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Abstract001

Coreference consistency is essential for pre-002
serving discourse coherence in dialogue transla-003
tion, yet it remains underexplored in the context004
of large language models (LLMs). In this paper,005
we present a comprehensive study of corefer-006
ence preservation in Chinese-to-English dia-007
logue translation. We construct a new dataset008
based on the RiSAWOZ corpus, annotated009
with source-side zero pronouns and corefer-010
ence chains. Translations are obtained from011
a diverse set of LLMs of varying sizes. To eval-012
uate whether coreference relations are main-013
tained, we propose the Coreference Consis-014
tency Score (CCS), which quantifies the extent015
to which translated mentions preserve origi-016
nal coreferential chains. We further introduce017
an LLM-as-Judge protocol for assessing the018
faithfulness of translated mentions. Our results019
reveal that, despite producing fluent transla-020
tions, many LLMs, including both small and021
large models, struggle to maintain cross-lingual022
coreference, highlighting the need for more023
discourse-aware dialogue translation models.024
All code and data will be released.025

1 Introduction026

In recent years, cross-lingual understanding has027

gained increasing attention in natural language pro-028

cessing (NLP), particularly with the growing de-029

mand for machine translation systems that preserve030

not only surface meaning but also deeper discourse-031

level phenomena (Lyu et al., 2021; Lei et al., 2022;032

Zhang et al., 2023b; Vu et al., 2024). A key compo-033

nent of discourse coherence is coreference, where034

multiple expressions refer to the same entity (Soon035

et al., 2001). Coreference allows speakers to avoid036

repetition and maintain continuity, which is essen-037

tial for the flow and interpretability of conversa-038

tions. While coreference resolution has been ex-039

tensively studied in monolingual settings (Yu et al.,040

2019; Khosla et al., 2021; Zheng et al., 2023), lit-041

tle is known about how coreference relations are042

[Source]

sys: 可以地铁直达 (苏州大学/su_zhou_da_xue)，

直接去。

[Context]

usr:姑苏区有没有价位便宜的 酒店/jiu_dian 推荐

一下。

...…

usr: 这附近有什么热门的学校校园吗？

sys: 苏州大学/su_zhou_da_xue 就很热门。

usr: 能地铁直达吗？

sys: Yes, you can take the subway directly to the hotel.

[ Auto Translation ]

[Source]

usr:  那一等座票价是多少？它/ta 几点能到北京？

[Context]

usr: 坐 高铁/gao_tie 的话有哪个车？

sys: 有 G90/G90，成都东-北京西。

sys: How much is the first-class ticket, and what time 

will we arrive in Beijing?

[ Reference ]

sys: What is the price for a first-class ticket? When 

will it arrive in Beijing?

[ Auto Translation ]

[ Reference ]

sys: You can take the subway directly there.

Figure 1: Examples of Chinese-to-English dialogue
translation in which source-side coreferent mentions are
not preserved in the generated translations.

preserved or disrupted when translating dialogues 043

across languages.1 Compared with other transla- 044

tion tasks, such as news translation, dialogue trans- 045

lation presents distinct challenges due to its infor- 046

mal style, frequent speaker turns, and reliance on 047

contextual coherence. 048

Figure 1 illustrates two examples of Chinese- 049

1In this paper, we define dialogue translation as trans-
lating an entire dialogue from the source language into the
target language. This differs from cross-lingual chat trans-
lation (Farajian et al., 2020), where speakers use different
languages within the same conversation.
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to-English dialogue translation generated by050

LLaMA3-8B-Instruct (Meta, 2024), highlighting051

typical coreference inconsistencies. In the first ex-052

ample, the source expressions G90 and它/ta refer053

to the same train entity. However, the model cor-054

rectly translates G90 while incorrectly rendering055

它/ta as the first-person plural pronoun we, alter-056

ing the intended meaning and misleadingly sug-057

gesting that the speaker is planning a trip rather058

than inquiring about the train. The challenge is059

further pronounced in Chinese dialogue due to060

the pervasive use of zero pronouns. In the sec-061

ond example, a dropped pronoun refers to 苏州062

大学/su_zhou_da_xue. The model fails to recover063

this implicit reference and instead translates it as064

the hotel, introducing a contextually incorrect en-065

tity. These examples highlight a broader issue:066

despite producing fluent translations, current MT067

systems, including advanced LLM-based models,068

often struggle to preserve discourse-level corefer-069

ence, resulting in degraded coherence and distorted070

meaning in translated dialogues.071

In this paper, we systematically investigate coref-072

erence preservation in Chinese-to-English dialogue073

translation. We conduct both quantitative and qual-074

itative analyses to assess how well current machine075

translation systems maintain source-side corefer-076

ence relations, highlighting the limitations of even077

advanced LLMs.2078

Our main contributions are as follows:079

• We construct a high-quality Chinese-to-English080

dialogue translation dataset with 10,000, 600,081

and 600 dialogues for the training, development,082

and test sets, respectively. Source dialogues are083

annotated with zero pronouns and coreference084

chains, with all test annotations manually veri-085

fied.086

• We propose a novel automatic metric CCS for087

evaluating coreference consistency, along with088

an LLM-as-judge framework for assessing the089

faithfulness of translated mentions.090

• We provide a comprehensive evaluation of di-091

verse LLMs, revealing persistent challenges in092

maintaining coreference consistency in dialogue093

translation.094

2We note that some acceptable translations may legiti-
mately restructure discourse or resolve references differently
while remaining natural to human readers. Our evaluation fo-
cuses on the preservation of source-side coreference relations
rather than treating all such deviations as errors.

