-505

herent limitations in current state-of-the-art ma-506

chine translation metrics and our WALAR is ro-507

bust to such errors. Specifically, word alignment508

mitigates self-generated reference, over-translation,509

and under-translation, while language alignment510

prevents non-translation and wrong language trans-511

lation. More cases are shown in Appendix D.512

5.2 Human Evaluation513

As discussed in Section 5.1, reference-based evalu-514

ation models can be exploited by imperfect transla-515

tions. To provide a more comprehensive evaluation516

beyond Gemini-based LLM-as-a-Judge on previ-517

ous results, we conduct human evaluations on Azer-518

baijani–Portuguese (Az–Pt) and English–Kannada519

(En–Kn) translation tasks.520

For each test instance, human annotators are521

presented with two translations, one generated by522

LLaMAX3 and the other by our WALAR-trained523

model, in a randomly permuted order. Annotators524

are asked to choose one of three options: (1) Trans-525

lation 1 is better, (2) Translation 2 is better, or (3)526

Translation 1 and Translation 2 are of equal qual-527

ity. We aggregate the annotations to compute win,528

loss, and tie rates. Additional details regarding the529

evaluation protocol are provided in Appendix E.530

Figure 4 summarizes the human evaluation re-531

sults. Our model is preferred in 50% of the cases532

for Az–Pt and 54% for En–Kn, while producing533

translations of comparable quality in 14% and 24%534

of the cases, respectively. These results further cor-535

roborate the effectiveness of WALAR in improving536

translation quality, particularly for low-resource537

En X (seen)
En X (unseen)

Ar X (seen)
Ar X (unseen)

Zh X (seen)
Zh X (unseen)

50

60

70

80

xC
O

M
ET

54.6

76.4

55.6

71.7
67.5

70.8

63.1

80.9

61.8

74.7 72.5
74.9

LLaMAX3-Alpaca WALAR

Figure 5: Cross-lingual generalization on unseen tar-
get languages. X denotes languages in FLORES-101.
LLaMAX3-Alpaca, trained with WALAR, demon-
strates strong generalization across unseen languages.

language pairs. 538

5.3 Generalization of WALAR 539

Despite the substantial improvements observed on 540

FLORES-101 (Table 1), an important question re- 541

mains: can WALAR improve translation quality 542

for unseen language directions when only mono- 543

lingual data are available during training? To ad- 544

dress this question, we evaluate LLaMAX3 and 545

its WALAR-trained counterpart on 300 language 546

directions ({En, Ar, Zh}→x), and report results 547

separately for seen and unseen target languages. 548

As shown in Figure 5, WALAR yields consistent 549

gains on language directions observed during train- 550

ing, while also demonstrating strong cross-lingual 551

generalization to unseen target languages. These 552

results indicate that the improvements induced by 553

WALAR can transfer beyond the training language 554

set, potentially reducing the amount of parallel data 555

and the number of language directions required to 556

train large-scale multilingual models. 557

6 Conclusion 558

In conclusion, we present WALAR, a reinforce- 559

ment training method that integrates quality esti- 560

mation, word alignment, and language alignment 561

as a reward to enhance LLM’s translation ability in 562

low-resource languages. Extensive experiments on 563

FLORES-101 across 100 languages and over 1400 564

language directions show that WALAR enables 565

LLMs to achieve substantial improvements on 566

translation quality and language consistency. Our 567

results on LLM-as-a-Judge and human evaluation 568

further corroborate the effectiveness of WALAR. 569

Finally, our analysis demonstrates the underex- 570

plored holes in current machine translation met- 571

rics and the generalization of WALAR to unseen 572

languages during training. 573
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Limitations574

Despite the promising improvement we achieve575

in translating low-resource languages, our method576

cannot be applied to languages that are unsup-577

ported by either QE models or embedding models.578

Although state-of-the-art QE models now cover579

more than 100 languages, their performance on580

low-resource languages remains weaker than on581

high-resource languages. This discrepancy will582

hinder further improvement in low-resource lan-583

guage translation. Additionally, word alignment584

relies on a tokenizer for non-segmented languages585

(e.g., Chinese, Japanese). For many low-resource586

languages, such tokenizers are either unavailable587

or unreliable, limiting the applicability of our ap-588

proach.589
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A Data Curation1112

