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Abstract001

This paper represents an implementation of an002
approach rather similar to that of Zhu et al.003
(2024), adapted for the Russian-language data.004
We introduce the RusConText Benchmark for005
evaluating short-context understanding in Rus-006
sian, comprising four distinct yet interrelated007
tasks: ellipsis resolution, coreference resolu-008
tion, idiom interpretation, and discourse under-009
standing. Each task targets a specific aspect of010
linguistic processing challenging a large lan-011
guage model to recover omitted information,012
resolve referential dependencies, interpret id-013
ioms and discourse. The RusConText Bench-014
mark is an additional resource beyond standard015
benchmarks, designed to assess model perfor-016
mance from a specific perspective. In addition,017
we present the results of scoring 4 models on018
our benchmark.019

1 Introduction020

In the rapidly evolving field of Natural Language021

Processing (NLP), there is a growing interest in022

benchmarks as they serve as tools for evaluating023

the performance and capabilities of large language024

models (LLMs). Most of the academic LLM bench-025

marks are designed as a task set that measure LLM026

efficiency in solving problems, e.g. math or reason-027

ing problems.028

As LLMs become increasingly complex and ef-029

fective in text understanding and generation, assess-030

ing their ability to understand context is relevant031

for ensuring LLM efficiency. Modern models are032

quite successful at grasping the semantic and logi-033

cal structure of human-written text; however, their034

ability to perceive subtle nuances of context re-035

mains limited (Zhu et al., 2024). Therefore, bench-036

marks that evaluate aspects related to contextual037

understanding are particularly relevant.038

Considering the rapid advancement of model ca-039

pabilities in processing textual information, there is040

a need to create context-oriented benchmarks that041

will include more complex and specialized tasks. 042

Although, due to the differences in grammar and 043

discourse across natural languages, it is reasonable 044

to develop unique context understanding bench- 045

marks for evaluating the performance of LLMs 046

across different languages. In this paper a new con- 047

text understanding benchmark RusConText is pro- 048

posed. It is aimed to evaluate LLM performance in 049

processing contextual nuances within the Russian 050

language. 051

2 Related work 052

RussianSuperGLUE is considered to be one of the 053

first benchmarks created specifically for the Rus- 054

sian language (Shavrina et al., 2020). It was aimed 055

at evaluating the general language understanding 056

of language models based on the transformer archi- 057

tecture. The main tasks encompass common sense 058

understanding, natural language inference, reason- 059

ing, machine reading, and world knowledge. Al- 060

though it was largely adopted from the SuperGLUE 061

methodology (Wang et al., 2019), some of the tasks 062

were developed from scratch due to the linguistic 063

specificity of Russian. However, this benchmark 064

is mainly intended for smaller transformer models 065

and is not suitable for foundation models that far 066

exceed the capabilities of basic transformers. 067

To rectify this deficiency, the benchmark MERA 068

has been introduced (Fenogenova et al., 2024). It 069

was aimed at evaluating the performance of the 070

foundation generative models in the Russian lan- 071

guage. The benchmark includes 21 evaluation tasks 072

covering a variety of skills including not only rea- 073

soning, common sense, mathematics, logic, world 074

knowledge, but also NLI and Dialog System, and as 075

far as language understanding is concerned, so far 076

it can be considered the most reliable tool for the 077

Russian language as well. However, the fact that 078

it provides overwhelming evaluation may be a dis- 079

advantage for those who need to make an opinion 080
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about the potential of different LLMs to understand081

