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Abstract001

Sequential sentence classification (SSC) is an002
essential task for structuring scientific publi-003
cations, and extending SSC research to lan-004
guages other than English would improve ac-005
cessibility to scientific knowledge. At present,006
cross-lingual transfer is a promising approach007
to address the scarcity of training data in non-008
English languages. Although prior work on009
other natural language processing tasks has010
shown the benefits of identifying linguistic sim-011
ilarity between source and target languages,012
SSC inherently depends on discourse-level pat-013
terns, such as label sequences and positional014
regularities, which exhibit consistency across015
languages regardless of linguistic differences.016
To examine the factors that determine trans-017
fer success in SSC, we construct a multilin-018
gual SSC dataset covering 13 non-English019
languages. Our cross-lingual transfer exper-020
iments, which use both encoder-based and gen-021
erative models, reveal that structural similar-022
ity in rhetorical organization correlates more023
strongly with transfer performance than lin-024
guistic proximity, and this pattern holds across025
different model architectures. Based on this026
finding, we propose a novel framework that ex-027
plicitly leverages structural information to im-028
prove SSC, demonstrating improvements over029
baselines in both in-language evaluation and030
transfer to languages unseen during training.031

1 Introduction032

Sequential sentence classification (SSC) is the task033

of categorizing each sentence into specific rhetori-034

cal roles, such as Background, Objective, Method,035

Result, and Concusion. As a foundational tech-036

nology, SSC enhances downstream applications,037

including literature searches, automatic summariza-038

tions, and paper recommendation systems. Recent039

advancements in SSC have leveraged hierarchical040

architectures based on Transformer-based models041

(Devlin et al., 2019; Dernoncourt and Lee, 2017;042

Jin and Szolovits, 2018; Cohan et al., 2019; Brack 043

et al., 2024) and large language models (LLMs) 044

(Lan et al., 2024), reaching unprecedented perfor- 045

mance levels. However, these developments have 046

been predominantly centered on English-language 047

datasets. This English-centric focus creates a sig- 048

nificant gap in the accessibility of non-English aca- 049

demic research, which has necessitated the devel- 050

opment of SSC technologies that can generalize 051

across diverse languages. 052

Cross-lingual transfer learning, facilitated 053

by multilingual pre-trained language models 054

(mPLMs), has emerged as a key strategy to bridge 055

this gap. In this paradigm, knowledge is trans- 056

ferred from a source language (typically English) 057

to a target non-English language. Traditionally, the 058

success of such transfer was assumed to depend 059

on the linguistic proximity between the language 060

pair (Philippy et al., 2023; Lin et al., 2019). How- 061

ever, recent studies suggest that linguistic prox- 062

imity is not always a reliable proxy for transfer 063

success, as its effectiveness as a predictor varies 064

significantly across different tasks (Blaschke et al., 065

2025). Furthermore, similarities within the internal 066

representation spaces of mPLMs have been shown 067

to correlate more strongly with transfer outcomes 068

than surface-level linguistic traits (Lin et al., 2024; 069

Yun et al., 2023). These findings underscore the 070

need to identify task-specific factors that govern 071

cross-lingual transfer beyond simple linguistic dis- 072

tance. 073

In this study, we focus on the intrinsic structural 074

properties of SSC as a key factor in facilitating 075

such transfer. Academic abstracts consistently fol- 076

low logical progressions regardless of the language. 077

For instance, Background typically appears at the 078

beginning, while Result follows Method. To inves- 079

tigate whether these structural commonalities facil- 080

itate transfer, we constructed a comprehensive mul- 081

tilingual SSC dataset covering 13 non-English lan- 082

guages with approximately 32,000 abstracts. Our 083
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empirical analysis reveals that structural similarity,084

