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Abstract001

We introduce AuthBench, a large-scale multi-002
lingual benchmark for Authorship Representa-003
tion, enabling evaluation of authorship Attri-004
bution and Verification across numerous gen-005
res and lengths. AuthBench contains 293,029006
documents of diverse lengths (short, medium,007
long, and extra-long), authored by 53,281 in-008
dividuals across ten widely used languages009
(en, zh, hi, es, fr, ar, ru, de, ja, ko), span-010
ning 9 primary genres with 62 fine-grained011
subgenres. AuthBench supports two com-012
plementary evaluations: (i) authorship attri-013
bution, operationalized as same-author doc-014
ument retrieval, scored by Success@K, Re-015
call@K, and nDCG@K; and (ii) authorship016
verification, i.e., same-author binary decisions017
over query–candidate pairs, scored by equal018
error rate (EER). We comprehensively evalu-019
ate state-of-the-art (SOTA) instruction-tuned020
and embedding models on AuthBench. Ex-021
periments with SOTA models show that per-022
formance remains far from saturated: the023
best Success@5 reaches only 0.542, and the024
best overall EER is 0.078. Moreover, SOTA025
models exhibit substantial performance vari-026
ation across languages, document lengths,027
and genres, highlighting persistent challenges028
for robust authorship modeling. We release029
AuthBench along with its evaluation toolkit030
anonymously at https://anonymous.4open.031
science/r/AURA_Bench-366E/README.md.032

1 Introduction033

Authorship representation (Huang et al., 2025;034

Habib et al., 2025; Tyo et al., 2022) examines035

whether a model can encode author-specific lin-036

guistic and stylistic features into reusable text rep-037

resentations, which is an important capability of038

current state-of-the-art (SOTA) models. This abil-039

ity has a wide range of applications, including040

cybersecurity and digital forensics (Abbasi and041

Chen, 2008; Narayanan et al., 2012; Kumar et al.,042

2017; Caliskan-Islam et al., 2015), and underpins043

additional tasks such as plagiarism detection (Pot- 044

thast et al., 2014; Barrón-Cedeño et al., 2013) 045

and machine-generated text detection (Przystalski 046

et al., 2025; Aityan et al., 2025; Al-Shaibani and 047

Ahmed, 2026;Martinek and Bartuzi-Trokielewicz, 048

2024). 049

Driven by significant progress in large language 050

models (LLMs) (Yang et al., 2025; Zhang et al., 051

2025; Grattafiori et al., 2024), SOTA models have 052

become increasingly generalizable across down- 053

stream tasks, languages, and varying input lengths. 054

However, existing benchmarks fall short of com- 055

prehensively evaluating these capabilities in au- 056

thorship representation, as they are typically re- 057

stricted to single languages or genres. For in- 058

stance, widely used datasets like the Blog Author- 059

ship Corpus (Schler et al., 2006a), Enron emails 060

(Klimt and Yang, 2004), and PAN1 shared tasks 061

(Potthast et al., 2016; Bevendorff et al., 2020) 062

are limited to specific domains. Similarly, other 063

benchmarks focusing on scientific writing (Beven- 064

dorff et al., 2023), cross-domain settings (e.g., 065

LUAR) (Rivera-Soto et al., 2021), or journalist- 066

centric pairings (Ma et al., 2025) remain narrowly 067

scoped. Furthermore, data distributions in these 068

benchmarks are often highly skewed: for exam- 069

ple, scientific authorship datasets predominantly 070

feature documents exceeding 500 words. Finally, 071

current benchmarks lack a unified framework to 072

support both retrieval-style authorship representa- 073

tion to find documents by the same author in a col- 074

lection of documents and verification-style author- 075

ship attribution to confirm that a given pair of doc- 076

uments is by the same author. 077

To overcome the above limitations of ex- 078

isting benchmarks on authorship representation, 079

we introduce AuthBench, a large-scale multilin- 080

gual benchmark for Authorship Representation en- 081

abling Attribution and Verification across genres 082

1Each edition of PAN focuses on one specific genre.
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Benchmark Multilingual Multi-genre Length control Large-scale Standard splits Attribution Verification

PAN shared tasks 3 3 7 7 3 3 3

Blog Authorship Corpus 7 7 7 3 7 7 7

Enron Emails 7 7 7 3 7 7 7

MARC 3 7 7 3 3 7 7

SMAuC 7 7 7 3 7 7 7

CROSSNEWS 7 3 7 3 3 7 3

AIDBench 7 3 7 7 3 3 3

AuthBench (ours) 3 3 3 3 3 3 3

Table 1: Comparison of our AuthBench with existing authorship benchmarks.

and document lengths. AuthBench is constructed083

from 13 public data sources (see Appendix E for084

details). We normalize all data into a unified for-085

mat, filter out low-quality samples, and perform086

stratified sampling to balance genre and length dis-087

tributions across languages. Finally, we conduct088

additional automated checks and manual inspec-089

tions to ensure the overall quality of AuthBench.090

As a result, AuthBench comprises 293,029 doc-091

uments of diverse lengths (short, medium, long,092

and extra-long), authored by 53,281 individuals093

across ten widely used languages (en, zh, hi, es,094

fr, ar, ru, de, ja, ko), spanning nine primary gen-095

res with 62 fine-grained subgenres. AuthBench096

supports two complementary evaluation tasks: (i)097

authorship attribution, formulated as a retrieval098

task evaluated with ranking-based metrics (Suc-099

cess@K, Recall@K, nDCG@K); and (ii) author-100

ship verification, formulated as binary decision101

over query–candidate pairs and evaluated using102

threshold-based metrics (EER). We release stan-103

dardized dataset splits and a unified evaluation104

toolkit to facilitate reproducible and comprehen-105

sive evaluation.106

We conduct a comprehensive evaluation of the107

SOTA models on AuthBench, including embed-108

ding, instructed, and base LLMs. The evalu-109

ation results show that the best overall model110

performance of Success@5 on authorship attribu-111

tion is 0.542, and the best overall model perfor-112

mance of EER on authorship attribution is 0.078.113

Moreover, SOTA models exhibit substantial per-114

formance variation across languages, document115

lengths, and genres, highlighting persistent chal-116

lenges for robust authorship modeling.117

2 Related Work118

Authorship representation. Authorship represen-119

tation (Huang et al., 2025; Habib et al., 2025; Tyo120

et al., 2022) seeks to identify persistent author-121

specific signals in written documents. The field is122

commonly structured around two core evaluation 123

tasks: (i) authorship attribution, which links a doc- 124

ument to its author (often framed as closed-set clas- 125

sification or large-scale retrieval), and (ii) author- 126

ship verification, which determines whether two 127

documents were written by the same author. In par- 128

allel, authorship representation learning develops 129

document embeddings that encode stylistic signals 130

and can be used to support both attribution and ver- 131

ification at scale. Recent works, including LUAR 132

(Rivera-Soto et al., 2021), style-aware embedding 133

methods (Wang and Iyyer, 2023), and stylistic dis- 134

entanglement analyses (Michailidis et al., 2022), 135

operationalize attribution via embedding similarity 136

and retrieval-style evaluation (e.g., Success@K, 137

Recall@K, nDCG@K), and evaluate verification 138

using pairwise decision metrics such as equal er- 139

ror rate (EER). 140

Authorship Benchmark Development. Early 141

authorship benchmarks were largely built on 142

small-scale, monolingual, and domain-specific 143

corpora, as summarized in foundational surveys 144

(Stamatatos, 2009; Neal et al., 2017). Datasets 145

such as the Blog Authorship Corpus (Schler et al., 146

2006a), the Enron email dataset (Klimt and Yang, 147

2004), and later English-centric collections used 148

in neural modeling studies (Ruder et al., 2016; Ja- 149

fariakinabad and Hua, 2019) supported important 150

methodological progress, but provided limited cov- 151

erage in terms of language diversity, genre breadth, 152

and document length control. Besides, none of 153

them provides the standard evaluation protocols, 154

making it hard to evaluate current SOTA models. 155

The PAN shared tasks subsequently established 156

standardized evaluation protocols for authorship- 157

related problems (Bevendorff et al., 2020). While 158

influential, individual PAN editions typically ad- 159

dressed a single task formulation and relied on 160

datasets restricted to specific languages and gen- 161

res. More recent work has sought to broaden au- 162

thorship evaluation beyond these settings by in- 163
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troducing more domain-oriented authorship cor-164

pora, such as scientific writing datasets (SMAuC)165

(Bevendorff et al., 2023) and journalist news–166

tweet pairings (CROSSNEWS) (Ma et al., 2025).167

In parallel, LLM-focused authorship benchmarks168

(e.g., AIDBench) (Wen et al., 2024) and studies ex-169

amining authorship risks in large language models170

(Huang et al., 2024a,b) have emerged to evaluate171

the flaws of the SOTAmodels on authorship. Nev-172

ertheless, despite this growing body of work, ex-173

isting benchmarks remain predominantly domain-174

specific, often exhibit highly imbalanced author175

distributions, and lack unified control over lan-176

guage, genre, and document length. We provide a177

comparison of our Authbench with existing bench-178

marks in Table 1.179

3 AuthBench180

In this section, we first describe the AuthBench181

construction in Section 3.1. Then we present the182

statistics of the AuthBench in Section 3.2.183

3.1 Benchmark Construction184

Figure 1 illustrates the construction workflow of185

AuthBench. We constructed the benchmark us-186

ing 13 publicly available data sources. Descrip-187

tions of these datasets are available in Appendix E.188

To ensure consistency across heterogeneous cor-189

pora, we first normalize each source into a uni-190

fied record format containing the following fields:191

language, genre, source ID, anonymized author192

ID, document content, and token length. We193

provide examples in Figure 2. We then remove194

redundancy using a combination of exact hash-195

ing and near-duplicate detection. To further im-196

prove data quality, we apply safety and quality fil-197

ters to exclude low-quality or problematic docu-198

ments. Next, to achieve balanced distributions, we199

perform bucket-based sampling across languages,200

document length ranges, and genres, while en-201

forcing per-author caps to prevent dominance by202

highly prolific writers. Finally, to produce leakage-203

resistant data splits, we apply stratified partition-204

ing with deduplication-aware assignment, ensur-205

ing that duplicate or near-duplicate documents do206

not appear across different splits. We addition-207

ally conduct automated checks and manual inspec-208

tions to validate the quality of the final Auth-209

Bench. Automated checks verify schema integrity,210

bucket assignment, and split hygiene (no author211

overlap and no duplicate or near-duplicate leak-212

Category #Docs Share

Overall
Total 293,029 100.0%
Languages 10 –
Authors 53,281 –
Avg. docs per author 2.46 –
Genres (fine-grained) 62 –

By language
English (en) 104,786 35.8%
Spanish (es) 29,891 10.2%
Chinese (zh) 28,487 9.7%
French (fr) 23,865 8.1%
German (de) 23,864 8.1%
Arabic (ar) 23,602 8.1%
Russian (ru) 21,703 7.4%
Japanese (ja) 14,331 4.9%
Korean (ko) 14,178 4.8%
Hindi (hi) 8,322 2.8%

By length
Short 32,143 11.0%
Medium 178,191 60.8%
Long 79,125 27.0%
Extra-long 3,570 1.2%

Table 2: Statistics of our AuthBench.

age across splits). For manual inspection, the 213

authors randomly sample documents across lan- 214

guages, genres, and length buckets to screen for 215

noise, boilerplate, corrupted text, and unsafe con- 216

tent. Complete construction details are provided in 217

Appendix A. 218

3.2 Statistics of AuthBench 219

After construction, AuthBench comprises 293,029 220

documents authored by 53,281 individuals across 221

10 languages: English (en), Spanish (es), Chinese 222

(zh), French (fr), German (de), Arabic (ar), Rus- 223

sian (ru), Japanese (ja), Korean (ko), and Hindi 224

(hi). AuthBench spans 9 primary genres, in- 225

cluding social_media, news, blog, literature, 226

media_reviews, ecommerce_reviews, poetry, 227

research_paper. Documents in AuthBench are 228

further categorized into four token-length buck- 229

ets: short (1–10 tokens), medium (11–100), long 230

(101–500), and extra-long (>500). An overview 231

of AuthBench statistics is presented in Table 2. 232

Additional detailed statistics are provided in Ap- 233

pendix D. 234
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Normalization Redundancy
Reduction

Automated &
Manual Checks

Safety & 
Quality Filter

Bucket-based 
Balanced Sampling AuthBenchSource Copora

Figure 1: AuthBench construction pipeline. Full details are provided in Appendix A.

