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Abstract001

Recently, deep reasoning large language mod-002
els (LLMs) like DeepSeek-R1 have made sig-003
nificant progress in tasks such as mathematics004
and coding. Inspired by this, several studies005
have employed reinforcement learning (RL)006
to enhance models’ deep reasoning capabil-007
ities and improve machine translation (MT)008
quality. However, the terminology translation,009
an essential task in MT, remains unexplored010
in deep reasoning LLMs. In this paper, we011
propose TAT-R1, a terminology-aware trans-012
lation model trained with reinforcement learn-013
ing and word alignment. Specifically, we first014
extract the keyword translation pairs using a015
word alignment model. Then we carefully de-016
sign three types of rule-based alignment re-017
wards with the extracted alignment relation-018
ships. With those alignment rewards, the RL-019
trained translation model can learn to focus020
on the accurate translation of key information,021
including terminology in the source text. Ex-022
perimental results show the effectiveness of023
TAT-R1. Our model significantly improves ter-024
minology translation accuracy compared to the025
baseline models while maintaining compara-026
ble performance on general translation tasks.027
In addition, we conduct detailed ablation stud-028
ies of the DeepSeek-R1-like training paradigm029
for machine translation and reveal several key030
findings. The code, data, and models will be031
publicly released1.032

1 Introduction033

Terminology translation is an essential task in ma-034

chine translation, and its accuracy significantly im-035

pacts the translation quality of specialized domain036

texts. Many researchers have conducted extensive037

studies on terminology translation, proposing vari-038

ous methodologies. Kim et al. (2024) detect terms,039

constructs a terminology database, and provides040

1https://github.com/MrHungry/TAT-R1

term information via retrieval-augmented genera- 041

tion (RAG) before model translation. Moslem et al. 042

(2023) synthesize bilingual data containing terms, 043

fine-tunes the model, and applies post-processing 044

to correct terminology after translation. DragFT 045

(Zheng et al., 2024) employ few-shot examples 046

to enhance translation performance in specialized 047

domains. Bogoychev and Chen (2023) improve 048

term translation by constraining incorrect termi- 049

nology during decoding. These methods generally 050

rely on relatively accurate terminology extraction 051

to either (1) construct training data for supervised 052

fine-tuning or (2) incorporate relevant terminologi- 053

cal information during the inference phase. 054

Recent advances have demonstrated promis- 055

ing progress in leveraging reinforcement learning 056

(RL) to stimulate models’ deep reasoning capa- 057

bilities, exemplified by DeepSeek-R1 (DeepSeek- 058

AI, 2025). These developments have further val- 059

idated that the enhanced model abilities acquired 060

through RL exhibit strong generalization perfor- 061

mance. Inspired by DeepSeek-R1 (DeepSeek-AI, 062

2025), some studies have tried to use reinforcement 063

learning to stimulate the model’s deep reasoning 064

capabilities and improve translation quality. R1-T1 065

(He et al., 2025) synthesize training data with rea- 066

soning processes for translation, first applying SFT 067

and then conducting reinforcement training using 068

COMET (Rei et al., 2020) as the reward. Similar 069

to DeepSeek-R1-Zero, MT-R1-Zero (Feng et al., 070

2025) directly perform reinforcement training on 071

a pretrained model, employing BLEU (Papineni 072

et al., 2002) and COMETKiwi (Rei et al., 2022) as 073

rewards. DeepTrans (Wang et al., 2025) directly 074

uses DeepSeek-V3 (DeepSeek-AI, 2025) scoring 075

as the reward, enhancing the model’s performance 076

in literary translation through reinforcement learn- 077

ing. To the best of our knowledge, no existing 078

research has explored the integration of reinforce- 079

ment learning and deep reasoning for terminology 080

translation tasks. 081
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TAT-R1 model

Source Text to be Translated

Don't let SNP to turn health service crisis into the 

"new normal" - Scotsman comment

Reference Translation

切勿让苏格兰民族党将医疗服务危机变成“新常
态”–苏格兰人评论 (This is Chinese)

Predicted Translation

TAT-R1 model

Extract key alignment

Reference Key Alignment

(SNP/3, 苏格兰民族党/3) ...

Predicted Key Alignment

(SNP/3, 苏格兰民族党/3) ...

Answer-align-word reward 𝑅𝑎𝑎𝑤

Answer-align-order reward 𝑅𝑎𝑎𝑜

Think-align-word reward 𝑅𝑡𝑎𝑤

Format reward 𝑅𝑓𝑜𝑟𝑚𝑎𝑡

COMET reward 𝑅𝑐𝑜𝑚𝑒𝑡

GRPO

Overall Reward

<think>

1. “Don‘t let SNP to turn health service crisis into the ’new normal’” can be

translated to “不要让苏格兰民族党将医疗服务危机变成‘新常态’” or “不要
让苏格兰民族党将医疗服务体系危机变成‘新常态’” (This is Chinese) .