We collect all our monolingual data from the WMT1113

News Crawl dataset (Kocmi et al., 2024), then per-1114

form data decontamination and data filtering for1115

the source languages. Our data filtering process1116

consists of two steps: length-based filtering and1117

NER-based filtering.1118

Data Decontamination We follow the method1119

in Kocyigit et al. (2025) and implement an 8-gram1120

search to find matches between our monolingual1121

training dataset and FLORES-101 devtest data in1122

corresponding languages. We tokenize the sen-1123

tences into sub-word tokens and label the data as1124

contaminated if the longest matching sub-sequence1125

matches more than 70% of the target tokens in1126

FLORES-101 devtest.1127

Length-based Filtering We directly use the1128

tokenizer of LLaMAX3-8B-Alpaca to process1129

FLORES-101. Then, based on the token length1130

distributions in each language, we empirically de-1131

termine lower and upper thresholds and retain only1132

data that falls within these ranges. The specific1133

thresholds for each language are reported in Ta-1134

ble 4.1135

NER-based Filtering We adopt language-1136

specific NER models for four languages: English,1137

Arabic, Hindi and Turkish. Specifically, we1138

use spaCy model en_core_web_sm for English,1139

IndicNER for Hindi (Mhaske et al., 2023), the1140

CAMeLBERT MSA NER Model for Arabic1141

(Inoue et al., 2021) and the Bert-base-turkish-cased1142

model5 for Turkish. Named entities identified by1143

these models are subsequently tokenized using the1144

tokenizer. We then exclude samples where named1145

entities constitute more than 60% of the total token1146

length.1147

B Evaluation Details1148

We use the BenchMAX evaluation suite for all the1149

models and language directions. The decoding1150

strategy is greedy decoding. For LLaMAX3-8B-1151

Alpaca, both evaluation and training employ the1152

prompt described in the original work to maintain1153

consistency. The full prompt template is provided1154

below.1155

5https://huggingface.co/akdeniz27/bert-base-turkish-
cased-ner

Language Length Threshold
Arabic [20, 80]
Bengali [50, 250]

Bulgarian [20, 140]
Chinese [10, 150]
Czech [20, 120]
Dutch [20, 100]

English [10, 50]
Finnish [20, 100]
French [10, 120]
German [20, 90]
Hindi [50, 230]

Hungarian [20, 120]
Icelandic [20, 110]

Indonesian [10, 100]
Italian [20, 100]

Macedonian [30, 120]
Polish [20, 100]

Portuguese [20, 100]
Romanian [20, 100]
Russian [30, 180]
Spanish [10, 100]
Turkish [20, 80]

Ukrainian [20, 150]

Table 4: The length range we adopt for different lan-
guages.
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Template for LLaMAX

User: Below is an instruction that describes
a task, paired with an input that provides
further context.
Write a response that appropriately com-
pletes the request.
### Instruction:
Translate the following sentences from
{src_lang} to {tgt_lang}.
### Input:
{src_text}
### Response:
Assistant:

1156

C LLM-as-Judge Prompt1157

In Table 2, we use LLM-as-Judge to evaluate the1158

translation quality of different models. We adopt1159

the ESA-like prompt from Lavie et al. 2025 and1160

add a human reference in the prompt to further1161

improve the evaluation accuracy of LLM-as-Judge.1162

LLM-as-Judge Prompt

Score the following translation from
{source_lang} to {target_lang} with respect
to the human reference on a scale from 0 to
100, where a score of 0 means a broken or
poor translation; 33 indicates a flawed trans-
lation with significant issues; 66 indicates
a good translation with only minor issues
in grammar, fluency, or consistency; and
100 represents a perfect translation in both
meaning and grammar. Answer with only a
whole number representing the score, and
nothing else.
{source_lang} source text:
{source_seg}
{target_lang} reference:
{reference_seg}
{target_lang} translation:
{target_seg}