"candidate_id": "doc_116326",
"author_id": "43b5e789...c39320",
"lang": "en",
"genre": "social_media/people",
"content": "How recently are these
things you found? People have pasts ...
How would you like it?",
"source": "exorde",
"token_length": 156

"candidate_id": "doc_274629",
"author_id": "c423340f...30add",
"lang": "zh",
"genre": "news",
"content":
"由于中国政府加大对游戏内容的管控力度，
苹果公司正将数千款游戏应用从其中国平台 ⌋
上下架...",
"source": "babel_briefings",
"token_length": 74

Figure 2: Examples in our AuthBench.

4 Experiment Setup235

Evaluation details. We embed queries and can-236

didates with each model’s encoder (or the final237

hidden states of LLM backbones) using a unified238

pipeline: tokenize each input, extract the last hid-239

den states, pool into a single vector (mean pooling240

by default; alternatives such as CLS/last are sup-241

ported where appropriate), and L2-normalize the242

resulting embedding. Similarities are computed243

with the cosine distance between normalized em-244

beddings. We use batch size 32 and the full-sized245

within-split candidate pool; verification EER uses246

sampled 50 negatives per query as defined in Ap-247

pendix A.8.248

Models. We evaluate a range of SOTA base, em-249

bedding, and instruction-tunedmodels. Full model250

details are provided in Table 7 of Appendix A.8.251

Metrics. AuthBench supports both authorship at-252

tribution and authorship verification tasks. For au-253

thorship attribution, we report Success@5 (S@5), 254

Recall@5 (R@5), and nDCG@5. For author- 255

ship verification, we report EER. Formal defini- 256

tions of all evaluation metrics are provided in Ap- 257

pendix A.8. 258

5 Experimental Results 259

In this section, we first present the overall per- 260

formance of SOTA models on AuthBench in Sec- 261

tion 5.1. We then provide a detailed analysis 262

of performance broken down by language, genre, 263

and document length. Finally, in Section 5.5, we 264

demonstrate the training dynamics and the effec- 265

tiveness of fine-tuning on AuthBench to enhance 266

authorship representation. 267

5.1 Main Results 268

Finding 1: base LLMs consistently provide 269

the strongest authorship signals, outperforming 270

instruction-tuned and embedding-based mod- 271

els. Table 3 summarizes the overall performance 272

of a subset of SOTA models on AuthBench. Due 273

to space constraints, we report results for all evalu- 274

atedmodels inAppendix B.We categorize the eval- 275

uated models into four groups: instruction-tuned 276

LLMs, base LLMs, instruction-tuned embedding 277

models, and base embedding models. 278

Overall, base LLMs consistently outperform 279

all other model groups, often surpassing their 280

instruction-tuned counterparts. For example, 281

llama3-8b achieves the best overall authorship 282

attribution performance, with scores of 0.542 283

(S@5), 0.537 (R@5), and 0.441 (nDCG@5), out- 284

performing llama3-8b-instruct across all met- 285

rics. However, model scale is not the sole de- 286

terminant of performance. Notably, the compact 287

qwen2.5-3b outperforms the significantly larger 288

deepseek-llm-7b-base (S@5: 0.496 vs. 0.479), 289

highlighting the efficiency of recent architectures 290

in capturing stylistic features despite limited pa- 291

rameter counts. 292

While base LLMs dominate attribution met- 293

rics, instruction-tuned LLMs remain competi- 294

tive in the verification task. Remarkably, 295
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Model Size S@5 ↑ R@5 ↑ nDCG@5 ↑ EER ↓

Instruction-tuned LLMs

deepseek-coder-6.7b-instruct 6.7B 0.455 0.450 0.368 0.095
deepseek-llm-7b-chat 7B 0.446 0.439 0.354 0.107
llama3-8b-instruct 8B 0.530 0.524 0.428 0.086
llama3.1-8b-instruct 8B 0.527 0.520 0.427 0.085
qwen2.5-3b-instruct 3.1B 0.498 0.491 0.396 0.078
qwen2.5-7b-instruct 7.6B 0.487 0.481 0.390 0.081
qwen3-4b-instruct 4B 0.483 0.476 0.381 0.089

Base LLMs

deepseek-llm-7b-base 7B 0.479 0.473 0.379 0.095
llama3-8b 8B 0.542 0.537 0.441 0.089
llama3.1-8b 8B 0.534 0.528 0.436 0.089
qwen2.5-3b 3.1B 0.496 0.488 0.394 0.081
qwen3-4b 4B 0.481 0.475 0.385 0.089

Instruction-tuned embedding models

e5-mistral-7b-instruct 7.1B 0.467 0.460 0.384 0.099
gte-qwen2-7b-instruct 7.6B 0.490 0.484 0.398 0.089
sfr-embedding-mistral 7.1B 0.468 0.462 0.383 0.099

Base embedding models

all-minilm-l12-v2 33M 0.322 0.318 0.254 0.161
all-minilm-l6-v2 23M 0.322 0.318 0.251 0.149
all-mpnet-base-v2 109M 0.346 0.340 0.272 0.144
all-roberta-large-v1 355M 0.380 0.374 0.296 0.127
allenai-specter 110M 0.312 0.310 0.251 0.152
bert-base-uncased 110M 0.394 0.388 0.311 0.103
bge-base-en-v1.5 109M 0.360 0.355 0.282 0.172

Lexical baseline

tfidf n/a 0.326 0.321 0.264 0.177

Table 3: Main Results on AuthBench (subset). Bold = best, underlined = second best within each model group.

qwen2.5-3b-instruct achieves the lowest EER296

of 0.078 across all evaluated models. This sug-297

gests that while instruction tuning might degrade298

attribution performance (e.g., S@5), it may pre-299

serve or even enhance the model’s decision bound-300

aries for binary authorship verification (i.e., EER).301

In contrast, instruction-tuned embedding mod-302

els exhibit noticeably weaker attribution perfor-303

mance than base LLMs. Finally, base embedding304

models perform the worst overall due to the small305

model size. Strikingly, traditional dense retrievers306

often struggle to capture stylistic nuances beyond307

lexical overlap. As shown in the table, several308

base embedding models (e.g., allenai-specter)309

perform comparably to—or even worse than—the310

simple TF-IDF baseline (S@5: 0.326), further un-311

derscoring the necessity of LLM-based models for312

authorship representation.313

5.2 Results by Language314

Finding 2: model performance varies substan-315

tially across languages. Table 4 reports S@5316

results for a subset of representative state-of- 317

the-art models across languages on AuthBench. 318

Due to space constraints, we report results for 319

all evaluated models and additional metrics Ap- 320

pendix B. Overall, model performance exhibits 321

pronounced language-dependent variation. For ex- 322

ample, llama3-8b achieves an S@5 of approxi- 323

mately 0.824 on Japanese but only 0.335 on Ara- 324

bic. Similarly, all-roberta-large-v1 reaches 325

0.575 on Hindi while dropping to 0.283 on Ko- 326

rean, yielding performance gaps of up to 0.5 across 327

languages. We further observe that larger mod- 328

els (e.g., those with more than 3B parameters) ap- 329

pear to saturate performance on Japanese, whereas 330

smaller models perform substantially worse (often 331

below 0.5). In contrast, for most other languages, 332

even the strongest SOTA models remain far from 333

saturation, indicating significant room for future 334

improvement in multilingual authorship modeling. 335
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Model Size ar de en es fr hi ja ko ru zh

LLMs (instruction-tuned)

deepseek-coder-6.7b-instruct 6.7B 0.305 0.662 0.410 0.535 0.581 0.525 0.941 0.435 0.391 0.504
deepseek-llm-7b-chat 7B 0.266 0.620 0.500 0.564 0.516 0.575 0.941 0.402 0.323 0.488
llama3-8b-instruct 8B 0.305 0.761 0.566 0.644 0.629 0.800 0.765 0.500 0.504 0.504
llama3.1-8b-instruct 8B 0.310 0.746 0.530 0.693 0.645 0.850 0.647 0.511 0.474 0.504
qwen2.5-3b-instruct 3.1B 0.350 0.648 0.464 0.594 0.629 0.600 0.765 0.478 0.459 0.543
qwen2.5-7b-instruct 7.6B 0.335 0.648 0.458 0.574 0.597 0.650 0.882 0.424 0.444 0.543
qwen3-4b-instruct 4B 0.340 0.662 0.434 0.564 0.581 0.700 0.765 0.457 0.421 0.543

LLMs (base)

deepseek-llm-7b-base 7B 0.266 0.648 0.524 0.634 0.613 0.675 0.941 0.424 0.361 0.520
llama3-8b 8B 0.335 0.775 0.560 0.663 0.645 0.850 0.824 0.500 0.496 0.512
llama3.1-8b 8B 0.335 0.775 0.554 0.673 0.645 0.800 0.765 0.478 0.489 0.496
qwen2.5-3b 3.1B 0.345 0.634 0.458 0.594 0.629 0.600 0.882 0.489 0.444 0.543
qwen3-4b 4B 0.340 0.676 0.464 0.574 0.565 0.625 0.706 0.446 0.406 0.535

Embedding models (instruction-tuned)

e5-mistral-7b-instruct 7.1B 0.276 0.648 0.476 0.604 0.532 0.625 0.882 0.457 0.451 0.441
gte-qwen2-7b-instruct 7.6B 0.296 0.634 0.488 0.564 0.645 0.675 0.765 0.457 0.474 0.535
sfr-embedding-mistral 7.1B 0.271 0.634 0.488 0.604 0.548 0.650 0.706 0.457 0.444 0.465

Embedding models

all-minilm-l12-v2 33M 0.163 0.380 0.386 0.396 0.387 0.600 0.471 0.326 0.248 0.339
all-minilm-l6-v2 23M 0.192 0.408 0.380 0.436 0.306 0.475 0.294 0.293 0.256 0.370
all-mpnet-base-v2 109M 0.192 0.507 0.470 0.406 0.323 0.525 0.353 0.283 0.248 0.394
all-roberta-large-v1 355M 0.266 0.634 0.428 0.465 0.419 0.575 0.647 0.283 0.263 0.370
allenai-specter 110M 0.167 0.577 0.343 0.455 0.403 0.325 0.294 0.326 0.241 0.260
bert-base-uncased 110M 0.212 0.563 0.458 0.495 0.403 0.575 0.588 0.424 0.316 0.402
bge-base-en-v1.5 109M 0.197 0.592 0.386 0.455 0.371 0.625 0.588 0.348 0.286 0.346

Lexical baseline

tfidf n/a 0.291 0.310 0.313 0.267 0.419 0.575 0.529 0.380 0.293 0.299

Table 4: Results by language (S@5).

Model Size blog ecommerce_reviews literature media_reviews news poetry research_paper social_media

LLMs (instruction-tuned)

deepseek-coder-6.7b-instruct 6.7B 0.146 0.308 0.575 0.218 0.448 0.288 0.840 0.503
deepseek-llm-7b-chat 7B 0.174 0.333 0.511 0.164 0.462 0.308 0.880 0.514
llama3-8b-instruct 8B 0.416 0.385 0.632 0.200 0.560 0.288 0.880 0.592
llama3.1-8b-instruct 8B 0.412 0.359 0.632 0.200 0.538 0.308 0.880 0.594
qwen2.5-3b-instruct 3.1B 0.218 0.333 0.592 0.236 0.538 0.327 0.800 0.552
qwen2.5-7b-instruct 7.6B 0.156 0.410 0.586 0.236 0.513 0.288 0.760 0.585
qwen3-4b-instruct 4B 0.145 0.359 0.575 0.255 0.473 0.308 0.800 0.568

LLMs (base)

deepseek-llm-7b-base 7B 0.323 0.385 0.569 0.200 0.487 0.250 0.840 0.540
llama3-8b 8B 0.412 0.385 0.626 0.182 0.574 0.308 0.840 0.623
llama3.1-8b 8B 0.351 0.333 0.632 0.182 0.581 0.308 0.840 0.600
qwen2.5-3b 3.1B 0.218 0.333 0.586 0.255 0.531 0.308 0.800 0.552
qwen3-4b 4B 0.273 0.410 0.575 0.255 0.502 0.308 0.800 0.530

Embedding models (instruction-tuned)

e5-mistral-7b-instruct 7.1B 0.240 0.333 0.615 0.127 0.520 0.173 0.840 0.509
gte-qwen2-7b-instruct 7.6B 0.251 0.333 0.615 0.236 0.538 0.250 0.800 0.542
sfr-embedding-mistral 7.1B 0.246 0.359 0.621 0.164 0.527 0.154 0.840 0.503

Embedding models

all-minilm-l12-v2 33M 0.200 0.128 0.391 0.109 0.256 0.058 0.880 0.407
all-minilm-l6-v2 23M 0.195 0.154 0.408 0.127 0.285 0.038 0.840 0.401
all-mpnet-base-v2 109M 0.407 0.256 0.414 0.164 0.296 0.096 0.840 0.379
all-roberta-large-v1 355M 0.207 0.333 0.437 0.164 0.310 0.269 0.840 0.416
allenai-specter 110M 0.218 0.154 0.466 0.055 0.292 0.058 0.800 0.351
bert-base-uncased 110M 0.241 0.282 0.540 0.127 0.397 0.115 0.800 0.409
bge-base-en-v1.5 109M 0.223 0.256 0.489 0.145 0.285 0.135 0.880 0.444

Lexical baseline

tfidf n/a 0.172 0.103 0.379 0.073 0.310 0.250 0.800 0.385

Table 5: Results by genre (S@5).