2 Chinese-to-English Coreference 095

Consistency Evaluation Dataset 096

In this section, we describe the construction of our 097

Chinese-to-English dialogue translation dataset de- 098

signed to evaluate coreference consistency. We 099

detail the process of obtaining English translations 100

(Section 2.1) and the annotation of source-side zero 101

pronouns (Section 2.2) and coreference chains (Sec- 102

tion 2.3). The source dialogues are derived from 103

RiSAWOZ 3 (Quan et al., 2020), a large-scale Chi- 104

nese corpus containing 11.2K multi-turn dialogues 105

between clients and customer service agents, total- 106

ing over 150K utterances across 12 domains. All 107

utterances are segmented using HanLP toolkit 4 to 108

facilitate annotation and analysis. 109

Following the original split, the dataset is divided 110

into a training set of 10K dialogues and develop- 111

ment and test sets of 600 dialogues each. Anno- 112

tations for the training and development sets are 113

initially generated automatically using LLMs. In 114

contrast, annotations for the test set are created en- 115

tirely manually from scratch to ensure the highest 116

quality and to avoid any potential bias introduced 117

by LLM-generated outputs. 118

2.1 English Translation Annotation 119

We use GPT-4o-mini (OpenAI, 2024a) to trans- 120

late the Chinese dialogues into English. Each 121

utterance is tagged with a speaker label (usr for 122

clients or sys for customer service agents), and an 123

entire dialogue is translated in a single pass. To 124

ensure utterance-level alignment, we verify that 125

the speaker sequence in the translation matches the 126

source. Misaligned translations are discarded, and 127

the LLM is prompted again until correct alignment 128

is achieved. The prompt used for translation is 129

shown in Figure 3 (Appendix C). 130

Translation of Named Entities. Named entities 131

are crucial for preserving coreference chains. To 132

ensure the correctness of entity translations, two 133

trained master’s students manually verify all entity 134

translations. 135

Test Set Translation. The test set is translated by 136

a professional human translator.5 Given the conver- 137

sational style of the source dialogues, the translator 138

is instructed to produce English translations that 139

3https://github.com/terryqj0107/RiSAWOZ
4https://github.com/hankcs/HanLP
5The translator is a native Chinese speaker, certified at the

highest level in both interpretation and translation by CATTI,
and has passed TEM-8.

