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Abstract

Modeling large contexts, especially linguistic001
phenomena that span beyond individual sen-002
tences, is a fundamental yet challenging aspect003
of natural language processing (NLP). How-004
ever, existing evaluation benchmarks primarily005
focus on the evaluation of inter-sentence prop-006
erties and overlook critical discourse phenom-007
ena that cross sentences. To bridge the gap,008
we propose Disco-Bench, a benchmark that009
can evaluate intra-sentence contextual proper-010
ties across a diverse set of NLP tasks, cover-011
ing understanding, translation, and generation.012
Disco-Bench consists of 9 document-level test-013
sets in the literature domain, which contain rich014
discourse phenomena (e.g. cohesion and coher-015
ence) in Chinese and/or English. For linguis-016
tic analysis, we also design a diagnostic test017
suite to probe the extent to which the evaluated018
models have internalized contextual informa-019
tion. We totally evaluate 20 general-purpose020
and domain-specific models based on advanced021
pretraining architectures and large language022
models (LLMs). Our results show that (1) our023
evaluation benchmark is both challenging and024
necessary; (2) fine-grained pretraining with lit-025
erary document-level training data consistently026
enhances the modeling of discourse informa-027
tion. We will release the datasets, pretrained028
models, and leaderboard, which we hope can029
significantly facilitate research in this field.030

1 Introduction031

To evaluate the general performance of language032

models, previous work proposed a variety of bench-033

marks, covering different tasks and languages such034

as GLUE (Wang et al., 2018), CLUE (Xu et al.,035

2020) and XGLUE (Liang et al., 2020). However,036

existing benchmarks pay little attention to intra-037

sentence contextual properties such as discourse,038

which are fundamental and challenging problems in039

natural language processing (Kevitt et al., 1992). A040

text generally consists of meaningful, unified, and041

Figure 1: An example of intra-sentence properties.

purposive groups of sentences, which are organized 042

as a whole (Cook, 1989). As shown in Figure 1, 043

the discourse property manifests in two ways: (1) 044

cohesion, where the dependency between words 045

or phrases makes them logically and consistently 046

connected; (2) coherence, where the structural re- 047

lation between segments or sentences enables them 048

semantically and meaningfully composed. 049

To bridge the gap, we introduce a benchmark 050

for the target evaluation of context-aware modeling. 051

Our Disco-Bench comprises three datasets: 052

• Disco-Bench Benchmark: It consists of nine 053

Chinese/English context-aware tasks covering a 054

broad range of NLP tasks (understanding, transla- 055

tion, and generation), data quantities (from 26.4K 056

to 2.4M), and difficulties. Besides, most task 057

datasets are newly created in this work. 058

• Disco-Bench Diagnostic Dataset: To under- 059

stand the discourse information learned by mod- 060

els, we propose a dataset of hand-crafted 1,294 061

examples for probing models. Each instance is 062

a contrastive pair, where the correct candidate is 063

the original instance in the benchmark and the 064

incorrect one is a perturbation by modifying dis- 065

course devises in the correct candidates. 066

• Disco-Bench Training Dataset: We introduce a 067

large-scale (400G), long-text data in Chinese and 068

English, which is in the same literature domain 069

with the benchmark. The training data enables 070

fine-grained pretraining to better model context- 071
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Task Metric Dataset Lang.
# Train # Test Domain
Understanding Task

SI F1, EM 48.0K 17.5K novel zh

ZPR F1, P, R 2.2M 8.1K mixed zh

MRC Acc. 26.4K 6.5K comp. mzh, czh

Translation Task
NT d-BLEU,

BLEU,
TER,
MET.
COM.

1.9M 1.3K novel zh-en

CCT 778.1K 5.3K dianji czh-mzh

PT 47.1K 2.7K poetry zh-en

Generation Task

TE BLEU,
PPL 2.4M 10K book en

TI PPL,
Dist,

BERTs.

233K 10K book zh

TC 233K 10K book zh

Table 1: An overview of our context-aware evaluation
benchmark, covering language understanding, transla-
tion and generation. All datasets consist of document-
level texts in the literature domain (comp. is compo-
sition), which are rich in discourse phenomena. Eight
of them are newly created by us and one is expanded
based on existing corpus (i.e. MRC). It covers three
languages: English (en), Modern Chinese (mzh/zh) and
Classical Chinese (czh). We report commonly-used
evaluation metrics. “#” means the number of instances
(e.g. sentences, pairs or documents). “Test” represents
both validation and testing sets.

aware information required by the benchmark.072

To better understand challenges posed by Disco-073

Bench, we conduct experiments on a variety of074

state-of-the-art models, including standard Trans-075

former, pretrained models as well as large language076

models (LLMs). We found that these tasks display077

different levels of difficulty, resulting in different078

behaviors and performances across models. Fur-079

thermore, the fine-grained pretraining based on the080

context-rich Disco-Bench training data improves081

performances particularly on cohesive translation082

and coherent generation. However, the best models083

still achieve a fairly low absolute score, highlight-084

ing the difficulty of modeling discourse. There are085

three main contributions in this work:086

• Challenging Tasks: We propose a diverse set087

of context-aware tasks to evaluate monolingual088

and cross-lingual models’ ability to understand,089

translate and generate texts.090

• Considerable Resources: We build and release091

a variety of context-aware resources, including092

benchmarking datasets, diagnostic test suite and093

large-scale pretraining corpus.094

• Comprehensive Comparisons: We systemati- 095

cally compare advanced pretraining methods on 096

the benchmark, and identify current challenges 097

in context modelling for future exploration. 098

2 Disco-Bench Benchmark 099

To comprehensively evaluate the target models, 100

Disco-Bench covers three types of NLP tasks, in- 101

cluding language understanding, translation and 102

generation. We design the benchmarking tasks us- 103

ing the following criteria: (1) our tasks should mea- 104

sure the ability of models to handle contextual in- 105

formation, thus we define related tasks at different 106

levels of difficulty; (2) our datasets should contain 107

rich discourse phenomena, thus we build document- 108

level datasets with whole contexts extracted from 109

literary texts. As shown in Table 1, we introduce 9 110

tasks containing corresponding datasets in Chinese 111

and/or English: eight of which are newly created, 112

and one is expanded based on existing data. 113

2.1 Language Understanding Tasks 114

Discourse is one of the fundamental problems for 115

understanding models. It is difficult to determine 116

the referents of pronouns and definite noun phrases, 117

and understand elliptical sentence fragments, as 118

well as a host of other long-range language phe- 119

nomena that have not even been adequately char- 120

acterized much less conquered (Bates, 1995). As 121

shown in Figure 2, we classify tasks into three diffi- 122

culty levels according to the length of contexts and 123

the amount of discourse knowledge. 124

SI (Speaker Identification) Given a paragraph 125

that may contain an utterance and the surround- 126

ing context, SI aims to identify the corresponding 127

speaker(s) for the utterance or the content within 128

quotation marks if no speaker exists. To archive 129

this goal, models need to examine the existence of 130

quotes, recognize named entities or phrases that 131

can serve as speakers, and resolve coreference. We 132

construct the dataset with 66K instances from eigh- 133

teen Chinese novels. Unlike previous SI datasets 134

like P&P (He et al., 2013) where all speakers are 135

entities, speakers in our dataset can also be phrases, 136

pronouns, or multi-entities. We employ macro- 137

averaged F1 and exact match (EM) as the evalua- 138

tion metrics, following standard extractive machine 139

reading comprehension (Rajpurkar et al., 2016). 140

ZPR (Zero Pronoun Recovery) ZPR aims to 141

recover omitted pronouns in terms of position and 142

2



Figure 2: Illustration of the proposed understating tasks in terms discourse properties and task definition. As
seen, SI needs to recognize named entity and resolve coreference. While ZPR demands the further ability to tackle
zero anaphora and gender identification. MRC is the hardest because it should fully understand coherence (e.g.
discourse structure based on temporal relation) apart from cohesion in previous tasks. English translations of
example sentences are listed in Appendix §A.1.

form, according to its anaphora information in the143

given sentence (Yang and Xue, 2010; Zhang et al.,144

2019b; Song et al., 2020). Figure 2 shows an145

example, where the omitted pronoun “她 (She)”146

can be recovered according to its anaphora “菲比147

(Phoebe)”. The BaiduKnows is a widely-used Chi-148

nese ZPR corpus, which contains only 5K human-149

annotated sentences extracted from a Q&A fo-150

rum (Zhang et al., 2019b). The insufficient data151

limits the investigation of model performance on152

ZPR. Inspired by (Wang et al., 2016), we automati-153

cally built a large-scale training set from Chinese-154

English movie subtitles using word alignments.155

For testset, we hire experts to manually annotate156

8K sentences covering five domains and the label157

set contains 30 Chinese pronouns. Different from158

previous benchmarks like CLUEWSC2020 which159

mainly focus on anaphora resolution (explicit pro-160

nouns) (Kong and Zhou, 2010; Mitkov, 2014),161

while ZPR considers implicit pronouns which are162

complementary to each other. We use micro F1,163

precision and recall as the evaluation metrics.164

MRC (Machine Reading Comprehension) The165

goal is to answer questions based on the understand-166

ing of its meaning given an unstructured text (Liu167

et al., 2019a; Zeng et al., 2020). We collected168

the Haihua2021 corpus, which contains 8K arti-169

cles extracted from reading comprehension tests170

in primary/high school examinations.1 Each arti-171

cle is followed by at least one question with 2∼5172

choices and one correct answer. We manually cre-173

1https://www.biendata.xyz/competition/haihua_
2021.