defined by the alignment of positional distributions,085

label transitions, and class distributions, is a signif-086

icantly stronger predictor of transfer performance087

than traditional linguistic metrics.088

Building on these insights, we propose a novel089

framework that explicitly leverages structural infor-090

mation to enhance cross-lingual SSC. Our approach091

has three methodological variants: (1) Structure-092

Informed Prompting (SIP), which injects struc-093

tural knowledge into LLM prompts; (2) Structure-094

Guided Verifier Reranking (SGVR), which uti-095

lizes a trained verifier to optimize candidate se-096

quences; and (3) Structure-Adaptive Verifier097

(SAV), which ensures prediction consistency in098

zero-shot settings.099

The main contributions of this study are as fol-100

lows:101

• We introduce a large-scale multilingual SSC102

dataset across 13 languages and demonstrate,103

through empirical analysis, that structural sim-104

ilarity correlates more strongly with cross-105

lingual transfer performance than linguistic106

proximity.107

• We propose a structural information-driven108

framework that achieves significant improve-109

ments in macro F1 scores over existing multi-110

lingual baselines.111

2 Related Work112

2.1 Sequential Sentence Classification113

Since the release of the PubMed-RCT benchmark114

(Dernoncourt and Lee, 2017), SSC models have115

evolved from hierarchical neural architectures (Jin116

and Szolovits, 2018) to Transformer-based ap-117

proaches (Cohan et al., 2019). To effectively cap-118

ture sequential dependencies and rhetorical flow,119

modern architectures leverage hierarchical model-120

ing to integrate both sentence-level representations121

and document-level context (Brack et al., 2024).122

However, existing SSC research remains predomi-123

nantly focused on English.124

2.2 Cross-Lingual Transfer Learning125

Recent research has employed multilingual BERT126

(mBERT) (Devlin et al., 2019), which enabled zero-127

shot cross-lingual transfer across 104 languages.128

While transfer performance often correlates with129

typological similarity (Lauscher et al., 2020) and130

word-order alignment (Deshpande et al., 2022),131

discourse-level research suggests that rhetorical 132

structures are often preserved across languages 133

(Braud et al., 2017; Zeyrek et al., 2020). In light of 134

these findings, we hypothesize that for SSC, struc- 135

tural similarity in rhetorical organization will be 136

a more critical predictor of transfer success than 137

traditional typological measures. 138

2.3 Structure-Aware Methods 139

Recent structure-aware approaches have improved 140

document modeling (Buchmann et al., 2024) and 141

argumentation mining (Sun et al., 2024). Such re- 142

search has employed grammar-constrained decod- 143

ing (Geng et al., 2023; Park et al., 2024) and dis- 144

criminative reranking (Wang et al., 2024) to ensure 145

output consistency. In light of these developments, 146

our study adapts the verifier-reranking paradigm 147

(Cobbe et al., 2021) to SSC, using structural fea- 148

tures to estimate the candidate quality without re- 149

quiring gold labels. 150

3 Multilingual SSC Dataset 151

Following PubMed-RCT 20k (Dernoncourt and 152

Lee, 2017), which leverages abstracts with explicit 153

section1 headers (e.g., Background, Method, Re- 154

sult, Concusion) as ground-truth labels, we con- 155

structed a multilingual dataset from non-English 156

abstracts containing such headers. 157

Our data sources consisted of five academic 158

databases that provide APIs for bulk data re- 159

trieval: DOAJ,2 HAL,3 Dialnet,4 TRdizin,5 and 160

CiNii Research.6 We targeted 13 non-English 161

languages: French, Japanese, Spanish, Chinese, 162

Russian, Portuguese, Italian, Indonesian, Turkish, 163

Korean, Polish, Dutch, and Estonian. To identify 164

abstracts with section headers, we translated 165

section terms (e.g., “Method,” “Result”) into 166

each target language and used them as search 167

queries, then verified the presence of the headers 168

through pattern matching for three formats: XML 169

(<sec><title>Methods</title>...</sec>), 170

bracket ([Methods]), and colon (Methods:). Data 171

collection was conducted between February and 172

May 2025. 173

We then applied preprocessing steps, including 174

1A “section” refers to a segment of the abstract correspond-
ing to a specific rhetorical role (e.g., method, Result).

2https://doaj.org
3https://hal.science
4https://dialnet.unirioja.es
5https://trdizin.gov.tr
6https://cir.nii.ac.jp
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Table 1: Dataset statistics.

Language (abbr.) Source #Papers #Sentences
English (en) PubMed-RCT 20,000 180,040
French (fr) HAL 11,210 134,393
Japanese (jp) CiNii 8,366 78,843
Spanish (es) Dialnet 5,768 55,743
Chinese (zh) DOAJ 3,522 24,649
Russian (ru) DOAJ 1,163 9,522
Portuguese (pt) Dialnet 1,122 8,865
Italian (it) DOAJ 624 6,353
Indonesian (id) DOAJ 434 4,270
Turkish TRdizin 179 630
Korean DOAJ 48 485
Polish DOAJ 30 369
Dutch DOAJ 14 131
Estonian DOAJ 7 123

HTML entity conversion, Unicode normalization,175

language detection, and duplicate title removal.176

We retained only those abstracts containing two177

or more sections and performed sentence segmen-178

tation using NLTK (Bird et al., 2009) for Euro-179

pean languages, including spaCy (Honnibal et al.,180

2020) for Asian languages. Details are provided181

in Appendix A. The dataset and code are avail-182

able at https://anonymous.4open.science/r/183

multilingual-SSC-0FDC.7184

The dataset contained 47,487 abstracts and185

504,416 sentences across 14 languages (13 col-186

lected languages plus English from PubMed-RCT187

20k). Table 1 shows statistics by language.188

4 Cross-Lingual Transfer Analysis189

While prior work on cross-lingual transfer has pri-190

marily focused on linguistic features such as typo-191

logical similarity (Pires et al., 2019), we hypoth-192

esize that for SSC, a discourse structure identifi-193

cation task, rhetorical similarity across languages194

may better facilitate successful transfer. To in-195

vestigate this hypothesis, nine languages with196

200+ abstracts were chosen from the dataset: Chi-197

nese, Spanish, English, French, Indonesian, Ital-198

ian, Japanese, Portuguese, and Russian. We con-199

ducted comprehensive cross-lingual transfer exper-200

iments across 9×9 language pairs (including same-201

language pairs) using both BERT-based and LLM-202

based models, examining whether the findings gen-203

eralize across different model architectures. Our204

experimental setting was zero-shot cross-lingual205

transfer: for each of the 81 language pairs, models206

were trained on the source language and evaluated207

7For data from CiNii Research, Dialnet, and TRdizin, we
release document IDs instead of full abstracts to comply with
their data usage policies.

on the target language without any target-language 208

training examples. 209

4.1 Models 210

We employed multilingual BERT (mBERT; Devlin 211

et al., 2019) with the hierarchical sequence labeling 212

network (HSLN) architecture (Brack et al., 2024), 213

hereafter mBERT-HSLN, as a representative BERT- 214

based SSC model. By replacing the encoder of the 215

conventional SSC method with mBERT, the model 216

can be applied to abstracts in target languages dif- 217

ferent from the source language. We followed the 218

hyperparameters from Brack et al. (2024). 219

For LLM-based models, we selected three 220

mPLMs that have been fine-tuned to follow natu- 221

ral language instructions: Gemma2-2B-it (Gemma 222

Team, 2024), Qwen2.5-3B-Instruct (Qwen Team, 223

2024), and Llama-3.2-3B-Instruct (Llama Team, 224

AI @ Meta, 2024). The prompt used was a simpli- 225

fied version of that proposed by Lan et al. (2024); 226

the complete template is provided in Appendix C. 227

We provided the entire abstract as input and in- 228

structed the model to output a rhetorical label for 229

its each sentence. We applied low rank adaptation 230

(LoRA; Hu et al. (2022)) fine-tuning with r = 8 231

and α = 16 to all attention layers, using a learning 232

rate of 2× 10−4, batch size of 4, and training for 233

three epochs. Hyperparameters were tuned using 234

validation data from representative languages to 235

maximize validation Macro-F1. 236

For each language, we split the data into 70% 237

training, 15% validation, and 15% testing. For lan- 238

guages with more than 200 abstracts in the test set, 239

we randomly sampled 200 abstracts to balance com- 240

putational cost and evaluation reliability. For each 241

language pair, we conducted three runs with differ- 242

ent random seeds and report the average Macro-F1 243

scores. 244

4.2 Results of Zero-Shot Cross-Lingual 245

Transfer 246

We observed consistent transfer patterns across all 247

four models (mBERT-HSLN and three LLMs), sug- 248

gesting that the findings are not specific to particu- 249

lar model architectures. Figure 1 shows the transfer 250

results for Qwen2.5-3B-Instruct as a representative 251

example; complete transfer matrices for all models 252

are provided in Appendix D. 253

For Qwen2.5-3B-Instruct, the average Macro-F1 254

for same-language pairs was 0.611, while cross- 255

lingual transfer averaged 0.515. Transfer perfor- 256

mance varied considerably: Japanese to Chinese 257
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Figure 1: Cross-lingual transfer performance for
Qwen2.5-3B-Instruct (Macro-F1). Rows: training lan-
guages; Columns: evaluation languages.