texts with complex language structures, potentially082

hindering sense extraction.083

In addition to these benchmarks, there is also084

TAPE dataset on Russian data, primarily focused085

on evaluating "intellectual" LLM abilities such as086

multi-hop reasoning, logical inference, and ethi-087

cal judgment (Taktasheva et al., 2022) . Another088

benchmark dataset, RuCoLA, is designed to eval-089

uate language model linguistic competence in the090

Russian language by classifying sentences as ac-091

ceptable or unacceptable (Mikhailov et al., 2022).092

The gold labels are based on native speaker judg-093

ments. These datasets complement benchmarks as-094

sessing LLM performance in Russian by focusing095

on more nuanced aspects of language understand-096

ing and reasoning abilities.097

The need for tools that evaluate how well lan-098

guage models understand complex context has al-099

ready been addressed in Zhu et al. (2024). The100

authors have created a benchmark comprising four101

distinct tasks, namely, coreference resolution, di-102

alogue state tracking, and implicit discourse rela-103

tion classification, adapting existing datasets for104

the evaluation of generative models. The choice of105

tasks is explained by both the growing capabilities106

of modern LLMs and the real-world applications107

they are used in. However, it is only available for108

English and, to the best of our knowledge, does not109

have any equivalents applicable to Russian.110

The BABILong benchmark (Kuratov et al.,111

2024) is also dedicated to the problem of LLM112

context understanding. However, the primary ob-113

jective of this work is to evaluate how effectively114

LLMs can handle extremely broad contexts. The115

core focus of this study is to present tasks that116

require reasoning over lengthy texts in which rel-117

evant information is "hidden" among extraneous118

text. It is a scalable synthetic suite consisting of119

20 reasoning tasks, including fact chaining, induc-120

tion, deduction, counting, and operations involving121

lists and sets. The principal challenge lies in the122

extraction and integration of information that is123

distributed across documents containing up to 10124

million tokens or more. So, the main idea of BA-125

BILong is to assess how well models utilize their126

available content window, rather than just a small127

portion of it. Thus, the emphasis is not on linguistic128

nuances but rather on the model capacity to manage129

extensive informational contexts.130

Based on the above, there is a need to create a131

specialized context-oriented benchmark that could132

be used to evaluate the language capabilities of 133

large language models (LLMs) in Russian in a 134

more comprehensive format. We are guided by 135

initiatives like the work by (Zhu et al., 2024) that 136

demonstrate the possibility to develop a benchmark 137

focused specifically on context processing. 138

3 RusConText Benchmark: Overview 139

We formalize the problem of short-context under- 140

standing as follows: the model should be able to 141

interpret an entity in the input text using a span 142

of at most one or two sentences. To evaluate the 143

model’s performance, we chose a subset of 4 tasks 144

that are closely related to close context understand- 145

ing: coreference resolution, ellipsis resolution, dis- 146

course relation identification, and idiomatic expres- 147

sion detection (Zhu et al., 2024). 148

Coreference resolution task tests whether a 149

model can identify semantic relations between enti- 150

ties within a given context, a capability essential for 151

maintaining textual coherence and accurately track- 152

ing entities across sentences. Ellipsis resolution 153

evaluates a model’s ability to recover information 154

that is implied but not explicitly stated, relying on 155

the immediate context to reconstruct the intended 156

meaning. Discourse relation identification assesses 157

whether the model can recognize logical or text- 158

level semantic connections, such as cause-effect 159

or contrast, which is illustrative for evaluating of 160

the structure and coherence comprehensive under- 161

standing. Finally, idiomatic expression detection is 162

a novel approach to LLM deep context understand- 163

ing evaluation, this perspective is relevant, as the 164

model must integrate information from the immedi- 165

ate and broader context to make a correct judgment, 166

ensuring coherent interpretation of the text parts. 167

3.1 Coreference 168

Coreference is a linguistic phenomenon that de- 169

scribes the relationship between expressions in a 170

discourse that denote the same entity (or different 171

entities, which are semantically related). Coref- 172

erence resolution is a process of identifying and 173

linking expressions. It is an important and complex 174

NLP problem. The establishment of successful 175

referential connections requires the integration of 176

lexical, syntactic, and discourse-level information, 177

in addition to frequent reliance on extralinguistic 178

commonsense. Accurate coreference resolution 179

is essential for comprehensive text understanding 180

(Poesio et al., 2023). 181
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In addition to the term coreference resolution,182