ate 2K articles as an additional supplement. Differ- 174

ent from previous benchmarks based on Wikipedia 175

texts (Cui et al., 2019) or Chinese idioms (Zheng 176

et al., 2019), ours is in the literary domain (i.e. mod- 177

ern/ancient composition and poetry) that contains 178

rich discourse phenomena. Different from the C3 179

benchmark (Sun et al., 2020) where problems are 180

collected from Chinese-as-a-second-language ex- 181

aminations, this dataset is extracted from more chal- 182

lenging examinations designed for native speakers. 183

Considering the average length, our corpus is more 184

challenging than C3 (length ratio is 753:117). 185

2.2 Language Translation Tasks 186

Language translation is a sequence-to-sequence 187

generation task to translate text from one language 188

to another. Context information is important for 189

document-level translation to produce cohesive and 190

coherent translations (Wang et al., 2017; Bawden 191

et al., 2018). As shown in Figure 3, we design three 192

translation tasks of increasing hardness, which dif- 193

fer in the conciseness of source sentences in Chi- 194

nese. The more concise the Chinese text, the more 195

discourse information is needed for translation. We 196

report BLEU, TER, METEOR and COMET for 197

measuring models’ translation quality. 198

NT (Novel Translation) The significant chal- 199

lenges for translating novels are entity consis- 200

tency, anaphora resolution, and lexical choice (Ma- 201

tusov, 2019). We build a document-level Chinese- 202

English corpus, which is extracted from web fic- 203

tions. Specifically, we crawl 45,134 chapters in 204

152 books from web fiction websites, covering 14 205
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Figure 3: The illustration of the proposed translation tasks in terms of discourse properties and task definition. As
seen, a variety of elements may be omitted in the Chinese input but should be recalled in English translation. NT
mainly deals with zero pronouns while CCT needs to further tackle omitted connective words that are the marker
of discourse structure. PT is the most difficult task because even prepositions could be further omitted. English
translation is in Appendix §A.1.

genres such as fantasy science and romance. We206

manually align them at both document and sentence207

levels. Different from previous document-level MT208

datasets such as LDC2 and OpenSubtitle3 from the209

news and movie subtitle domains, ours is the first210

literature-domain MT corpus containing richer lin-211

guistic phenomena especially in discourse.212

CCT (Classical Chinese Translation) Classi-213

cal Chinese is a traditional style of written Chinese214

used in China until the early 20th century, making it215

different from any modern spoken form of Chinese.216

Compared with modern Chinese as in novel transla-217

tion, classical Chinese texts are extremely concise218

and compact by often dropping subjects and ob-219

jects when a reference to them is understood, which220

require discourse information for information re-221

covery. We construct a document-level Classical-222

Modern Chinese translation dataset, extracted from223

Chinese classics across history branch.4 Different224

from the NiuTrans corpus5 that has no context, ours225

maintain the original context.226

PT (Poetry Translation) Poetry translation is227

regarded as one of the hardest tasks in computa-228

tional linguistics, or even artificial intelligence in229

2https://www.ldc.upenn.edu.
3https://opus.nlpl.eu/OpenSubtitles-v2018.

php.
4https://en.wikipedia.org/wiki/Chinese_

classics.
5https://github.com/NiuTrans/

Classical-Modern.

general (Genzel et al., 2010; Ghazvininejad et al., 230

2018). Chinese poetry is even more concise than 231

classic Chinese with implicit coherence, which is 232

generally reflected through situational context and 233

contextual context. For example, Chinese poetry 234

does not use any cohesive means, but the semantic 235

is still clear. We build a document-level Chinese 236

Poetry to Modern English translation corpus, cov- 237

ering different types of Chinese poetry (e.g. Shi, 238

Ci, Qu, and Fu) translated by famous translators. 239

2.3 Language Generation Tasks 240

Language generation is a sequence generation task 241

to produce text based on a given context (Reiter 242

and Dale, 1997). Generating long and coherent 243

text is an important but challenging task, partic- 244

ularly on lexical cohesion (Wanner, 1996; Guan 245

et al., 2021). As shown in Figure 4, we design 246

three representative generation tasks that differ in 247

degrees of freedom. The more open-ended the gen- 248

eration task, the more difficult to generate accurate 249

cohesive devices and discourse structure. 250

TE (Text Expansion) We define a new task: 251

given a predefined text, the goal of TE is to insert 252

appropriate words, phrases, or clauses for adding 253

more details and deepening the meaning, while 254

retaining coherence and cohesiveness. We use a 255

semi-automatic generation method to obtain large- 256

scale training data. Specifically, we use the Stan- 257

ford Parser6 to produce the syntactic tree of a text, 258

6https://github.com/stanfordnlp/CoreNLP.
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Figure 4: The illustration of the proposed generation tasks in terms of discourse properties and task definition.
As seen, discourse structure and main contents have been specified in TE, thus the task needs to generate cohesive
words. While TI should further consider cohesion relations when generating a whole sentence based on the previous
and following ones. TC is the most difficult as it needs to generate more sentences with a unified structure. English
translation is in Appendix §A.1.

and then manually design some rules to delete the259

modifier words and phrases in the text. We use260

the remaining words as the input and predict the261

dropped modifier. Since some delete operations262

may produce ill-formed text, we filter out the train-263

ing instances if the remaining text has a large per-264

plexity measured by a language model. In order to265

retain the coherence and meaning of the source doc-266

ument, the expanded parts in the target text tends to267

be modifier phrases or clauses. We use BLEU and268

PPL metrics to measure the lexical and semantic269

similarities and fluency.270

TI (Text Infilling) It aims to predict a text snip-271

pet given its surrounding context (Zhu et al., 2019).272

To evaluate the discourse-level model capability,273

we focus on the sentence infilling task that predicts274

a missing bridge sentence x0 given two preceding275

sentences (x−2 and x−1) and two subsequent sen-276

tences (x1 and x2) (Huang et al., 2020; Cai et al.,277

2020). We build a new TI dataset by extracting278

consecutive 5-sentence paragraphs from Chinese279

web fictions used in the NT task. To evaluate dif-280

ferent models, we take the following automatic281

metrics: Perplexity (PPL), BLEU (Papineni et al.,282

2002), BERTscore (Zhang et al., 2019a) and diver-283

sity scores (Dist-2/4) (Li et al., 2016). We report284

degree of diversity by calculating the ratio of dis-285

tinct 2-grams/4-grams in generated text.286

TC (Text Completion) The task is to predict a287

writing continuation given a preceding prompt. We288

focus on multi-sentence paragraph completion for289

a target evaluation of discourse modeling, which290

Task Expert Evaluation
Agreement

SI 0.76
ZPR 0.91

MRC 0.97

Fluency Adequacy
NT 4.9 (0.60) 4.7 (0.78)

CCT 4.9 (0.65) 4.9 (0.55)
PT 4.7 (0.63) 4.4 (0.69)

Fluency Adequacy
TE 4.0 (0.51) 4.1 (0.51)
TI 4.3 (0.63) 4.4 (0.55)

TC 4.3 (0.63) 4.4 (0.55)

Table 2: Human evaluation on the benchmark quality.
We also report the inter-annotator agreement (in bracket)
for the translation and generation tasks.

completes a multi-sentence paragraph xs:e given 291

its leading sentence xs. We use the same data col- 292

lected for the TI task to construct the TC dataset. 293

Specifically, given a sentence x−2, we aim to pre- 294

dict the concatenation of x−1, x0, x1, and x2. We 295

use the same metrics as TI task. 296

2.4 Human Evaluation on Benchmark Quality 297

We assess the quality of our benchmark, as listed 298

in Table 2. For the language understanding testsets 299

that require human annotations, we follow (Mitani 300

et al., 2017) to calculate the inter-annotator agree- 301

ment via Cohen’s kappa (0∼1). The annotators 302

reach high agreement on the testsets of understand- 303

ing tasks, especially on the MRC testset, which 304

annotates the correct answer from 2∼4 choices. 305
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For translation and generation testsets, we ran-306