(0.642) and Chinese to Indonesian (0.655) showed258

high performance, while French to English (0.355)259

and Spanish to Japanese (0.391) exhibited lower260

performance. For mBERT-HSLN, same-language261

performance averaged 0.508, while cross-lingual262

transfer averaged 0.405, showing a similar gap be-263

tween same-language and cross-lingual settings.264

Across all models, common transfer patterns265

were observed: Japanese-Chinese transfer was266

relatively successful, and English as the source267

showed stable performance. Transfer performance268

was asymmetric; for example, in Qwen2.5-3B-269

Instruct, Japanese to Chinese (0.642) and Chinese270

to Japanese (0.451) differed by 0.19, likely reflect-271

ing differences in model capability for each lan-272

guage.273

4.3 Linguistic and Structural Similarity274

Measures275

To determine which factors predict cross-lingual276

transfer performance, we compared two types of277

similarity measures between language pairs: lin-278

guistic proximity based on typological features and279

structural similarity based on the rhetorical patterns280

found in the abstracts.281

For linguistic proximity, we used lang2vec (Lit-282

tell et al., 2017), which provides typological feature283

vectors for languages. We concatenated feature284

vectors from five categories (syntax, phonology,285

inventory, geography, family) and calculated co-286

sine similarity between each language pair. As287

expected, high similarity was observed among ty-288

pologically related languages (e.g., Romance lan-289

guages such as Italian-Portuguese: 0.932), while 290

distant language pairs showed lower similarity (e.g., 291

Japanese-Portuguese: 0.647). 292

For structural similarity, we designed measures 293

based on rhetorical structure patterns found in the 294

abstracts. Drawing on feature representations used 295

in conditional random fields (CRF) (Lafferty et al., 296

2001) and research on abstract composition pat- 297

terns (Martín-Martín, 2003), we defined six dis- 298

tance measures between language pairs: 299

1. Label distribution: Jensen-Shannon diver- 300

gence (JSD) between the frequency distribu- 301

tions of the five labels in each language. 302

2. Section length distribution: Average JSD 303

of section length (number of consecutive 304

sentences with the same label) distributions 305

across labels. 306

3. Continuation probability: Normalized Eu- 307

clidean distance between vectors of label con- 308

tinuation probabilities (probability that the 309

next sentence has the same label). 310

4. Boundary position: Weighted difference in 311

average relative positions of major section 312

transitions (e.g., Method to Result). 313

5. Block count distribution: Average JSD of 314

block count (number of non-contiguous spans 315

per label) distributions across labels. 316

6. Transition entropy: Normalized difference 317

in Shannon entropy of label transition distri- 318

butions. 319

We calculated the overall structural distance d 320

as the simple average of these six distances and de- 321

fined structural similarity as 1− d. Detailed math- 322

ematical definitions are provided in Appendix B. 323

Figure 2 shows the two similarity matrices. 324

While linguistic proximity largely reflects language 325

family membership, structural similarity reveals 326

different patterns: Japanese-Spanish (0.93) and 327

Japanese-Portuguese (0.93) show high structural 328

similarity despite belonging to different language 329

families. Chinese-Russian (0.89) also show high 330

structural similarity, as both tend to omit Back- 331

ground and start with Objective. 332

4.4 Correlation Analysis 333

To determine which similarity measure better pre- 334

dicts transfer performance, we analyzed the 72 335
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Figure 2: Linguistic (left) and structural (right) similar-
ity matrices.
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Correlation Analysis: Qwen2.5-3B-Instruct (N=72 language pairs)

Figure 3: Correlation between similarity measures and
transfer performance for Qwen2.5-3B (N = 72). Left:
structural similarity (Pearson r = 0.443, p < 0.001).
Right: linguistic proximity (Pearson r = 0.197, p =
0.079).