the term anaphora resolution also can be found in183

the literature. Although the terms are often used184

interchangeably in the NLP-related literature, the185

tasks they refer to can be distinguished. Anaphora186

resolution specifically focuses on identifying the187

antecedents of anaphoric expressions (typically pro-188

nouns) (Stylianou and Vlahavas, 2021). Corefer-189

ence resolution constitutes a broader task that in-190

volves identifying both anaphoric and cataphoric191

connections between a pronoun and its referent,192

as well as connections between several referential193

expressions (typically full NPs) (Kummerfeld and194

Klein, 2013). In other words, "complete" coref-195

erence resolution means finding all mentions that196

refer to the same real-world entity. Such exhaus-197

tive sets of entity mentions are called coreferential198

chains (Toldova et al., 2016).199

There are several common approaches to study-200

ing coreference resolution. One such task is201

the Winograd Schema Challenge (WSC), which202

was first proposed as a NLP task in the work of203

(Levesque et al., 2012). Although this task focused204

on context understanding, we do not to include it205

in our benchmark, since its variant with Russian206

data has already been implemented in the Russian207

SuperGLUE project (Shavrina et al., 2020). An-208

other well-known benchmark for evaluating LLMs209

on coreference resolution is CRAC (Khosla et al.,210

2021), which provides tasks on realistic texts than211

WSC and allows for the assessment of document-212

level coreference resolution.213

Recent research using WSC, CRAC, and CRAC-214

style benchmarks demonstrates the high perfor-215

mance of modern instruction-tuned LLMs in coref-216

erence resolution tasks in few- and zero-shot modes.217

In the approach described by (Gan et al., 2024), a218

model is required to identify the antecedent for a219

given pronoun or referential expression with free-220

form answers. Open-ended questions provide a221

comprehensive assessment of a model’s effective-222

ness, but they require manual verification, which223

is not suitable for benchmarks. Another approach,224

outlined in (Le and Ritter, 2023), involves asking a225

model to tag all entity mentions directly within the226

text (using different tags for different entities). The227

authors highlight the issue of unintentional confla-228

tion between mention detection and the referential229

chain annotation.230

In this benchmark, we present two distinct tasks.231

The first task, which focuses on anaphora1 resolu- 232

tion, is structured in a multiple-choice format. The 233

sets of possible answers are made with account for 234

the rich morphology of the Russian language (the 235

pronoun for which an antecedent is being sought 236

morphologically can be correlated with any of the 237

variants). The second task examines the referen- 238

tial relationships between referential expressions 239

(typically NPs). A model answers whether two 240

mentions belong to the same referential chain in 241

True/False mode. 242

For creating these tasks, we utilized the RuCoCo 243

corpus (Dobrovolskii et al., 2022), a Russian cor- 244

pus comprised of news texts, manually annotated 245

for coreference. The corpus covers a wide range 246

of coreferential and anaphoric relations annotated 247

with a high level of inter-annotator agreement. 248

3.2 Discourse 249

Discourse is a complex term that encompasses a 250

wide range of meanings, generally referring to 251

some kind of connectivity within a text, speech, 252

or other type of linguistic act (Johnstone and An- 253

drus, 2024). Understanding the connection – and, 254

more importantly, the type of such connection - 255

— between two phrases is highly dependent on 256

the context and discourse in which the speech act 257

occurs. This context can depend on knowledge 258

defined outside the text and on common sense. 259

The study of discourse-related issues of contem- 260

porary NLP technologies such as LLMs can im- 261

prove automatic discourse parsing, highlight the 262

most problematic types of discourse relations, and 263

help researchers and engineers to make algorithms 264

behave more human-like in the conversation. There 265

are many existing corpora that address discourse- 266

related tasks, available in English (Asher et al., 267

2016) and Russian (Pisarevskaya et al., 2017). In 268

addition, there was an attempt to create a unified 269

discourse corpora that cover multiple languages, 270

frameworks, and domains (Braud et al., 2024). 271

To evaluate the LLM capabilities on the 272

discourse-related tasks, we employ a set of phrase 273

relation tasks constructed as multi-label choice. 274

The data sources are the Russian language subset 275

of the DISRPT dataset (Braud et al., 2024) and the 276

RuDABank dataset (Vasileva Elena, 2024). Both 277

datasets consists of two sentences and a relation 278

1The set of lexemes that we treat as anaphoric pronouns
is quite similar to the one described in (Toldova et al., 2016),
it is also complemented by some pronominal adverbs with a
spatial meaning (such as zdes’ (here), otkuda (from where))
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tag that defines the semantic relation between them.279