1163

D Cases of holes in Machine Translation1164

Quality Estimation Metrics1165

More failure cases of MetricX are shown in Fig-1166

ure 7 and Figure 8. Figure 7 shows English to1167

Spanish direction. Figure 8 shows English to Pol-1168

ish direction. Together, these show the holes in QE1169

are versatile and lead to reward hacking in LLM’s1170

RL training.1171

E Human Evaluation 1172

We hired native speakers in the university lab to 1173

serve as human annotators and compensated them 1174

at the U.S. minimum wage. We provide the screen- 1175

shot of our annotation page in Figure 6. 1176

F Training Languages 1177

In total, our training dataset covers 22 source lan- 1178

guages (Arabic, Bengali, Bulgarian, Croatian, Ger- 1179

man, English, Finnish, French, Hindi, Hungarian, 1180

Indonesian, Italian, Icelandic, Macedonian, Dutch, 1181

Polish, Portuguese, Romanian, Russian, Spanish, 1182

Turkish, Ukrainian, Simple Chinese.) and 1,038 1183

language directions. For each direction, we sample 1184

2,000 instances and train all language directions 1185

concurrently. This makes our training dataset con- 1186

sist of 2,076,000 monolingual sentences in total. 1187

All training language directions are shown in Ta- 1188

ble 5. 1189

G Used Scientific Artifacts 1190

Below are the scientific artifacts we’ve used in our 1191

paper. For the sake of ethics, we ensure all usages 1192

comply with their license. 1193

• OpenRLHF (Apache-2.0 license), an open- 1194

source RLHF framework that integrates high 1195

performance with simple usage, aiming to 1196

streamline the training process and enhance 1197

the accessibility of RLHF methods. 1198

• spaCy (MIT license), a library for advanced 1199

Natural Language Processing in Python and 1200

Cython, build on the very latest research, and 1201

was designed to be used in real products. 1202

• vLLM (Apache-2.0 license), a fast and easy- 1203

to-use library optimized specifically for LLM 1204

inference and serving. 1205

• Transformers (Apache-2.0 license), a model- 1206

definition framework focusing on machine 1207

learning models for both inference and train- 1208

ing. 1209
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Source Target Languages
ara amh, asm, bel, est, fin, guj, hau, hun, hye, ibo, isl, jav, kat, kaz, kan, kor, kir, ltz, lit, mri, mal, mon, mar, nob, ory, pan, pol, pus, snd, slv, sna, som,

srp, swh, tam, tur, urd, uzb, xho, yor, zul
ben afr, amh, ara, hye, azj, bel, bul, ceb, zho_simpl, ces, dan, nld, est, tgl, fin, glg, kat, deu, ell, hau, heb, hun, isl, ibo, gle, ita, jav, kan, kaz, kir, lav, lit,

ltz, msa, mal, mri, mar, mon, nob, npi, pus, fas, pol, rus, srp, sna, snd, slk, slv, som, spa, swh, swe, tgk, tam, tur, ukr, urd, uzb, cym, xho, yor, zul
bul amh, ara, azj, bel, ben, ceb, zho_simpl, est, fin, guj, hau, hun, isl, ibo, gle, jav, kan, kaz, kir, ltz, mal, mri, mar, mon, npi, pus, pan, srp, sna, snd,

som, tam, tur, urd, uzb, xho, yor, zul
ces amh, ara, azj, bel, ben, ceb, zho_simpl, est, fin, guj, hau, hun, isl, ibo, gle, jav, kan, kaz, kir, ltz, mal, mri, mar, mon, npi, pus, pan, srp, sna, snd,

som, swh, tam, tur, urd, uzb, xho, yor, zul
deu amh, ara, azj, bel, ben, ceb, est, guj, hau, isl, ibo, gle, jav, kan, kaz, kir, lav, lit, mal, mri, mar, mon, npi, pus, pan, srp, sna, snd, som, swh, tam, tur,

urd, uzb, xho, yor, zul
eng amh, asm, bel, hau, ibo, jav, mri, mon, mya, nso, ory, pus, snd, sna, som, srp, urd, uzb, xho, yor, zul
fin amh, ara, azj, bel, ben, ceb, zho_simpl, est, tgl, kat, ell, guj, hau, heb, hin, hun, isl, ibo, gle, jav, kan, kaz, kir, lav, lit, ltz, msa, mal, mri, mar, mon,