pairs (excluding same-language pairs) through cor-336

relation analysis. Figure 3 shows the results. Statis-337

tically significant positive correlations (Pearson’s338

r) between structural similarity and transfer perfor-339

mance were found in all four models: mBERT-340

HSLN (r = 0.408, p < 0.001), Qwen2.5-3B341

(r = 0.443, p < 0.001), Gemma2-2B (r = 0.333,342

p = 0.002), and Llama-3.2-3B (r = 0.299, p =343

0.007). Spearman correlations showed similar ten-344

dencies.345

For linguistic proximity, no model showed con-346

sistent significant correlations. In mBERT-HSLN,347

both the Pearson and Spearman correlations were348

not significant (r = 0.087, p = 0.438; ρ = 0.024,349

p = 0.831). Among LLMs, only Gemma2-2B350

showed a significant Pearson correlation (r =351

0.278, p = 0.012), but the Spearman correlation352

was not significant. In Qwen2.5-3B and Llama-353

3.2-3B, no significant correlations were found (all354

p > 0.05). Overall, linguistic proximity showed355

weak and inconsistent predictive power.356

Together, these results indicate that in SSC tasks,357

structural pattern similarity better predicts trans-358

fer performance than linguistic features regardless359

of model architecture. The consistency across360

BERT-based (i.e., mBERT-HSLN) and LLM-based361

models suggests that this finding is robust and362

not specific to a particular model family. The363

correlation coefficients range from r = 0.299 to 364

r = 0.443, meaning structural similarity explains 365

approximately 9–20% of the variance in transfer 366

performance. This suggests that while other factors 367

influence transfer performance (e.g., model capabil- 368

ity for each language, data quality, etc.), structural 369

similarity serves as a consistent and practical pre- 370

dictor. 371

This result can be interpreted from SSC’s nature, 372

since models may rely on structural patterns such 373

as “Objectives come after Background” and “Con- 374

cusions come after Results” rather than vocabulary 375

or grammar. The fact that the BERT-based model 376

(which relies on hierarchical neural architectures) 377

and LLM-based models (which use autoregressive 378

Transformers) show similar patterns suggests that 379

structural dependency is a fundamental character- 380

istic of cross-lingual SSC transfer, independent of 381

specific model architectures. 382

Looking at specific language pairs, tenden- 383

cies supporting this interpretation could be ob- 384

served. High structural similarity was found be- 385

tween Japanese and both Spanish and Portuguese 386

(0.93). Despite these languages belonging to com- 387

pletely different language families, their scientific 388

paper structure patterns are similar. This suggests 389

that international conventions regarding how to 390

write academic papers are shared across language 391

barriers. Meanwhile, Chinese and Russian belong 392

to different linguistic groups, but both languages 393

tend to omit the Background section and start with 394

Objective, and this common structural feature may 395

be facilitating transfer learning across both BERT- 396

based and LLM-based models. 397

The correlation strength varied across models, 398

with Qwen2.5-3B and mBERT-HSLN showing 399

the strongest correlations (r = 0.443 and r = 400

0.408, respectively), followed by Gemma2-2B 401

(r = 0.333) and Llama-3.2-3B (r = 0.299). This 402

disparity may reflect differences in each model’s 403

multilingual capability and pretraining data com- 404

position. In the future, analyzing the relationship 405

between the proportion of each language in the 406

models’ pretraining data and transfer performance 407

could provide deeper understanding of the reason 408

behind this difference. 409

5 Leveraging Structural Information 410

Our analysis in Section 4 revealed that structural 411

similarity was significantly correlated with cross- 412

lingual transfer performance across all tested mod- 413
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els (e.g., r = 0.443 for Qwen2.5-3B, p < 0.01).414

While that analysis focused on zero-shot transfer415

between language pairs, we also hypothesized that416

explicit structural information should also bene-417

fit models trained on multilingual data, as both418

settings require the model to generalize rhetorical419

patterns across languages.420

To test this hypothesis, we developed a frame-421

work that explicitly leverages structural informa-422

tion through three variants: SIP, SGVR, and SAV.423

This approach moves beyond implicit learning dur-424

ing fine-tuning by incorporating structural con-425

straints at both the input stage and during candi-426

date selection. SIP+SGVR is used when the target427

language is included in the training data, which en-428

ables verifier training on validation data. SIP+SAV429

is used for zero-shot settings where the model is430

tested on languages not seen during training.431

While the correlation analysis demonstrates432

architecture-agnostic importance of structural sim-433

ilarity, we developed our proposed methods for434

LLM-based models, as they enable flexible prompt-435

based guidance and candidate generation through436

temperature sampling. SIP+SGVR was used when437

training data were available, and SIP+SAV was438

applied for zero-shot settings.439

5.1 Structure-Informed Prompting (SIP)440

SIP guides LLM predictions by explicitly incor-441

porating structural constraints into prompts. As442

demonstrated in Section 4, rhetorical structures443

exhibit similar patterns across languages. SIP ex-444

plicitly specifies the typical label ordering (Back-445

ground, Objective, Method, Result, Concusion) in446

the prompt, encouraging the model to consider not447

only individual sentence content but also structural448

context. The prompt consisted of: (1) task descrip-449

tion with label definitions; (2) structural constraints450

indicating typical ordering; and (3) one demonstra-451

tion example randomly selected from training data.452

The complete prompt is shown in Appendix E.453

5.2 Structure-Guided Verifier Reranking454

(SGVR)455

SGVR reranks multiple candidate predictions gen-456

erated by an LLM based on structural features.457

Adopting an approach similar to quality estimation458

in machine translation (Specia and Shah, 2018),459

we used a verifier that predicts output quality with-460

out reference. Among multiple candidate label461

sequences obtained via temperature sampling, the462

verifier selects the most valid candidate.463

Specifically, for each training abstract, the LLM 464

generated K candidate label sequences y = 465

(y1, . . . , yn), where n is the number of the ab- 466

stract’s sentences and yi is the predicted label for 467

the i-th sentence. We computed the sentence-level 468

accuracy q = 1
n

∑n
i=1 1[yi = y∗i ] for each candi- 469

date, where y∗i denotes the ground truth label. From 470

each candidate, we also extracted the following 44- 471

dimensional feature vector f(y) capturing: (1) la- 472

bel distribution features (occurrence counts, cosine 473

similarity with training data distribution); (2) tran- 474

sition features (mean log-probability of adjacent 475

label transitions, binary indicators of major tran- 476

sitions, entropy); and (3) position features (scores 477

evaluating whether label positions fall within ex- 478

pected ranges, one-hot representations of start/end 479

labels). The complete feature list can be found in 480

Appendix F. 481

Finally, we trained a regression model Vϕ (with 482

parameters ϕ) that predicts q from structural fea- 483

tures f(y), assuming candidates closer to ground 484

truth exhibit stronger structural alignment with 485

training data patterns. We adopted LightGBM 486

(Ke et al., 2017) for Vϕ due to its ability to 487

capture non-linear interactions and training effi- 488

ciency. At inference, the verifier predicts accuracy 489

q̂k = Vϕ(f(yk)) for each candidate and selects 490

ypred = argmaxk q̂k. 491

5.3 Structure-Adaptive Verifier (SAV) 492

SAV is an unsupervised method for cases of se- 493

quence labeling in which zero-shot settings apply. 494

To address this limitation, it dynamically estimates 495

structural properties from the candidate set, as- 496

suming that labels consistently predicted across 497

multiple sampling runs are more likely correct. 498

While self-consistency (Wang et al., 2023) selects 499

the most frequent answer, simple majority voting 500

is ineffective for sequence labeling where exact 501

matches are rare. SAV evaluates position-wise 502

agreement and transition consistency separately to 503

select the most structurally valid candidate. 504

For each abstract, same as in SGVR, an LLM 505

generated K candidate predictions. Here, we de- 506

note the k-th candidate label sequence as y(k) = 507

(y
(k)
1 , . . . , y

(k)
n ), where n is the number of the ab- 508

stract’s sentences, and y
(k)
i is the predicted label for 509

the i-th sentence. In SAV, each candidate predic- 510

tion was evaluated using the following three scores. 511

Consistency score Scons(y
(k)): Average position- 512

wise agreement rate between candidate y(k) and 513
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all other candidates. Candidates with higher agree-514