2

https://github.com/terryqj0107/RiSAWOZ
https://github.com/hankcs/HanLP


are both natural and orally fluent, while faithfully140

preserving the original meaning.141

2.2 Zero Pronoun Annotation142

Chinese is a pro-drop language, where subjects and143

objects are often omitted when they can be inferred144

from context. These omitted elements are referred145

to as zero pronouns, as they function like pronouns146

but lack explicit surface forms. In contrast, English147

is a non-pro-drop language, where overt pronouns148

explicitly serve the function of maintaining dis-149

course continuity (Rao et al., 2015). Since zero150

pronouns in Chinese are typically translated into151

explicit pronouns in English, we annotate zero pro-152

nouns in the Chinese dialogues to enable a more153

accurate evaluation of coreference consistency in154

dialogue translation.155

We use GPT-4o-mini to annotate zero pronouns156

in Chinese dialogues. The model is guided by157

carefully designed annotation guidelines, which158

include: (1) rules for identifying the scope of zero159

pronouns (Yang et al., 2022), (2) principles to en-160

sure that recovered sentences are natural and gram-161

matically correct, and (3) strategies for handlling162

special cases, such as colloquial expressions. To163

further improve performance, we include two rep-164

resentative dialogues with manually annotated zero165

pronouns as in-context learning examples. These166

examples help the model better recover omitted167

subjects or objects by leveraging broader context.168

The prompt used for annotation is shown in Fig-169

ure 4 (Appendix C).170

Test Set Annotation. Two native Chinese-171

speaking master’s students manually annotate the172

positions of zero pronouns and their corresponding173

explicit pronouns in the test set. Before starting,174

annotators receive comprehensive training, which175

includes discussion of 10 sample dialogues to en-176

sure a consistent understanding of the task. In each177

annotation round, 55 dialogues are assigned to each178

annotator, with an overlap of 10 dialogues used to179

evaluate inter-annotator agreement. Discrepancies180

in the overlapping annotations are resolved through181

discussion. This process is repeated iteratively un-182

til the entire test set is annotated. Inter-annotation183

agreement statistics are reported in Appendix A.2.184

2.3 Coreference Chain Annotation185

Coreference chains, which represent groups of men-186

tions referring to the same real-world entity, are187

a central concept in coreference resolution (Ng,188

2010; Pradhan et al., 2011). After recovering zero 189

pronouns, we annotate coreference chains. We first 190

generate coreference chians automatically using 191

the HanLP coreference resolution module (He and 192

Choi, 2021),6 To ensure quality, To ensure quality, 193

100 dialogues are randomly sampled and manually 194

reviewed by two graduate-level annotators, with 195

incorrect links corrected by removing erroneous 196

mentions. 197

Test Set Annotation. For the test set, corefer- 198

ence chains are annotated entirely manually using 199

a web-based annotation tool7 that allows annotators 200

to visualize dialogues and link coreferent mentions. 201

The tool outputs structured coreference chains, re- 202

ducing both annotation time and cognitive load. 203

Two native Chinese-speaking master’s students 204

perform the annotation. Prior to the main phase, 205

they undergo training that covers the annotation 206

guidelines, example dialogues, and proper use of 207

the tool. Each annotation round assigns approxi- 208

mately 55 dialogues to each annotator, with 10 over- 209

lapping dialogues used to assess inter-annotator 210

agreement. Disagreements are resolved through 211

discussion, and this process is repeated iteratively 212

until all dialogues are fully annotated. Inter- 213

annotator agreement statistics are reported in Ap- 214

pendix A.3. 215

2.4 Data Statistics 216

Table 1 summarizes key statistics of our dataset. 217

On average, each dialogue contains 13.57 utter- 218

ances, with 150.11 words on the Chinese (source) 219

side and 179.22 words on the English (target) side. 220

Each dialogue also includes approximately 7.07 221

zero pronouns and 4.69 coreference chains, total- 222

ing 18.23 annotated mentions. In the test set, zero 223

pronouns account for 25.78% of all mentions, high- 224

lighting their prevalence in Chinese dialogues. 225

The data statistics also show that the distribu- 226

tions of zero pronouns, coreference chains, and 227

annotated mentions in the test set closely match 228

those of the training and development sets. This 229

alignment ensures that evaluation results are re- 230

liable, even though the test set is fully manually 231

annotated, whereas the training and development 232

sets are automatically annotated with subsequent 233

manual refinement. 234

6https://www.hanlp.com/semantics/functionapi/
participle

7https://anonymized/
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Set #Dialogue #Utterance #Avg. Wordsrc #Avg. Wordtgt #Avg. ZPs #Avg. CoChain #Avg. Mention

Train 10,000 134,580 147.66 176.36 7.12 4.87 17.81
Dev 600 8,116 146.66 179.11 6.34 4.90 17.72
Test 600 9,286 194.39 227.10 6.66 4.38 25.83

All 11,200 151,982 150.11 179.22 7.07 4.69 18.23

Table 1: Data statistics of our coreference consistency evaluation dataset. The reported averages are calculated per
dialogue. CoChain refers to coreference chains. As zero pronouns (ZPs) are included within coreference chains, the
average number of mentions also accounts for them.

3 Coreference Consistency Evaluation235

Given a parallel dialogue pair (X,Y ) = {(xi, yi)|Ni=1}236

with N utterances, and a coreference chain C =237

{c1, · · · , cm} containing m mentions in X, we ex-238

pect that the translations of these mentions should239

also maintain coreference relations in the target di-240

alogue Y . In other words, for any two mentions ci241

and cj in C, an inconsistency occurs if their transla-242

tions are not coreferential in Y .243

To evaluate this, we first introduce an auto-244

matic metric, which quantifies how well transla-245

tions preserve source-side coreference relations246

(Section 3.1). Then we propose an LLM-as-judge247

evaluation which evaluates translation quality from248

a coreference consistency perspective (Section 3.2).249

3.1 Coreference Consistency Score250

To properly evaluate coreference consistency in251

translation, we propose the Coreference Consis-252

tency Score (CCS). CCS measures the proportion253

of mention pairs with a coreference chain whose254

coreference relation is correctly preserved after255

translation.256

Formally, given a coreference chain C =257

{c1, . . . , cm} in a source dialogue X, we first obtain258

the corresponding translations t = {t1, . . . , tm} in259

the target dialogue Y via word alignment between260

X and Y .8 Each ti may consist of zero, one, or mul-261

tiple words. CCS for a single chain C is defined262

as:263

CCS(C) =

∑
1≤i<j≤m 1 (R (ti, tj))(

m
2

) , (1)264

where the denominator
(
m
2

)
is the total number of265

unique mention pairs in C, and R (ti, tj) is a predi-266

cate (details in Section 3.1.1) that returns True if ti267

and tj are coreferential in Y , and False otherwise.268

The indicator function 1(·) returns 1 when the input269

is True and 0 when it is False.270

8We employ awesome-align (Dou and Neubig, 2021) to
generate word alignments for each utterance pair, explicitly in-
cluding zero pronouns on the source side. The tool is available
at https://github.com/neulab/awesome-align.

While the CCS definition above applies to a sin- 271

gle coreference chain, it can be naturally extended 272

to an entire dialogue or dataset by aggregating the 273

numerators and denominators across all chains and 274

computing the overall score. 275

3.1.1 Coreferenre Consistency Classifier 276

As in Eq. 1, computing CCS requires identifying 277

whether the translations of two source-side men- 278

tions are coreferential in the target dialgoue. To this 279

end, we construct a classifier that predicts corefer- 280

ence relations based on contextual representations 281

of translated mentions. 282

Training Instances. For each coreference chain 283

C = {c1, · · · , cm} in a parallel dialogue pair (X,Y ) 284

from the training set, we collect the translations 285

of all mentions, denoted as T = {t1, · · · , tm}. Each 286

pair (ti, tj) within the same chain is labeled as a 287

positive instance if both ti and tj contain more than 288

one word. In contrast, translations of two men- 289

tions from different chains are treated as negative 290

instances. To maintain a balanced training set, we 291

randomly sample negative instances such that the 292

number of positive and negative instances is equal. 293

Classification. We first encode the entire target- 294

side dialogue Y using Llama-3.1-8B-base. For 295

each translated mention ti, we compute its repre- 296

sentation hi by averaging the hidden states of its 297

inside tokens. For a translation pair (ti, tj), we con- 298

catenate their representations [hi;hj ] and feed the 299

result into a two-layer feed-forward network: 300

p = softmax (W2 tanh (W1[hi;hj ])) , (2) 301

where W1 ∈ Rd×2d and W2 ∈ R2×d are learnable 302

parameters, and d is the hidden size of the LLM. 303

The output p ∈ R2 represents the predicted prob- 304

ability distribution over the two classes: True for 305

coreferential and False for non-coreferential. 306
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3.2 LLM-as-Judge Coreference Consistency307