The combined corpora consists of 2738 samples280

(2238 for RuDABank and 500 for DISRPT) and 37281

tags (15 for RuDABank and 22 for DISRPT).282

3.3 Idioms283

Idioms are generally understood as multi-word284

expressions whose meaning cannot be derived285

through the compositional interpretation of con-286

stituents. The use of idioms makes the language287

both more figurative and complex, so that more288

effort is required for it to be processed even by hu-289

mans. Thus, in many studies, it has been shown that290

texts abounding with idiomatic expressions tend291

to lower understanding scores, especially among292

children or learners (Edwards, 1974). As long as id-293

ioms can not be processed and understood without294

sufficient understanding of the context we deem295

it appropriate to use this linguistic phenomena to296

evaluate model language capabilities.297

The first complexity related to understanding298

idioms is connected to the fact that certain com-299

binations of words may have literal or idiomatic300

meaning depending on the context. Expressions of301

this kind are referred to as Potentially Idiomatic Ex-302

pressions, or PIEs for short (Haagsma et al., 2020).303

PIEs have already been used for LLM assessment304

in English (Mi et al., 2024). To adapt this task to305

Russian, we have made use of the corpus of 100306

Russian PIEs (Aharodnik et al., 2018), previously307

collected for the task of automatic idiom extraction.308

From this corpus, we have automatically selected309

500 samples. The prompt used to evaluate a model310

includes, in addition to the base instruction, an311

idiom, a context, and two options -– literal and312

idiomatic meaning.313

The reliance on context while interpreting id-314

ioms may be stronger if an idiom has more than315

one figurative meaning. If so, only in case of thor-316

ough understanding of the surrounding context is317

it possible to deduce the correct meaning of an id-318

iom. To use this suggestion to evaluate LLMs, we319

have selected 30 idioms possessing between 2 and320

4 distinct meanings from the comprehensive dictio-321

nary of Russian idioms (Dobrovolskij and Baranov,322

2020). The contexts featuring different meanings323

of the selected idioms were collected with the help324

of the Russian National Corpus regardless of word325

insertions, grammatical variations, and omission326

of non-key components. Thus, we have created a327

dataset of 500 contexts, labeled with the correct328

meaning of the idiom used in every entry. The329

prompt given to a model includes a context, the 330

correct meaning, an alternative meaning of the cur- 331

rent idiom, and a meaning of a random idiom from 332

the dataset. 333

A more challenging version of this task, also 334

requiring from language models an ability to under- 335

stand and retain larger context, consists of choosing 336

between three texts, all containing the same idiom 337

used in different meanings. The model is given one 338

possible interpretation of the idiom and must iden- 339

tify which text corresponds to that specific meaning. 340

Only idioms having three or more meanings were 341

included in this task. 342

3.4 Ellipsis 343

An ellipsis is a group of phenomena in which unex- 344

pressed information from a discourse can be recov- 345

ered from the context (Testelets, 2011), distinguish- 346

ing it from elision, which relies on extralinguistic 347

knowledge rather than context. Since elliptical 348

constructions lack overtly expressed components 349

necessary for understanding, this information must 350

be supplied from the context within which the sen- 351

tence occurs (Thomas, 1979). 352

Studying ellipsis resolution is important for im- 353

proving the accuracy of NLP systems that handle 354

large data with ellipsis constructions (Zhang et al., 355

2019). However, in the field of NLP, problems 356

related to the phenomenon of ellipsis still cause 357

difficulties, as machines always struggle with the 358

omitted and ambiguous information, and there is 359

still a lack of research, corpus data and materials 360

to solve the problems of ellipsis resolution, espe- 361

cially for the Russian language (Hardt, 2023; Ćavar 362

et al., 2024b). The difficulty of restoring the elided 363

material for the Russian language is that it does 364

not always coincide with the antecedent in its form. 365

For example, the grammatical features of the omit- 366

ted verb do not always correspond with the person 367

or the number of the verb in the matrix clause. 368

To address these challenges, various instruments 369

have been developed for Ellipsis Resolution task, 370

ranging from rule-based parsers to modern machine 371

learning approaches. For the detection of the an- 372

tecedent of the ellipsis and the ellipsis site itself, 373

SOTA parsers are commonly used. However, Cavar 374

and Holthenrichs (2024) state that "common state- 375

of-the-art NLP pipelines fail", including Stanza, 376

SpaCy, and LFG parsers. For the Ellipsis Res- 377

olution task, LLMs remain the best solution, al- 378

though they still struggle, because they are trained 379

to suggest word chains rather than fill in the omitted 380
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words and phrases (Ćavar et al., 2024a).381