ment received higher scores.515

Confidence score Sconf(y
(k)): For each position516

i ∈ {1, . . . , n}, we computed the most frequent517

label l∗i among the K candidates and its agreement518

rate ri = 1
K

∑K
j=1 1[y

(j)
i = l∗i ]. If candidate y(k)’s519

label at position i matched l∗i , the score was ri;520

otherwise, it was the proportion of candidates pre-521

dicting that label. The final score was the average522

across all positions.523

Transition score Strans(y
(k)): Application of the524

same approach as the confidence score to transi-525

tion patterns between adjacent labels rather than526

individual labels.527

The final score S(y(k)) was the average of528

the three scores. We selected the highest-529

scoring candidate as the final prediction ypred =530

argmaxk S(y
(k)). Unlike simple position-wise531

majority voting (selecting the most frequent label532

at each position and concatenating them), which533

may produce inconsistent sequences not present534

in any candidate, SAV always outputs a prediction535

that exists in the candidate set, thereby avoiding536

this issue. Implementation details and further anal-537

ysis regarding the selection of hyperparameters for538

SAV are provided in Appendix J.539

6 Experiments540

6.1 Experimental Settings541

Unlike the language-pair analysis in Section 4, we542

trained models on mixed multilingual data and eval-543

uated them in two settings: (1) in-domain evalua-544

tion (testing on trained languages); and (2) zero-545

shot evaluation (testing on languages not in train-546

ing).547

For in-domain evaluation, we used nine lan-548

guages (English, French, Japanese, Spanish, Chi-549

nese, Indonesian, Portuguese, Italian, Russian),550

splitting each into a 70:15:15 ratio for train-551

ing/validation/testing. The model was trained on552

combined training data from all nine languages553

and evaluated on the combined test data from all554

languages. For zero-shot evaluation, we used five555

languages not in training (Estonian, Korean, Dutch,556

Polish, Turkish).557

We applied LoRA (r = 32, α = 64, to all atten-558

tion and feed-forward network layers) to Qwen2.5-559

3B-Instruct and Llama-3.2-3B-Instruct, training560

with the learning rate 2 × 10−4, batch size 4, for561

three epochs. For SGVR, we set K = 3 as a prac-562

tical choice balancing computational cost and per-563

Table 2: In-domain evaluation results (overall).

Method Accuracy Macro-F1

mBERT-HSLN 0.919 0.812
LLM-SSC (Gemma) 0.666 0.567
LLM-SSC (Llama) 0.633 0.545
LLM-SSC (Qwen) 0.764 0.694
SIP (Llama) 0.836 0.714
SIP (Qwen) 0.919 0.841
SIP+SGVR (Llama) 0.843 0.746
SIP+SGVR (Qwen) 0.923 0.848

Table 3: Per-language results for major languages.

Language mBERT SIP+SGVR ∆

English 0.863 0.875 +1.2
Japanese 0.719 0.796 +7.7
Chinese 0.780 0.788 +0.8
Spanish 0.793 0.882 +8.9

Average 0.789 0.835 +4.6

※ All results are Macro-F1 scores.

formance. For SAV in zero-shot evaluation, we 564

set K = 5 based on preliminary experiments (see 565

Appendix J). All experiments were run with three 566

inference iterations, and we report averaged values. 567

We used the following baselines: (1) multilin- 568

gual LLM-SSC: a multilingual extension of Lan 569

et al. (2024)’s LLM-SSC with identical LoRA set- 570

tings and (2) mBERT-HSLN: Brack et al. (2024)’s 571

HSLN with mBERT encoder. We report sentence- 572

level accuracy and Macro-F1 across five classes as 573

evaluation metrics. 574

6.2 In-Domain Evaluation 575

Table 2 shows the results aggregated across test 576

sets. SIP+SGVR (Qwen) demonstrates improve- 577

ments of +0.46 in accuracy and +3.61 in Macro-F1 578

compared to mBERT-HSLN, thereby showing that 579

our method achieved performance comparable to 580

or exceeding strong BERT-based baselines. The 581

use of SIP and SGVR achieved substantially higher 582

performance than LLM-SSC across all three LLMs 583

(Gemma, Llama, Qwen). 584

Table 3 shows the results for the four major lan- 585

guages in the dataset. Our method consistently 586

outperformed baselines across all languages, with 587

particularly strong improvements in Japanese (+7.7 588

Macro-F1) and Spanish (+8.9 Macro-F1), while 589

maintaining competitive performance in English 590

and Chinese. Complete per-language results are 591

provided in Appendix G. 592

We then analyzed the component contributions. 593

To verify SIP’s effect, we conducted evaluations 594
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Table 4: Zero-shot evaluation results (overall).