Evaluation308

Recent studies (Wang et al., 2023; Zhang et al.,309

2023a; Liu et al., 2024) have shown that strong310

LLMs correlate well with human judgments. Mo-311

tivated by these findings, we adopt two high-312

performing models, GPT-4 (gpt-4-turbo-2024-04-313

09) (OpenAI, 2023) and Qwen-Plus9, referred to as314

GPT-4-Judge and Qwen-Plus-Judge, as automatic315

evaluators for coreference consistency.316

In this evaluation, all source-side mentions are317

explicitly marked, and an LLM is prompted to as-318

sess the quality of each metion translation using a319

five-level scale: Perfect, Good, Acceptable, Poor,320

and Unacceptable. These qualitative labels are321

mapped to numerical scores as follows: 75-100 for322

Perfect, 50-74 for Good, 25-49 for Acceptable, 1-24323

for Poor, and 0 for Unacceptable, respectively. The324

final LLM-as-Judge score is computed as the av-325

erage of the numerical ratings across all evaluated326

mentions. The full prompt used in this procedure327

is provided in Appendix D.328

4 Experimentation329

4.1 Experimental Settings330

Classifier Training. We construct a training set331

of 31,304 instances, balanced between positive332

and negative examples. Our classifier is based on333

Llama-3.1-8B-base10 (Meta, 2024). Fine-tuning334

details are provide in Appendix B.335

Translation Models. We evaluate two categories336

of translation models:337

• Specialized Translation Models: These models338

are specifically designed for multilingual trans-339

lation. We use NLLB-200-3.3B11 (NLLB Team340

et al., 2024) and MADLAD-400-3B12 (Kudugunta341

et al., 2023).342

• LLMs: This category includes both general-343

purpose pretrained LLMs and LLMs fine-tuned344

on our translation dataset. All models are345

based on decoder-only transformer architectures346

and trained with a causal language modeling347

9https://help.aliyun.com/zh/model-studio/
developer-reference/what-is-qwen-llm

10https://huggingface.co/meta-llama/Llama-3.
1-8B-Instruct

11https://huggingface.co/facebook/nllb-200-3.
3B

12https://huggingface.co/google/
madlad400-3b-mt

objective. The open-source models include 348

Qwen2.5-7B/14B/72B-Instruct13 (Yang 349

et al., 2024), and Llama-3-8B-Instruct14. 350

The closed-source models include 351

GPT-3.5-Turbo (Meta, 2022) and 352

GPT-4o-mini (OpenAI, 2024b). Some of 353

these open-source models are fine-tuned on our 354

constructed training set; fine-tuning details are 355

provided in Appendix B. 356

For all models, we perform document-to- 357

document translation, i.e., translating the entire 358

dialogue in a single pass.15 The prompt used for 359

the LLMs is presented in Figure 3 of Appendix C. 360

Evaluation metrics. Besides CCS for corefer- 361

ence consistency evaluation, we also report regu- 362

lar translation metrics, including document-level 363

BLEU (d-BLEU) (Papineni et al., 2002) and 364

document-level COMET (d-COMET) (Vernikos 365

et al., 2022). Specifically, we apply reference- 366

based metric wmt22-comet-da16 (Rei et al., 2022) 367

for computing d-COMET. 368

Additionally, we introduce Mention Translation 369

Rate (MTR), a new metric that measures the pro- 370

portion of source-side coreferential mentions that 371

are translated. Importantly, MTR does not con- 372

sider whether the translation is correct or faithful; 373

it only checks whether a mention is translated at 374

all, i.e., aligned via word alignment to one or more 375

tokens in the target dialogue. MTR therefore com- 376

plements CCS by capturing whether coreferential 377

mentions, including zero pronouns, appear in the 378

output, independently of their correctness. 379

4.2 Experimental Results 380

Classification Performance. We first evaluate 381

our coreference classifier on its ability to deter- 382

mine whether the translations of two source-side 383

mentions are coreferential. Following the proce- 384

dure described in Section 3.1.1, we construct a test 385

set consisting of positive instances (i.e., mention 386

translation pairs from the same coreference chain) 387

and an equal number of randomly sampled neg- 388

ative instances (i.e., pairs from different chains). 389

13https://huggingface.co/Qwen/Qwen2.
5-7B-Instruct

14https://huggingface.co/meta-llama/
Meta-Llama-3-8B-Instruct

15Since NLLB does not support translating entire dialogues
in a single pass, we divide each dialogue into segments of three
consecutive utterances and translate each segment separately.

16https://huggingface.co/Unbabel/
wmt22-comet-da
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Accuracy Recall Precision F1

96.75 98.41 95.25 96.86

Table 2: Average classification performance on the test
set, obtained by repeating negative instance sampling
three times.