To assess the performance of LLMs in Ellip-382

sis Resolution, we constructed a specialized corpus383

containing constructions of various types of ellipsis384

for Russian language. This corpus consists of 626385

sentences, containing such ellipsis constructions as386

gapping, NP ellipsis, VP ellipsis, sluicing, answer387

ellipsis, polarity ellipsis (100 sentences each), strip-388

ping (14 sentences), verb-stranding (3 sentences)389

and 9 sentences with a combination of different390

ellipsis types.391

The data for the corpus was taken from existing392

ellipsis corpora for Russian or from articles about393

ellipsis in the Russian language, was manually se-394

lected by the author from the Russian National395

Corpus or created by the author. To find out the396

source of the sentence, see the source column in397

the ellipsis corpus2.398

4 Evaluation399

The RusConText Benchmark3 comprises multiple400

subsets, each represented as JSON or CSV files401

corresponding to different linguistic tasks:402

• coref__anaph_ref_choice_questions.json403

– Question-based anaphora resolution404

• coref__are_NPs_coref_task.json –405

Coreference detection for noun phrases406

• disrpt.json – Discourse relation parsing407

• rudabank.csv – Discourse relation parsing408

• ellipsis.csv – Ellipsis identification and409

resolution410

• idiom_literal.json – Literal vs. idiomatic411

interpretation412

• idiom_three_texts.json – Idiom disam-413

biguation across contexts414

• idiom_two_meanings.json – Polysemous415

idiom resolution416

The tasks vary in complexity, ranging from417

multi-label classification (e.g., coreference resolu-418

tion) to structured prediction (e.g., ellipsis restora-419

tion, requiring models to identify elided content420

and infer it from context). The examples of these421

tasks can be found in the Appendix A.422

2https://github.com/NotBioWaste905/
RuConText-Bench/blob/main/data/ellipsis.csv

3https://github.com/NotBioWaste905/
RuConText-Bench/blob/main/data

4.1 Evaluation Metrics 423

We assess model performance using: 424

• Standard classification metrics: Precision, 425

accuracy, recall, and F1 score for discrete- 426

label tasks. 427

• ROUGE (Lin, 2004) for evaluating gener- 428

ated text in ellipsis resolution. 429

4.2 Models and Implementation 430

We evaluate a suite of state-of-the-art language 431

models for comparability: 432

• GPT-4o-mini (OpenAI, 2024) 433

• GPT-4.1 (OpenAI, 2025) 434

• Llama-4-Scout (Touvron et al., 2023) 435

• Qwen-3-30B (Yang et al., 2025) 436

Models were accessed via the LangChain frame- 437

work (Chase, 2022) using a unified Python pipeline. 438

Selection criteria included benchmark performance 439

parity and source diversity to include open-source 440

models as well as closed ones. Each model was 441

trained on the mixture of multiple languages in- 442

cluding Russian. Each model was asked to return 443

a valid JSON string, the responses that could not 444

be salvaged were considered as wrong answers. 445

Temperature of generation was set to 0, other pa- 446

rameters were default to the models. Prompts that 447

were used for each task can also be observed in 448

Appendix B. 449

4.3 Results 450

The LLM evaluation results are shown in table 1. 451

The first column indicates the evaluated model. 452