2. “Scotsman comment” can be translated to “苏格兰人评论” or “苏格兰人评
论文章” (This is Chinese) .

3. The overall structure and tone should maintain the style of a commentary or 

editorial, while ensuring the translation is natural and fluent.

4. “Scotsman” typically refers to 《苏格兰人报》（The Scotsman）, so

“Scotsman comment” can be translated as “《苏格兰人报》评论” or “苏格兰
人评论” (This is Chinese) .

5. Carefully refine each segment to ensure the full translation aligns with 

natural Chinese conventions.

</think>

<answer>

不要让苏格兰民族党将医疗服务体系危机变成“新常态”——苏格兰人评论
</answer> (This is the final Chinese translation)

Extract key alignment

Figure 1: The overview of TAT-R1 training with RL and word alignment.

In this paper, we propose TAT-R1, a terminology-082

aware translation model trained with reinforcement083

learning and word alignment. First, using word084

alignment techniques, we design effective rein-085

forcement learning reward signals for terminology086

translation tasks. Word alignment involves analyz-087

ing parallel bilingual corpora to determine transla-088

tional equivalence between words across languages.089

By leveraging word alignment techniques, we can090

effectively extract domain-specific key terms from091

parallel training corpora, thereby substantially miti-092

gating the challenge of scarce terminology-labeled093

training data. Then, we directly train our model us-094

ing RL, and extensive experimental results demon-095

strate the effectiveness of our proposed method.096

Our main contributions are as follows:097

• We propose TAT-R1, the first terminology-098

aware translation model trained with RL and099

word alignment rewards. Leveraging word100

alignment, we design three simple yet effec-101

tive reward functions for terminology transla-102

tion model training.103

• Experimental results demonstrate the effec-104

tiveness of TAT-R1. TAT-R1 significantly im-105

proves terminology translation accuracy com-106

pared to the baseline while maintaining com-107

parable performance on general translation108

tasks. Moreover, we do not need any termi- 109

nology detection during inference. 110

• We conduct detailed ablation studies of the 111

DeepSeek-R1-like training paradigm for ma- 112

chine translation, and reveal several key find- 113

ings, including the generalization capability of 114

RL, the different impacts of various rewards, 115

and the effectiveness of the reasoning process. 116

2 Methods 117

In this section, we present the reward mechanisms 118

and reinforcement learning algorithm employed in 119

our proposed TAT-R1 model. 120

2.1 Design of Rewards 121

As shown in Figure 1, the rewards we use in our 122

RL training have three parts: format reward, comet 123

reward, and word alignment reward. 124

Format Reward. As shown below, we employed 125

a template similar to that used in DeepSeek-R1, 126

requiring the model to output its reasoning process 127

within <think></think> tags and the translation 128

results within <answer></answer> tags. Here, tar- 129

get_language specifies the target language, while 130

source_text denotes the input text. To prevent the 131

model from generating non-translation content in 132

the <answer></answer> section, we explicitly in- 133

2



cluded the instruction "without additional explana-134

tions" in the User prompt.135

Template for TAT-R1

A conversation between User and Assis-
tant. The User asks a question, and the
Assistant solves it. The Assistant first
thinks about the reasoning process in the
mind and then provides the User with the
answer. The reasoning process is enclosed
within <think></think> and the answer
is enclosed within <answer></answer>
tags, i.e., <think> reasoning process
here </think><answer> answer here
</answer>.

User:
Translate the following text into {tar-
get_language} without additional explana-
tions:
{source_text}