nob, npi, pus, fas, pol, pan, srp, sna, snd, slk, slv, som, swh, tgk, tam, tel, tur, urd, uzb, xho, yor, zul
fra amh, ara, azj, bel, ben, ceb, est, fin, guj, hau, isl, ibo, jav, kan, kaz, kir, ltz, mal, mri, mar, mon, npi, pus, pan, srp, sna, snd, som, tam, tur, urd,

uzb, xho, yor, zul
hin amh, ara, azj, bel, ceb, zho_simpl, ces, nld, est, tgl, fin, kat, ell, hau, heb, hun, isl, ibo, gle, ita, jav, kan, kaz, kir, lav, lit, ltz, mal, mri, mar, mon,

nob, pus, fas, pol, srp, sna, snd, slk, slv, som, spa, swh, tgk, tam, tur, ukr, uzb, xho, yor, zul
hun amh, ara, azj, bel, ben, ceb, zho_simpl, est, tgl, fin, kat, ell, guj, hau, isl, ibo, gle, jav, kan, kaz, kir, lav, lit, ltz, mal, mri, mar, mon, nob, npi, pus,

fas, pol, pan, srp, sna, snd, slk, slv, som, swh, tgk, tam, tel, tur, urd, uzb, cym, xho, yor, zul
ind amh, ara, azj, bel, ceb, zho_simpl, est, fin, kat, guj, hau, hun, isl, ibo, kan, kaz, kir, lav, lit, ltz, mal, mri, mar, mon, npi, pus, pol, pan, srp, sna,

snd, slv, som, tam, tur, urd, uzb, xho, yor, zul
ita amh, ara, azj, bel, ben, ceb, zho_simpl, est, fin, kat, guj, hau, hun, isl, ibo, gle, jav, kan, kaz, kir, lav, lit, ltz, mal, mri, mar, mon, npi, pus, fas, pol,

pan, srp, sna, snd, slv, som, swh, tam, tel, tur, urd, uzb, xho, yor, zul
isl amh, ara, hye, azj, bel, ben, ceb, zho_simpl, ces, est, tgl, fin, kat, ell, guj, hau, heb, hin, hun, ibo, gle, jav, kan, kaz, kir, lav, lit, ltz, msa, mal, mri,

mar, mon, nob, npi, pus, fas, pol, pan, srp, sna, snd, slk, slv, som, spa, swh, tgk, tam, tel, tur, ukr, urd, uzb, xho, yor, zul
mkd amh, ara, azj, bel, ben, ceb, est, fin, guj, hau, hun, isl, ibo, jav, kan, kaz, kir, ltz, mal, mri, mar, mon, npi, pus, pan, srp, sna, snd, som, swh, tam,

tur, urd, uzb, xho, yor, zul
nld amh, ara, azj, bel, ben, ceb, zho_simpl, est, tgl, fin, kat, ell, guj, hau, heb, hun, isl, ibo, gle, jav, kan, kaz, kir, lav, lit, ltz, mal, mri, mar, mon, npi,

pus, fas, pol, pan, srp, sna, snd, slk, slv, som, swh, tgk, tam, tur, urd, uzb, xho, yor, zul
pol amh, ara, azj, bel, ben, ceb, zho_simpl, est, tgl, fin, kat, ell, guj, hau, heb, hin, hun, isl, ibo, gle, jav, kan, kaz, kir, lav, lit, ltz, mal, mri, mar, mon,

nob, npi, pus, fas, pan, srp, sna, snd, slv, som, swh, tgk, tam, tel, tur, urd, uzb, cym, xho, yor, zul
por amh, ara, azj, bel, ben, ceb, est, fin, hau, isl, ibo, jav, kan, kaz, kir, ltz, mal, mri, mar, mon, npi, pus, pan, srp, sna, snd, som, tam, tur, urd, uzb,

xho, yor, zul
ron amh, ara, azj, bel, ben, ceb, zho_simpl, est, fin, guj, hau, isl, ibo, jav, kan, kaz, kir, lit, ltz, mal, mri, mar, mon, npi, pus, pan, srp, sna, snd, som,