5.3 Results by Genre336

Finding 3: model performance varies signifi-337

cantly by domain, yet the superiority of LLM-338

based approaches remains consistent across339

nearly all genres. Table 5 presents a fine-grained340

breakdown of model performance across eight 341

major genres. Due to space constraints, we re- 342

port results for all evaluated models and addi- 343

tional metrics in Appendix B. Authorship sig- 344

nals appear strongest in structured or formal do- 345
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Model Size short medium long extra_long

LLMs (instruction-tuned)

deepseek-coder-6.7b-instruct 6.7B 0.333 0.571 0.402 0.267
deepseek-llm-7b-chat 7B 0.370 0.532 0.403 0.320
llama3-8b-instruct 8B 0.444 0.607 0.491 0.427
llama3.1-8b-instruct 8B 0.481 0.610 0.489 0.373
qwen2.5-3b-instruct 3.1B 0.370 0.589 0.461 0.333
qwen2.5-7b-instruct 7.6B 0.444 0.563 0.459 0.307
qwen3-4b-instruct 4B 0.370 0.592 0.434 0.307

LLMs (base)

deepseek-llm-7b-base 7B 0.370 0.571 0.442 0.307
llama3-8b 8B 0.407 0.623 0.511 0.387
llama3.1-8b 8B 0.407 0.625 0.493 0.387
qwen2.5-3b 3.1B 0.407 0.579 0.463 0.333
qwen3-4b 4B 0.407 0.584 0.432 0.320

Embedding models (instruction-tuned)

e5-mistral-7b-instruct 7.1B 0.370 0.571 0.417 0.320
gte-qwen2-7b-instruct 7.6B 0.333 0.581 0.455 0.320
sfr-embedding-mistral 7.1B 0.370 0.579 0.411 0.333

Embedding models

all-minilm-l12-v2 33M 0.370 0.344 0.300 0.347
all-minilm-l6-v2 23M 0.333 0.354 0.296 0.333
all-mpnet-base-v2 109M 0.444 0.351 0.327 0.413
all-roberta-large-v1 355M 0.444 0.398 0.371 0.333
allenai-specter 110M 0.296 0.398 0.256 0.267
bert-base-uncased 110M 0.333 0.494 0.333 0.333
bge-base-en-v1.5 109M 0.407 0.437 0.314 0.267

Lexical baseline

tfidf n/a 0.444 0.424 0.262 0.227

Table 6: Results by Length (S@5).

mains. In the research_paper category, al-346

most all evaluated models, including the lexi-347

cal TF-IDF baseline, achieve a pretty good score348

above 0.8, likely due to highly distinctive individ-349

ual vocabularies in academic writing. Conversely,350

media_reviews and ecommerce_reviews emerge351

as the most challenging domains, with the best-352

performing qwen3-4b-instruct only reaching353

0.255 on the former. This suggests that short,354

opinionated texts with high cross-author lexical355

overlap pose a significant challenge for stylis-356

tic differentiation. Moveover, base LLMs, par-357

ticularly the llama3 family, demonstrate a deci-358

sive advantage in more ”creative” genres such as359

literature, poetry, and blog. For instance, in360

literature, llama3.1-8b achieves an S@5 of361

0.632, substantially outperforming the best embed-362

ding model (bge-base-en-v1.5 at 0.489) and the363

TF-IDF baseline (0.379). This indicates that the364

deep contextual representations in LLMs are bet-365

ter at capturing the complex syntactic and narra-366

tive nuances that define literary style compared to367

shallow embedding or lexical features. 368

5.4 Performance by Length 369

Within each model scale, large models perform 370

better on medium length documents, whereas 371

small models perform better on short doc- 372

uments. Moreover, when comparing across 373

scales, small models achieve comparable or 374

even superior performance to large models on 375

short documents. Table 6 presents a fine-grained 376

breakdown of model performance across four doc- 377

ument lengths. Due to space constraints, we re- 378

port results for all evaluated models and addi- 379

tional metrics in Appendix B. Performance for 380

nearly all LLM-based models peaks in the medium 381

length category. For instance, llama3.1-8b 382

jumps from 0.407 on short documents to 0.625 383

on medium documents, before declining on longer 384

inputs. This suggests that medium-length docu- 385

ments provide an optimal balance: they contain 386

sufficient stylistic markers (unlike short texts) 387

without introducing the noise or context dilu- 388
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Figure 3: Training dynamics of select models.

tion often found in long or extra_long docu-389

ments. Interestingly, small models achieve com-390

petitive performance on short documents com-391

pared to significantly larger LLMs. For ex-392

ample, all-mpnet-base-v2 achieves a score of393

0.444 with only 109M parameters, rivaling the 8B-394

parameter llama3.1-8b-instruct (0.481). This395

suggests that in short document regimes, author-396

ship attribution relies less on complex semantic397

modeling and more on local stylistic features or398

lexical patterns, which compact embedding mod-399

els can extract highly efficiently.400

Base LLMs demonstrate superior stability as401

text length increases compared to embedding mod-402

els. On extra_long texts, llama3-8b-instruct403

achieves the highest score of 0.427, maintaining404

strong performance where others falter. In sharp405

contrast, the lexical TF-IDF baseline collapses on406

longer texts, dropping from 0.444 (short) to a407

dismal 0.227 (extra_long). This confirms that408

while simple lexical statistics suffice for short doc-409

uments, deep contextual understanding is a prereq-410

uisite for modeling the coherent stylistic patterns411

of lengthy documents.412

5.5 Training Dynamics413

To demonstrate the utility of AuthBench as a414

training resource, we fine-tuned four represen-415

tative embedding models (bge-large-en-v1.5,416

multilingual-e5-large, e5-large-v2, and417

qwen3-embedding-0.6B) on our training split.418

Figure 3 visualizes the training dynamics for S@5419

and EER. Due to space constraints, fine-grained420

results are reported in Appendix B.421

Throughout the training process, all models ex-422

hibit significant performance gains, improving by423

approximately 20 percentage points on S@5 and424

reducing EER by 0.15. Most notably, the fine-425

tuned multilingual-e5-large establishes a new 426

SOTA on the leaderboard, surpassing the previous 427

best model (llama3.1-8b) by roughly 10 points in 428

S@5 and 0.04 in EER. These results indicate that 429

while current SOTA models are powerful general- 430

ized feature extractors, they still lack adaptation 431

for specific downstream tasks like authorship attri- 432

bution. AuthBench serves as an effective resource 433

for bridging this gap through post-training. 434

6 Conclusion 435

In this work, we introduced AuthBench, a com- 436

prehensive benchmark designed to standardize the 437

evaluation of authorship representation across di- 438

verse languages, genres, and document lengths. 439

Our extensive evaluation demonstrates that while 440

base LLMs currently provide the strongest stylistic 441

signals—significantly outperforming traditional 442

embedding models in complex scenarios—the task 443

remains far from solved. Significant performance 444

gaps persist, particularly in short context attribu- 445

tion and cross-genre generalization. Furthermore, 446

our training experiments confirm that AuthBench 447

serves as an effective substrate for domain adapta- 448

tion, enabling models to better capture subtle au- 449

thorship cues. We hope this resource facilitates fu- 450

ture research into more robust, efficient, and uni- 451

versally adaptable authorship analysis. 452

Limitations 453

A primary limitation of this work is the uneven dis- 454

tribution of document lengths and genres across 455

languages, which stems from the inherent charac- 456

teristics of the public corpora utilized. We aim to 457

address this distributional imbalance in future itera- 458

tions by curatingmore balanced sources. Addition- 459

ally, due to the large scale of AuthBench, manual 460
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verification was feasible only for a representative461

subset of the data. However, the robust training462

dynamics and performance gains demonstrated in463

Section 5.5 serve as strong empirical evidence of464

the dataset’s high quality and effective labeling. In465

future work, we plan to further inspect all the ex-466

amples in the benchmark.467
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A AuthBench Construction Details694

This appendix provides the full construction spec-695

ification for AuthBench, including normalization,696

deduplication, safety and quality filtering heuris-697

tics, bucketed sampling, and split construction.698

Section 3.1 in the main paper contains a concise699

summary.700

AuthBench is constructed via a unified, re-701

producible pipeline that transforms heterogeneous702

raw corpora into a balanced and quality-controlled703

benchmark. The pipeline enforces (i) schema con-704

sistency across sources, (ii) strict de-duplication to705

reduce leakage and redundancy, (iii) conservative706

safety and quality filtering, and (iv) stratified split707

construction that preserves distributional balance708

across key axes.709

A.1 Source Ingestion and Normalization710

Let S = {S1, . . . , Sm} denote the set of711

raw sources (platforms, domains, and languages).712

Each source yields a multiset of candidate items713

Di = {di,1, . . . , di,ni} with raw text and source-714

specific metadata. We standardize all items into a715

unified record716

x = (id, ℓ, g, σ, τ, t, y),717

where ℓ is language, g is (macro-)genre/domain, σ718

is the source identifier, τ is the task type (if applica-719

ble), t is the text field used for retrieval/attribution,720

and y denotes optional structured labels (e.g., class721

label, reference answer).722

We apply deterministic text normalization N(·)723

to each raw text string: (i) Unicode canonical-724

ization to NFC, (ii) removal of control charac- 725

ters, and (iii) whitespace canonicalization (col- 726

lapse repeated whitespace; trim leading/trailing 727

spaces). We tokenize with a fixed tokenizer T (·) 728

used throughout the benchmark and compute token 729

length 730

L(t) = |T (t)|. 731

We retainminimal provenancemetadata (language, 732

source, genre/domain, task type) and storeL(t) for 733

downstream filtering and bucketing. 734

A.2 De-duplication and Near-Duplicate 735

Removal 736

To reduce redundancy and prevent train–test con- 737

tamination via repeated content, we perform exact 738

and near-duplicate removal within the candidate 739

pool prior to splitting. 740

Exact duplicates. For each item with normal- 741

ized text t, we compute a stable hash h(t) (e.g., 742

SHA-256) and drop duplicates by keeping a single 743

representative per unique hash: 744

Dexact = {x ∈ ∪iDi : h(t) is unique}. 745

Near duplicates. We represent each text t us- 746

ing character n-grams (we use n = 5) and apply 747

a locality-sensitive hashing (LSH) scheme (e.g., 748

MinHash) to approximate Jaccard similarity be- 749

tween texts. For two texts t and t′, let G(t) be the 750

multiset of 5-grams and define 751

J(t, t′) =
|G(t) ∩G(t′)|
|G(t) ∪G(t′)|

. 752

Given a threshold θnd, we remove x if there exists 753

a previously accepted item x′ such that J(t, t′) ≥ 754

θnd. We additionally remove common boilerplate 755

patterns via deterministic rules (e.g., copyright 756

headers, navigation lists) before similarity compu- 757

tation to avoid spurious matches. 758

A.3 Safety and Quality Filtering 759

We apply conservative safety and quality filters 760

to exclude unsafe, malformed, or low-information 761

items. An item is retained if it passes all filters be- 762

low. 763

Policy and toxicity. Let stox(t) ∈ [0, 1] denote a 764

toxicity/policy risk score produced by one or more 765

classifiers. We drop items above a conservative 766

threshold τtox: 767

stox(t) > τtox ⇒ drop. 768
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Language identification and script consistency.769

Let ℓ̂(t) be the predicted language (optional) and770

let Sℓ be the expected Unicode script set for lan-771

guage ℓ (e.g., Latin for en/es/fr/de, Cyrillic for772

ru, Arabic for ar, CJK scripts for zh/ja/ko). De-773

fine the script-match ratio over letters:774

rscript(t; ℓ) =
#{letters in t whose script ∈ Sℓ}

#{letters in t}
,775

evaluated when t contains at least 8 letters. We776

drop if rscript(t; ℓ) < τscript(ℓ). If rscript is low/un-777

defined and language identification is enabled, we778

additionally drop when ℓ̂(t) is incompatible with779

the target language ℓ.780

Length bounds. We enforce per-task token lim-781

its to avoid trivially short or excessively long in-782

stances. For each task type τ , we specify bounds783

(Lmin(τ), Lmax(τ)) and drop if784

L(t) < Lmin(τ) or L(t) > Lmax(τ).785

We also discard empty items where L(t) = 0.786

Low-information and formatting heuristics.787

We compute a set of interpretable text-quality788

statistics and filter via thresholds. Let w = T (t)789

be the token sequence.790

• Unique token ratio:791

runiq(t) =
|unique(w)|

|w|
,792

drop if runiq(t) < τuniq.793

• Symbol ratio: let #sym(t) count non-letter794

and non-digit characters (whitespace han-795

dling is source-dependent). Define796

rsym(t) =
#sym(t)

|t|chars
,797

drop if rsym(t) > τsym.798

• Maximum repeated-character run: let799

mrep(t) be the maximum run length of iden-800

tical non-space characters. Drop ifmrep(t) >801

Krep.802

• Alphabetic character ratio:803

rα(t) =
#alphabetic chars
#non-space chars

,804

drop if rα(t) < τα.805

• Alphabetic token ratio: let I[·] denote the in- 806

dicator function, and define 807

rtok(t) =
1

|w|

|w|∑
j=1

I[α(wj)] , 808

where α(wj) is true if token wj contains at 809

least one alphabetic character. We drop an 810

item if rtok(t) < τtok. 811

• Single-letter density: let uj be true when wj 812

is a single-letter token. Define 813

r1(t) =
1

|w|

|w|∑
j=1

I[uj ],

m1(t) = max{
length of any consecutive run of uj}.