To mitigate variance introduced by negative sam-390

pling, we repeat the sampling process three times391

and report the averaged results. Evaluation metrics392

include overall accuracy, as well as precision, re-393

call, and F1 score for the positive (coreferential)394

class. As shown in Table 2, the coreference classi-395

fier achieves 96.86% in F1 score, indicating strong396

performance and suggesting that the classifier is397

reliable for computing CCS.398

Translation Performance. Table 3 presents the399

translation performance of different models on400

the test set. High MTR scores indicate that most401

source-side mentions in chains are translated in402

the target dialogue, regardless of whether they are403

translated correctly or faithfully. Based on these404

results, we make the following observations:405

• Human translations preserve coreference406

much better than machine translations. The407

evaluation results across coreference consis-408

tency metrics, including CCS, GPT-4-Judge, and409

Qwen-Plus-Judge, reveal a significant gap be-410

tween human translations (i.e., reference) and411

those generated by LLMs. For instance, the ref-412

erence translations achieve a high CCS score of413

92.74%, indicating that human translators are414

highly effective at preserving coreference rela-415

tionships across languages. In contrast, all eval-416

uated LLMs yield CCS scores below 50.00%,417

suggesting that nearly half of the coreferential418

mention pairs in the source language are not419

maintained in the translations. This discrepancy420

underscores the challenges translation systems421

still face in handling cross-lingual discourse phe-422

nomena such as coreference.423

• CCS correlates more strongly with LLM-as-424

judge metrics than with traditional translation425

metrics. While d-BLEU and d-COMET pro-426

vide general translation quality measures, they427

are less sensitive to coreference consistency. In428

contrast, the CCS metric exhibits stronger agree-429

ment with the GPT-4-Judge and Qwen-Plus-430

Judge scores, suggesting that LLM-as-judge ap-431

proaches, guided by carefully designed prompts,432

are more suitable for evaluating discourse-level 433

phenomena like coreference. 434

• Fine-tuning LLMs improves coreference 435

preservation. Models fine-tuned on our dialogue 436

dataset consistently achieve higher scores across 437

evaluation metrics. For instance, fine-tuning 438

Qwen2.5-14B-Instruct increases the CCS score 439

from 35.35% to 37.13% and the d-COMET score 440

from 0.8811 to 0.8927, showing that task-specific 441

adaptation enhances coreference consistency. 442

4.3 Discussion 443

Impact of including zero pronouns on CCS. 444

Zero pronouns account for approximately one- 445

quarter of all mentions in the source-side coref- 446

erence chains. To better understand how well coref- 447

erence consistency is preserved in translation, we 448

compare CCS scores across three categories: all 449

mention pairs, pairs excluding zero pronouns, and 450

pairs that include at least one zero pronoun. As 451

shown in Table 4, the CCS score for pairs involv- 452

ing zero pronouns is significantly lower than that 453

for pairs excluding them. This result indicates that 454

maintaining coreference consistency for zero pro- 455

nouns is substantially more challenging than for 456

overt mentions. We attribute this performance gap 457

to the implicit nature of zero pronouns, which are 458

not explicitly marked in the source text and thus 459

are more likely to be overlooked or misinterpreted 460

during translation. 461

Comparison of different translation paradigms. 462

Document-level translation can be achieved 463

through various paradigms, including sentence-to- 464

sentence (S2S) translation, which translates each 465

utterance independently; context-aware (CA) trans- 466

lation, which translates each utterance with access 467

to preceding source-side context; and document- 468

to-document (D2D) translation, which translates 469

the entire dialogue in a single pass, and is adopted 470

as the default setting in this work. We provide the 471

prompts for the three paradigms in Appendix E. 472

Table 5 compares model performance across 473

these paradigms. We observe consistent improve- 474

ments as we move from S2S to CA and D2D trans- 475

lation across all models. While BLEU and COMET 476

scores benefit from additional context, the most 477

significant gains are observed in CCS, underscor- 478

ing the importance of both source-side and target- 479

side context for maintaining coherence in dialogue 480

translation. 481
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Model d-BLEU d-COMET MTR CCS GPT-4-Judge Qwen-Plus-Judge

- (Reference) 100.00 100.00 94.22 92.74 87.03 89.84

Specialized Translation Models
NLLB-200-3.3B 21.00 79.51 89.37 29.33 44.43 53.76
MADLAD-400-3B 21.78 81.67 81.96 30.91 50.07 55.58

LLMs
Llama-3-8B-Instruct 33.92 86.96 83.45 35.42 50.26 72.32

+ fine-tuned 44.79 89.14 88.01 37.72 56.36 77.37
Qwen2.5-7B-Instruct 38.66 87.72 82.68 35.05 46.79 73.79

+ fine-tuned 44.51 89.11 86.19 37.54 51.49 75.49
Qwen2.5-14B-Instruct 39.54 88.11 83.10 35.35 48.51 76.87

+ fine-tuned 45.62 89.27 83.49 37.13 52.48 77.35
Qwen2.5-72B-Instruct 46.03 89.12 93.29 43.88 56.62 78.98
GPT-3.5-turbo 44.01 89.03 88.27 37.33 37.36 71.01
GPT-4o-mini 46.31 90.87 92.27 48.13 57.60 78.94

Table 3: Performance comparison on the test set. The best and second best results are highlighted in bold and
underlined, respectively.

Model All Mentions Overt Only ZPs Only

- (Reference) 92.74 95.35 89.01

NLLB-200-3.3B 29.33 31.98 25.54
GPT-4o-mini 48.13 51.11 43.87
Qwen2.5-72B-Inst 43.88 47.19 39.15
Llama-3-8B-basetuned 37.83 40.39 34.17
Llama-3-8B-Insttuned 37.72 40.21 34.16
Qwen2.5-7B-Insttuned 37.54 40.18 33.77
Qwen2.5-14B-Insttuned 37.13 41.40 31.03

Table 4: CCS comparison across different mention pair
categories: All Mentions considers all mention pairs;
Overt Only includes only mention pairs excluding zero
pronouns (ZP); ZPs Only includes only mention pairs
where at least one mention is a zero pronoun.