The ellipsis task remained difficult task for all 453

models resulting in low F1 score across all mod- 454

els. It was unexpected that zero-shot from prompts 455

slightly improved the results of the models’ ellipsis 456

resolution, while in Ćavar et al. (2024b) few-shot 457

prompts gave better results, increasing the accu- 458

racy, but the results were consistent in that LLMs 459

still struggle with ellipsis resolution. 460

The discourse tasks have also posed difficulties 461

to the models, primarily the DISRPT subset. We 462

suppose that the main struggle for the model is jug- 463

gling more than 20 possible tags in a single prompt, 464

many of which are very similar in their meaning. 465

The impact of the closely-related or contrasting la- 466

bels in a single prompt on the performance can be 467

studied further. 468

5
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Model Task Accuracy Precision Recall F1 ROUGE-1 F1 ROUGE-2 F1 ROUGE-L F1
gpt-4o-mini ellipsis 0.163 0.09 0.089 0.09 0.344 0.259 0.341

rudabank 0.462 0.545 0.469 0.447
disrpt 0.272 0.178 0.206 0.166
corefREs 0.538 0.269 0.5 0.35
corefAnaphs 0.786 0.786 0.786 0.786
idioms_literal 0.72 0.716 0.667 0.673
idioms_text 0.41 0.407 0.414 0.376
idioms_meaning 0.65 0.333 0.217 0.263

gpt-4.1 ellipsis 0.12 0.064 0.064 0.064 0.366 0.268 0.364
rudabank 0.584 0.642 0.595 0.576
disrpt 0.388 0.306 0.284 0.258
corefREs 0.538 0.269 0.5 0.35
corefAnaphs 0.904 0.904 0.905 0.904
idioms_text 0.55 0.517 0.539 0.523
idioms_literal 0.72 0.727 0.685 0.688
idioms_meaning 0.77 0.5 0.385 0.435

llama-4-scout ellipsis 0.06 0.037 0.037 0.037 0.127 0.097 0.127
rudabank 0.415 0.565 0.426 0.379
disrpt 0.286 0.205 0.174 0.151
corefREs 0.59 0.295 0.5 0.371
corefAnaphs 0.79 0.792 0.789 0.79
idioms_text 0.495 0.5 0.538 0.49
idioms_literal 0.55 0.668 0.532 0.422
idioms_meaning 0.64 0.5 0.32 0.39

qwen-3-30B ellipsis 0.02 0.012 0.012 0.012 0.101 0.075 0.101
rudabank 0.392 0.483 0.4 0.382
disrpt 0.194 0.147 0.174 0.131
corefREs 0.58 0.29 0.5 0.367
corefAnaphs 0.93 0.931 0.93 0.93
idioms_text 0.495 0.5 0.538 0.49
idioms_literal 0.55 0.668 0.532 0.422
idioms_meaning 0.71 0.333 0.237 0.277

random rudabank 0.076 0.075 0.077 0.075
disrpt 0.05 0.056 0.048 0.04
corefREs 0.515 0.516 0.516 0.515
corefAnaphs 0.316 0.315 0.316 0.316
idioms_text 0.33 0.318 0.312 0.305
idioms_literal 0.54 0.542 0.543 0.537
idioms_meaning 0.77 0.5 0.385 0.435

Table 1: Comparison of LLM performance across tasks.

In the coreference tasks, it is noticeable that task469

with Anaphoric resolution was much easier for the470

models than the NP resolution. Each model has471

shown significant improvement in all metrics in the472

first task compared to the latter.473

Finally, in the idiom tasks we can see that mod-474

els with a few examples of the meanings can quite475

successfully understand the meaning in the con-476

text. Also the literal/metaphoric sense is simple for 477

models too. 478

5 Conclusions 479

The RusConText Benchmark is designed to evalu- 480

ate LLM short-context understanding for Russian, 481

addressing a gap in existing evaluation frameworks. 482

While many benchmarks focus on long-context 483
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comprehension or broad reasoning tasks, our ap-484