814

We drop an item if r1(t) > τ1 orm1(t) ≥ K1. 815

For public-domain style corpora where heavy 816

punctuation is common, we optionally include 817

a maximum consecutive-symbol constraint 818

msym(t) ≤ Ksym. 819

A.4 Task-Specific Structuring and Validation 820

Some sources provide structured fields (e.g., 821

question–answer pairs, labels, prompts, refer- 822

ences). For each task type τ , we define a schema 823

Fτ (required fields) and retain an instance only if 824

all required fields are present and non-empty after 825

normalization: 826

∀f ∈ Fτ , fieldf ̸= ∅. 827

Malformed entries are discarded. For long docu- 828

ments exceeding task-specific caps, we segment 829

into contiguous chunks that preserve local coher- 830

ence; each chunk inherits provenance metadata 831

and receives a unique id derived from the original 832

record and chunk offset. 833

A.5 Balanced Bucketed Sampling 834

The filtered pool can be imbalanced across lan- 835

guages, lengths, and domains. We therefore con- 836

struct a balanced benchmark via bucketed sam- 837

pling over salient axes. 838

Let each item x be assigned a bucket key 839

b(x) = (ℓ, k, g, τ ), 840

where ℓ is language, τ is task type, g is genre/- 841

domain, and k is a token-length bin derived from 842

12



L(t). Length bins may be fixed ranges or quantiles843

computed per language. For each bucket b, let Nb844

be its available count.845

We specify target proportions (or quotas) Qb846

that enforce: (i) approximately balanced mass847

across languages, (ii) balanced length bins within848

each language, and (iii) bounded dominance of any849

single domain/task. We then sample uniformly850

without replacement within each bucket:851

B =
∪
b

Sample
(
{x : b(x) = b}, Qb

)
.852

If some buckets are underfull (Nb < Qb), we re-853

distribute the deficit to sibling buckets that share854

(ℓ, τ) while preserving global balance constraints.855

To scale sampling without materializing the full856

dataset in memory, we implement a streaming vari-857

ant: we maintain per-bucket reservoirs and insert858

items in a single pass, approximating global uni-859

form sampling subject to bucket constraints.860

A.6 Post-processing and Final De-duplication861

We apply a final canonicalization pass to standard-862

ize formatting (trim, normalize quotes, enforce863

a single trailing newline). We re-tokenize after864

canonicalization and re-check length bounds to en-865

sure that trimming does not move instances outside866

(Lmin, Lmax).867

To further mitigate leakage in prompt-based868

tasks, we perform a final de-duplication pass on se-869

lected fields (e.g., prompts or questions) by hash-870

ing normalized prompt text and ensuring unique-871

ness within the benchmark.872

A.7 Split Construction873

We construct splits (train/dev/test or dev/test, de-874

pending on the benchmark protocol) via stratifica-875

tion over the same bucket space to preserve bal-876

ance. For each item x, we compute a split assign-877

ment using a deterministic hash of its identifier:878

u(x) = Hash(id) mod 1,879

and map u(x) to split labels according to target880

split proportions, subject to per-bucket constraints.881

Weenforce disjointness by design: itemswith iden-882

tical or near-duplicate content are never placed in883

different splits, and when sources require prove-884

nance isolation, we additionally enforce source-885

level disjointness (no cross-split collisions within886

the specified unit, e.g., document or thread).887

Overall, this pipeline yields a diverse bench-888

mark with controlled coverage over language and889

length, reduced redundancy, conservative safety 890

guarantees, and splits that preserve stratified bal- 891

ance for reliable evaluation. 892

A.8 Evaluation Protocol 893

For retrieval, each test document is used as a query 894

and ranked against a candidate pool drawn from 895

the same split. For verification, we evaluate on 896

labeled query–candidate pairs derived from the 897

same within-split pools, reporting EER. All results 898

are computed without task-specific fine-tuning to 899

ensure comparability across model families. We 900

report both aggregate performance and manda- 901

tory stratified breakdowns by language, genre, and 902

length. Length buckets follow the benchmark def- 903

inition: short (1–10 tokens), medium (11–100), 904

long (101–500), and extra_long (>500). 905

A.9 Metrics 906

Let q be a querywith candidate setCq and positives 907

Pq ⊂ Cq. Let πq be the ranking of candidates by 908

similarity. We define the binary relevance at rank 909

i as 910

reli =

{
1 if πq(i) ∈ Pq,

0 otherwise.
911

ForK = 10, we compute: 912

Recall@K(q) =
1

|Pq|

K∑
i=1

reli 913

914

DCG@K(q) =
K∑
i=1

reli
log2(i+ 1)

915

916

IDCG@K(q) =

min(K,|Pq |)∑
i=1

1

log2(i+ 1)
, 917

918

nDCG@K(q) =
DCG@K(q)

IDCG@K(q)
919

We define Success@K as: 920

Success@K(q) =

{
1 if

∑K
i=1 reli > 0,

0 otherwise.
921

We report S@5, R@5, and nDCG@5 as macro- 922

averages over queries. 923

For authorship verification, each query– 924

candidate pair is assigned a similarity score s ∈ R 925

and classified using a threshold τ . Let P and 926

N denote the sets of positive and negative pairs, 927

respectively. The false acceptance rate (FAR) 928
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and false rejection rate (FRR) at threshold τ are929

defined as930

FAR(τ) =
1

|N |
∑

(q,c)∈N

I[s(q, c) ≥ τ ], (1)931

FRR(τ) =
1

|P|
∑

(q,c)∈P

I[s(q, c) < τ ]. (2)932

The Equal Error Rate (EER) is defined as the oper-933

ating point where the two error rates are equal:934

EER = FAR(τ∗) = FRR(τ∗),935

936
where τ∗ = argmin

τ
|FAR(τ)− FRR(τ)| .937

A.10 Models Evaluated938

B Full Results Tables939

Table 8 to 14 are the complete results across all940

models941

B.1 Overall Leaderboard Full Results942

Table 8 is the full results of overall leaderboard.943

B.2 Overall Leaderboard Full Results944

B.3 Language-wise Full Results945

Table 9 and Table 10 are the complete finegrain946

results of each language for all models.947

B.4 Primar-genre Full Results948

Table 11 and Table 12 are the complete finegrain949

results of each language for all models.950

B.5 Length-bucket Full Results951

Table 13 and Table 14 are the complete finegrain952

results of each language for all models.953

C Training Dynamic of Loss954

Figure 4 illustrates the training loss dynamics of955

selected embedding models on AuthBench. All956

models exhibit a smooth and monotonic decrease957

in loss, indicating stable optimization and effective958

learning. Despite differences in convergence rates959

and initial loss values, the consistent downward960

trends suggest that AuthBench provides ameaning-961

ful training signal that can be reliably leveraged by962

diverse model architectures.963

D Additional Dataset Statistics964

Figure 5 to 8 shows the visualization of evaluation965

results across all models.966
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Figure 4: Training dynamics of loss of select models.

E Raw Data Sources 967

AuthBench consolidates 13 publicly available cor- 968

pora spanning multiple platforms, domains, and 969

languages. Each raw item is mapped into a 970

unified schema (Section 3.1) with provenance 971

(source_id), language (lang), a normalized genre 972

label (genre), and token length ℓ(d) ∈ N com- 973

puted under a fixed tokenizer. We focus on sources 974

that provide author identifiers or (in limited cases) 975

consistent author-like groupings; see Table 15. 976

Citation policy. When a dataset has an associ- 977

ated peer-reviewed publication, we treat it as the 978

canonical reference (e.g., MARC for Amazon Re- 979

viewsMulti; Babel Briefings formultilingual head- 980

lines). For mirrors or redistributed versions (e.g., 981

Kaggle or Hugging Face hosting), we additionally 982

cite the hosting page to ensure reproducibility via 983

stable URLs and access dates. 984

F Responsible NLP Checklist Details 985

This appendix provides checklist-specific details 986

for ACL submission items B4, B6, C2, C3, D1, 987

D3, D4, and E1. Where applicable, we point to 988

the primary sections in the main paper and provide 989

additional operational details here. 990

F.1 Personally Identifying Information (PII) 991

or Offensive Content 992

PII. AuthBench is constructed exclusively from 993

publicly available datasets with established li- 994

censes and distribution practices (Appendix E). 995

We do not release raw author identifiers. Instead, 996

we anonymize author identifiers by hashing (Sec- 997

tion 3; Section 3.1). We also retain only mini- 998

mal provenance metadata needed for analysis and 999

reproducibility (language, genre, source, token 1000

length), and we do not include user profile fields, 1001
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Model Hugging Face Repository

e5-large-v2 intfloat/e5-large-v2
e5-base-v2 intfloat/e5-base-v2
e5-small-v2 intfloat/e5-small-v2
e5-mistral-7b-instruct intfloat/e5-mistral-7b-instruct
instructor-xl hkunlp/instructor-xl
instructor-large hkunlp/instructor-large
instructor-base hkunlp/instructor-base
multilingual-e5-large intfloat/multilingual-e5-large
multilingual-e5-base intfloat/multilingual-e5-base
bge-large-en-v1.5 BAAI/bge-large-en-v1.5
bge-base-en-v1.5 BAAI/bge-base-en-v1.5
bge-small-en-v1.5 BAAI/bge-small-en-v1.5
bge-large-zh-v1.5 BAAI/bge-large-zh-v1.5
bge-base-zh-v1.5 BAAI/bge-base-zh-v1.5
bge-small-zh-v1.5 BAAI/bge-small-zh-v1.5
bge-m3 BAAI/bge-m3
snowflake-arctic-embed-l-v2 Snowflake/snowflake-arctic-embed-l-v2.0
snowflake-arctic-embed-m-v2 Snowflake/snowflake-arctic-embed-m-v2.0
jina-embeddings-v2-base-en jinaai/jina-embeddings-v2-base-en
jina-embeddings-v2-small-en jinaai/jina-embeddings-v2-small-en
mxbai-embed-large-v1 mixedbread-ai/mxbai-embed-large-v1
gte-large-en-v1.5 Alibaba-NLP/gte-large-en-v1.5
gte-qwen2-7b-instruct Alibaba-NLP/gte-Qwen2-7B-instruct
gte-base thenlper/gte-base
gte-large thenlper/gte-large
nv-embed-v1 nvidia/NV-Embed-v1
qwen3-embedding-0.6b Qwen/Qwen3-Embedding-0.6B
qwen3-embedding-4b Qwen/Qwen3-Embedding-4B
qwen3-embedding-8b Qwen/Qwen3-Embedding-8B
llama3-8b meta-llama/Meta-Llama-3-8B
llama3-8b-instruct meta-llama/Meta-Llama-3-8B-Instruct
llama3.1-8b meta-llama/Llama-3.1-8B
llama3.1-8b-instruct meta-llama/Llama-3.1-8B-Instruct
llama2-7b meta-llama/Llama-2-7b-hf
llama2-7b-chat meta-llama/Llama-2-7b-chat-hf
deepseek-llm-7b-base deepseek-ai/deepseek-llm-7b-base
deepseek-llm-7b-chat deepseek-ai/deepseek-llm-7b-chat
deepseek-coder-6.7b-instruct deepseek-ai/deepseek-coder-6.7b-instruct

Table 7: Models evaluated inAuthBench. We list all embeddingmodels and LLMs evaluated in this work together
with their corresponding Hugging Face repositories.