domly choose 100 instances for each task, and ask307

two human annotators to assess their quality in308

terms of fluency (1∼5) and adequacy/coherence309

(1∼5). We follow (Kreutzer et al., 2018; Popovic,310

2021) to calculate inter-annotator agreement via311

Krippendorff’s α(0∼1) (Krippendorff, 2013). All312

outputs are fluent and highly correlated with the in-313

put sentences (i.e. > 4) with reasonable agreement,314

showing that our benchmark has high quality.315

3 Disco-Bench Diagnostic Test Suite316

The general-purpose automatic metrics (e.g. BLEU317

and PPL) may be not sufficient to distinguish318

model performance in terms of discourse knowl-319

edge (Wong and Kit, 2012; Müller et al., 2018;320

Voita et al., 2018, 2019; Lin et al., 2011). To better321

measure the ability of models on discourse model-322

ing, we handcraft a discourse-aware test suite that323

is complementary to general evaluation.324

Definition and Annotation We adapt the idea of325

contrastive testing in our approach (Bawden et al.,326

2018; Voita et al., 2019; Cai and Xiong, 2020; He327

et al., 2022). We craft a test suite that encompasses328

6 cohesion properties (i.e. Repetition, Synonyms,329

Ellipsis, Substitution, Conjunction) for both En-330

glish and Chinese languages. The detailed defini-331

tion and examples are listed in Appendix §A.2.332

Contrastive Testing Table 6 in Appendix §A.2333

provides examples of how we formulate contrastive334

pairs for different tasks. Each instance in our335

methodology comprises a contrastive pair, consist-336

ing of a correct and an incorrect input/hypothesis337

based on cohesion properties. The original content338

from the test set serves as the correct candidate,339

while we introduce variations by altering its dis-340

course devices, creating the incorrect candidates.341

We select one representative task from each type of342

Disco-Bench Benchmark. Accordingly, we adopt343

diverse strategies which vary based on the location344

of modification:345

• MRC (Understanding): To generate an incor-346

rect candidate, we introduce noise into the input,347

transforming it from x to x′, while keeping the348

hypothesis y constant. Thus, each instance con-349

tains a correct (x, y) and an incorrect (x′, y) can-350

didate. We then calculate the probability of the351

golden label by inputting these into the relevant352

models.353

• NT (Translation): We introduce noise into the 354

target translation to generate an incorrect can- 355

didate, transitioning y to y′, while the source 356

input x remains unaltered. Each instance hence 357

contains a correct (x, y) and an incorrect (x, y′) 358

candidate. Given the input and hypothesis, we 359

calculate the probability of the hypothesis se- 360

quence using a forced-decoding method. 361

• TC (Generation): Similar to the MRC task, we 362

introduce noise into the input while the hypothe- 363

sis remains unchanged. By combining the input 364

and hypothesis, we directly calculate the proba- 365

bility of the entire sequence. 366

In conclusion, we have annotated a total of 250 in- 367

stances for the MRC task, 500 for the NT task, and 368

250 for the TC task, each marked with 6 different 369

types of cohesion. Given each instance, we assess 370

different models on their ability to rank the correct 371

candidate higher than the incorrect one. 372

4 Experiments 373

4.1 Setup 374

Plain Models We use the Transformer (Vaswani 375

et al., 2017) with base and big configurations as 376

our plain models. We use the Adam optimizer 377

with β1 = 0.9 and β2 = 0.98, and employed large 378

batching (Ott et al., 2018) for model training. We 379

set the max learning rate to 0.0007 and warmup- 380

steps to 16000. All dropout probabilities are 0.3. 381

Existing Pretrained Models We systematically 382

compare SOTA pretraining models on our con- 383

structed discourse-aware benchmark, including 384

BERT (Devlin et al., 2019), RoBERTa (Cui et al., 385

2020), AnchiBERT (Tian et al., 2021), MengziB- 386

ERT (Zhang et al., 2021), BART (Lewis et al., 387

2020; Shao et al., 2021), mBART (Liu et al., 2020), 388

GPT2 (Radford et al., 2019; Zhao et al., 2019), 389

T5 (Raffel et al., 2020; Zhao et al., 2019) and 390

ChatGPT (Ouyang et al., 2022). We fine-tuned 391

these public models on the corresponding datasets 392

for downstream tasks. For translation tasks, we 393

use BERT-based pretrained models (e.g. BERT, 394

RoBERTa) to initialize the encoder of NMT models. 395

We choose the hyper-parameters based on the per- 396

formance on the validation set for each model. We 397

fine-tune each model twice and report the averaged 398

test results. We use few-shot for tesing ChatGPT. 399

The fine-tuning hyper-parameters and ChaGPT’s 400

instructions are detailed in Appendix §A.3. 401
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Model Understanding Translation Generation

SI↑ ZPR↑ MRC↑ NT↑ CCT↑ PT↑ TE↑ TI↑ TC↑

Plain Models
Transformer (base) 9.1 10.8 38.2 22.1 32.5 4.3 24.9 58.1 58.2
Transformer (big) 4.4 11.1 38.7 22.5 33.5 4.3 29.6 58.5 59.9

Existing Pretrained Models
BERT (base) 85.1 24.5 51.6 22.8 42.5 6.1 - - -
AnchiBERT (base) 81.3 23.2 46.3 22.1 42.6 6.1 - - -
MengziBERT (base) 86.9 31.5 51.0 21.2 42.3 5.5 - - -
RoBERTa (base) 86.3 28.5 51.0 21.9 42.3 5.8 - - -
RoBERTa (large) 88.7 33.0 55.9 20.8 44.2 5.7 - - -

GPT-2 - - - - - - 30.0 59.4 57.6
BART (large) 86.5 32.8 50.2 21.7 43.3 7.3 33.8 62.2 60.3
mBART (CC25) - - - 24.0 - 12.6 - - -

Disco-Bench Pretrained Models
RoBERTa (base) 87.7 31.2 50.0 22.8 46.6 6.6 - - -
RoBERTa (large) 89.6 34.3 56.7 21.6 44.0 7.2 - - -

GPT-2 - - - - - - 32.5 59.7 60.2
BART (large) 86.6 33.5 50.3 23.2 43.8 7.1 36.2 62.4 60.7
mBART (CC25) - - - 24.3 - 13.9 - - -

Large Language Models
GPT-3.5 78.7 13.5 48.6 22.5 22.2 8.1 24.2 59.7 59.0
GPT-4 84.9 9.7 63.2 24.0 27.6 9.1 27.1 60.4 59.6

Table 3: Performance of baseline models on Disco-Bench benchmark. A similar table is presented on the online
platform. Bold denotes the best result in each column. SI and ZPR are measured by F1 while MRC by accuracy.
We report BLEU for NT, CCT, PT and TE, and BERTscore for others.

Disco-Bench Pretrained Models We present an402

extensive Disco-Bench training dataset (400GB),403

consisting of both Chinese and English texts, de-404

signed to align with the benchmark’s literature405

domain. The frequencies and types of discourse406

phenomena vary in different domains (Yang et al.,407

2015), leading to differences in model behavior and408

quality across domains. However, most existing409

pretrained models are trained on non-literature data410

(e.g. Wikipedia). To fill the gap, we follow (Wang411

et al., 2022) to train the existing pretraining models412

(coarse-grained pretraining) on our Disco-Bench413

training data (fine-grained pretraining) to enhance414

context modelling. Specifically, we use the existing415

pretrained models for weight initialization, and fur-416

ther train the models on the Disco-Bench training417

data with the same loss. More details on data and418

training settings are described in Appendix §A.4.419

4.2 Main Results420

Table 3 lists the results on the proposed bench-421

marks, using main evaluation metrics (results on422

additional evaluation metrics are detailed in Ap-423

pendix §A.5). Concerning the existing pretrained424

models, pretraining improves performance over 425

plain models in all tasks, which is consistent with 426

previous studies. These results validate that the pro- 427

posed benchmarks are reasonable. We evaluated 428

the encoder-only architecture on tasks involving 429

comprehension and translation. We also assessed 430

the decoder-only architecture on tasks requiring 431

generation, and the encoder-decoder architecture 432

on all tasks. The reason some architectures were 433

not tested on certain tasks is due to our preliminary 434

experiences showing subpar performance in those 435

particular tasks. 436

Among the BERT variants with the base setting, 437

AncientBERT trained on small-scale classical Chi- 438

nese data outperforms other models on CCT and 439

PT, demonstrating the necessity of bridging the do- 440

main gap. Enlarging the model capacity usually 441

improves performance (e.g. RoBERTa from base 442

to large setting). The GPT-2 model exhibits supe- 443

rior performance on TE and TI tasks compared to 444

the plain Transformer model, but its performance 445

is inferior on the TC task. The BART model ex- 446

cels in all generation tasks, underscoring the effi- 447

cacy of the encoder-decoder architecture in such 448
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Type Models Rep. Syn. Con. Ref. Sub. Ell.