tam, tur, urd, uzb, xho, yor, zul
rus amh, ara, azj, ben, ceb, zho_simpl, est, fin, guj, hau, hun, isl, ibo, gle, jav, kan, kaz, kir, ltz, mal, mri, mar, mon, nob, npi, pus, pan, srp, sna, snd,

som, swh, tam, tel, tur, urd, uzb, xho, yor, zul
spa amh, ara, asm, azj, bel, ben, bos, ceb, zho_simpl, hrv, est, tgl, fin, kat, guj, hau, heb, hin, hun, isl, ibo, gle, jav, kea, kam, kan, kaz, kir, lav, lit, ltz,

mal, mri, mar, mon, nob, npi, nya, oci, ory, pus, fas, pol, pan, srp, sna, snd, slk, slv, som, swh, tgk, tam, tel, tur, urd, uzb, xho, yor, zul
tur amh, ara, azj, bel, ben, ceb, zho_simpl, ces, est, tgl, fin, kat, ell, guj, hau, heb, hun, isl, ibo, gle, jav, kan, kaz, kir, lav, lit, ltz, mal, mri, mar, mon,

nob, npi, pus, fas, pol, pan, srp, sna, snd, slk, slv, som, swh, tgk, tam, urd, uzb, cym, xho, yor, zul
ukr amh, ara, azj, ben, ceb, zho_simpl, est, fin, guj, hau, hun, isl, ibo, gle, jav, kan, kaz, kir, ltz, mal, mri, mar, mon, npi, pus, pan, srp, sna, snd, som,

swh, tam, tur, urd, uzb, xho, yor, zul
zho_simpl afr, amh, ara, hye, azj, bel, ben, bul, ceb, ces, nld, est, tgl, fin, kat, deu, ell, guj, hau, heb, hin, hun, isl, ibo, gle, ita, jav, kan, kaz, kir, lav, lit, ltz,

mkd, msa, mal, mri, mar, mon, nob, npi, pus, fas, pol, pan, rus, srp, sna, snd, slk, slv, som, spa, swh, swe, tgk, tam, tel, tur, ukr, urd, uzb, cym,
xho, yor, zul

Table 5: All training language directions for LLaMAX3-8B- and our WALAR trained model. All languages are
presented in FLORES-101 code.

Models en → x sw → x tr → x hi → x zh → x ar → x ru → x
WALAR 0.9376 0.9360 0.9359 0.9312 0.9346 0.9343 0.9361

LLaMAX3-8B-Alpaca 0.9027 0.8931 0.8975 0.8931 0.8969 0.9018 0.8996
Aya-Expanse-8B 0.7481 0.7440 0.7604 0.7537 0.7387 0.7563 0.7440
Tower-Plus-9B 0.6199 0.7133 0.6504 0.5908 0.6537 0.7063 0.6432

Models x → en x → sw x → tr x → hi x → zh x → ar x → ru
WALAR 0.9995 0.9759 0.9991 0.9928 0.9871 0.9828 0.9759

LLaMAX3-8B-Alpaca 0.9970 0.8329 0.9719 0.9513 0.9780 0.8329 0.9890
Aya-Expanse-8B 0.9919 0.8493 0.9672 0.9770 0.9472 0.8792 0.9865
Tower-Plus-9B 0.9923 0.7518 0.9598 0.9662 0.9675 0.8072 0.9666

Table 6: Complete results for LCR
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Translation Comparison Tool

50 items remaining of 50 total

INSTRUCTIONS

Read the source sentence and both translations carefully.

1. Consider accuracy, fluency, and completeness for each translation.
2. Choose the translation that better conveys the source meaning.
3. Select Tie only when both translations are indistinguishable in quality.

SOURCE

As a result, the process of an organization working together to overcome an obstacle can lead to a new innovative process to serve the

customer's need.

TRANSLATION 1

ಫಲಸೂತ&'ಾ), ಒಂದು ಸಂ./ಯು ಒಂದು ತ1ಗಳನು5 ಸ6ಪ8ಸಲು ಒ9:; <ಲಸ=ಾಡುವ ಪ&@&Aಯು Bಾ&ಹಕನ ಅಗತFವನು5 ಪGHೖಸಲು Jೂಸ ನKೕಕ6ತ ಪ&@&A;
Mಾರಣ'ಾಗಬಹುದು.