URLs, or platform-specific identifiers beyond the1002

hashed author ID.1003

Offensive or unsafe content. We apply conser-1004

vative safety filtering during construction (Sec-1005

tion 3.1; Appendix A.3). Specifically, we filter1006

items using policy/toxicity classifiers (dropping1007

items above a conservative threshold), enforce lan-1008

guage and script consistency checks, and remove1009

malformed or low-information items using inter-1010

pretable heuristics (Appendix A.3). We addition- 1011

ally deduplicate and near-deduplicate content to re- 1012

duce leakage and repeated unsafe fragments (Ap- 1013

pendix A.2). 1014

Residual risk. Because sources originate from 1015

the open web and large public corpora, residual 1016

PII or offensive text may persist despite filtering 1017

and deduplication. We mitigate this risk through 1018

anonymization, conservative filtering, provenance 1019
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Model Size S@5 ↑ R@5 ↑ nDCG@5 ↑ EER ↓

LLMs (instruction-tuned)

deepseek-coder-6.7b-instruct 6.7B 0.455 0.450 0.368 0.095
deepseek-llm-7b-chat 7B 0.446 0.439 0.354 0.107
llama3-8b-instruct 8B 0.530 0.524 0.428 0.086
llama3.1-8b-instruct 8B 0.527 0.520 0.427 0.085
qwen2.5-3b-instruct 3.1B 0.498 0.491 0.396 0.078
qwen2.5-7b-instruct 7.6B 0.487 0.481 0.390 0.081
qwen3-4b-instruct 4B 0.483 0.476 0.381 0.089

LLMs (base)

deepseek-llm-7b-base 7B 0.479 0.473 0.379 0.095
llama3-8b 8B 0.542 0.537 0.441 0.089
llama3.1-8b 8B 0.534 0.528 0.436 0.089
qwen2.5-3b 3.1B 0.496 0.488 0.394 0.081
qwen3-4b 4B 0.481 0.475 0.385 0.089

Embedding models (instruction-tuned)

e5-mistral-7b-instruct 7.1B 0.467 0.460 0.384 0.099
gte-qwen2-7b-instruct 7.6B 0.490 0.484 0.398 0.089
sfr-embedding-mistral 7.1B 0.468 0.462 0.383 0.099

Embedding models

all-minilm-l12-v2 33M 0.322 0.318 0.254 0.161
all-minilm-l6-v2 23M 0.322 0.318 0.251 0.149
all-mpnet-base-v2 109M 0.346 0.340 0.272 0.144
all-roberta-large-v1 355M 0.380 0.374 0.296 0.127
allenai-specter 110M 0.312 0.310 0.251 0.152
bert-base-uncased 110M 0.394 0.388 0.311 0.103
bge-base-en-v1.5 109M 0.360 0.355 0.282 0.172
bge-base-zh-v1.5 102M 0.369 0.365 0.297 0.150
bge-large-en-v1.5 335M 0.357 0.352 0.284 0.163
bge-large-zh-v1.5 326M 0.372 0.367 0.294 0.167
bge-m3 568M 0.326 0.322 0.263 0.272
bge-small-en-v1.5 33M 0.329 0.326 0.264 0.190
distiluse-base-multilingual-cased-v2 135M 0.329 0.323 0.266 0.220
e5-base-v2 109M 0.412 0.406 0.328 0.170
e5-large-v2 335M 0.393 0.388 0.319 0.181
e5-small-v2 33M 0.358 0.354 0.293 0.211
facebook-contriever 109M 0.443 0.439 0.367 0.125
facebook-contriever-msmarco 109M 0.368 0.365 0.294 0.175
gte-base n/a 0.352 0.348 0.274 0.153
gte-large 335M 0.355 0.351 0.285 0.134
gte-large-en-v1.5 434M 0.394 0.389 0.314 0.120
jina-embeddings-v2-base-en 137M 0.111 0.110 0.086 0.303
jina-embeddings-v2-small-en 33M 0.311 0.308 0.242 0.112
msmarco-distilbert-base-v4 66M 0.324 0.320 0.255 0.227
multilingual-e5-base 278M 0.458 0.454 0.373 0.155
multilingual-e5-large 560M 0.485 0.479 0.398 0.145
mxbai-embed-large-v1 335M 0.353 0.348 0.278 0.165
nomic-embed-text-v1 n/a 0.370 0.367 0.295 0.154
nomic-embed-text-v1.5 137M 0.370 0.366 0.295 0.132
paraphrase-mpnet-base-v2 n/a 0.344 0.336 0.271 0.144
paraphrase-multilingual-mpnet-base-v2 278M 0.284 0.282 0.232 0.256
qwen3-embedding-0.6b 596M 0.421 0.415 0.334 0.113
qwen3-embedding-4b 4B 0.438 0.434 0.354 0.107
qwen3-embedding-8b 7.6B 0.468 0.463 0.371 0.127
snowflake-arctic-embed-l-v2 568M 0.355 0.351 0.289 0.202

Lexical baseline

tfidf n/a 0.326 0.321 0.264 0.177

Table 8: Overall results on AuthBench. Authorship attribution is evaluated with Success@5 (S@5), Recall@5
(R@5), and nDCG@5 (higher is better). Authorship verification is evaluated with equal error rate (EER; lower
is better). Bold = best, underlined = second best within each model group. Size denotes parameter count when
publicly available.
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Model Size ar de en es fr hi ja ko ru zh

LLMs (instruction-tuned)

deepseek-coder-6.7b-instruct 6.7B 0.305 0.662 0.410 0.535 0.581 0.525 0.941 0.435 0.391 0.504
deepseek-llm-7b-chat 7B 0.266 0.620 0.500 0.564 0.516 0.575 0.941 0.402 0.323 0.488
llama3-8b-instruct 8B 0.305 0.761 0.566 0.644 0.629 0.800 0.765 0.500 0.504 0.504
llama3.1-8b-instruct 8B 0.310 0.746 0.530 0.693 0.645 0.850 0.647 0.511 0.474 0.504
qwen2.5-3b-instruct 3.1B 0.350 0.648 0.464 0.594 0.629 0.600 0.765 0.478 0.459 0.543
qwen2.5-7b-instruct 7.6B 0.335 0.648 0.458 0.574 0.597 0.650 0.882 0.424 0.444 0.543
qwen3-4b-instruct 4B 0.340 0.662 0.434 0.564 0.581 0.700 0.765 0.457 0.421 0.543

LLMs (base)

deepseek-llm-7b-base 7B 0.266 0.648 0.524 0.634 0.613 0.675 0.941 0.424 0.361 0.520
llama3-8b 8B 0.335 0.775 0.560 0.663 0.645 0.850 0.824 0.500 0.496 0.512
llama3.1-8b 8B 0.335 0.775 0.554 0.673 0.645 0.800 0.765 0.478 0.489 0.496
qwen2.5-3b 3.1B 0.345 0.634 0.458 0.594 0.629 0.600 0.882 0.489 0.444 0.543
qwen3-4b 4B 0.340 0.676 0.464 0.574 0.565 0.625 0.706 0.446 0.406 0.535

Embedding models (instruction-tuned)

e5-mistral-7b-instruct 7.1B 0.276 0.648 0.476 0.604 0.532 0.625 0.882 0.457 0.451 0.441
gte-qwen2-7b-instruct 7.6B 0.296 0.634 0.488 0.564 0.645 0.675 0.765 0.457 0.474 0.535
sfr-embedding-mistral 7.1B 0.271 0.634 0.488 0.604 0.548 0.650 0.706 0.457 0.444 0.465

Embedding models

all-minilm-l12-v2 33M 0.163 0.380 0.386 0.396 0.387 0.600 0.471 0.326 0.248 0.339
all-minilm-l6-v2 23M 0.192 0.408 0.380 0.436 0.306 0.475 0.294 0.293 0.256 0.370
all-mpnet-base-v2 109M 0.192 0.507 0.470 0.406 0.323 0.525 0.353 0.283 0.248 0.394
all-roberta-large-v1 355M 0.266 0.634 0.428 0.465 0.419 0.575 0.647 0.283 0.263 0.370
allenai-specter 110M 0.167 0.577 0.343 0.455 0.403 0.325 0.294 0.326 0.241 0.260
bert-base-uncased 110M 0.212 0.563 0.458 0.495 0.403 0.575 0.588 0.424 0.316 0.402
bge-base-en-v1.5 109M 0.197 0.592 0.386 0.455 0.371 0.625 0.588 0.348 0.286 0.346
bge-base-zh-v1.5 102M 0.212 0.535 0.349 0.406 0.323 0.650 0.824 0.424 0.278 0.449
bge-large-en-v1.5 335M 0.153 0.620 0.428 0.475 0.452 0.525 0.353 0.326 0.271 0.362
bge-large-zh-v1.5 326M 0.241 0.521 0.325 0.406 0.323 0.625 0.529 0.424 0.323 0.465
bge-m3 568M 0.232 0.437 0.319 0.505 0.339 0.400 0.176 0.261 0.263 0.386
bge-small-en-v1.5 33M 0.148 0.493 0.446 0.426 0.387 0.500 0.294 0.304 0.226 0.346
distiluse-base-multilingual-cased-v2 135M 0.212 0.479 0.349 0.426 0.274 0.500 0.353 0.380 0.226 0.370
e5-base-v2 109M 0.256 0.563 0.476 0.545 0.468 0.750 0.647 0.348 0.301 0.386
e5-large-v2 335M 0.227 0.521 0.464 0.475 0.516 0.600 0.529 0.391 0.301 0.386
e5-small-v2 33M 0.212 0.465 0.428 0.396 0.371 0.650 0.647 0.326 0.308 0.346
facebook-contriever 109M 0.227 0.648 0.536 0.614 0.597 0.625 0.647 0.413 0.338 0.386
facebook-contriever-msmarco 109M 0.202 0.521 0.446 0.446 0.355 0.600 0.588 0.391 0.286 0.354
gte-base n/a 0.143 0.592 0.446 0.485 0.419 0.500 0.588 0.272 0.278 0.346
gte-large 335M 0.143 0.620 0.416 0.535 0.484 0.500 0.353 0.304 0.271 0.339
gte-large-en-v1.5 434M 0.222 0.634 0.446 0.515 0.516 0.600 0.294 0.326 0.323 0.386
jina-embeddings-v2-base-en 137M 0.128 0.099 0.060 0.050 0.048 0.275 0.176 0.152 0.053 0.205
jina-embeddings-v2-small-en 33M 0.163 0.423 0.392 0.327 0.274 0.500 0.588 0.380 0.203 0.354
msmarco-distilbert-base-v4 66M 0.192 0.479 0.386 0.297 0.258 0.600 0.529 0.402 0.263 0.315
multilingual-e5-base 278M 0.310 0.620 0.506 0.545 0.532 0.625 0.412 0.391 0.383 0.512
multilingual-e5-large 560M 0.335 0.676 0.488 0.644 0.629 0.625 0.647 0.370 0.459 0.465
mxbai-embed-large-v1 335M 0.138 0.592 0.416 0.475 0.452 0.575 0.412 0.326 0.278 0.354
nomic-embed-text-v1 n/a 0.207 0.549 0.440 0.485 0.500 0.575 0.471 0.293 0.271 0.362
nomic-embed-text-v1.5 137M 0.192 0.549 0.446 0.525 0.484 0.550 0.529 0.272 0.278 0.362
paraphrase-mpnet-base-v2 n/a 0.227 0.493 0.428 0.376 0.306 0.525 0.471 0.348 0.263 0.339
paraphrase-multilingual-mpnet-base-v2 278M 0.192 0.366 0.355 0.356 0.177 0.425 0.176 0.261 0.241 0.315
qwen3-embedding-0.6b 596M 0.276 0.563 0.428 0.525 0.500 0.550 0.706 0.380 0.361 0.457
qwen3-embedding-4b 4B 0.251 0.606 0.464 0.564 0.597 0.600 0.647 0.391 0.331 0.496
qwen3-embedding-8b 7.6B 0.323 0.600 0.404 0.545 0.581 0.600 0.706 0.467 0.429 0.543
snowflake-arctic-embed-l-v2 568M 0.232 0.423 0.373 0.505 0.290 0.550 0.059 0.348 0.316 0.425

Lexical baseline

tfidf n/a 0.291 0.310 0.313 0.267 0.419 0.575 0.529 0.380 0.293 0.299

Table 9: Language-wise Success@5 on AuthBench (full results). Authorship attribution is evaluated with Suc-
cess@5 (S@5), Recall@5 (R@5), and nDCG@5 (higher is better). Authorship verification is evaluated with equal
error rate (EER; lower is better). Bold = best, underlined = second best within each model group. Size denotes
parameter count when publicly available.
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Model Size ar de en es fr hi ja ko ru zh