Understanding
(MRC)

RoBERTa (large) 66.7 61.4 68.0 64.0 69.8 25.0
+ Disco-Bench Pretrain 68.8 66.3 63.4 58.3 59.5 62.5

GPT-3.5 27.1 38.6 33.5 25.8 49.2 12.5
GPT-4 31.3 24.1 21.0 21.6 39.7 25.0

Translation
(NT)

mBART (CC25) 94.0 85.3 92.7 95.9 83.3 76.5
+ Disco-Bench Pretrain 96.0 88.2 95.0 96.7 86.7 76.5

GPT-3.5 32.0 59.4 24.4 26.0 44.8 37.3
GPT-4 62.0 85.3 45.1 71.6 58.6 41.2

Generation
(TC)

BART(large) 89.5 60.0 91.4 81.9 50.0 61.9
+ Disco-Bench Pretrain 90.8 84.0 94.3 84.5 56.0 47.6

GPT-3.5 26.3 16.0 11.4 10.3 25.0 23.8
GPT-4 60.5 52.0 11.4 50.9 37.5 19.0

Table 4: Results of selected models on Disco-Bench cohesion test suit. We assess models on their ability to rank the
correct candidate higher than the incorrect one according to model score. We report overall accuracy (%).

tasks. Pre-training with multilingual data, such as449

in the mBART model, can yield a more substan-450

tial improvement in translation quality than BART,451

particularly evident in NT and PT tasks.452

Clearly, fine-grained pretraining on Disco-Bench453

training data outperforms their coarse-grained454

counterparts, demonstrating the effectiveness and455

necessity of modeling discourse information. The456

RoBERTa models work better on language under-457

standing tasks, and the BART variants produce458

superior performances on the language transla-459

tion and generation tasks. Although ChatGPT has460

shown substantial proficiency in long-text NLP461

tasks, it does not quite measure up to the perfor-462

mance of Disco-Bench’s pretrained models across463

the majority of Disco-Bench tasks. These results464

underline the challenge and the necessity of our465

proposed benchmark.466

4.3 Results on Diagnostic Test Suite467

We evaluate three existing pretraining models on468

the diagnostic dataset: RoBERTa (large), BART469

(large), and mBART (CC25), each of which has470

exhibited superior performance on their respective471

representative tasks. “+ Disco-Bench Pretrain” do-472

nates fine-grained pretraining on Disco-Bench data473

specific to each model. Subsequently, every model474

is fine-tuned using the training data derived from475

the corresponding downstream task.476

Table 4 records the model’s ability to rank a477

correct candidate higher than an incorrect one, re-478

vealing an overall accuracy percentage. Disco-479

Bench pretrained models generally improve the co-480

hesion accuracies over their coarse-grained counter-481

parts, which reconfirms our claim that fine-grained 482

pretraining on Disco-Bench data helps model dis- 483

course information. Although the numbers are not 484

comparable across tasks, we find that pretraining 485

models on the understanding tasks generally per- 486

form worse on discourse modeling. One possible 487

reason is that the understanding tasks are mostly 488

classification tasks, whose signals may not be suf- 489

ficient to guide models to learn discourse informa- 490

tion. The results on GPT-3.5 and GPT-4 reveal a 491

significant performance gap between LLMs and 492

those pretrained with Disco-Bench data, emphasiz- 493

ing the challenge of capturing discourse informa- 494

tion. 495

5 Conclusion 496

This paper introduces a benchmark for Chinese 497

and/or English that can evaluate intra-sentence 498

properties across various NLP tasks, covering un- 499

derstanding, translation, and generation. We also 500

propose a diagnostic test suite that can examine 501

whether the target models learn discourse knowl- 502

edge for in-depth linguistic analysis. Extensive 503

experiments demonstrate that fine-grained pretrain- 504

ing based on document-level training data consis- 505

tently improves the modeling of discourse informa- 506

tion. We offer the datasets, pretrained models, and 507

leaderboards to facilitate research in this field. 508

Limitations 509

We list the main limitations of this work as follows: 510

1. Other Methods: This study preliminarily tests 511

plain, pretrained models and LLMs. Nonetheless, 512
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a wide array of alternative approaches merit ex-513

ploration for boosting model performance. Delv-514

ing into these methodologies may reveal more515

efficacious means of bolstering the robustness516

and precision of predictive models.517

2. Evaluation Methods: In this paper, we mainly use518

the commonly-used automatic metric. However,519

it is still an open question whether human and520

automatic evaluation metrics are complementary521

or mutually exclusive in measuring discourse-522

level performance.523

Ethics Statement524

We take ethical considerations very seriously, and525

strictly adhere to the ACL Ethics Policy. Most526

datasets used in this paper are publicly available.527

Besides, we are the copyright owners of the newly528

proposed webnovel dataset. We ensure that the529

findings and conclusions of this paper are reported530

accurately and objectively.531

References532

Madeleine Bates. 1995. Models of natural language un-533
derstanding. Proceedings of the National Academy534
of Sciences, 92(22):9977–9982.535

Rachel Bawden, Rico Sennrich, Alexandra Birch, and536
Barry Haddow. 2018. Evaluating discourse phenom-537
ena in neural machine translation. In NAACL.538

Deng Cai, Yizhe Zhang, Yichen Huang, Wai Lam, and539
Bill Dolan. 2020. Narrative incoherence detection.540
arXiv preprint arXiv:2012.11157.541

Xinyi Cai and Deyi Xiong. 2020. A test suite for evalu-542
ating discourse phenomena in document-level neural543
machine translation. In Proceedings of the Second544
International Workshop of Discourse Processing,545
pages 13–17.546

Mingda Chen, Zewei Chu, and Kevin Gimpel. 2019.547
Evaluation benchmarks and learning criteria for548
discourse-aware sentence representations. In549
EMNLP-IJCNLP.550

Alexis Conneau and Douwe Kiela. 2018. Senteval: An551
evaluation toolkit for universal sentence representa-552
tions. In LREC.553

Guy Cook. 1989. Discourse. Oxford University Press.554

Yiming Cui, Wanxiang Che, Ting Liu, Bing Qin, Shijin555
Wang, and Guoping Hu. 2020. Revisiting pre-trained556
models for Chinese natural language processing. In557
EMNLP: Findings.558

Yiming Cui, Ting Liu, Wanxiang Che, Li Xiao, Zhipeng559
Chen, Wentao Ma, Shijin Wang, and Guoping Hu.560

2019. A span-extraction dataset for Chinese machine 561
reading comprehension. In EMNLP. 562

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and 563
Kristina Toutanova. 2019. BERT: Pre-training of 564
deep bidirectional transformers for language under- 565
standing. In NAACL. 566

Dmitriy Genzel, Jakob Uszkoreit, and Franz Josef 567
Och. 2010. “poetic” statistical machine translation: 568
Rhyme and meter. In EMNLP. 569

Marjan Ghazvininejad, Yejin Choi, and Kevin Knight. 570
2018. Neural poetry translation. In NAACL. 571

Jian Guan, Zhuoer Feng, Yamei Chen, Ruilin He, Xiaoxi 572
Mao, Changjie Fan, and Minlie Huang. 2022. LOT: 573
A story-centric benchmark for evaluating chinese 574
long text understanding and generation. TACL. 575

Jian Guan, Xiaoxi Mao, Changjie Fan, Zitao Liu, Wen- 576
biao Ding, and Minlie Huang. 2021. Long text gener- 577
ation by modeling sentence-level and discourse-level 578
coherence. In ACL. 579

Hua He, Denilson Barbosa, and Grzegorz Kondrak. 580
2013. Identification of speakers in novels. In ACL. 581

Jie He, Wanqiu Long, and Deyi Xiong. 2022. Eval- 582
uating discourse cohesion in pre-trained language 583
models. In Proceedings of the 3rd Workshop on 584
Computational Approaches to Discourse, pages 28– 585
34. 586

Yichen Huang, Yizhe Zhang, Oussama Elachqar, and 587
Yu Cheng. 2020. INSET: Sentence infilling with 588
INter-SEntential transformer. In ACL. 589

Paul Mc Kevitt, Derek Partridge, and Yorick Wilks. 590
1992. Approaches to natural language discourse 591
processing. Artificial Intelligence Review, 6(4):333– 592
364. 593

Fang Kong and Guodong Zhou. 2010. A tree kernel- 594
based unified framework for chinese zero anaphora 595
resolution. In EMNLP. 596

Julia Kreutzer, Joshua Uyheng, and Stefan Riezler. 2018. 597
Reliability and learnability of human bandit feed- 598
back for sequence-to-sequence reinforcement learn- 599
ing. In Proceedings of the 56th Annual Meeting 600
of the Association for Computational Linguistics, 601
ACL 2018, Melbourne, Australia, July 15-20, 2018, 602
Volume 1: Long Papers, pages 1777–1788. Associa- 603
tion for Computational Linguistics. 604

Klaus Krippendorff. 2013. Content analysis: An 605
introduction to its methodology. Sage publications. 606

Mike Lewis, Yinhan Liu, Naman Goyal, Marjan 607
Ghazvininejad, Abdelrahman Mohamed, Omer Levy, 608
Veselin Stoyanov, and Luke Zettlemoyer. 2020. Bart: 609
Denoising sequence-to-sequence pre-training for nat- 610
ural language generation, translation, and compre- 611
hension. In ACL. 612

9

https://doi.org/10.18653/v1/P18-1165
https://doi.org/10.18653/v1/P18-1165
https://doi.org/10.18653/v1/P18-1165
https://doi.org/10.18653/v1/P18-1165
https://doi.org/10.18653/v1/P18-1165


Jiwei Li, Michel Galley, Chris Brockett, Jianfeng Gao,613
and Bill Dolan. 2016. A diversity-promoting ob-614
jective function for neural conversation models. In615
NAACL.616

Yaobo Liang, Nan Duan, Yeyun Gong, Ning Wu, Fen-617
fei Guo, Weizhen Qi, Ming Gong, Linjun Shou,618
Daxin Jiang, Guihong Cao, Xiaodong Fan, Bruce619
Zhang, Rahul Agrawal, Edward Cui, Sining Wei,620
Taroon Bharti, Ying Qiao, Jiun-Hung Chen, Winnie621
Wu, Shuguang Liu, Fan Yang, Rangan Majumder,622
and Ming Zhou. 2020. XGLUE: A new benchmark623
dataset for cross-lingual pre-training, understanding624
and generation. CoRR.625