Assistant:
136

We employ regular expressions to verify whether137

the model’s output conforms to the format specified138

in the template. If compliant, the format reward is139

set to 1; otherwise, it is 0. Specifically:140

Rformat =

{
1, if the format is correct
0, if the format is incorrect

(1)141

COMET Reward. COMET is a widely-used eval-142

uation metric in machine translation that assesses143

translation quality at the semantic level. The effec-144

tiveness of COMET-based rewards has been vali-145

dated in papers (He et al., 2025) and (Feng et al.,146

2025). In this work, we incorporate COMET-22 as147

one component of our reward functions. To main-148

tain training stability, we adopt a similar approach149

to that used in (He et al., 2025), specifically:150

Rcomet = round(comet, 2) (2)151

Word Alignment Reward. Semantic evaluation152

metrics like COMET primarily assess the overall153

translation quality of a model but often fail to accu-154

rately capture the translation accuracy of localized155

information, such as technical terms. BLEU, an156

n-gram-based metric, mainly measures the n-gram157

overlap between reference translations and model158

outputs. However, for translation tasks, BLEU 159

imposes overly strict requirements. Unlike mathe- 160

matics or code, where there is a single correct an- 161

swer, translation permits multiple valid renditions. 162

Enforcing strict n-gram matching between model 163

outputs and references—as BLEU does—may not 164

always be reasonable and could even introduce 165

negative semantic effects, as we later verify in our 166

experiments. For instance, a single Chinese sen- 167

tence may have multiple valid English translations 168

with varying syntactic structures. 169

Nevertheless, key elements like terminology of- 170

ten demand precise translation. By incorporating 171

reward signals that specifically evaluate the accu- 172

racy of such critical terms, we can enhance their 173

translation fidelity without compromising overall 174

semantic quality. 175

In machine translation, word alignment is a crit- 176

ical task that aims to automatically establish cor- 177

respondences between words in source and target 178

language sentences. This task involves analyzing 179

parallel bilingual corpora to determine translational 180

equivalence between words across languages. In 181

this work, we leverage word alignment to design 182

three distinct reward mechanisms for improving 183

translation quality. Next, we present the detailed 184

computation process for the three word-alignment- 185

based reward mechanisms. 186

First, we can use word alignment models to iden- 187

tify word-level alignment information between the 188

source text, reference text, and translated text. 189

Assume the tokenized sequence of the source 190

text is S and si is the i-th word in S. Therefore, 191

the tokenized sequence of the source text can be 192

represented as: 193

S = [s1, s2, s3, ..., si, ..., sN ] (3) 194

where N represents the length of source sequence. 195

Similarly, the tokenized sequence of the corre- 196

sponding reference translation and predicted trans- 197

lation can be represented as: 198

R = [r1, r2, r3, ..., rj , ..., rM ] (4) 199
200

P = [p1, p2, p3, ..., pk, ..., pK ] (5) 201

where M represents the length of reference tokens 202

and K represents the length of predicted tokens. 203

Given the tokenized sequences of the source text, 204

reference translation, and predicted translation we 205

can input them into the word alignment model to 206

obtain token-level alignment relationships: 207

Aref = Align(S,R) = [..., Aref
ij , ...] (6) 208
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Apre = Align(S, P ) = [..., Apre
ik , ...] (7)209

where Aref represents the alignments between210

source and reference tokens, and Apre represents211

the alignments between source and predicted to-212

kens. Aref
ij represents the i-th token in source to-213

kens and the j-th token in reference tokens are214

aligned. Apre
ik represents the i-th token in source215

tokens and the k-th token in predicted tokens are216

aligned, which can be expressed in formulas re-217

spectively as Aref
ij = (si/i, rj/j) and Apre

ik =218

(si/i, pk/k).219

Next, we perform Named Entity Recognition220

(NER) on the source tokens, retaining nouns as221

key elements requiring alignment. This is because222

noun translations typically exhibit less variability223

compared to sentence structures or conjunctions,224

where multiple valid translations often exist. So,225

after this step, the key alignments are a subset of226

original alignments, and the aligned source tokens227

are all nouns. We denote the set of key alignments228

as Aref_key and Apre_key.229

Last, we can calculate the alignment reward230

with Aref_key and Apre_key. As shown in Fig-231

ure 1, we design three types of alignment rewards,232

namely answer-align-word reward Raaw, answer-233

align-order reward Raao, and think-align-word re-234

ward Rtaw.235

Answer-align-word reward reflects the word236

overlap ratio between the reference key alignment237

and the predicted key alignment. This reward en-238

courages the model to translate key information in239

its output accurately and can be denoted as:240

Raaw =
len(Aref_key ∩Apre_key)

len(S) + len(P )
(8)241

we include the length of the model’s output token242

sequence in the denominator to prevent the model243

from generating excessively long outputs to hack244

this reward.245

The answer-align-order reward is a reward that246

reflects the order overlap ratio between the refer-247

ence key alignment and the predicted key align-248

ment. This reward encourages the model to follow249

the order of key information as it appears in the250

reference translation and can be denoted as:251

Raao =
len(OD(Aref_key) ∩ (OD(Apre_key))