LLMs (instruction-tuned)

deepseek-coder-6.7b-instruct 6.7B 0.108 0.057 0.110 0.075 0.062 0.041 0.012 0.074 0.089 0.068
deepseek-llm-7b-chat 7B 0.130 0.095 0.111 0.084 0.065 0.049 0.009 0.087 0.080 0.077
llama3-8b-instruct 8B 0.087 0.042 0.076 0.065 0.041 0.025 0.011 0.052 0.063 0.065
llama3.1-8b-instruct 8B 0.080 0.042 0.077 0.065 0.046 0.025 0.013 0.053 0.066 0.067
qwen2.5-3b-instruct 3.1B 0.082 0.056 0.097 0.060 0.048 0.043 0.013 0.068 0.062 0.066
qwen2.5-7b-instruct 7.6B 0.082 0.043 0.082 0.063 0.050 0.036 0.008 0.052 0.073 0.068
qwen3-4b-instruct 4B 0.092 0.052 0.092 0.062 0.057 0.035 0.015 0.064 0.069 0.062

LLMs (base)

deepseek-llm-7b-base 7B 0.103 0.050 0.105 0.075 0.054 0.036 0.014 0.069 0.075 0.074
llama3-8b 8B 0.085 0.042 0.069 0.061 0.040 0.025 0.011 0.046 0.066 0.064
llama3.1-8b 8B 0.083 0.039 0.066 0.064 0.040 0.025 0.011 0.045 0.058 0.068
qwen2.5-3b 3.1B 0.088 0.056 0.096 0.061 0.050 0.035 0.012 0.062 0.061 0.066
qwen3-4b 4B 0.097 0.042 0.089 0.064 0.053 0.027 0.015 0.072 0.068 0.068

Embedding models (instruction-tuned)

e5-mistral-7b-instruct 7.1B 0.103 0.042 0.086 0.071 0.046 0.038 0.016 0.063 0.068 0.070
gte-qwen2-7b-instruct 7.6B 0.111 0.042 0.071 0.065 0.046 0.029 0.012 0.063 0.058 0.060
sfr-embedding-mistral 7.1B 0.099 0.042 0.083 0.072 0.046 0.040 0.018 0.067 0.072 0.070

Embedding models

all-minilm-l12-v2 33M 0.148 0.194 0.232 0.075 0.102 0.072 0.111 0.095 0.095 0.113
all-minilm-l6-v2 23M 0.152 0.151 0.249 0.084 0.087 0.071 0.078 0.097 0.075 0.114
all-mpnet-base-v2 109M 0.139 0.105 0.230 0.089 0.118 0.050 0.111 0.083 0.078 0.120
all-roberta-large-v1 355M 0.117 0.086 0.212 0.070 0.077 0.051 0.111 0.072 0.086 0.098
allenai-specter 110M 0.209 0.069 0.194 0.093 0.108 0.175 0.139 0.124 0.117 0.171
bert-base-uncased 110M 0.126 0.056 0.136 0.076 0.062 0.040 0.056 0.076 0.086 0.105
bge-base-en-v1.5 109M 0.135 0.111 0.331 0.103 0.168 0.038 0.084 0.098 0.091 0.143
bge-base-zh-v1.5 102M 0.138 0.058 0.194 0.084 0.123 0.075 0.018 0.082 0.102 0.188
bge-large-en-v1.5 335M 0.133 0.097 0.296 0.129 0.138 0.037 0.048 0.083 0.108 0.113
bge-large-zh-v1.5 326M 0.160 0.097 0.269 0.109 0.154 0.100 0.111 0.113 0.114 0.248
bge-m3 568M 0.246 0.249 0.311 0.168 0.231 0.300 0.333 0.316 0.321 0.263
bge-small-en-v1.5 33M 0.161 0.097 0.237 0.131 0.118 0.050 0.056 0.156 0.098 0.143
distiluse-base-multilingual-cased-v2 135M 0.185 0.194 0.208 0.170 0.246 0.189 0.167 0.258 0.270 0.256
e5-base-v2 109M 0.112 0.112 0.243 0.108 0.149 0.074 0.048 0.105 0.131 0.135
e5-large-v2 335M 0.139 0.161 0.207 0.125 0.154 0.059 0.111 0.113 0.182 0.165
e5-small-v2 33M 0.171 0.194 0.295 0.169 0.215 0.087 0.126 0.124 0.187 0.180
facebook-contriever 109M 0.107 0.071 0.154 0.066 0.092 0.033 0.056 0.080 0.073 0.099
facebook-contriever-msmarco 109M 0.143 0.125 0.249 0.112 0.184 0.052 0.064 0.093 0.095 0.110
gte-base n/a 0.137 0.083 0.269 0.091 0.092 0.040 0.056 0.072 0.077 0.128
gte-large 335M 0.122 0.056 0.247 0.083 0.062 0.031 0.033 0.072 0.090 0.105
gte-large-en-v1.5 434M 0.117 0.055 0.260 0.075 0.053 0.040 0.081 0.109 0.096 0.113
jina-embeddings-v2-base-en 137M 0.166 0.345 0.444 0.290 0.324 0.318 0.206 0.296 0.295 0.195
jina-embeddings-v2-small-en 33M 0.121 0.083 0.147 0.112 0.131 0.030 0.056 0.086 0.091 0.094
msmarco-distilbert-base-v4 66M 0.155 0.097 0.243 0.084 0.118 0.037 0.162 0.134 0.115 0.113
multilingual-e5-base 278M 0.166 0.141 0.178 0.109 0.122 0.125 0.193 0.103 0.223 0.090
multilingual-e5-large 560M 0.148 0.139 0.160 0.099 0.106 0.080 0.111 0.125 0.201 0.078
mxbai-embed-large-v1 335M 0.136 0.110 0.299 0.112 0.134 0.034 0.056 0.077 0.102 0.113
nomic-embed-text-v1 n/a 0.117 0.059 0.237 0.068 0.081 0.043 0.060 0.113 0.077 0.135
nomic-embed-text-v1.5 137M 0.119 0.054 0.207 0.065 0.046 0.041 0.056 0.082 0.076 0.120
paraphrase-mpnet-base-v2 n/a 0.143 0.070 0.179 0.085 0.092 0.107 0.111 0.113 0.096 0.120
paraphrase-multilingual-mpnet-base-v2 278M 0.242 0.205 0.272 0.215 0.262 0.227 0.278 0.299 0.299 0.235
qwen3-embedding-0.6b 596M 0.139 0.109 0.118 0.103 0.054 0.099 0.009 0.070 0.079 0.098
qwen3-embedding-4b 4B 0.112 0.087 0.130 0.093 0.084 0.075 0.009 0.072 0.088 0.120
qwen3-embedding-8b 7.6B 0.096 0.106 0.162 0.123 0.121 0.039 0.008 0.078 0.095 0.091
snowflake-arctic-embed-l-v2 568M 0.164 0.208 0.219 0.150 0.246 0.104 0.333 0.229 0.241 0.188

Lexical baseline

tfidf n/a 0.112 0.083 0.195 0.110 0.123 0.100 0.073 0.392 0.104 0.489

Table 10: Language-wise EER on AuthBench (full results). Authorship attribution is evaluated with Success@5
(S@5), Recall@5 (R@5), and nDCG@5 (higher is better). Authorship verification is evaluated with equal error
rate (EER; lower is better). Bold = best, underlined = second best within each model group. Size denotes parameter
count when publicly available.
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Model Size blog ecommerce_reviews literature media_reviews news poetry research_paper social_media

LLMs (instruction-tuned)

deepseek-coder-6.7b-instruct 6.7B 0.146 0.308 0.575 0.218 0.448 0.288 0.840 0.503
deepseek-llm-7b-chat 7B 0.174 0.333 0.511 0.164 0.462 0.308 0.880 0.514
llama3-8b-instruct 8B 0.416 0.385 0.632 0.200 0.560 0.288 0.880 0.592
llama3.1-8b-instruct 8B 0.412 0.359 0.632 0.200 0.538 0.308 0.880 0.594
qwen2.5-3b-instruct 3.1B 0.218 0.333 0.592 0.236 0.538 0.327 0.800 0.552
qwen2.5-7b-instruct 7.6B 0.156 0.410 0.586 0.236 0.513 0.288 0.760 0.585
qwen3-4b-instruct 4B 0.145 0.359 0.575 0.255 0.473 0.308 0.800 0.568

LLMs (base)

deepseek-llm-7b-base 7B 0.323 0.385 0.569 0.200 0.487 0.250 0.840 0.540
llama3-8b 8B 0.412 0.385 0.626 0.182 0.574 0.308 0.840 0.623
llama3.1-8b 8B 0.351 0.333 0.632 0.182 0.581 0.308 0.840 0.600
qwen2.5-3b 3.1B 0.218 0.333 0.586 0.255 0.531 0.308 0.800 0.552
qwen3-4b 4B 0.273 0.410 0.575 0.255 0.502 0.308 0.800 0.530

Embedding models (instruction-tuned)

e5-mistral-7b-instruct 7.1B 0.240 0.333 0.615 0.127 0.520 0.173 0.840 0.509
gte-qwen2-7b-instruct 7.6B 0.251 0.333 0.615 0.236 0.538 0.250 0.800 0.542
sfr-embedding-mistral 7.1B 0.246 0.359 0.621 0.164 0.527 0.154 0.840 0.503

Embedding models

all-minilm-l12-v2 33M 0.200 0.128 0.391 0.109 0.256 0.058 0.880 0.407
all-minilm-l6-v2 23M 0.195 0.154 0.408 0.127 0.285 0.038 0.840 0.401
all-mpnet-base-v2 109M 0.407 0.256 0.414 0.164 0.296 0.096 0.840 0.379
all-roberta-large-v1 355M 0.207 0.333 0.437 0.164 0.310 0.269 0.840 0.416
allenai-specter 110M 0.218 0.154 0.466 0.055 0.292 0.058 0.800 0.351
bert-base-uncased 110M 0.241 0.282 0.540 0.127 0.397 0.115 0.800 0.409
bge-base-en-v1.5 109M 0.223 0.256 0.489 0.145 0.285 0.135 0.880 0.444
bge-base-zh-v1.5 102M 0.161 0.179 0.425 0.109 0.397 0.077 0.640 0.480
bge-large-en-v1.5 335M 0.278 0.256 0.506 0.164 0.282 0.115 0.840 0.405
bge-large-zh-v1.5 326M 0.134 0.231 0.437 0.182 0.401 0.154 0.600 0.433
bge-m3 568M 0.151 0.128 0.471 0.164 0.285 0.154 0.840 0.360
bge-small-en-v1.5 33M 0.340 0.308 0.448 0.109 0.271 0.096 0.880 0.363
distiluse-base-multilingual-cased-v2 135M 0.177 0.205 0.391 0.127 0.318 0.115 0.720 0.381
e5-base-v2 109M 0.300 0.385 0.511 0.164 0.390 0.173 0.840 0.457
e5-large-v2 335M 0.269 0.436 0.466 0.145 0.408 0.038 0.880 0.430
e5-small-v2 33M 0.273 0.308 0.460 0.109 0.321 0.038 0.800 0.401
facebook-contriever 109M 0.300 0.308 0.586 0.164 0.448 0.115 0.800 0.482
facebook-contriever-msmarco 109M 0.267 0.205 0.494 0.164 0.336 0.154 0.760 0.449
gte-base n/a 0.261 0.256 0.540 0.164 0.289 0.038 0.960 0.381
gte-large 335M 0.261 0.205 0.517 0.145 0.296 0.115 0.920 0.393
gte-large-en-v1.5 434M 0.328 0.154 0.511 0.145 0.412 0.135 0.920 0.395
jina-embeddings-v2-base-en 137M 0.005 0.000 0.034 0.036 0.116 0.096 0.160 0.212
jina-embeddings-v2-small-en 33M 0.201 0.282 0.351 0.109 0.289 0.058 0.680 0.385
msmarco-distilbert-base-v4 66M 0.183 0.179 0.374 0.091 0.318 0.058 0.840 0.397
multilingual-e5-base 278M 0.277 0.462 0.517 0.218 0.487 0.173 0.840 0.497
multilingual-e5-large 560M 0.384 0.385 0.626 0.164 0.498 0.269 0.840 0.494
mxbai-embed-large-v1 335M 0.317 0.231 0.517 0.182 0.278 0.096 0.880 0.408
nomic-embed-text-v1 n/a 0.255 0.282 0.511 0.127 0.300 0.058 0.880 0.422
nomic-embed-text-v1.5 137M 0.328 0.359 0.511 0.145 0.282 0.077 0.840 0.423
paraphrase-mpnet-base-v2 n/a 0.351 0.308 0.397 0.145 0.285 0.096 0.800 0.403
paraphrase-multilingual-mpnet-base-v2 278M 0.184 0.256 0.356 0.091 0.235 0.077 0.680 0.320
qwen3-embedding-0.6b 596M 0.246 0.256 0.569 0.145 0.412 0.135 0.840 0.484
qwen3-embedding-4b 4B 0.313 0.333 0.592 0.164 0.455 0.115 0.840 0.509
qwen3-embedding-8b 7.6B 0.235 0.308 0.607 0.236 0.513 0.237 0.800 0.518
snowflake-arctic-embed-l-v2 568M 0.178 0.231 0.489 0.145 0.300 0.096 0.840 0.424