Ziheng Lin, Hwee Tou Ng, and Min-Yen Kan. 2011.626
Automatically evaluating text coherence using dis-627
course relations. In ACL.628

Shanshan Liu, Xin Zhang, Sheng Zhang, Hui Wang,629
and Weiming Zhang. 2019a. Neural machine read-630
ing comprehension: Methods and trends. Applied631
Sciences, 9(18):3698.632

Yinhan Liu, Jiatao Gu, Naman Goyal, Xian Li, Sergey633
Edunov, Marjan Ghazvininejad, Mike Lewis, and634
Luke Zettlemoyer. 2020. Multilingual denoising pre-635
training for neural machine translation. Transactions636
of the Association for Computational Linguistics,637
8:726–742.638

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Man-639
dar Joshi, Danqi Chen, Omer Levy, Mike Lewis,640
Luke Zettlemoyer, and Veselin Stoyanov. 2019b.641
Roberta: A robustly optimized bert pretraining ap-642
proach. arXiv preprint arXiv:1907.11692.643

Evgeny Matusov. 2019. The challenges of using neural644
machine translation for literature. In Proceedings of645
the qualities of literary machine translation.646

Aya A Mitani, Phoebe E Freer, and Kerrie P Nelson.647
2017. Summary measures of agreement and asso-648
ciation between many raters’ ordinal classifications.649
Annals of epidemiology, 27(10):677–685.650

Ruslan Mitkov. 2014. Anaphora resolution. Routledge.651

Mathias Müller, Annette Rios, Elena Voita, and Rico652
Sennrich. 2018. A large-scale test set for the evalua-653
tion of context-aware pronoun translation in neural654
machine translation. In WMT.655

Myle Ott, Sergey Edunov, David Grangier, and Michael656
Auli. 2018. Scaling neural machine translation. In657
WMT.658

Long Ouyang, Jeffrey Wu, Xu Jiang, Diogo Almeida,659
Carroll Wainwright, Pamela Mishkin, Chong Zhang,660
Sandhini Agarwal, Katarina Slama, Alex Gray, et al.661
2022. Training language models to follow instruc-662
tions with human feedback. In Advances in Neural663
Information Processing Systems.664

Kishore Papineni, Salim Roukos, Todd Ward, and Wei-665
Jing Zhu. 2002. BLEU: A Method for Automatic666
Evaluation of Machine Translation. In ACL.667

Telmo Pires, Eva Schlinger, and Dan Garrette. 2019. 668
How multilingual is multilingual bert? In ACL. 669

Maja Popovic. 2021. Agree to disagree: Analysis of 670
inter-annotator disagreements in human evaluation 671
of machine translation output. In Proceedings of 672
the 25th Conference on Computational Natural 673
Language Learning, CoNLL 2021, Online, 674
November 10-11, 2021, pages 234–243. Asso- 675
ciation for Computational Linguistics. 676

Alec Radford, Jeffrey Wu, Rewon Child, David Luan, 677
Dario Amodei, and Ilya Sutskever. 2019. Language 678
models are unsupervised multitask learners. OpenAI 679
blog, 1(8):9. 680

Colin Raffel, Noam Shazeer, Adam Roberts, Katherine 681
Lee, Sharan Narang, Michael Matena, Yanqi Zhou, 682
Wei Li, Peter J Liu, et al. 2020. Exploring the limits 683
of transfer learning with a unified text-to-text trans- 684
former. J. Mach. Learn. Res., 21(140):1–67. 685

Pranav Rajpurkar, Jian Zhang, Konstantin Lopyrev, and 686
Percy Liang. 2016. SQuAD: 100,000+ questions for 687
machine comprehension of text. In EMNLP. 688

Ehud Reiter and Robert Dale. 1997. Building ap- 689
plied natural language generation systems. Natural 690
Language Engineering, 3(1):57–87. 691

Yunfan Shao, Zhichao Geng, Yitao Liu, Junqi Dai, 692
Fei Yang, Li Zhe, Hujun Bao, and Xipeng Qiu. 693
2021. Cpt: A pre-trained unbalanced transformer 694
for both chinese language understanding and genera- 695
tion. arXiv preprint arXiv:2109.05729. 696

Linfeng Song, Kun Xu, Yue Zhang, Jianshu Chen, and 697
Dong Yu. 2020. ZPR2: Joint zero pronoun recovery 698
and resolution using multi-task learning and BERT. 699
In ACL. 700

Kai Sun, Dian Yu, Dong Yu, and Claire Cardie. 2020. 701
Investigating prior knowledge for challenging chi- 702
nese machine reading comprehension. TACL. 703

Huishuang Tian, Kexin Yang, Dayiheng Liu, and 704
Jiancheng Lv. 2021. Anchibert: A pre-trained 705
model for ancient chinese language understanding 706
and generation. In 2021 IEEE International Joint 707
Conference on Neural Networks. 708

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob 709
Uszkoreit, Llion Jones, Aidan N Gomez, Łukasz 710
Kaiser, and Illia Polosukhin. 2017. Attention is all 711
you need. In NeurIPS. 712

Elena Voita, Rico Sennrich, and Ivan Titov. 2019. When 713
a good translation is wrong in context: Context-aware 714
machine translation improves on deixis, ellipsis, and 715
lexical cohesion. In ACL. 716

Elena Voita, Pavel Serdyukov, Rico Sennrich, and Ivan 717
Titov. 2018. Context-aware neural machine transla- 718
tion learns anaphora resolution. In ACL. 719

10

https://doi.org/10.18653/v1/2021.conll-1.18
https://doi.org/10.18653/v1/2021.conll-1.18
https://doi.org/10.18653/v1/2021.conll-1.18
https://doi.org/10.18653/v1/2021.conll-1.18
https://doi.org/10.18653/v1/2021.conll-1.18


Alex Wang, Yada Pruksachatkun, Nikita Nangia, Aman-720
preet Singh, Julian Michael, Felix Hill, Omer Levy,721
and Samuel R. Bowman. 2019. Superglue: A stickier722
benchmark for general-purpose language understand-723
ing systems. In NeurIPS.724

Alex Wang, Amanpreet Singh, Julian Michael, Fe-725
lix Hill, Omer Levy, and Samuel R. Bowman.726
2018. GLUE: A multi-task benchmark and analy-727
sis platform for natural language understanding. In728
EMNLP.729

Longyue Wang, Zhaopeng Tu, Andy Way, and Qun Liu.730
2017. Exploiting cross-sentence context for neural731
machine translation. In EMNLP.732

Longyue Wang, Zhaopeng Tu, Xiaojun Zhang, Hang Li,733
Andy Way, and Qun Liu. 2016. A novel approach for734
dropped pronoun translation. In NAACL.735

Wenxuan Wang, Wenxiang Jiao, Yongchang Hao, Xing736
Wang, Shuming Shi, Zhaopeng Tu, and Michael Lyu.737
2022. Understanding and improving sequence-to-738
sequence pretraining for neural machine translation.739
In ACL.740

Leo Wanner. 1996. Lexical choice in text generation and741
machine translation. Machine Translation, 11(1):3–742
35.743

Billy TM Wong and Chunyu Kit. 2012. Extending744
machine translation evaluation metrics with lexical745
cohesion to document level. In EMNLP.746

Liang Xu, Xuanwei Zhang, and Qianqian Dong.747
2020. Cluecorpus2020: A large-scale chinese748
corpus for pre-training language model. ArXiv,749
abs/2003.01355.750

Yaqin Yang, Yalin Liu, and Nianwen Xue. 2015. Recov-751
ering dropped pronouns from chinese text messages.752
In ACL-IJCNLP.753

Yaqin Yang and Nianwen Xue. 2010. Chasing the ghost:754
recovering empty categories in the chinese treebank.755
In COLING.756

Changchang Zeng, Shaobo Li, Qin Li, Jie Hu, and Jian-757
jun Hu. 2020. A survey on machine reading compre-758
hension—tasks, evaluation metrics and benchmark759
datasets. Applied Sciences, 10(21):7640.760

Tianyi Zhang, Varsha Kishore, Felix Wu, Kilian Q Wein-761
berger, and Yoav Artzi. 2019a. Bertscore: Eval-762
uating text generation with bert. In International763
Conference on Learning Representations.764

Weinan Zhang, Ting Liu, Qingyu Yin, and Yu Zhang.765
2019b. Neural recovery machine for Chinese766
dropped pronoun. In Frontiers of Computer Science.767

Zhuosheng Zhang, Hanqing Zhang, Keming Chen,768
Yuhang Guo, Jingyun Hua, Yulong Wang, and Ming769
Zhou. 2021. Mengzi: Towards lightweight yet inge-770
nious pre-trained models for chinese. arXiv preprint771
arXiv:2110.06696.772

Zhe Zhao, Hui Chen, Jinbin Zhang, Wayne Xin Zhao, 773
Tao Liu, Wei Lu, Xi Chen, Haotang Deng, Qi Ju, and 774
Xiaoyong Du. 2019. Uer: An open-source toolkit for 775
pre-training models. In EMNLP. 776

Chujie Zheng, Minlie Huang, and Aixin Sun. 2019. 777
ChID: A large-scale Chinese IDiom dataset for cloze 778
test. In ACL. 779