Method Accuracy Macro-F1

mBERT-HSLN 0.751 0.658
SIP+SAV (Qwen) 0.849 0.818

using SGVR with a baseline prompt without595

structural information. Compared to SIP+SGVR596

(Qwen), the baseline prompt resulted in decreases597

of −0.80 in accuracy and −3.20 in Macro-F1 (Ap-598

pendix H), demonstrating importance of SIP in599

classification accuracy. SIP+SGVR (Qwen) shows600

improvements of +0.39 in accuracy and +0.72 in601

Macro-F1 compared to SIP (Qwen), confirming602

SGVR’s contribution. Finally, Qwen consistently603

outperformed Llama, suggesting Qwen2.5-3B has604

superior multilingual processing capability.605

6.3 Zero-Shot Cross-Lingual Evaluation606

In the next step, we conducted evaluations on mod-607

els trained on nine languages and evaluated them on608

five languages not in training. Since Qwen consis-609

tently outperformed Llama in in-domain evaluation,610

we used only Qwen. In this setting, validation data611

for the target languages were unavailable, making612

verifier training impossible. Therefore, we used613

SAV, which selects predictions based on candidate614

consistency. SIP+SAV (Qwen) demonstrated im-615

provements of +9.84 in accuracy and +15.93 in616

Macro-F1 compared to mBERT-HSLN (Table 4).617

The larger improvement in Macro-F1 may indicate618

more stable performance for minority classes. SAV619

showed improvements of +0.29 in accuracy and620

+0.50 in Macro-F1 compared to random selection621

(Appendix I).622

7 Limitations623

We acknowledge several limitations to our study.624

Domain bias: Since our dataset primarily com-625

prised abstracts with explicit section headers626

(prevalent in medicine/life sciences), it may bias627

toward these fields. Effectiveness in domains with628

different rhetorical organizations (e.g., humanities,629

social sciences) remains to be validated.630

Language coverage: Although covering 13 lan-631

guages, our dataset lacks representation from ma-632

jor families like African (e.g., Swahili), Indic (e.g.,633

Hindi), and Southeast Asian (e.g., Thai). Observed634

structural patterns may differ for these underrepre-635

sented families.636

Limited hyperparameter exploration: We set637

K = 3 for SGVR and K = 5 for SAV based on 638

preliminary tests without exhaustive search. Op- 639

timal K likely varies by language, domain, and 640

compute budget. Furthermore, multiple candidate 641

generation increases inference cost by a factor of 642

K. 643

Zero-shot evaluation scope: Zero-shot evaluation 644

was limited to five languages with small test sets 645

(7–179 abstracts). A larger, more diverse evalua- 646

tion would further strengthen our findings. 647

Structural dependency: Our approach assumes 648

consistent structural patterns across languages. 649

However, conventions may vary by venue or com- 650

munity, potentially affecting the transferability of 651

our structural features. 652

8 Ethical Considerations 653

Data collection: Our dataset is derived from pub- 654

licly available academic abstracts (DOAJ, HAL) 655

and databases permitting academic use (Dialnet, 656

TRdizin, CiNii Research). 657

Bias and representation: The dataset is biased 658

toward medicine/life sciences and 13 primarily Eu- 659

ropean/East Asian languages. Models may under- 660

perform on languages or domains with different 661

structural conventions. 662

9 Conclusion 663

We constructed a multilingual SSC dataset of 13 664

languages and analyzed cross-lingual transfer. Our 665

key finding is that structural similarity correlates 666

significantly more strongly with transfer perfor- 667

mance (r = 0.443 for Qwen2.5-3B) than linguistic 668

proximity (r = 0.197), suggesting models rely on 669

rhetorical structure rather than linguistic features. 670

We proposed SIP, SGVR, and SAV to leverage 671

this structural information. SIP+SGVR achieves 672

performance comparable to or exceeding strong 673

baselines (+3.61 Macro-F1 over mBERT-HSLN), 674

while SIP+SAV shows substantial zero-shot im- 675

provements over these same baselines (+15.93 676

Macro-F1). 677

Our study highlights the importance of task- 678

specific structural characteristics over traditional 679

linguistic proximity. Future work includes ana- 680

lyzing internal representations to understand how 681

structural patterns are encoded and extending our 682

approach to other discourse-level tasks. 683
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A Data Collection Details 892

A.1 Database Selection and Access 893

We selected five academic databases based on the 894

following criteria: (1) providing API access to ab- 895

stracts, (2) containing substantial non-English con- 896

tent, and (3) including structured abstracts with 897

section headers. 898

DOAJ (Directory of Open Access Journals): 899

Provides access to open access journals across mul- 900

tiple languages. We queried abstracts through their 901

REST API. 902

HAL (Hyper Articles en Ligne): French 903

national open archive containing predominantly 904
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French-language publications. We accessed ab-905

stracts through their OAI-PMH interface.906

Dialnet: Spanish bibliographic database con-907

taining both Spanish and Portuguese publications.908

We obtained abstracts through institutional access.909

TRdizin: Turkish academic index contain-910

ing Turkish publications. We accessed abstracts911

through their search API.912

CiNii (Citation Information by NII): Japanese913

academic database containing Japanese publica-914

tions. We accessed abstracts through their REST915

API.916

A.2 Search Query Design917

Since structured abstracts typically contain Method918

and Result sections, we translated these two terms919

into each target language and used them as search920

queries. We used native terms in which Method921

and Result in each target language (e.g., “Méthodes”922

and “Résultats” in French, “Metodi” and “Risultati”923

in Italian).924

A.3 Preprocessing Pipeline925

We applied the following preprocessing steps to the926

collected abstracts:927

1. HTML entity conversion: Converted HTML928

entities (e.g., &amp;, &lt;, &gt;) to their corre-929

sponding characters.930

2. Unicode normalization: Applied NFKC nor-931

malization to ensure consistent character represen-932

tations.933

3. Language detection: Used langdetect library934

(Shuyo, 2010) to verify that abstracts were in the935

target language. We discarded abstracts where the936

detected language did not match the target.937

4. Duplicate removal: Removed duplicate ab-938

stracts based on title matching (case-insensitive,939

after removing punctuation).940

5. Structure identification: Used pattern match-941

ing to identify structured abstracts in three formats:942

• XML format:943

<sec><title>Methods</title>...</sec>944

• Bracket format: [Methods] ...945

• Colon format: Methods: ...946

6. Section extraction: We retained only ab-947

stracts containing two or more sections to ensure948

sufficient structure and sentence segmentation.949

7. Sentence segmentation: Used NLTK’s950

punkt tokenizer for European languages (English,951

French, Spanish, Portuguese, Italian, Russian, Pol- 952

ish, Dutch, Estonian) and spaCy for Asian lan- 953

guages (Japanese, Chinese, Korean, Indonesian, 954

Turkish). 955

B Similarity Measure Definitions 956

We designed six types of cross-lingual structural 957

similarity measures based on the rhetorical patterns 958

in abstracts: 959

B.1 Label Distribution Similarity 960

We calculated the probability distribution of the
five labels (Background, Objective, Method, Result,
Concusion) in each language L:

PL(l) =
count of the following label l in language L

total sentences in language L

The distance between two languages L1 and L2

was computed using Jensen-Shannon divergence:

dlabel(L1, L2) = JSD(PL1 , PL2)