len(OD(Aref_key))
(9)252

where OD(X) means getting the order pairs of 253

sequence X . For example, if X = [a, b, c], then 254

OD(x) = {ab, ac, bc}. 255

Similar to the answer-align-word reward, the 256

think-align-word reward is a reward that reflects the 257

word overlap ratio between the reference key align- 258

ment and the text in tags <think> and </think>. 259

This reward encourages the model to consider how 260

to translate key information before outputting the 261

final answer and can be denoted as: 262

Rtaw =
num of Aref_key hit in think

len(Aref_key)
(10) 263

where num of Aref_key hit in think means 264

the number of appearances of aligned word 265

pairs in text between <think> and </think> 266

tags. For example, if one item of Aref_key 267

is Aref_key
ij = (si/i, rj/j) and both words si 268

and rj appear in thinking process, then the 269

num of Aref_key hit in think should be incre- 270

mented by one. 271

Overall Reward. Given the above rewards, the 272

overall reward we design can be denoted as: 273

Rall =


0, if Rformat = 0

Rcomet + α ∗Raaw

+β ∗Raao

+γ ∗Rtaw, if Rformat = 1
(11) 274

where the hyperparameters α, β and γ control the 275

trade-off between different reward components. 276

2.2 RL Algorithom 277

Our translation model is trained using the Group 278

Relative Policy Optimization (GRPO) method 279

(Shao et al., 2024), which optimizes policies 280

through a hybrid reward function proposed in Sec- 281

tion Design of Rewards. During training, for each 282

input question q, we generate a set of candidate out- 283

puts {o1, o2, ..., oG} from the current policy model 284

πθold . The advantage value Ai for each candidate 285

is calculated by normalizing its reward ri against 286

the group’s mean and standard deviation: 287

Ai =
ri −mean({r1, r2, . . . , rG})

std({r1, r2, . . . , rG})
(12) 288

GRPO then optimizes the policy parameters θ 289

by maximizing the following objective: 290
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JGRPO(θ) = Eq∼P (Q), {oi}Gi=1∼πθold
(O|q)[

1

G

G∑
i=1

min
( πθ(oi | q)
πθold(oi | q)

Ai,

clip
( πθ(oi | q)
πθold(oi | q)

, 1− ε, 1 + ε
)
Ai

)
− β DKL

(
πθ

∥∥πref)
]