Wanrong Zhu, Zhiting Hu, and Eric Xing. 2019. Text 780
infilling. arXiv preprint arXiv:1901.00158. 781

A Appendix 782

A.1 English Translation of Figure 4-6 783

Table 5 presents English translations of the exam- 784

ples from Figures 2, 3, and 4. Each row details the 785

discourse context and the task description for a spe- 786

cific task. By mapping these discourse phenomena 787

into English, we can better understand the tasks 788

and their associated challenges when developing 789

and evaluating models. 790

A.2 Details of Diagnostic Test Suite 791

Definition and Annotation As shown in Table 7, 792

we define 6 properties in our test suite: 793

• Repetition means the repeating of certain words 794

or phrases. We mainly annotate nouns repetition 795

in 4∼5 neighbouring sentences. 796

• Synonyms means related words that having the 797

same connotations, implications, or reference in 798

two sentences. In our test suite, this phenomenon 799

include nouns and adjectives synonyms in 4∼5 800

neighbouring sentences. 801

• Ellipsis means the omission of one or more 802

words that are obviously understood but that must 803

be supplied to make a construction grammatically 804

complete. This omission often happens after wh- 805

words in English and in subject elements in Chi- 806

nese. 807

• Substitution occurs when one item within a 808

text or discourse is replaced by another. In En- 809

glish, such nouns are often replaced by “one” or 810

“some”, and verbs are replaced by “do” or “did”. 811

In Chinese, this often happens around quantifier 812

or temporal adverbial. 813

• Reference is a relationship between objects in 814

which one object designates, or acts as a means 815

by which to connect to or link to, another object. 816

• Conjunction expresses a logical semantic rela- 817

tionship between two sentences rather than be- 818

tween words or structures. We mainly annotate 819

additive, adversative, causal, and temporal. 820
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Task Discourse Context Task Description

Figure 2
SI Xing Jiu’an followed Mu Qing into the car and sat in the

co-pilot position.
"Are you in a bad mood?" Mu Qing asked.
"Um, yes."

Inp: "Um, yes."
Out: Speaker=Xing Jiu’an

ZPR A: Phoebe would love to buy a TV.
B: Joey won’t let ∅ buy ∅?
A: Yes.

Inp: B: Joey won’t let ∅ buy ∅?
Out: B: Joey won’t let her buy it?

MRC The little princess climbed out of the castle window
while her mother was sleeping.
She climbed down the south wall and slipped out.
Finally ∅ walked into the forest without telegraph poles.

Inp: Where did the little princess go after she
escaped?
(A) South Wall; (B) Forest; (C) Castle; (D)
Mountain.
Out: Answer=(B) Forest

Figure 3
NT King Ding sat on the side,

smiling as he looked at Qing Shuang’s astounded
thoughts.
∅ mind had already flown to a faraway place.

Inp: ∅ mind had already flown to a faraway
place.
Out: –

CCT ©, when she is playing Xiao, not only can her beautiful
face remain as usual, but also her charm increases.
Why?
© ∅ is playing, ∅ fingers press the holes on the flute,
and in this way, ∅ tender and slim fingers will seem to
be slimmer and fairer.
©, when shrinking ∅ month to blow, ∅ mouth appears
to be smaller.

Inp: ©, when shrinking ∅ month to blow, ∅
mouth appears to be smaller.
Out: Besides, when shrinking her month to blow,
her mouth appears to be smaller.

PT I ask your lad beneath a tree.
“My master’s gone for herbs, ” says he,
“Amid the hills I know not where,
For clouds have veiled them here and there. ”

Inp: I ask your lad beneath a tree.
Out: –

Figure 4
TE – –

TI Mu Xiaoxiao looked at his back aggrieved, why did it
suddenly change like this?
She was inexplicably trained for a while, which made
her feel bad.
When she got to class S, she was lying on the table and
was sullen.

Inp: Mu Xiaoxiao looked at his back aggrieved,
why did it suddenly change like this? [x] [x] [x]
... When she got to class S, she was lying on the
table and was sullen.
Out: She was inexplicably trained for a while,
which made her feel bad.

TC Chen Xu was hungry and cold. He used a small gas
stove to cook a pot of noodles.
The two gathered around the pot and devoured every-
thing.
After they ate the noodles, they felt alive.

Inp: Chen Xu was hungry and cold. [x] [x] [x]
...
Out: The two gathered around the pot and de-
voured everything. After they ate the noodles,
they felt alive.

Table 5: English translations of examples in Figure 2, 3 and 4. Some are literal translations in order to map discourse
phenomena into the English language.

ChatGPT’s Prompts for Diagnostic Testing Ta-821

ble 9 showcases the prompts used in the LLMs822

probing for the Disco-Bench Test Suit. Each row823

describes a specific task, such as Speaker Identi-824

fication (SI), Zero Pronoun Recovery (ZPR), and825

Multiple-choice Reading Comprehension (MRC),826

along with their corresponding prompts. The827

prompts were designed to assess various aspects828

of language understanding, including context in-829

terpretation, anaphora resolution, translation, and830

text completion. For translation and text evaluation831

tasks, the LLMs are required to choose from mul-832

tiple candidates, making these tasks challenging833

and comprehensive. The diagnostic prompts aid in834

benchmarking the performance of LLMs in various835

discourse-level tasks, and they serve as a resource836

to assess the coherence and cohesion understanding 837

of the models. 838

A.3 Details of Existing Pretrained Models 839

We evaluate the following public pretrained models 840

on Disco-Bench Benchmark and Test Suite: 841

• BERT (base): we use the base model (12 layer 842

encoder, hidden size 768, vocabulary size 21128) 843

published by (Devlin et al., 2019), which was pre- 844

trained on Chinese Wikipedia dump of about 0.4 845

billion tokens using the losses of mask language 846

model (MLM) and next sentence prediction.7 847

• RoBERTa (base): (Cui et al., 2020) a model 848

with the same architecture of BERT (base) ex- 849

7https://huggingface.co/bert-base-chinese.
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Type Input Hypothesis

Understanding Task: MRC (Machine Reading Comprehension)

Conj.

Context: 小公主爬出城堡。(The little princess escaped
from the castle.)
Correct: 最后她躲进了森林。(In the end she hid in the
forest.)
Incorrect: 然而 她 躲进 了 森林。(However, she hid in
the forest.)

小公主 逃 跑 后 去 了 哪
里 ？(Where did the little
princess go after she escaped?)
(A)南墙 (Southern Wall)
(B)森林 (Forest)
(C)城堡 (Castle)

Ranking: Context + Correct/Incorrect → Hypothesis → Probability

Translation Task: NT (Novel Translation)

Refe. Context: 定王 含笑 看着 清霜。(King Ding looked at
Qingshuang with a smile.)
Current: 他觉得清霜很滑稽。

Correct: He thinks Qingshuang
is funny.
Incorrect: She think the Qing-
shuang is funny.

Ranking: Context + Current → Correct/Incorrect → Probability

Generation Task: TC (Text Completion)

Repe.

Context: 叶远 的 右臂 融合了 洪荒龙骨。(Ye Yuan’s
right arm fused with the primordial dragon bone.)
Correct: 但叶远感觉自己的右臂快要断了。(But Ye
Yuan felt as if his right arm was about to break.)
Incorrect: 但叶远感觉自己的左手快要断了。(But Ye
Yuan felt as if his left hand was about to break.)

这一拳的威力，实在是太
强了！(The power of this punch
is too strong!)

Ranking: Context + Correct/Incorrect + Hypothesis → Probability

Table 6: The illustration of the proposed test suite. We design each contrastive instance with correct and incorrect
discourse markers in terms of cohesion and coherence. Tested systems are asked to rank candidates.

cept it uses whole word masking and is trained850

on additional 5 billion tokens with only MLM851

pretrained task. This model uses BERT (base) as852

the initial weight.8853

• RoBERTa (large): (Cui et al., 2020) the large854

model size of RoBERTa model (24 layer en-855

coder, hidden size 1024, vocabulary size 21128)856

This model has the same training procedure857

of RoBERTa-wwm-ext (base). This model is858

trained from scratch.9859

• AnchiBERT: (Tian et al., 2021) a model contin-860

ues pretraining based on the BERT (base) model861

with the 39.5M anchient Chinese tokens. It uses862

the same tokenizer and other techniques as BERT-863

base.10864

• MengziBERT: (Zhang et al., 2021) a model ini-865

tial on the RoBERTa (base) (Liu et al., 2019b)866

with special-designed objectives.11867

• BART (large): (Shao et al., 2021) train a large868

model (12 layer encoder and 12 layer decoder,869

hidden size 1024, vocabulary size 21128) with870

denoising auto-encoding (DAE) objective. This871

model is trained on the open source large-scale872

8https://huggingface.co/hfl/
chinese-roberta-wwm-ext/tree/main.

9https://huggingface.co/hfl/
chinese-roberta-wwm-ext.