B.2 Section Length Distribution Similarity 961

We defined a section as “a continuous span with
the same label” and calculated the distribution of
section lengths (number of consecutive sentences)
for each label. For each label l and length k, we
computed the following:

PL,l(k) =
count of sections with l and k

total sections with l

The distance was obtained by calculating JSD
for each label and averaging:

dsection(L1, L2) =
1

5

∑
l

JSD(PL1,l, PL2,l)

B.3 Continuation Probability Similarity 962

We calculated the conditional probability that a sen-
tence’s label remains the same in the next sentence
(continuation probability) for each label:

pL(l) = P (yi+1 = l|yi = l)

The distance between languages was obtained by
normalizing the Euclidean distance between five-
dimensional continuation probability vectors:

dcont(L1, L2) =
1√
5

√∑
l

(pL1(l)− pL2(l))
2
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B.4 Boundary Position Similarity963

For four major transitions (Background → Objec-
tive, Objective → Method, Method → Result, Re-
sult → Concusion), we calculated the average rela-
tive position (normalized to 0–1) within abstracts
where these transitions occurred. For transition t,
we computed the following:

µL(t) = average position of t in language L

The distance was defined as follows:

dbound(L1, L2) =
∑
t

wt · |µL1(t)− µL2(t)|

where wt = min(freqL1
(t), freqL2

(t)) and the964

sum is normalized.965

B.5 Block Count Distribution Similarity966

We defined block count as “the number of contin-967

uous spans where each label appears within one968

abstract”. For example, in Method → Result →969

Method, the block count for Method is 2. We cal-970

culated the distribution of block counts for each971

label and computed JSD-based distance similar to972

section length distribution.973

B.6 Transition Entropy Similarity974

We calculated Shannon entropy from the probabil-
ity distribution of all label transitions (25 patterns):

HL = −
∑
l1,l2

PL(l2|l1) log2 PL(l2|l1)

The distance was obtained by normalizing the
absolute difference:

dentropy(L1, L2) =
|HL1 −HL2 |

log2 25

B.7 Overall Structural Similarity975

We calculated the overall distance d as the simple
average of the above six distances:

d(L1, L2) =
1

6

6∑
i=1

di(L1, L2)

Structural similarity is defined as:

StructSim(L1, L2) = 1− d(L1, L2)

C Prompt Template for Cross-Lingual 976

Transfer Experiments 977

For the cross-lingual transfer experiments in Sec- 978

tion 4, we used the following prompt template: 979

Instruction: ’You must categorize the given sentence
into one of these five labels: BACKGROUND, OB-
JECTIVE, METHOD, RESULT, CONCLUSION. Re-
spond with ONLY the label name.’ Output: ’Ques-
tion: What is the rhetorical role of the Target Sen-
tence? Answer with one word from the labels list.’

980

This simplified format was adapted from Lan 981

et al. (2024), removing the demonstration exam- 982

ples to focus on zero-shot transfer capabilities. We 983

unified prompts in English for all experiments in 984

Section 4. 985

D Cross-Lingual Transfer Results for All 986

Models 987

In this section, we provide the comprehensive 988

cross-lingual transfer matrices for all four models 989

evaluated in our study: mBERT-HSLN, Qwen2.5- 990

3B-Instruct, Gemma2-2B-it, and Llama-3.2-3B- 991

Instruct. Tables 5 through 8 show the Macro-F1 992

scores for every source-target language pair among 993

the nine languages used for training. 994

E Prompt Template for SIP 995

The following template illustrates the structure 996

and instructions used for the Structure-Informed 997

Prompting (SIP) experiments. The prompt includes 998

the task description, explicit rhetorical constraints, 999

and a placeholder for a few-shot demonstration. 1000

Instruction: You must categorize the given sentence
into one of these five labels: Background, Objective,
Method, Result, Concusion. Respond with ONLY the
label name.
Structural Constraints: Academic abstracts typi-
cally follow this order: Background (introducing the
topic) → Objective (stating the research goal) →
Method (describing the approach) → Result (present-
ing findings) → Concusion (summarizing implica-
tions).
Example: [One demonstration example from training
data]
Output: Question: What is the rhetorical role of the
Target Sentence? Answer with one word from the
labels list.

1001

F Structural Features for SGVR 1002

We summarize the 44-dimensional structural fea- 1003

tures used for training the Structure-Guided Veri- 1004

fier Reranking (SGVR) component. These features 1005
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Table 5: Cross-lingual transfer Results for mBERT-HSLN (Macro-F1).

Train\Eval zh es en fr id it ja pt ru
zh 0.319 0.229 0.269 0.284 0.233 0.194 0.226 0.246 0.285
es 0.323 0.434 0.608 0.408 0.459 0.304 0.363 0.326 0.298
en 0.497 0.488 0.651 0.560 0.602 0.443 0.505 0.518 0.454
fr 0.297 0.248 0.264 0.335 0.235 0.211 0.233 0.259 0.264
id 0.476 0.509 0.640 0.533 0.691 0.506 0.496 0.542 0.431
it 0.318 0.369 0.440 0.355 0.453 0.439 0.309 0.345 0.301
ja 0.634 0.426 0.579 0.401 0.511 0.405 0.651 0.472 0.544
pt 0.632 0.480 0.566 0.497 0.501 0.415 0.555 0.577 0.573
ru 0.303 0.235 0.286 0.283 0.248 0.217 0.245 0.239 0.295

Table 6: Cross-lingual transfer results for Qwen2.5-3B-Instruct (Macro-F1).