Model Paradigm BLEU COMET CCS

MADLAD-400-3B
S2S 21.13 79.87 29.67
CA - - -

D2D 21.78 81.67 30.91

GPT-4o-mini
S2S 34.64 87.30 32.57
CA 37.43 88.17 34.39

D2D 46.31 90.87 48.13

Qwen2.5-72B-Inst
S2S 40.41 87.92 37.00
CA 44.90 88.45 39.25

D2D 46.03 89.12 43.88

Table 5: Performance comparison across various trans-
lation paradigms including Sent2Sent (S2S), Context-
Aware (CA) and Doc2Doc (D2D).

Case study. Figure 2 presents three illustra-482

tive cases in which the MT system (Llama-3-8B-483

Instruct) fails to correctly resolve source-side coref-484

erence. As a result, the generated translations mis-485

represent the underlying entity relations and may486

introduce confusion for readers.487

In the first example, the system translates车/che488

as bus, failing to establish its coreferential relation489

with G160次列车/G160_ci_lie_che in the subse-490

quent sentence, which clearly denotes a specific 491

train service. This error breaks the coreference 492

chain and results in an inconsistent interpretation 493

of the entity. In the second example, the sys- 494

tem similarly fails to recognize that 他家/ta_jia 495

corefers to 酒店/jiu_dian in preceding context. 496

Lacking this contextual understanding, the model 497

renders 他家/ta_jia literally as his home, rather 498

than the intended reference to the hotel, theyby 499

distorting the discourse context. The third exam- 500

ple illustrates an error involving zero pronoun. In 501

the source dialogue, the omitted pronoun 它/ta 502

refers to the previously mentioned entity这个航 503

班/zhe_ge_hang_ban. However, the system fials to 504

recover this referential link and incorrectly trans- 505

lates it as I. Such errors not only result in incorrect 506

entity references but also disrupt discourse coher- 507

ence, ultimately reducing the readability and relia- 508

bility of the translated dialogue. 509

5 Related Work 510

5.1 Dialogue Translation 511

OpenSubtitles (Lison and Tiedemann, 2016)17 is 512

one of the most widely used datasets for dialogue 513

translation. However, many previous studies (Voita 514

et al., 2018; Miculicich et al., 2018) primarily treat 515

it as a document-level translation resource, often 516

overlooking valuable dialogue-specific information 517

such as utterance boundaries and speaker annota- 518

tions. BConTrasT, introduced in the WMT2020 519

Chat Translation Task (Farajian et al., 2020), is an 520

English-to-German dataset specifically designed 521

for dialogue translation. However, it focuses 522

17https://www.opensubtitles.org/
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Case 1

[Source]
usr: 你在嘛？下周一深圳去杭州的车/che有
吗？
[Context]
sys: 有的，下周一上午有一辆G1604次列
车/G1604_ci_lie_che，你是要上午走吗？
[Auto Translation]
usr: Are you there? Is there any bus from Shen-
zhen to Hangzhou next Monday?
[Reference]
usr: Are you there? Is there a train going from
Shenzhen to Hangzhou next Monday?

Case 2

[Context]
usr: 酒店/jiu_dian里面有标准间吧？
sys: 标准间当然有了,那是他们/ta_men的标
配。
[Source]
usr: 那就好，他家/ta_jia地址在哪里？
[Auto Translation]
usr: That’s good. Where is his home address?
[Reference]
usr: That’s good. Where is their address?

Case 3

[Context]
sys: 这个航班/zhe_ge_hang_ban起飞时间是中
午十一点五十五分从高崎国际机场起飞。
[Source]
usr: 好的，(它/ta)不能延误吧？
[Auto Translation]
usr: Okay, won’t I be late?
[Reference]
usr: Alright, it won’t be delayed, will it?

Figure 2: Case studies illustrating the MT system’s
failure to resolve source-side coreference, resulting in
incorrect and misleading translations.