proach specifically targets the model ability to in-485

terpret and reason within constrained text intervals486

— a skill essential for real-world applications such487

as conversational AI, summarization, and precise488

information retrieval. The RusConText Benchmark489

shows that modern LLMs may still struggle to solve490

problems related to understanding the close con-491

text.492

Our results demonstrate that while leading LLMs493

perform well on established benchmarks for Rus-494

sian data (even on that are conceptually aligned495

with some of ours, such as RWSC in (Shavrina496

et al., 2020) or RCB in (Fenogenova et al., 2024)),497

their performance on the RusConText Benchmark498

reveals key weaknesses in fine-grained understand-499

ing of context:500

Limitations501

The limitations of the RusConText Benchmark are502

primarily in its scope: the tasks presented in this503

benchmark — resolution of coreference, metaphor504

and ellipsis, as well as discourse understanding by505

the model — do not reflect the full variety of con-506

textual tasks. Additionally, we aim to significantly507

expand the size of each dataset in future iterations.508

We also understand that model scoring results509

largely depend on prompt engineering (especially510

for zero-shot question answering approach, which511

we are mostly following), and although we have512

selected prompts that helped us achieve maximum513

accuracy received during the tests, these prompts514

may not be universal or ideal.515
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A Task examples700

A.1 Coreference701

A.1.1 Multi-choice702

Task example

Paragraph:
"filename": "2021_sport_pony.json",
"index": 3,
"text": "Отмечается, что ранее в
социальных сетях его сыном было
опубликовано видео, где да Силва
ездит верхом на пони по имени Пикулито,
при этом чрезмерно дергает поводьями,
причиняя лошади боль. Также решением
трибунала было установлено, что
за пони бежала собака, причиняя
животному стресс на фоне
испытываемых болезненных ощущений,
а сам да Силва был слишком
тяжел для лошади.
"anaphoric span": "его",
"variants":

"да Силва",
"видео",
"пони по имени Пикулито"

,
"gold answer": "1"

A.1.2 NP coreference703

Task example704

"first": "совершенно легальный
пиратский интернет-сервис",
"second": "сайта",
"paragraph": {

"filename": "2009_hitech_antigua.json",
"index": 1,

"text": "На острове Антигуа открылся
"совершенно легальный
пиратский интернет-сервис".
Администрация сайта утверждает,
что в закромах имеется полторы
тысячи кинофильмов и 50 тысяч
музыкальных композиций.
Желающие их скачать должны
оформить подписку
стоимостью 9,95 доллара в месяц."
},

"gold": true 705

A.2 Discourse 706

A.2.1 DISRPT 707

Task example

Sentence 1:
В этой статье решено привести обобще-
ние алгоритмического базиса
Sentence 2:
которые могут быть описаны одной или
несколькими дугами кривых, для всех
случаев пространств координат.
Label: "elaboration"
Choices: preparation, condition, antithesis,
solutionhood, restatement, cause,
effect, attribution, sequence,
evaluation, evidence, interpretation-
evaluation,
cause-effect, elaboration, background,
conclusion, motivation, concession,
comparison, purpose, contrast, joint

A.2.2 RuDABank 708

Task example

Initial utterance: Соответственно, сего-
дня ночью мы не спим
Tagged utterance: Пап, это отличная
идея.
Label: appreciation
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A.3 Idioms709

A.3.1 Literal/idiomatic710

Task example

Idiom: ловить блох
Text: На полках стояли кабинетные ча-
сы из бронзы и мрамора и современные
будильники, а в углу монументально воз-
вышались большие напольные часы. Ан-
тон заметил прислоненные к стене ко-
стыли. Я б и сам так думал, — сказал
часовщик. Что ж блох ловить, если сила
есть. Он опустил лупу на глаз и стал
копаться в часах. Потом сказал: Ты бы
оставил их, я проверю.
Label: 1
Meaning: idiomatic