(13)291

3 Experiments and Results292

In this section, we will introduce the relevant ex-293

perimental setup, present the corresponding experi-294

mental results, and provide ablation studies.295

3.1 Experimetal Setups296

Backbone. We choose Qwen2.5-7B-Instruct (Yang297

et al., 2024) as the backbone model because298

it demonstrates strong multilingual performance299

among open-source models of comparable param-300

eter size. This helps minimize potential nega-301

tive impacts caused by insufficient capabilities of302

the base model. We also choose six models as303

our baselines, including GPT-4o (OpenAI, 2024a),304

Deepseek-V3 (DeepSeek-AI, 2025), Deepseek-R1305

(DeepSeek-AI, 2025), Gemma-2-9B-it (Rivière306

et al., 2024), Llama-3.1-8B-Instruct (Meta, 2024)307

and TowerInstruct-7B-v0.2 (Alves et al., 2024).308

Datasets. Following MT-R1-Zero (Feng et al.,309

2025), we used Chinese (ZH) to and from English310

(EN) parallel data from WMT 2017 to WMT 2020311

as our training data. Additionally, we incorporate312

ZH-EN translation pairs from Flores-200 (Costa-313

jussà et al., 2022) and NTREX (Federmann et al.,314

2022), resulting in 16,124 training samples.315

We selecte the ZH-EN test sets from WMT23316

and WMT24 for general translation quality evalu-317

ation. For terminology-specific translation quality318

evaluation, we adopte the RTT test set (Zhang et al.,319

2023), a challenging English→German terminol-320

ogy test set containing 500 sentence pairs.321

Evaluation Metrics. For general translation qual-322

ity evaluation, we choose BLEU (Papineni et al.,323

2002; Post, 2018), COMETKiwi-23-XL (Rei et al.,324

2022), and XCOMET-XL (Guerreiro et al., 2024).325

BLEU is a lexical metric. COMETKiwi is a326

reference-free learning-based metric. XCOMET327

is a reference-based learning metric. These three328

metrics complement each other to some extent, en-329

abling the evaluation of translation quality at both 330

the lexical and semantic levels. 331

For terminology translation quality evaluation, in 332

addition to the three metrics mentioned above, we 333

also assess terminology accuracy (TA), indicating 334

how many of the source terms have a corresponding 335

target term in the translation. 336

Word Alignment. We select the open-source 337

model SimAlign (Sabet et al., 2020) to extract word 338

alignment information between the source text and 339

the translation. SimAlign is an unsupervised word 340

alignment tool with strong performance in word 341

alignment tasks across multiple language pairs, in- 342

cluding English and Chinese. SimAlign takes the 343

tokenized sequences of the texts to be aligned as 344

input. For Chinese, we use Jieba2 for word segmen- 345

tation, while for English, we employ NLTK3. 346

Training Details. We conduct our training based 347

on the verl 4 framework. For the hyperparameters 348

in overall reward, we set α, β, and γ to 1, 1
10 , and 349

1
10 , respectively. In the GRPO algorithm, we set the 350

number of rollouts to 16, the sampling temperature 351

to 1.0, and use a constant learning rate of 1e-6. The 352

maximum generation length is 4,096 tokens, with 353

a training batch size of 128. All experiments are 354

trained for three epochs. 355

3.2 Results and Analysis 356

This section presents the main experimental results, 357

demonstrating that our proposed word-alignment 358

reward is highly effective. We then provide a de- 359

tailed analysis of the experimental outcomes and 360

supplement the findings with relevant ablation stud- 361

ies. 362

Main Results. Table 1 presents the performance of 363

models trained under different settings on the WMT 364

test set, reflecting their general Chinese-English 365

translation capabilities. Table 2 shows the results 366

on the RTT test set, which demonstrate the models’ 367

terminology translation abilities. Here, SFT de- 368

notes the model obtained by fine-tuning Qwen2.5- 369

7B-Instruct with our training data, while RL-x rep- 370

resents the model trained through reinforcement 371

learning on Qwen2.5-7B-Instruct using our data, 372

where x indicates different rewards employed dur- 373

ing the reinforcement process. For example, RL- 374

Rcomet + RBLEU refers to the model reinforced 375

using both COMET and BLEU as rewards with 376

equal weights. The “NER + prompt” in Table 2 377

2https://github.com/fxsjy/jieba
3https://www.nltk.org/
4https://github.com/volcengine/verl
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Models ZH->EN EN->ZH
BLEU COMETKiwi XCOMET Avg. BLEU COMETKiwi XCOMET Avg.

GPT-4o 24.86 79.01 89.26 64.38 40.69 75.92 79.17 65.26
DeepSeek-V3-0324 23.87 78.89 89.12 63.96 36.25 76.59 80.92 64.59
Deepseek-R1-0210 22.93 78.27 89.11 63.44 36.61 75.79 80.14 64.18
Gemma-2-9b-it 22.00 75.40 87.85 61.75 39.48 71.19 76.17 62.28
TowerInstruct-7B-v0.2 23.36 72.45 85.41 60.41 32.89 66.89 71.83 57.20
Llama-3.1-8B-Instruct 18.47 58.94 83.40 53.60 32.44 66.41 72.54 57.13
Qwen2.5-7B-Instruct 22.18 73.08 86.05 60.44 37.36 71.65 75.46 61.49
SFT 22.15 73.98 86.27 60.80 33.42 68.58 75.19 59.06
RL-Rcomet 22.32 77.51 88.59 62.80 36.12 75.79 79.42 63.78
RL-Rcomet + RBLEU 25.08 75.83 87.62 62.84 40.98 71.33 77.08 63.13
RL-Rcomet + Raaw 23.90 77.39 88.37 63.22 39.05 73.52 78.51 63.69
RL-Rcomet + Raaw + Raao 23.97 77.21 88.27 63.15 38.53 74.94 78.65 64.04
RL-Rall (TAT-R1) 24.40 77.20 88.38 63.33 39.45 75.57 78.65 64.56

Table 1: Performance on WMT23 ZH to EN and WMT24 EN to ZH testset. ZH represents Chinese and EN
represents English. Avg. represents the average of BLEU, COMETKiwi and XCOMET metrics.

Models EN->DE
BLEU COMETKiwi XCOMET TA Avg.

Qwen2.5-7B-Instruct 25.87 67.05 88.65 53.29 58.72
NER + prompt 25.93 67.11 88.74 53.35 58.78
RL-Rcomet 24.52 70.26 90.17 54.42 59.84
RL-Rcomet+RBLEU 27.37 66.49 88.77 54.91 59.39
RL-Rcomet+Raaw 26.21 71.33 90.56 55.57 60.92
RL-Rcomet+Raaw+Raao 26.34 72.04 90.99 55.73 61.28
RL-Rall (TAT-R1) 27.10 73.82 91.22 56.42 62.14

Table 2: Performance on RTT testset. DE represents
the German language. Avg. represents the average of
BLEU, COMETKiwi, XCOMET and TA metrics.

represents the method which first extract the ter-378

minology using NER and then translate by prompt379

engineering. “Avg.” in the table represents the380

average value of all metrics.381

Regarding general translation performance (Ta-382

ble 1), our model TAT-R1 significantly improves383

across all metrics compared to the baseline384

Qwen2.5-7B-Instruct, and achieves SOTA perfor-385

mance among models of similar size, though it still386

lags behind closed-source large models like GPT-387

4o. For ZH→EN translation, the average metric388

increased from 60.44 to 63.33 (2.99% improve-389

ment), while for EN→ZH, it rises from 61.49 to390

64.56 (3.07% improvement). Compared to using391

only COMET as a reward (RL-Rcomet), incorpo-392

rating three word alignment-related rewards fur-393

ther enhanced the model’s overall performance394

metrics. Qwen2.5-7B-Instruct, the baseline we395

selected, is not a weak baseline. Its perfor-396

mance is only slightly lower than the 9B-parameter397

Gemma and significantly better than Llama-3.1-8B398

and TowerInstruct-7B-v0.2. Our model, TAT-R1,399

achieves SOTA performance among models of sim-400

ilar size, though it still lags behind closed-source401

large models like GPT-4o.402

As shown in Table 2, on the terminology test 403

set RTT, our model TAT-R1 with word align- 404

ment rewards demonstrates significant improve- 405

ments over RL-Rcomet (without word alignment 406

rewards) across all evaluation metrics: BLEU 407

score increased by 2.58%, COMETKiwi by 3.56%, 408

XCOMET by 1.05%, and terminology accuracy 409

(TA) by 2%. 410

Compared to models not reinforced with word 411

alignment information, our TAT-R1 achieves 412

slightly better performance in general translation 413

tasks and significantly superior results in terminol- 414

ogy translation, demonstrating the effectiveness of 415

our proposed word alignment reward mechanism. 416
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Figure 2: Compare the performance between SFT and
RL.