10https://github.com/ttzHome/AnchiBERT.
11https://huggingface.co/Langboat/

mengzi-bert-base.

raw text, Chinese Wikipedia, and a part of Wu- 873

DaoCorpus. The training data contains 200GB 874

cleaned text ranging from different domains.12 875

• mBART (CC25): (Pires et al., 2019) use a large 876

model (12 layer encoder and 12 layer decoder, 877

hidden size 1024, vocabulary size 250,000), 878

trained with 25 language web corpus. This model 879

is trained from scratch.13 880

• GPT2: (Zhao et al., 2019) train a 12-layer 881

decoder-only Transformers and its vocabulary 882

is size 21,128. This model is trained with the 883

CLUECorpusSmall corpus.14 884

• GPT-3.5 & GPT-4: ChatGPTis an intelligent 885

chatting machine developed by OpenAI upon 886

the InstructGPT (Ouyang et al., 2022), which is 887

trained to follow an instruction in a prompt and 888

provide a detailed response. All corresponding 889

results were obtained from ChatGPT API in June 890

2023.15 891

The fine-tuning hyper-parameters are detailed in 892

Table 8. Table 9 showcases the ChatGPT’s prompts 893

used for the Disco-Bench Benchmark tasks. 894

12https://huggingface.co/fnlp/
bart-base-chinese.

13https://dl.fbaipublicfiles.com/fairseq/
models/mbart/mbart.cc25.v2.tar.gz

14https://github.com/CLUEbenchmark/
CLUECorpus2020.

15https://platform.openai.com.
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Type Example Contrastive Instance

Repetition 佑哥 独自 返身 又来到 拍卖行 ... 离开 拍卖行 后 佑哥
联系了韩家公子等人 ...
(Youge went alone and returned to the auction house ... After
leaving the auction house, Youge contacted the son of the
Han family and others ...)

拍 卖 行 → [公 司|家
里|...]
(auction house → [com-
pany|home|...])

Synonyms 高手不一定要很英俊 ... 你不要看到一个长得帅的
法师就说是 ...
(A master does not necessarily have to be very handsome ...
Don’t say a good-looking wizard is... when you see one.)

帅→ [丑陋|怪异| ...]
(good-looking →
[ugly|weird|...])

Ellipsis 刘甲问道: “不知你们要买多少亩水田呢？” ... 连芳洲
就笑笑，说道：“大概两千来亩 ∅吧！” ...
(Liu Jia asked, "I don’t know how many acres of paddy fields
you want to buy?" ... Lian Fangzhou just smiled and said,
"About two thousand acres of ∅!")

∅ →水田
(∅ → paddy fields)

Substitution 周二晚九时我们见到了迈克。当时我们邀请他出席

那个晚会。
(We met Mike at nine o’clock on Tuesday evening.
At that time, we invited him to the party.)

当时→周二晚九时
(At that time → nine
o’clock on Tuesday
evening)

Reference 不过大卫却是毛骨悚然 ... 他立即停止了想说出更
多 ...
(However, David was horrified ... He immediately stopped
wanting to say more ...)

他→ [她|它|...]
(He → [She|It|...])

Conjunction 陈旭心里有些疑, ... 不过，这时候出言顶撞，显然是
不明智的。
(Chen Xu was somewhat doubtful, ... however, it was obvi-
ously unwise to contradict at this time.)

不过→ [除非|所以|...]
(However → [Un-
less|Therefore|...])

Table 7: Chinese Examples of cohesion phenomena in our test suite.

A.4 Details of Disco-Bench Pretrained Models895

Disco-Bench Training Data As shown in Ta-896

ble 10, this corpus includes numerous categories,897

such as Electronic, Modernist, Ancient, and Oth-898

ers, each further divided into specific genres. For899

the Chinese language, we offer millions of docu-900

ments ranging from web fiction to ancient texts.901

For the English language, the dataset includes a902

similarly wide range, from web fiction to classi-903

cal masterpieces and beyond. Overall, this rich904

dataset provides a thorough foundation for training905

sophisticated language models, emphasizing the906

fine-grained understanding of discourse informa-907

tion.908

Comparing our corpus to other commonly used909

datasets for pretraining models, Disco-Bench’s910

dataset exhibits distinct attributes and advantages911

(as shown in Table 11). Most of the currently avail-912

able corpora, such as the Wikipedia used for Chi-913

nese BERT (base), have limited data size, approxi-914

mately 1.5GB. The multilingual datasets, such as915

those for BART (large) and mBART (CC25), in-916

corporate Chinese, English, and more languages.917

However, even though they present a larger size918

(200GB and 1.4TB respectively), their sources are919

often confined to Wikipedia, WuDao Corpus, or 920

Common Crawl. In summary, the Disco-Bench 921

dataset excels in terms of language diversity, corpus 922

size, and the uniqueness of data sources, marking it 923

as a valuable resource for diverse and comprehen- 924

sive language model pretraining. 925

Fine-grained Pretraining with Disco-Bench 926

Training Data The pretraining hyper-parameters 927

details of the Disco-Bench models can be found in 928

Table 12. 929

A.5 Results on Additional Evaluation Metrics 930

A single automatic evaluation metric might not pro- 931

vide a comprehensive depiction of a model’s perfor- 932

mance. We report the results on several additional 933

evaluation metrics. 934

Understanding Tasks Table 13 presents addi- 935

tional evaluation metrics for understanding tasks, 936

including Exact Match (whether the system’s re- 937

sponse exactly matches the correct answer) for SI 938

and both Precision (how many of the predicted 939

positive responses were actually positive) and Re- 940

call (how many of the actual positive responses 941

were correctly identified by the system) for ZPR. 942
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Task Batch Size Max Length Epoch Learning Rate

SI 64 512 5 3e-5
ZPR 5 512 40 5e-6

MRC 6 512 10 2e-5

NT 3K token 1024 30K step 1e-4
ACT 3K token 1024 30K step 1e-4

PT 3K token 1024 30K step 1e-5

TE 32 512 3 2e-4
TI 24 64 3 2e-5

TC 24 512 8 2e-5

Table 8: A summary of hyper-parameter for fine-tuning downstream tasks.

The performance of the Disco-Bench pretrained943

RoBERTa (large) model according to additional944

metrics is consistently superior and comparable945

to the other models. This corroborates our con-946

clusions drawn from the main evaluation metrics.947

Notably, the existing pretrained RoBERTa (large)948

model shows the highest Precision at 39.3 on the949

ZPR task.950

Translation Tasks Table 14 provides supplemen-951

tary evaluation metrics for translation tasks, com-952

prising TER (measuring the number of edits re-953

quired to change a system’s output into one of954

the references), METEOR (considering precision955

and recall, synonymy, stemming, and phrase-level956

matches to create an F-score-like composite of957

these factors), and COMET (learned metric trained958

on human translation ranking data, which captures959

more nuanced, semantic comparisons and is less960

reliant on surface-level text matches). Notably,961

there are no resources available for Classical Chi-962

nese in the METEOR evaluation. When observ-963

ing the performance across NT and PT tasks, the964

Disco-Bench pretrained mBART model outshines965

all others across all three metrics, reinforcing its966

top-ranking performance as indicated by the BLEU967

scores. However, the metrics TER and COMET968

display inconsistent performances when applied969

to the CCT task, thereby illustrating the inherent970

challenges in evaluating such tasks.971

Generation Tasks Table 15 introduces additional972

evaluation metrics for generation tasks, compris-973

ing PPL 16 (perplexity is a measurement of how974

well a probability distribution or probability model975

predicts a sample), BLEU (evaluating the quality976

of text which has been machine-generated based977

16We use GPT2 language model to compute PPL. For TI
and TE tasks, we use ’IDEA-CCNL/Wenzhong-GPT2-110M’.

on reference), and Dist-n (calculating the number 978

of unique n-grams divided by the total number of 979

n-grams in the generated text). As seen these met- 980

rics exhibit varying performances, highlighting the 981

complexities and challenges associated with the 982

automatic evaluation of generation tasks. Dist-2 983

and Dist-4 exhibit consistent performance in line 984

with the primary metric, BERTscore. Conversely, 985

the performances of PPL and BLEU metrics are 986

notably unstable. 987

A.6 Related Work 988

Evaluation benchmarks are important for develop- 989

ing deep learning models, which enable compar- 990

ison between different models and probe models 991

for understanding of specific linguistic phenom- 992

ena. (Conneau and Kiela, 2018) collected Sen- 993

tEval containing several sentence-level classifica- 994

tion tasks to test the representational power of 995

models. Closely related to this work, DiscoEval 996

(Chen et al., 2019) extended these tasks to evaluate 997

discourse-related knowledge in pretrained models. 998

DiscoEval only evaluates sentence encoder with 999

language understanding tasks in English. In con- 1000

trast, we extend the tasks to a boarder range of NLP 1001

tasks, which can evaluate different types of mod- 1002

els (e.g. encoder-based BERT, decoder-based GPT, 1003

and encoder-decoder based mBART). In addition, 1004

our benchmarks cover both Chinese and English. 1005

GLUE (Wang et al., 2018) and SuperGLUE 1006

(Wang et al., 2019) included a wider variety of nat- 1007

ural language understanding tasks, further examin- 1008

ing the capabilities of the models and making the re- 1009

sults comparable for multi-task learning. Followed 1010

researchers extend the benchmarks to other lan- 1011

guages, such as CLUE (Xu et al., 2020) and LOT 1012

(Guan et al., 2022) in Chinese, and XGLUE (Liang 1013

et al., 2020) in multiple languages. While these 1014

15



works focus on evaluating inter-sentence informa-1015

tion,17 our benchmark evaluates intra-sentence dis-1016

course phenomena that cross sentences.1017

17LOT (Guan et al., 2022) evaluates models’ abilities to
model long text but ignores discourse information.
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Task Prompt

Disco-Bench Benchmark
SI In this cloze reading comprehension task, I will input a passage of text and a sentence,

and you will need to find relevant information from the text and
determine the speaker of the sentence. Passage: P , Question: Q, Speaker:

ZPR The zero-anaphora recovery task is to restore the expression of omitted
pronouns in terms of position and form based on the anaphoric information in the
sentence. Please restore the original sentence with <> as the marker. If there is
no zero-anaphora phenomenon, output "none."