A.3.2 Texts multiple choice711

Task example

Idiom: играть в бирюльки
Texts:
1. "И я думаю, что сигналы такого ро-
да. . . Государство – серьезная штука. Не
надо игнорировать государство. Не на-
до играть с ним в бирюльки и азартные
игры. "
2. "Мы у тебя из спины куски кожи бу-
дем вырезать и солью посыпать, если
соврешь. И еще, много орешь, старый
пень! Придется тебе рот заклеить. . . Пет-
рович, принеси скотч и приступай. Хва-
тит с ним в бирюльки играть."
3. "Не подпадало дела настоящего, да и
только! Ну, а в бирюльки играть был он
не охотник. Всякий, конечно, норовил
охаять. . . "
Label: 0
Meaning: относиться несерьезно к кому-
либо

A.3.3 Multiple meanings712

Task example713

Idiom: бок о бок
Possible meanings:
1. вместе, совместно
2. выражать незнание ответа на задан-
ный вопрос
3. очень близко, один возле другого
Label: 0
Meaning: вместе, совместно
Example: Ярким примером являются во-
дители и переводчики, которые наряду с
военными бок о бок участвуют в Сирии
по сути на передовой боевых действий. 714

A.4 Ellipsis 715

Task example

Sentence:
Работа с двухбайтовыми наборами
символов — просто кошмар для про-
граммиста, так как часть их состоит из
одного байта, а часть — __ из двух.
label: состоит
ellipsis type: gapping

B Prompts 716

Coreference task

Prompt:
Ответь на вопрос по этому фрагменту
текста: {paragraph}. Тебе нужно понять,
к какой сущности относится это упомина-
ние: {anaphoric span}. Из предложенных
ниже выбери упоминание, которое тоже
относится к этой сущности.
Варианты ответа: {variants}
Напиши только варинат ответа, 1, 2 или
3, без комментариев и знаков препина-
ния.

Coreference task (whether REs coreferent)

Prompt:
В тексте: {paragraph} упоминания
(подстроки) {first RE span} и {second RE
span} отсылают к одной и той же сущ-
ности? Отвечай True, если да, False если
нет, без знаков препинания и дополни-
тельных комментариев
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Discourse task

Prompt: Определите связь между двумя
предложениями. Возможные следующие
варианты ответа:
{options}.
Предложение 1: {sent_1}
Предложение 2: {sent_2}
Дайте только один ответ из предложен-
ных. Используйте JSON для вывода,
состоящий из одного поля:

Данное начальное высказывание и
ответное высказывание, определите
тип ответа из следующих вариан-
тов:{options}

Начальное высказывание:
{initial_utterance}
Ответное высказывание:
{tagged_utterance}

Дайте только один ответ из пред-
ложенных. Используйте JSON для
вывода, состоящий из одного поля:

Idioms task 1

Prompt:
Задание: Определи, используется ли
выражение в прямом или переносном
смысле.
Выражение: {idiom}
Контекст: {example}
Варианты ответа: 0 - буквальное значе-
ние, 1 - переносное значение
Ответ:

Idioms task 2

Prompt:
Задание: Определи, в каком тексте
выражение имеет указанное значение.
Выражение: {idiom}
Значение: {current_meaning}
Тексты: {texts}
Ответ:

Idioms task 3717

Prompt:
Задание: Определи, какое значение
соответствует данному выражению в
данном контексте.
Выражение: {idiom}
Контекст: {example}
Варианты ответа: {possible_meanings}
Ответ:

718

Ellipsis task

Prompt:
Дано предложение {text}. Оно содержит
эллипсис, в нем пропущена часть инфор-
мации. Постарайся восполнить как мож-
но больше информации, не придумывай
и не добавляй того, чего нет в контек-
сте. Определи, 1) в каком месте пропу-
щена информация, обозначь это место
нижним подчеркиванием. 2) Восполни
информацию и 3) напиши новое предло-
жение с восполненой информацией.
Ответ дай в формате: изначальное - от-
вет на 1, эллипсис - ответ на 2, полное
- ответ на 3. Ответ должен быть в фор-
мате json. В ответе должен быть только
JSON в markdown нотации (начинать-
ся с ``` json и заканчиваться ``` ) без
дополнительных комментариев.
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