Comparison between SFT and RL. To demon- 417

strate the effectiveness of RL, we fine-tune the 418

model using the same training data with SFT. 419

As shown in Figure 2, although the fine-tuned 420

model showed a slight improvement over the base- 421

line in Chinese-to-English (Zh→En) translation on 422

WMT, there was a noticeable decline in English- 423

to-Chinese (En→Zh) metrics. We attribute this to 424

noise in the current training data and that not all 425

reference translations are of higher quality than 426

6



Source text to be translated

"New year, same idiotic behavior by 

some," New York Republican 

Representative Mike Lawler told 

Newsweek. "We're not doing an 

omnibus, so each bill is going to 

have to be dealt with at conference 

and negotiated. Obviously, the 

reality is we're probably gonna need 

more time to do that. And I don't 

support a government shutdown, so I 

have no problem with doing a short-

term CR that allows for this process 

to be completed."

Reference translated text

“新的一年，有些人又做出了同样
愚蠢的行为。”纽约州共和党众议
员迈克·劳勒在接受《新闻周刊》
采访时表示：“我们并非寻求综合
法案，每项法案都必须在会议上
加以处理和谈判。现实情况是，
我们可能需要更多的时间来做这
件事。我不支持政府停摆，所以
我不反对通过短期的持续决议案
来完成此流程。”(This is Chinese 

translation of the source text)

TAT-R1

<think>1. “New year, same idiotic behavior by some” can be

translated to “新年了，某些人的愚蠢行为依旧” or “新年了，某些人
的愚蠢行为仍在继续” (This is Chinese) .

2. "New York Republican Representative Mike Lawler told 

Newsweek" can be translated to “纽约共和党众议员迈克·劳勒告诉
《新闻周刊》” ” (This is Chinese) .

3. “We‘re not doing an omnibus, so each bill is going to have to be 

dealt with at conference and negotiated” should be translated as “我们
不打算做综合法案，所以每项法案都必须在委员会中处理和协商” ” 

(This is Chinese) .

4. “Obviously, the reality is we‘re probably gonna need more time to 

do that” can be translated to “显然，现实情况是，我们可能需要更
多时间来完成这项工作” (This is Chinese) .

5. “And I don‘t support a government shutdown, so I have no problem 

with doing a short-term CR that allows for this process to be completed” 

can be translated to “而且我不支持政府停摆，所以我不反对通过短
期继续决议，以完成这一过程” (This is Chinese) .

6. Ensuring overall coherence and natural flow, translate sentence by 

sentence with appropriate adjustments to word order for smooth 

readability.

After incorporating the above sentence-level translations, refine the 

overall structure to enhance naturalness and fluency. </think>

<answer>“新年了，某些人的愚蠢行为依旧。”纽约共和党众议员
迈克·劳勒告诉《新闻周刊》。“我们不会制定综合法案，所以每项
法案都必须在委员会中处理和协商。显然，现实情况是，我们可
能需要更多时间来完成这项工作。而且我不支持政府停摆，所以
我不反对通过短期的持续决议案来完成这一过程。”</answer>(The 

green text indicates accurate translation.)

[BLEU: 45.08]

[COMETkiwi: 85.06]

[XCOMET: 77.55]

RL-𝑅𝑐𝑜𝑚𝑒𝑡

<think> I need to translate 

English text into Chinese 

while ensuring the 

translation accurately 

conveys the original 

meaning. </think>

 <answer>“新年了，某
些人的愚蠢行为依旧在
上演，”纽约共和党众议
员迈克·拉沃尔尔告诉
《新闻周刊》。“我们不
会推出综合拨款法案，
因此每项法案都需要在
委员会中进行讨论和协
商。显然，现实情况是，
我们可能需要更多时间
来完成这一过程。我并
不支持政府停摆，因此
我没有任何反对短期继
续决议的立场，这可以
让这一过程得以完
成。”</answer>(The red 

text indicates inaccurate 

translation.)

[BLEU: 33.49]

[COMETkiwi: 81.35]

[XCOMET: 68.27]

RL-𝑅𝑐𝑜𝑚𝑒𝑡 + 𝑅𝐵𝐿EU

<think> Just keep it 

simple and 

straightforward. 