on translating bilingual conversations from one523

language to another, providing a more dialogue-524

oriented benchmark. Building on this dataset, sub-525

sequent works have explored a variety of dialogue-526

specific features, including speaker role prefer-527

ences, discourse coherence, translation consistency,528

and speaker identification (Liang et al., 2021a,b,529

2022; Zhou et al., 2023).530

5.2 Discourse-related Evaluation Metrics531

While traditional evaluation metrics such as532

BLEU (Papineni et al., 2002) and COMET (Rei533

et al., 2022) perform reliably at the sentence level,534

they fall short in capturing cross-sentential dis-535

course phenomena, which are crucial for document-536

level translation. To address this limitation, several537

discourse-aware evaluation metrics have been pro- 538

posed. The APT metric (Accuracy of Pronoun 539

Translation) is widely used to specifically assess 540

pronoun translation accuracy (Werlen and Popescu- 541

Belis, 2017). Lyu et al. (2021) introduce LTCR 542

(Lexical Translation Consistency Rate) to mea- 543

sure how consistently words and phrases from the 544

source document are translated across the entire 545

target document. Zhao et al. (2023) propose Dis- 546

coScore, a parameterized discourse metric that uses 547

BERT to evaluate discourse coherence from mul- 548

tiple perspectives. Differently, Jiang et al. (2022) 549

propose BLONDE, a comprehensive metric that 550

evaluates various discourse phenomena such as 551

named entity consistency, tense consistency, and 552

pronoun ellipsis. Similarly, Sun et al. (2022) in- 553

troduce TCP, another comprehensive metric that 554

focuses on tense consistency, conjunction usage, 555

and pronoun translation. Besides, related studies 556

build different test suits from different discourse 557

category test MT system. Finally, previous stud- 558

ies have also developed various test suites specif- 559

ically designed to evaluate the ability of machine 560

translation systems to handle different discourse 561

phenomena (Voita et al., 2018, 2019; Lei et al., 562

2024). Unlike the studies mentioned above, this 563

paper introduces CSC, a metric designed to mea- 564

sure coreference consistency between the source 565

document and the target translation, an aspect that 566

has not been explicitly explored before. 567

6 Conclusion 568

This work presents a systematic evaluation of coref- 569

erence consistency in Chinese-to-English dialogue 570

translation. We construct a dialogue dataset anno- 571

tated with zero pronouns and coreference chains, 572

and propose the Coreference Consistency Score 573

(CCS) to automatically measure whether source- 574

side coreferential relations are preserved in transla- 575

tion. We further complement CCS with an LLM- 576

as-judge evaluation to assess discourse-level trans- 577

lation quality. Experimental results show a sub- 578

stantial gap between human translations and both 579

specialized MT systems and state-of-the-art LLMs. 580

Although most systems translate coreferential men- 581

tions on the surface, they frequently fail to main- 582

tain consistent entity references across dialogue 583

turns, particularly in cases involving zero pronouns. 584

These findings highlight that coreference consis- 585

tency remains a challenging discourse-level prob- 586

lem for current translation models. 587

8



Limitations588

This study has several limitations. First, our anal-589

ysis is restricted to Chinese-to-English dialogue590

translation, with a particular focus on task-oriented591

conversations. While this setting is well suited592

for studying discourse-level phenomena such as593

coreference and zero pronouns, the findings may594

not directly generalize to other language pairs, di-595

alogue genres, or non-dialogue text. Second, the596

proposed Coreference Consistency Score (CCS)597

relies on automatic word alignment and a learned598

coreference consistency classifier. Errors in align-599

ment or classification may propagate to the final600

CCS values, potentially affecting evaluation accu-601

racy. Although we observe strong classifier perfor-602

mance, CCS should be interpreted as an approxi-603

mate, rather than perfect, measure of coreference604

preservation. Third, CCS assumes that source-side605

coreferential relations should be preserved in the606

target translation whenever possible. In practice,607

some translations may legitimately alter discourse608

structure or resolve references differently while re-609

maining acceptable to human readers, which CCS610

may penalize. Finally, our LLM-as-judge evalua-611

tion, while motivated by prior work showing strong612

correlation with human judgments, is still an auto-613

matic assessment and may reflect model-specific614

biases. Incorporating large-scale human evaluation615

remains an important direction for future work.616
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A Annotation Agreement 827

A.1 Cohen’s Kappa Coefficient 828

Cohen’s Kappa (κ) is a statistical measure used to 829

evaluate inter-annotator agreement while correct- 830

ing for chance agreement. It is defined as: 831

κ =
po − pe
1− pe

(3) 832

where: 833

• po is the observed agreement between annotators, 834

• pe is the expected agreement by chance. 835

A κ value of 1 indicates perfect agreement, 836

whereas a value of 0 indicates agreement equiv- 837

alent to chance. According to Landis and Koch 838

(1977), κ values between 0.61 and 0.80 are inter- 839

preted as substantial agreement. 840

A.2 Zero Pronoun Annotation Agreement 841

To assess the reliability of zero pronoun (ZP) an- 842

notation, we compute inter-annotator agreement 843

using Cohen’s Kappa (κ) between two annotators. 844

Agreement is calculated on the overlapping subset 845

of dialogues annotated by both annotators. 846

The average κ score for ZP annotation is 0.638, 847

which falls into the substantial agreement category. 848

This result indicates that, despite the inherent am- 849

biguity of zero anaphora in Chinese, the annotation 850

guidelines and training procedure enable a high de- 851

gree of consistency across annotators. In addition, 852

the use of a dedicated web-based annotation tool 853

helps reduce annotation complexity and ambiguity, 854

further contributing to reliable annotations. 855

A.3 Coreference Chain Annotation 856

Agreement 857

We further evaluate inter-annotator agreement for 858

coreference chain annotation using Cohen’s Kappa. 859

This task requires annotators to identify and link 860

all mentions referring to the same entity through- 861

out a dialogue and is inherently more challenging 862

due to longer-range dependencies and contextual 863

ambiguity. 864

On the overlapping subset, the average κ score 865

for coreference chain annotation is 0.694, which 866

also corresponds to substantial agreement. This 867

level of agreement demonstrates that annotators are 868

able to consistently identify coreference relations, 869

even for a complex discourse-level annotation task, 870

and supports the overall quality of the annotated 871

test set. 872
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B Fine-Tuning Model Setting873