TRANSLATION 2

ಆದR6ಂದ, ಒಂದು ಸಂ./ಯು ಒಂದು ಅ8Sಯನು5 Tಾಟಲು <ಲಸ =ಾಡುವ ಪ&@&Aಯು Bಾ&ಹಕರ ಅಗತFವನು5 ಪGHೖಸಲು Jೂಸ V=ಾWಣ<X Mಾರಣ'ಾಗಬಹುದು.

REFERENCE

ಫYZಾಂಶ'ಾ), ಒಂದು ಅಡಚ]ಯನು5 V'ಾ6ಸಲು ಸಂಘಟ_ಯು ಒ`ಾ:) <ಲಸ =ಾಡುವ ಪ&@&Aಯು Bಾ&ಹಕರ ಅಗತFವನು5 ಪGHೖಸಲು Jೂಸ ನKೕನ ಪ&@&A;
Mಾರಣ'ಾಗಬಹುTಾ)a.

Loaded 50 rows from dataset.tsv.

Which translation is better?

Translation 1 Translation 2 Tie

Comments (optional):

Explain your choice or note specific issues...

Item 1 of 50 Next 

 Save Progress to File

 Start Fresh

0 completed (0.0%)

 Previous

Figure 6: Screenshot of human evaluation web tool.
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Source (English): Dr. Tony Moll discovered the Extremely Drug Resistant Tuberculosis (XDR-TB) in the South African
region KwaZulu-Natal.

Reference (Spanish): La tuberculosis extremadamente resistente (XDR-TB) fue detectada por primera vez por el Dr.
Tony Moll en área sudafricana de Zululandia.

Over-translation (Spanish): El Dr. Tony Moll descubrió en la región de KwaZulu-Natal, en Sudáfrica, un tipo de
tuberculosis muy difícil de tratar: la tuberculosis extremadamente resistente a los medicamentos (XDR-TB). Esta bacteria
es resistente a la mayoría de los tratamientos antibióticos convencionales y requiere tratamiento con medicamentos
antituberculosos específicos. MetricX: -3.11

Wrong Language (Portuguese): O Dr. Tony Moll descobriu a Tuberculose Extremamente Resistente a Drogas (XDR-
TB) na região de KwaZulu-Natal, na África do Sul. MetricX: -1.85

Figure 7: A case study from FLORES-101 dataset. The intended language direction is English to Spanish. blue text
denotes the MetricX score in source-based mode, and the red text highlights the errors in the translation.

Source (English): Because the dinosaur feathers do not have a well-developed shaft, called a rachis, but do have other
features of feathers — barbs and barbules — the researchers inferred the rachis was likely a later evolutionary development
that these other features.

Reference (Polish): W związku z tym, że pióra dinozaura nie mają dobrze rozwiniętego trzonu, zwanego stosiną, lecz
mają inne cechy piór – promienie i promyki – naukowcy wywnioskowali, że stosina prawdopodobnie była późniejszym
etapem ewolucyjnym niż te pozostałe cechy.

Over-translation (Polish): Ponieważ pióra dinozaurów nie posiadały typowej osi (centralnego trzonu przebiegającego
przez całą strukturę pióra), ale zachowały podstawowe cechy piór, takie jak promienie i promyczki, naukowcy wysnuli
wniosek, że struktura osi mogła ewoluować później, podczas gdy inne cechy, takie jak promienie i promyczki, mogły
istnieć już wcześniej. MetricX: -3.17

Wrong Language (Slovak): Pretože dinosaurové perie nemá dobre vyvinutú osku, nazývanú rachis, ale má iné črty peria
— háčiky a háčikovité vlákna, vedci usúdili, že rachis pravdepodobne vznikol až neskôr v evolúcii než tieto ostatné črty.
MetricX: -3.52

Figure 8: A case study from FLORES-101 dataset. The intended language direction is English to Polish. Blue text
denotes the MetricX score in source-based mode, and the red text highlights the errors in the translation.
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