</think> 

<answer> “新年，某些
人的愚蠢行为依旧，”
纽约共和党众议员迈
克·劳勒告诉《新闻周
刊》，“我们不会进行
综合拨款，所以每项法
案都需要在委员会中处
理和谈判。显然，现实
是，我们可能需要更多
时间来完成这个过程。
我不支持政府停摆，所
以我没有问题支持进行
一个短期继续决议，以
完成这个过程。”
</answer> > (The red 

text indicates inaccurate 

translation.)

[BLEU: 40.08]

[COMETkiwi: 71.29]

[XCOMET: 59.13]

RL- 𝑅𝑐𝑜𝑚𝑒𝑡 +
𝑅𝑎𝑎𝑤 + 𝑅𝑎𝑎𝑜

<think> I need to translate 

this text into Chinese. 

</think>

<answer>“新的一年，一
些人的愚蠢行为依旧不
变，”纽约共和党众议员
迈克·劳勒在接受《新闻
周刊》采访时说。“我们
不会通过综合拨款法案，
因此每项法案都需要在
委员会中处理并进行谈
判。显然，现实情况是，
我们可能需要更多时间
来完成这一过程。我并
不支持政府停摆，因此
我不反对通过短期继续
决议，以完成这一过
程。”</answer> (The red 

text indicates inaccurate 

translation.)

[BLEU: 44.84]

[COMETkiwi: 82.86]

[XCOMET: 71.59]

Figure 3: Qualitative examples illustrate the effect of different rewards on EN to ZH translation.
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Figure 4: Compare the average performance between
different word alignment rewards.

the model’s original outputs, negatively impact-427

ing the translation performance after SFT. On the428

terminology test set RTT, the fine-tuned model al-429

most entirely mistranslates English into Chinese430

for the English-to-German (En→De) task, resulting431

in all metrics dropping close to zero. In contrast,432

the RL-trained TAT-R1 model improved across all433

metrics, demonstrating strong performance on the434

out-of-distribution (OOD) En→De task. This phe-435

nomenon indicates that, in translation tasks, RL-436

trained models exhibit better stability and general-437

ization capabilities compared to SFT.438

The Effects of Different Word Alignment Re-439

wards. Figure 4 demonstrates the average perfor-440

mance of the model when incrementally incorporat-441

ing answer-align-word reward, answer-align-order442

reward, and think-align-word reward based on RL-443

Rcomet. The results show that with the addition of444

each word alignment reward, the model’s perfor-445

Datasets Metrics RL
comet

RL
comet+bleu TAT-R1

WMT
(ZH->EN)

BLEU 22.32 25.08 24.40
COMETKiwi 77.51 75.83 77.20

XCOMET 88.59 87.62 88.38
Avg. 62.80 62.84 63.33

WMT
(EN->ZH)

BLEU 36.12 40.98 39.45
COMETKiwi 75.79 71.33 75.57

XCOMET 79.42 77.08 78.65
Avg. 63.78 63.13 64.56

RTT
(EN->DE)

BLEU 24.52 27.37 27.10
COMETKiwi 70.26 66.49 73.82

XCOMET 90.17 88.77 91.22
TA 54.42 54.91 56.42

Avg. 59.84 59.39 62.14

Table 3: Compare between BLEU and word alignment
rewards.

mance consistently improves, validating the effec- 446

tiveness of our proposed word alignment rewards. 447

In Figure 3, we also present some output cases of 448

the model after applying different rewards. We ob- 449

serve that when rewards are calculated only for the 450

model’s output within <answer> </answer> , the 451

final “think” step often produces non-functional 452

statements like “I need to translate the English 453

text into Chinese and ensure the translation accu- 454

rately conveys the original meaning.”—failing to 455

generate meaningful reasoning. This is evident 456

in the RL-Rcomet, RL-Rcomet + Raaw, and RL- 457

Rcomet +RBLEU examples in Figure 3. However, 458

after introducing the think word alignment reward, 459

the model begins to reason about the translation 460

of key information in the “think" step, leading to 461

a significant improvement in the final metrics, as 462
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shown in the TAT-R1 example in Figure 3.463