Lexical baseline

tfidf n/a 0.172 0.103 0.379 0.073 0.310 0.250 0.800 0.385

Table 11: Primary-genre Success@5 on AuthBench (full results). Authorship attribution is evaluated with Suc-
cess@5 (S@5), Recall@5 (R@5), and nDCG@5 (higher is better). Authorship verification is evaluated with equal
error rate (EER; lower is better). Values for blog and social_media are macro-averaged over fine-grained subgen-
res. Bold = best, underlined = second best within each model group. Size denotes parameter count when publicly
available.
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Model Size blog ecommerce_reviews literature media_reviews news poetry research_paper social_media

LLMs (instruction-tuned)

deepseek-coder-6.7b-instruct 6.7B 0.092 0.087 0.055 0.081 0.084 0.047 0.042 0.121
deepseek-llm-7b-chat 7B 0.080 0.067 0.060 0.086 0.098 0.078 0.068 0.127
llama3-8b-instruct 8B 0.073 0.051 0.049 0.079 0.087 0.040 0.025 0.076
llama3.1-8b-instruct 8B 0.077 0.053 0.049 0.080 0.084 0.038 0.026 0.078
qwen2.5-3b-instruct 3.1B 0.059 0.061 0.065 0.071 0.061 0.045 0.038 0.083
qwen2.5-7b-instruct 7.6B 0.064 0.055 0.060 0.080 0.077 0.048 0.026 0.080
qwen3-4b-instruct 4B 0.065 0.072 0.060 0.075 0.082 0.041 0.077 0.096

LLMs (base)

deepseek-llm-7b-base 7B 0.091 0.061 0.065 0.081 0.089 0.062 0.077 0.109
llama3-8b 8B 0.070 0.051 0.049 0.078 0.086 0.042 0.023 0.074
llama3.1-8b 8B 0.074 0.051 0.049 0.083 0.086 0.038 0.021 0.073
qwen2.5-3b 3.1B 0.059 0.064 0.067 0.078 0.065 0.043 0.038 0.084
qwen3-4b 4B 0.064 0.053 0.060 0.080 0.083 0.043 0.043 0.105

Embedding models (instruction-tuned)

e5-mistral-7b-instruct 7.1B 0.082 0.071 0.062 0.082 0.105 0.052 0.074 0.093
gte-qwen2-7b-instruct 7.6B 0.060 0.066 0.065 0.071 0.090 0.043 0.018 0.095
sfr-embedding-mistral 7.1B 0.076 0.068 0.063 0.084 0.105 0.051 0.072 0.093

Embedding models

all-minilm-l12-v2 33M 0.242 0.333 0.109 0.152 0.162 0.153 0.077 0.151
all-minilm-l6-v2 23M 0.243 0.333 0.084 0.138 0.153 0.180 0.077 0.142
all-mpnet-base-v2 109M 0.232 0.285 0.087 0.131 0.153 0.130 0.115 0.143
all-roberta-large-v1 355M 0.221 0.129 0.084 0.093 0.144 0.130 0.038 0.102
allenai-specter 110M 0.135 0.205 0.067 0.182 0.147 0.159 0.077 0.186
bert-base-uncased 110M 0.080 0.092 0.071 0.119 0.105 0.118 0.094 0.136
bge-base-en-v1.5 109M 0.340 0.385 0.097 0.165 0.197 0.122 0.077 0.163
bge-base-zh-v1.5 102M 0.162 0.154 0.071 0.256 0.139 0.130 0.115 0.153
bge-large-en-v1.5 335M 0.329 0.359 0.097 0.141 0.177 0.102 0.038 0.149
bge-large-zh-v1.5 326M 0.174 0.256 0.075 0.306 0.133 0.174 0.154 0.164
bge-m3 568M 0.313 0.282 0.120 0.345 0.296 0.159 0.115 0.271
bge-small-en-v1.5 33M 0.239 0.256 0.114 0.175 0.213 0.116 0.038 0.171
distiluse-base-multilingual-cased-v2 135M 0.236 0.146 0.155 0.345 0.213 0.124 0.093 0.236
e5-base-v2 109M 0.201 0.205 0.120 0.168 0.191 0.105 0.091 0.165
e5-large-v2 335M 0.267 0.154 0.136 0.203 0.199 0.145 0.049 0.176
e5-small-v2 33M 0.308 0.205 0.147 0.207 0.251 0.200 0.115 0.198
facebook-contriever 109M 0.280 0.103 0.071 0.112 0.117 0.124 0.085 0.139
facebook-contriever-msmarco 109M 0.264 0.168 0.107 0.119 0.206 0.132 0.070 0.169
gte-base n/a 0.270 0.359 0.083 0.138 0.174 0.135 0.059 0.140
gte-large 335M 0.226 0.365 0.076 0.127 0.132 0.116 0.077 0.125
gte-large-en-v1.5 434M 0.164 0.425 0.058 0.138 0.109 0.130 0.077 0.105
jina-embeddings-v2-base-en 137M 0.406 0.535 0.316 0.150 0.291 0.092 0.346 0.327
jina-embeddings-v2-small-en 33M 0.101 0.103 0.108 0.105 0.101 0.134 0.115 0.143
msmarco-distilbert-base-v4 66M 0.338 0.205 0.136 0.137 0.263 0.153 0.077 0.200
multilingual-e5-base 278M 0.181 0.128 0.109 0.099 0.134 0.106 0.077 0.133
multilingual-e5-large 560M 0.173 0.103 0.089 0.086 0.130 0.088 0.086 0.128
mxbai-embed-large-v1 335M 0.329 0.358 0.087 0.138 0.188 0.106 0.038 0.151
nomic-embed-text-v1 n/a 0.186 0.256 0.067 0.180 0.157 0.111 0.077 0.153
nomic-embed-text-v1.5 137M 0.199 0.205 0.065 0.155 0.128 0.113 0.077 0.140
paraphrase-mpnet-base-v2 n/a 0.177 0.103 0.077 0.130 0.157 0.113 0.091 0.155
paraphrase-multilingual-mpnet-base-v2 278M 0.323 0.205 0.179 0.224 0.307 0.132 0.077 0.261
qwen3-embedding-0.6b 596M 0.086 0.094 0.063 0.113 0.096 0.059 0.038 0.097
qwen3-embedding-4b 4B 0.090 0.077 0.049 0.155 0.101 0.058 0.073 0.096
qwen3-embedding-8b 7.6B 0.116 0.077 0.062 0.103 0.118 0.039 0.000 0.088
snowflake-arctic-embed-l-v2 568M 0.289 0.179 0.106 0.224 0.224 0.069 0.077 0.183

Lexical baseline

tfidf n/a 0.138 0.179 0.103 0.531 0.153 0.087 0.077 0.179

Table 12: Primary-genre EER on AuthBench (full results). Authorship attribution is evaluated with Success@5
(S@5), Recall@5 (R@5), and nDCG@5 (higher is better). Authorship verification is evaluated with equal error
rate (EER; lower is better). Values for blog and social_media are macro-averaged over fine-grained subgenres.
Bold = best, underlined = second best within each model group. Size denotes parameter count when publicly
available.
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Model Size short medium long extra_long

LLMs (instruction-tuned)

deepseek-coder-6.7b-instruct 6.7B 0.333 0.571 0.402 0.267
deepseek-llm-7b-chat 7B 0.370 0.532 0.403 0.320
llama3-8b-instruct 8B 0.444 0.607 0.491 0.427
llama3.1-8b-instruct 8B 0.481 0.610 0.489 0.373
qwen2.5-3b-instruct 3.1B 0.370 0.589 0.461 0.333
qwen2.5-7b-instruct 7.6B 0.444 0.563 0.459 0.307
qwen3-4b-instruct 4B 0.370 0.592 0.434 0.307

LLMs (base)

deepseek-llm-7b-base 7B 0.370 0.571 0.442 0.307
llama3-8b 8B 0.407 0.623 0.511 0.387
llama3.1-8b 8B 0.407 0.625 0.493 0.387
qwen2.5-3b 3.1B 0.407 0.579 0.463 0.333
qwen3-4b 4B 0.407 0.584 0.432 0.320

Embedding models (instruction-tuned)

e5-mistral-7b-instruct 7.1B 0.370 0.571 0.417 0.320
gte-qwen2-7b-instruct 7.6B 0.333 0.581 0.455 0.320
sfr-embedding-mistral 7.1B 0.370 0.579 0.411 0.333

Embedding models

all-minilm-l12-v2 33M 0.370 0.344 0.300 0.347
all-minilm-l6-v2 23M 0.333 0.354 0.296 0.333
all-mpnet-base-v2 109M 0.444 0.351 0.327 0.413
all-roberta-large-v1 355M 0.444 0.398 0.371 0.333
allenai-specter 110M 0.296 0.398 0.256 0.267
bert-base-uncased 110M 0.333 0.494 0.333 0.333
bge-base-en-v1.5 109M 0.407 0.437 0.314 0.267
bge-base-zh-v1.5 102M 0.370 0.434 0.325 0.333
bge-large-en-v1.5 335M 0.370 0.429 0.312 0.293
bge-large-zh-v1.5 326M 0.370 0.434 0.319 0.413
bge-m3 568M 0.407 0.432 0.256 0.240
bge-small-en-v1.5 33M 0.407 0.359 0.308 0.293
distiluse-base-multilingual-cased-v2 135M 0.370 0.390 0.294 0.240
e5-base-v2 109M 0.370 0.460 0.382 0.387
e5-large-v2 335M 0.333 0.457 0.352 0.373
e5-small-v2 33M 0.370 0.403 0.331 0.307
facebook-contriever 109M 0.370 0.496 0.421 0.347
facebook-contriever-msmarco 109M 0.370 0.437 0.327 0.293
gte-base n/a 0.370 0.408 0.321 0.267
gte-large 335M 0.407 0.424 0.308 0.307
gte-large-en-v1.5 434M 0.481 0.457 0.358 0.293
jina-embeddings-v2-base-en 137M 0.111 0.109 0.101 0.187
jina-embeddings-v2-small-en 33M 0.370 0.351 0.268 0.387
msmarco-distilbert-base-v4 66M 0.333 0.385 0.281 0.307
multilingual-e5-base 278M 0.333 0.514 0.438 0.347
multilingual-e5-large 560M 0.444 0.558 0.449 0.373
mxbai-embed-large-v1 335M 0.333 0.429 0.304 0.307
nomic-embed-text-v1 n/a 0.370 0.424 0.337 0.320
nomic-embed-text-v1.5 137M 0.370 0.424 0.338 0.307
paraphrase-mpnet-base-v2 n/a 0.444 0.364 0.317 0.387
paraphrase-multilingual-mpnet-base-v2 278M 0.296 0.349 0.239 0.253
qwen3-embedding-0.6b 596M 0.370 0.496 0.388 0.280
qwen3-embedding-4b 4B 0.407 0.512 0.407 0.280
qwen3-embedding-8b 7.6B 0.250 0.557 0.432 0.264
snowflake-arctic-embed-l-v2 568M 0.370 0.424 0.315 0.267

Lexical baseline

tfidf n/a 0.444 0.424 0.262 0.227

Table 13: Length-bucket Success@5 on AuthBench (full results). Authorship attribution is evaluated with Suc-
cess@5 (S@5), Recall@5 (R@5), and nDCG@5 (higher is better). Authorship verification is evaluated with equal
error rate (EER; lower is better). Bold = best, underlined = second best within each model group. Size denotes
parameter count when publicly available.
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Model Size short medium long extra_long

LLMs (instruction-tuned)

deepseek-coder-6.7b-instruct 6.7B 0.077 0.071 0.091 0.157
deepseek-llm-7b-chat 7B 0.077 0.079 0.109 0.200
llama3-8b-instruct 8B 0.077 0.062 0.086 0.101
llama3.1-8b-instruct 8B 0.093 0.064 0.083 0.100
qwen2.5-3b-instruct 3.1B 0.065 0.064 0.074 0.105
qwen2.5-7b-instruct 7.6B 0.069 0.072 0.076 0.100
qwen3-4b-instruct 4B 0.102 0.080 0.088 0.114

LLMs (base)

deepseek-llm-7b-base 7B 0.051 0.077 0.095 0.157
llama3-8b 8B 0.103 0.067 0.087 0.101
llama3.1-8b 8B 0.103 0.067 0.087 0.106
qwen2.5-3b 3.1B 0.072 0.067 0.077 0.104
qwen3-4b 4B 0.103 0.082 0.085 0.113