We fine-tune the classifier on Llama-3.1-8B-base.874

We employ LoRA (Hu et al., 2021) using rank 8,875

scaling factor α = 16, and 0.0 dropout. Training is876

performed on two NVIDIA 3090 GPUs with a per-877

device batch size of 1, and gradients accumulation878

over 32 steps. The learning rate is set to 1e-4, and879

the model is trained for 6 epochs to mitigate the880

risk of overfitting.881

During fine-tuning for dialogue translation, we882

also employ LoRA (Hu et al., 2021) fine-tuning ap-883

proach based on the LLaMA-Factory framework18884

(Zheng et al., 2024), with supervised fine-tuning885

(SFT) as the training stage. The LoRA target mod-886

ules are set to all tunable modules to enable com-887

prehensive parameter adaptation, with a rank of888

8, scaling factor α = 16, and 0.0 dropout. The889

training data is from the training set of RiSAWOZ,890

augmented with target-side translation from GPT-891

4o. Training is conducted in a multi-NVIDIA 3090892

GPUs environment with a per-device batch size893

of 2 and gradient accumulation over 8 steps. The894

initial learning rate is set to 1e-4 with a warmup895

ratio of 0.1. We utilize the AdamW optimizer and896

a cosine learning rate scheduler. The fine-tuning897

process lasts for 4 epochs, with mixed precision898

training (FP16) enabled to improve computational899

efficiency. Other training parameters follow the900

default settings of the framework. The distributed901

training timeout is set to a large value to ensure902

stability during multi-GPU training.903

C Prompts Used in Data Construction904

Figure 3 presents the prompt used to obtain target-905

side translations under the document-to-document906

(D2D) translation paradigm, which is also adopted907

in our experimental evaluation. Figure 4 shows the908

prompt used for zero pronoun annotation.909

D Prompt for LLM-as-Judge Evaluation910

Figure 5 presents the prompt used for LLM-as-911

Judge evaluation.912

E Prompts for Translation913

Figure 6, Figure 7, and Figure 3 present the914

prompts used for sentence-to-sentence transla-915

tion, context-aware translation, and document-to-916

document translation, respectively.917

18https://github.com/hiyouga/LLaMA-Factory
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Prompt for document-to-document translation

Please translate the following dialogue from Chinese to English.
This dialogue is an exchange between two speakers, <usr> and <sys>.
The translated dialogue results must conform to the grammar and format of the English dialogue.
Translation results Please focus on the translation of coreference.
Please provide a translation that preserves the original dialogue style and tone.
[dialogue]:
usr: [utterance 1]
sys: [utterance 2]
. . . . . .
usr: [utterance n]
sys: [utterance n+1]

Figure 3: Prompt templates used for document-to-document translatoin.

Prompt for zero-pronoun annotation

usr: [. . . . . . <s>mention</s>. . . . . . ]
sys: [utterance 2]
......
usr: [utterance n]
sys: [. . . . . . <s>mention</s>. . . . . . ]

Please perform zero pronoun resolution on the dialogue following the style shown in the previous exam-
ples.
Enclose the recovered mentions with <s></s> tags.
The following resolution rules must be strictly followed:
1. Only the following ten specific pronouns are restored: 我 (I),我们 (we),你 (you),你们 (you plural),他 (he),他们
(they, masculine/mixed),她 (she),她们 (they, feminine),它 (it),它们 (they, inanimate).Abstract pronouns (e.g., those
referring to events, expletive subjects, or generic entities) are ignored.
2. Restoration is applied to omitted subjects or objects. If an explicit subject appears later in the sentence, restoration
may be omitted. Omitted possessive forms are not restored.
3. For colloquial utterances, the decision to restore is based on sentence fluency: fully fluent utterances are restored,
partially fluent ones are partially restored, and non-fluent ones are not restored.
4. Regarding the restoration position, insertion at the beginning of the sentence is preferred. In combinations of
colloquial and standard sentences, zero anaphora in the standard sentence may be restored, while the colloquial sentence
shares the restored result.

Please return the dialogue with the annotations.
[dialogue]:
usr: [utterance 1]
sys: [utterance 2]
......
usr: [utterance n]
sys: [utterance n+1]

Figure 4: Prompt templates used for zero-pronoun annotation.
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Prompt for LLM-as-Judge evaluation

[Source]:
<Chinese dialogue>
usr: [...<id1>mention<id1>...]
sys: [utterance 2]
.....
usr: [utterance n]
sys: [...<idx>mention<idx>...]

[MT Target]:
<English dialogue>
usr: [utterance 1]
sys: [utterance 2]
.....
usr: [utterance n]
sys: [utterance n+1]

Based on the provided [Source] context, evaluate the mentions marked with <id*><id*> in the source text by assigning
a score from 0 to 100, where 100 represents a perfect and unambiguous coreference translation, and 0 represents a
complete failure to preserve the coreference relationship.
Please note that a score of 100 should be reserved for only the most flawless cases, where the coreference is translated
with complete clarity, accuracy, and naturalness, leaving no room for ambiguity or improvement. Use the full scoring
range to reflect nuanced differences in translation quality.
The evaluation results are categorized into five levels, each corresponding to a specific score range: "Perfect" (75–100),
"Good" (50–74), "Acceptable" (25–49), "Poor" (1–24), and "Unacceptable" (0).
Your evaluation should consider:
1. Whether the coreference relationship is preserved correctly.
2. Whether the referents are clearly identifiable in the target.
3. Whether the translation sounds natural and unambiguous.

Return your response in the following format:
[Mention #id]:
[Score]:

Figure 5: Prompt template used for LLM-as-Judge evaluation.

Prompt for sentence-to-sentence translation

Please translate the following sentences from Chinese to English:
[utterance]

Figure 6: Prompt template for sentence-to-sentence translation.
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Prompt for context-ware translation

[Chinese]:
[utterance 1]
[English]:
[utterance 1]

[Chinese]:
[utterance 2]
[English]:
[utterance 2]

[Chinese]:
[utterance 3]
[English]:
[utterance 3]

Please translate the following sentences from Chinese to English based on the above translation examples from Chinese
to English.
[Chinese]:
[utterance 4]

Figure 7: Prompt template used for context-aware translation. Specifically, we use three previous source-side
utterances as context.
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