Comparison between BLEU and Word Align-464

ment Rewards. As shown in Table 3, while the465

BLEU reward significantly improves the BLEU466

metric, it has a notably negative impact on semantic467

evaluation metrics such as COMET. We further an-468

alyze specific cases (e.g., RL-Rcomet +RBLEU in469

Figure 3) and find that models trained with BLEU470

as the reward exhibit an apparent degradation in471

translation fluency. In contrast, the word alignment472

rewards focus solely on the correctness of keyword473

translations, demonstrating positive effects on lexi-474

cal and semantic translation quality.475

4 Related Work476

4.1 Reason-based LLMs477

In recent years, reason-based large language mod-478

els, such as OpenAI’s o1 (OpenAI, 2024b) and479

DeeeSeek-R1((DeepSeek-AI, 2025)), have demon-480

strated strong performance across various tasks, at-481

tracting significant attention from researchers. Re-482

cent studies primarily focus on solving complex483

reasoning tasks, such as mathematical problem-484

solving and code generation (Zeng et al., 2025; Hu485

et al., 2025; Luo et al., 2025; Song et al., 2025;486

Qin et al., 2024; Zhang et al., 2024). However,487

recent efforts have increasingly explored applying488

reason-based LLMs to general tasks. For instance,489

marco-o1 (Zhao et al., 2024) investigates the use490

of reasoning-enhanced models in open-ended text491

generation, where there are no clear-cut standards492

for evaluating correctness, unlike in mathematics or493

programming. Some surveys (Chen et al., 2025b;494

Li et al., 2025) provide systematic reviews of the495

advancements and trends in reason-based LLMs.496

4.2 Reason-based LLMs for MT497

Some researchers have attempted to explore the ca-498

pabilities of reason-based LLMs in machine trans-499

lation tasks. Marco-o1 (Zhao et al., 2024) and Liu500

et al. (2025) briefly demonstrate that reason-based501

LLMs can somewhat improve translation perfor-502

mance. DRT (Wang et al., 2024) enhances the503

model’s effectiveness in literary translation by syn-504

thesizing translation data with reasoning processes505

and performing supervised fine-tuning (SFT). Chen506

et al. (2025a) provide a preliminary assessment of507

the performance of multiple reason-based LLMs508

in machine translation. Inspired by DeepSeek-R1509

(DeepSeek-AI, 2025), some studies have tried to510

use reinforcement learning to stimulate the model’s511

deep reasoning capabilities and improve transla- 512

tion quality. R1-T1 (He et al., 2025) synthesizes 513

training data with reasoning processes for transla- 514

tion, first applying SFT and then conducting rein- 515

forcement training using COMET as the reward. 516

Like DeepSeek-R1-Zero, MT-R1-Zero (Feng et al., 517

2025) directly performs reinforcement training on 518

a pretrained model, employing BLEU and COMET 519

as rewards. DeepTrans (Wang et al., 2025) directly 520

uses DeepSeek-V3 scoring as the reward, enhanc- 521

ing the model’s performance in literary translation 522

through reinforcement learning. 523

4.3 Terminology Translation 524

In many fields, accurate translation of terminology 525

is crucial. In recent years, numerous researchers 526

have explored terminology translation using LLMs. 527

Kim et al. (2024) detect terms, constructs a termi- 528

nology database, and provides term information 529

via retrieval-augmented generation (RAG) before 530

model translation. Moslem et al. (2023) synthe- 531

sizes bilingual data containing terms, fine-tunes 532

the model, and applies post-processing to correct 533

terminology after translation. For technical terms, 534

Myung et al. (2024) propose a parenthetical termi- 535

nology translation method. DragFT (Zheng et al., 536

2024) employs few-shot examples to enhance trans- 537

lation performance in specialized domains. Bogoy- 538

chev and Chen (2023) improves term translation 539

by constraining incorrect terminology during de- 540

coding. To better evaluate models’ terminology 541

translation capabilities, Zhang et al. (2023) intro- 542

duce a new terminology test set and examines the 543

effects of various data augmentation methods on 544

term translation. 545

5 Conclusion 546

In this work, we introduce TAT-R1, the first 547

terminology-aware translation model trained with 548

RL and word alignment. Empowered by word 549

alignment in machine translation, we design three 550

types of new rule-based rewards. Combining the 551

word alignment rewards with format reward and 552

comet reward, we train our model with GRPO. Ex- 553

perimental results demonstrate the effectiveness of 554

TAT-R1. TAT-R1 significantly improves terminol- 555

ogy translation accuracy compared to the baseline 556

while maintaining comparable performance on gen- 557

eral translation tasks. 558
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Limitations559

While TAT-R1 has achieves significant improve-560

ments in terminology translation accuracy, cer-561

tain limitaions remain. The reasoning process we562

observes is relative simple, and we have not ob-563

served the complex reasoning process such as self-564

correction and verification, which is appeared in565

mathematical tasks. This discrepancy may reflect566

the differences between machine translation task567

and mathematical task or indicate the need for spe-568

cialized design in machine translation tasks. An-569

other limitation is that we have not systematically570

explore multiple translation evaluation metrics as571

potential rewards, such as BLEURT (Sellam et al.,572

2020), MetricX (Juraska et al., 2024), and GEMBA573

(Kocmi and Federmann, 2023). A promising future574

research direction would be to investigate diverse575

reward signals for translation quality assessment,576

combined with word-alignment-based rewards, to577

further validate their effectiveness in terminology578

translation tasks.579
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