MRC Answer the following multiple-choice questions. Choose A,B,C, orD as the
final answer. "Content": C, "Question": Q, "Choices": [C1C2C3C4], "Answer":

NT Translate the given Chinese into English. D
CCT Translate this ancient text into modern Chinese. D
PT Translate the given Chinese into English. D

TE given a predefined text, the goal of TE is to insert appropriate words, phrases,
or clauses for adding more details and deepening the meaning, while retaining
coherence and cohesiveness." D

TI The purpose of the text filling task is to predict text fragments based on
context. The input includes the two sentences before and after the target
sentence. Please output the target sentence. S−2, S−1, S1, S2

TC Based on the given context, the text completion task requires outputting
the next four sentences. S−2

Disco-Bench Cohesion Test Suit
MRC Output the model’s confidence for the answer based on the content and

corresponding answer of the following multiple-choice reading comprehension.
Answer the confidence for the following multiple-choice questions.
Choose A, B, C, or D as the final answer. "Content": C,
"Question": Q,"Choices": [C1C2C3C4],"Answer": "Cx", "Confidence":

NT According to the Chinese text, which of the following is the correct English
translation? Please output the correct translation’s corresponding number. Chinese:
D English:[T1, T2, ..., Tm]. Correct translation number:

TC Given the Chinese text, please evaluate the following sentences based on
cohesion and fluency, and output the corresponding number of the optimal
sentences: [S1, S2, ..., Sm].

Table 9: The prompt for evaluating ChatGPT. C represents the context for machine reading, SRC and TGT denote
source and target languages, respectively. D represents a document contains several sentences. T1 . . . Tm refer to
the translation candidates, where only one of them is a positive translation and the others are negative due to the
modification of discourse-specific words.
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Category Genre Size Description
# Document # Sentence # Chara./Word

Chinese Language
Electronic Novel 91,620,211 1,169,127,191 58,639,454,317 Web Fiction

Modernist
Classical 38,495,887 490,733,235 24,613,514,541 Masterpiece
Book 324,912 4,141,874 155,189,807 Publication

Ancient
Poetry 378,323 1,495,466 31,746,541 Shi, Ci, Qu, Fu
Couplet 8,979,186 8,979,186 192,214,600 Antithetical

Couplet
Classical 1,011 1,947,136 53,721,504 Ancient Text

Others

Lyrics 452,715 4,952,039 165,338,679 World’s Songs
Screenplay 5,213 10,426,213 156,390,000 Movie Script
Movie 66,050 24,108,241 642,392,397 Movie Subtitle
Dialogue 3,642 1,653,469 49,406,618 Talk, Message

Total 140,327,150 1,717,564,050 84,699,369,004

English Language
Electronic Novel 33,156,134 422,757,234 26,777,401,794 Web Fiction

Modernist
Classical 3,104,507 39,593,119 2,507,247,359 Masterpiece
Book 324,912 4,162,821 78,695,499 Publication

Ancient Poetry 2,269 21,456 148,222 World’s Poetry

Others

Lyrics 3,088,688 110,268,328 632,820,393 World’s Songs
Movie Script 2,826 12,534,815 67,433,609 Movie Script
Movie 155,670 56,819,567 315,189,001 Movie Subtitle
Dialogue 9,191 4,172,736 27,208,957 Talk, Message

Total 39,844,197 650,330,076 30,406,144,834

Table 10: Statistics of data for Disco-Bench pretraining. All data are extracted from literature texts with discourse
context. We count number of characters in Chinese and number of words in English.

# Model Language Size Task Corpus

Size Sources

1 BERT (base) zh 110M U, T 1.5GB Wiki
2 RoBERTa (base) zh 110M U, T 15GB Wiki, EXT Corpus
3 RoBERTa (large) zh 340M U, T 15GB Wiki, EXT Corpus
4 AnchiBERT (base) zh 102M U, T 1.5GB Classical Chinese
5 MengziBERT (base) zh 103M U, T 300GB Wiki, Common Crawl
6 BART (large) zh, en 406M U, T, G 200GB Wiki, WuDao Corpus
7 mBART (CC25) zh, en, etc. 610M T 1.4TB Common Crawl
8 GPT2 (base) zh 102M G 14GB CLEU Corpus
9 GPT2 (large) en 762M G 40GB Web Text

10 T5 (base) zh 231M G 14GB CLEU Corpus
11 T5 (large) en 770M G 745GB C4

12 Disco-Bench (family) zh, en – U, T, G 400GB Literature

Table 11: Summary of pretrained models varying in model architecture, parameter scale, training data, and targeted
task (i.e. understanding, translation, and generation). #1∼11 are publicly available. #12 denote a series of pretrained
models that are continuously trained on our literature-domain data initialized by corresponding parameters in
#1∼11.
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Model RoBERTa GPT2 BART mBART

Tokenization BERTtok. BERTtok. BERTtok. SentPiece
Optimizer Adam Adam Adam Adam
Masking word - word word

Vocabulary Size 21128 21131 21128 250000
Learning Rate 3e-4 3e-4 3e-4 3e-4
Batch Size 4K 4K 4K 4K
Training Step 1M 1M 1M 1M
Max Length 512 1024 512 1024
Layer 12/24 20 24 12/24
Head 12/16 36 16 12/16

Total Param. 110m/340m 737M 406M 669M

Table 12: The summary of hyper-parameters used for Disco-Bench pretrained models.

Model SI ZPR

Exact Match↑ Precision↑ Recall↑

Plain Models
Transformer (base) 0.3 10.2 11.5
Transformer (big) 0.1 10.5 11.9

Existing Pretrained Models
BERT (base) 81.9 26.1 31.0
AnchiBERT 76.9 22.1 24.6
MengziBERT 84.0 36.6 29.6
RoBERTa (base) 83.4 29.0 29.9
RoBERTa (large) 85.9 39.3 28.7

BART (large) 83.7 38.3 30.2

Disco-Bench Pretrained Models
RoBERTa (base) 85.2 32.0 30.6
RoBERTa (large) 87.2 38.7 30.8

BART (large) 84.6 39.0 30.5

Table 13: More results on understanding tasks using additional evaluation metrics, including Exact Match,
Precision, and Recall. This is complementary to Table 3.
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Model NT CCT PT

TER↓ MET.↑ COM.↑ TER↓ COM.↑ TER↓ MET.↑ COM.↑

Plain Models
Transformer (base) 74.3 20.6 0.74 98.5 0.65 114.1 7.4 0.48
Transformer (big) 73.3 20.9 0.75 98.4 0.65 112.9 7.9 0.49

Existing Pretrained Models
BERT (base) 73.7 21.1 0.74 95.8 0.65 105.9 10.4 0.52
AnchiBERT 74.1 20.7 0.74 95.9 0.67 100.1 10.4 0.53
MengziBERT 76.5 20.5 0.74 96.0 0.67 105.5 8.9 0.51
RoBERTa (base) 74.1 20.5 0.75 96.2 0.65 104.7 9.1 0.51
RoBERTa (large) 75.1 19.6 0.72 94.8 0.68 99.6 9.4 0.50

BART (large) 75.6 21.1 0.74 96.5 0.65 100.8 11.1 0.54
mBART(CC25) 71.9 22.2 0.77 - - 88.2 14.7 0.64

Disco-Bench Pretrained Models
RoBERTa (base) 73.6 21.0 0.75 91.5 0.67 104.1 9.3 0.51
RoBERTa (large) 74.6 20.5 0.75 95.5 0.67 102.0 9.6 0.51

BART (large) 72.0 21.2 0.76 96.7 0.70 100.0 12.0 0.57
mBART (large) 70.8 22.8 0.78 - - 84.6 14.9 0.64

Table 14: More results on translation tasks using additional evaluation metrics, including TER, METEOR and
COMET. This is complementary to Table 3.

Model TE TI TC

PPL↓ BLEU↑ PPL↓ Dist-2↑ Dist-4↑ BLEU↑ PPL↓ Dist-2↑ Dist-4↑

Existing Pretrained Models
BART (large) 63.1 3.7 8.4 0.20 0.63 2.7 3.8 0.07 0.42
GPT-2 70.1 1.6 11.2 0.18 0.54 2.1 2.7 0.03 0.17

Disco-Bench Pretrained Models
BART (large) 49.2 3.7 8.8 0.19 0.65 2.9 3.3 0.05 0.29
GPT-2 67.5 2.2 11.5 0.27 0.84 4.7 3.9 0.08 0.51

Table 15: More results on generation tasks using additional evaluation metrics, including BLEU, PPL, Dist-2 and
Dist-4. This is complementary to Table 3.
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