Train\Eval zh es en fr id it ja pt ru
zh 0.681 0.587 0.625 0.538 0.655 0.552 0.451 0.633 0.605
es 0.410 0.598 0.433 0.468 0.544 0.543 0.391 0.622 0.433
en 0.564 0.605 0.648 0.565 0.678 0.595 0.582 0.592 0.499
fr 0.464 0.449 0.355 0.478 0.622 0.428 0.427 0.456 0.383
id 0.448 0.498 0.597 0.427 0.557 0.484 0.373 0.473 0.412
it 0.521 0.605 0.643 0.566 0.643 0.602 0.517 0.652 0.570
ja 0.642 0.567 0.602 0.497 0.676 0.541 0.657 0.632 0.596
pt 0.546 0.554 0.488 0.375 0.643 0.509 0.502 0.668 0.487
ru 0.518 0.439 0.544 0.431 0.506 0.403 0.457 0.457 0.608

were designed to capture the logical flow and la-1006

bel distribution patterns of scientific abstracts, as1007

detailed in Table 9.1008

G Per-Language Results for In-Domain1009

Evaluation1010

The detailed per-language performance for the in-1011

domain evaluation setting is presented below. In the1012

following tables, “Random” indicates random se-1013

lection of one candidate from generated candidates,1014

“Verifier” (or “SAV”) indicates selection by our pro-1015

posed method, and “Oracle” indicates selection of1016

the candidate with highest agreement with the gold1017

label sequence (upper bound of performance).1018

H SIP Ablation Study1019

To verify the effect of SIP, we conducted exper-1020

iments using SGVR with a baseline prompt that1021

does not incorporate structural information. Per-1022

formance degradation was observed across all lan-1023

guages when removing SIP. The degradation is par-1024

ticularly pronounced in Macro-F1, suggesting that1025

SIP contributes to improved prediction accuracy1026

for minority classes. Detailed ablation results for1027

the combined test set are shown in Table 11.1028

I Per-Language Results for Zero-Shot1029

Evaluation1030

Table 12 presents the detailed performance metrics1031

for the zero-shot transfer evaluation on five unseen1032

languages: Estonian, Korean, Dutch, Polish, and 1033

Turkish. We report accuracy and Macro-F1 scores 1034

for each selection strategy to demonstrate the ro- 1035

bustness of the SAV method in cases where training 1036

data for the target language is unavailable. 1037

J Additional Details on SAV 1038

The selection of K = 5 for SAV in zero-shot eval- 1039

uation was based on balancing candidate diversity 1040

with computational cost. Preliminary experiments 1041

showed that performance gains plateaued beyond 1042

K = 5, while inference time increased linearly 1043

with K. 1044
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Table 7: Cross-lingual transfer results for Gemma2-2B-it (Macro-F1).

Train\Eval zh es en fr id it ja pt ru
zh 0.737 0.561 0.579 0.487 0.563 0.430 0.552 0.367 0.575
es 0.316 0.531 0.297 0.350 0.377 0.410 0.276 0.353 0.406
en 0.365 0.487 0.541 0.428 0.526 0.448 0.393 0.304 0.403
fr 0.261 0.303 0.264 0.372 0.364 0.324 0.368 0.276 0.283
id 0.302 0.327 0.439 0.366 0.439 0.402 0.324 0.260 0.358
it 0.325 0.378 0.267 0.299 0.367 0.479 0.292 0.319 0.269
ja 0.669 0.562 0.530 0.502 0.650 0.464 0.658 0.374 0.543
pt 0.361 0.468 0.376 0.455 0.457 0.423 0.361 0.469 0.310
ru 0.463 0.477 0.535 0.460 0.426 0.384 0.422 0.321 0.583

Table 8: Cross-lingual transfer results for Llama-3.2-3B-Instruct (Macro-F1).

Train\Eval zh es en fr id it ja pt ru
zh 0.415 0.266 0.450 0.252 0.283 0.231 0.418 0.293 0.386
es 0.220 0.327 0.497 0.327 0.437 0.331 0.217 0.341 0.278
en 0.441 0.406 0.641 0.515 0.546 0.419 0.459 0.489 0.483
fr 0.339 0.306 0.414 0.438 0.385 0.337 0.319 0.321 0.370
id 0.438 0.576 0.684 0.547 0.776 0.509 0.481 0.609 0.474
it 0.257 0.227 0.488 0.297 0.330 0.298 0.284 0.216 0.301
ja 0.452 0.366 0.438 0.409 0.414 0.294 0.449 0.382 0.396
pt 0.355 0.473 0.497 0.425 0.567 0.408 0.336 0.520 0.469
ru 0.410 0.325 0.465 0.414 0.343 0.342 0.396 0.378 0.512

Table 9: 44-dimensional structural features for SGVR.

Group Feature Dim
Basic scores Transition, position, distribution scores 3
Sequence Length, label occurrence counts 6
Sections Mean, std of section length per label 10
Continuation Continuation probability per label 5
Blocks Number of blocks per label 5
Transitions Presence of major transitions 4
Entropy Transition entropy 1
Boundary Start and end labels (one-hot) 10
Total 44

Table 10: SIP+SGVR (Qwen) per-language results.

Language Random Verifier Oracle

English 0.931 / 0.863 0.934 / 0.875 0.941 / 0.885
French 0.942 / 0.832 0.943 / 0.838 0.955 / 0.860
Japanese 0.858 / 0.787 0.866 / 0.796 0.888 / 0.832
Spanish 0.890 / 0.872 0.899 / 0.882 0.919 / 0.907
Chinese 0.984 / 0.787 0.985 / 0.788 0.988 / 0.790
Indonesian 0.958 / 0.953 0.960 / 0.955 0.966 / 0.962
Portuguese 0.883 / 0.861 0.881 / 0.862 0.904 / 0.889
Italian 0.866 / 0.829 0.871 / 0.840 0.892 / 0.867
Russian 0.934 / 0.747 0.940 / 0.751 0.956 / 0.765

Overall 0.919 / 0.841 0.923 / 0.848 0.934 / 0.862
※ Each cell shows accuracy / Macro-F1.

Table 11: Ablation results (overall, Qwen).

Method Accuracy Macro-F1

SGVR w/o SIP 0.915 0.816
SIP+SGVR 0.923 0.848
∆ +0.80 +3.20

Table 12: SIP+SAV (Qwen) per-language results.

Language Random SAV Oracle

Estonian 0.927 / 0.713 0.919 / 0.709 0.943 / 0.735
Korean 0.967 / 0.778 0.981 / 0.787 0.992 / 0.793
Dutch 0.855 / 0.833 0.863 / 0.838 0.916 / 0.901
Polish 0.892 / 0.881 0.894 / 0.887 0.924 / 0.921
Turkish 0.710 / 0.621 0.705 / 0.608 0.806 / 0.721

Overall 0.846 / 0.813 0.849 / 0.818 0.901 / 0.884
※ Each cell shows accuracy / Macro-F1.
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