Embedding models (instruction-tuned)

e5-mistral-7b-instruct 7.1B 0.119 0.083 0.098 0.114
gte-qwen2-7b-instruct 7.6B 0.112 0.084 0.087 0.099
sfr-embedding-mistral 7.1B 0.116 0.083 0.098 0.114

Embedding models

all-minilm-l12-v2 33M 0.103 0.117 0.185 0.228
all-minilm-l6-v2 23M 0.141 0.107 0.176 0.253
all-mpnet-base-v2 109M 0.103 0.109 0.165 0.228
all-roberta-large-v1 355M 0.205 0.102 0.126 0.215
allenai-specter 110M 0.081 0.126 0.164 0.256
bert-base-uncased 110M 0.116 0.090 0.102 0.152
bge-base-en-v1.5 109M 0.124 0.118 0.201 0.316
bge-base-zh-v1.5 102M 0.100 0.103 0.152 0.200
bge-large-en-v1.5 335M 0.112 0.106 0.180 0.316
bge-large-zh-v1.5 326M 0.207 0.099 0.164 0.190
bge-m3 568M 0.231 0.215 0.284 0.367
bge-small-en-v1.5 33M 0.154 0.151 0.215 0.304
distiluse-base-multilingual-cased-v2 135M 0.133 0.169 0.230 0.228
e5-base-v2 109M 0.128 0.131 0.191 0.253
e5-large-v2 335M 0.153 0.146 0.195 0.253
e5-small-v2 33M 0.139 0.163 0.237 0.278
facebook-contriever 109M 0.112 0.103 0.134 0.254
facebook-contriever-msmarco 109M 0.128 0.125 0.193 0.266
gte-base n/a 0.128 0.107 0.175 0.278
gte-large 335M 0.104 0.094 0.149 0.266
gte-large-en-v1.5 434M 0.103 0.092 0.132 0.203
jina-embeddings-v2-base-en 137M 0.205 0.282 0.317 0.389
jina-embeddings-v2-small-en 33M 0.099 0.104 0.113 0.141
msmarco-distilbert-base-v4 66M 0.179 0.186 0.265 0.276
multilingual-e5-base 278M 0.154 0.134 0.165 0.177
multilingual-e5-large 560M 0.103 0.131 0.152 0.190
mxbai-embed-large-v1 335M 0.115 0.108 0.195 0.316
nomic-embed-text-v1 n/a 0.119 0.099 0.176 0.262
nomic-embed-text-v1.5 137M 0.114 0.092 0.154 0.249
paraphrase-mpnet-base-v2 n/a 0.114 0.112 0.165 0.266
paraphrase-multilingual-mpnet-base-v2 278M 0.179 0.226 0.273 0.304
qwen3-embedding-0.6b 596M 0.077 0.100 0.102 0.176
qwen3-embedding-4b 4B 0.053 0.096 0.104 0.171
qwen3-embedding-8b 7.6B 0.100 0.120 0.118 0.176
snowflake-arctic-embed-l-v2 568M 0.103 0.169 0.212 0.266

Lexical baseline

tfidf n/a 0.081 0.136 0.187 0.316

Table 14: Length-bucket EER on AuthBench (full results). Authorship attribution is evaluated with Success@5
(S@5), Recall@5 (R@5), and nDCG@5 (higher is better). Authorship verification is evaluated with equal error
rate (EER; lower is better). Bold = best, underlined = second best within each model group. Size denotes parameter
count when publicly available.
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Figure 6: Macro-average of Recall@5

tracking, and explicit documentation of prohibited1020

uses.1021

F.2 Statistics for Data 1022

We report dataset scale, composition, and splits as 1023

follows. 1024

• Dataset size and composition: Table 2 re- 1025

ports total documents/authors, language dis- 1026
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Figure 7: Macro-average of nDCG@5
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Figure 8: Macro-average of EER

tribution, and length-bucket counts, and Sec-1027

tion 3 summarizes the benchmark contents1028

and metadata.1029

• Schema: Section 3 describes the unified1030

record schema and required metadata fields.1031

• Splits and leakage reduction: Section 3 1032

and Appendix A.7 describe split construc- 1033

tion and deduplication-aware assignment to 1034

reduce leakage; the full results tables are in 1035

Appendix B. 1036
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Figure 9: Language distribution of AuthBench. Bar heights show the number of documents per language.

• Raw sources: Appendix E lists all raw cor-1037

pora and references.1038

F.3 Experimental Setup and1039

Hyperparameters1040

Experimental setup. Our evaluation protocol is1041

specified in Section A.8, including within-split1042

candidate pools for retrieval and labeled query–1043

candidate pairs for verification.1044

Hyperparameters. We evaluate off-the-shelf1045

models without task-specific fine-tuning to ensure1046

comparability (Section A.8). Accordingly, there is1047

no hyperparameter search for model training in the1048

reported baselines. All evaluation-side parameters1049

(e.g., K for Success@K/Recall@K/nDCG@K;1050

candidate pool construction; negative sampling op-1051

tions, if enabled) are fixed and implemented in the1052

released evaluation toolkit (Section A.8).1053

Please make the table in a more standard and co-1054

herent format in my research paper. Fix the ”1”1055

issue with other notation represenation1056

F.4 Descriptive Statistics1057

We report (i) aggregate metrics and (ii) manda-1058

tory stratified breakdowns by language, genre,1059

and length (Section B). Because these baselines1060

are evaluated deterministically (no stochastic train-1061

ing in this paper) and computed on fixed splits,1062

we primarily report point estimates rather than1063

confidence intervals. To support transparency 1064

about variability and slice composition, the eval- 1065

uation toolkit additionally outputs per-slice sam- 1066

ple sizes and diagnostics (e.g., number of queries 1067

per slice, candidate pool statistics). If future ver- 1068

sions include stochastic training or sampling, we 1069

will add multiple-seed runs and uncertainty esti- 1070

mates (e.g., bootstrap confidence intervals across 1071

queries) here. 1072

F.5 Topic-Leakage Controls and Diagnostics 1073

A common concern in authorship evaluation is 1074

that systems exploit topical overlap or lexical du- 1075

plication rather than author-specific signals. To 1076

make such shortcut behavior explicit, we include a 1077

sparse TF-IDF cosine baseline and stress-test it by 1078

modifying candidate pool construction while keep- 1079

ing evaluation strictly within split. Concretely, in 1080

addition to the default within-split candidate pool, 1081

we construct a topic-selected variant where candi- 1082

dates are restricted to match a coarse topic label 1083

(when available from source metadata or derived 1084

topic tags). Table 17 shows two complementary 1085

effects: (i) TF-IDF improves under topic selec- 1086

tion (higher S@5), indicating that lexical match- 1087

ing can benefit from increased topical alignment; 1088

yet (ii) verification degrades (higher EER), con- 1089

sistent with lexical similarity being a poor proxy 1090

for calibrated authorship decisions. Importantly, 1091
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Figure 10: Genre distribution per language. Each subplot is one language.

TF-IDF remains substantially below strong neu-1092

ral baselines overall, suggesting that AuthBench1093

is not dominated by trivial lexical overlap and re-1094

mains robust and challenging under a diagnostic1095

that would otherwise amplify topic shortcuts.1096

F.6 Instructions Given to Participants1097

This work does not involve human subjects ex-1098

periments, crowdworker annotation, or participant-1099

provided responses. Therefore, there are no partic-1100

ipant instructions to report.1101

Human-in-the-loop quality checks. Although1102

we do not use participants, we include a limited1103

human-in-the-loop review for dataset quality and1104

correctness as part of the construction pipeline.1105

Reviewers inspected samples of normalized in- 1106

stances and slice distributions to (i) validate field 1107

mappings (language/genre/source), (ii) spot-check 1108

filtering behavior (e.g., obvious boilerplate, mal- 1109

formed text), and (iii) verify that anonymization 1110

and deduplication behaved as intended. This re- 1111

view is a research quality assurance step rather 1112

than a human-subject study and does not involve 1113

collecting new personal data. 1114

F.7 Data Consent 1115

AuthBench is derived from publicly available 1116

datasets released by their respective providers un- 1117

der documented licenses/terms (Appendix E). We 1118

did not collect new data directly from individuals, 1119
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Figure 11: Token-length distribution per language. Each box plot summarizes token-length quantiles for one
language using a box summary (box: p25–p75; whiskers: p10–p90; median marked).

Source Lang. Primary genre(s) Scale Author labels Reference

Exorde Multi Social/news/forums 65M+/week Yes (author hash) (Exorde
Labs, 2024)

Babel Briefings 30+ News headlines 4.7M Partial (publisher/org) (Leeb and
Schölkopf,
2024; Leeb,
2023)

Amazon Reviews Multi (MARC) 6 E-commerce reviews 200k+/lang Yes (reviewer IDs) (Keung
et al., 2020;
mexwell,
n.d.)

Blog Authorship Corpus en Blogs 681k posts Yes (Schler et al.,
2006b; bari-
lan, n.d.)

arXiv Papers (metadata) en Research papers 1.7M+ Yes (author list) (arXiv, n.d.;
Cornell Uni-
versity, n.d.)

Xiaohongshu / Weibo zh Social media 11k+ Yes (user IDs) (yuanchunhong,
n.d.)

Douban Reviews zh Media/book/music reviews 13.5M Yes (reviewer IDs) (fengzhujoey,
n.d.)

Hindi Discourse Stories hi Literature (short stories) 53 stories Yes (Dhanwal
et al., 2020;
MIDAS Lab,
IIIT-Delhi,
n.d.)

Spanish PD Books es Literature 300k+ texts Yes (metadata) (PleIAs,
2024d)

French PD Books fr Literature 289k+ books Yes (metadata) (PleIAs,
2024a)

Arabic Classical Poetry ar Poetry 70k poems Yes (poet) (mdanok,
n.d.)

Russian PD Corpus ru Literature/periodicals 8.5k titles Yes (metadata) (PleIAs,
2024c)

German PD Corpus de Literature/newspapers 260k+ texts Yes (metadata) (PleIAs,
2024b)

Table 15: Raw corpora used to construct AuthBench. “Scale” reflects the approximate size of the raw source
as documented by the source provider and may exceed the final benchmark after filtering, deduplication, and per-
author constraints.
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Table 16: Licensing / terms and release mode by source. “Release mode”indicates whether we redistribute
normalized text (Tier A) or provide manifest-only reconstruction (Tier B). URLs are provided for reproducibility
and access-date auditing.

Source License / terms (summary) Release
mode

Notes / pointer

Exorde MIT (per dataset card) Tier A See provider page for license.
Babel Briefings CC BY-NC-SA 4.0 (per dataset card) Tier A Redistribution requires attribution;

non-commercial and share-alike con-
straints apply.

Amazon Reviews Multi
(MARC)

Research-only, non-commercial; no
republishing

Tier B Users must obtain the corpus from
the original distributor; we provide
manifests and reconstruction scripts
only.

Blog Authorship Corpus Non-commercial research use (as
documented by provider)

Tier B We release anonymized IDs and
splits; reconstruction requires ob-
taining the source.

arXiv (metadata) Metadata CC0 (incl. abstracts); full-
text licenses vary

Tier B We treat title/abstract as metadata; we
do not redistribute PDFs; reconstruc-
tion via metadata access.

Xiaohongshu /Weibo See hosting/provider terms Tier B If redistribution terms are unclear,
default to manifest-only release.

Douban Reviews See hosting/provider terms Tier B Same as above.
Hindi Discourse Stories Provider-restricted; contact required

for some uses
Tier B Manifest-only unless explicit redistri-

bution permission is documented.
Spanish/French/Russian/
German PD corpora

Public domain (per provider) Tier A Public-domain texts redistributed as
normalized content.

Arabic Classical Poetry Open data license as documented by
provider

Tier A/B Choose Tier A only if the documented
license explicitly permits redistribu-
tion.

TF-IDF setting S@5 ↑ EER ↓

Default candidate pool 0.4095 0.1802
Topic-selected candidate pool 0.4969 0.2361

Table 17: Topic-leakage diagnostic with a lexical
baseline. We evaluate sparse TF-IDF under two
within-split candidate-pool constructions. Even with
a topic-selected pool, TF-IDF remains a comparatively
weak baseline, supporting that AuthBench is not easily
solved by surface lexical overlap alone.

and we did not contact data subjects. Where con-1120

sent mechanisms are relevant, we rely on the origi-1121

nal dataset providers’consent and terms for collec-1122

tion and redistribution. We further reduce privacy1123

risk by anonymizing author identifiers (Section 3;1124

Section 3.1) and applying conservative safety fil-1125

tering (Appendix A.3).1126

F.8 Ethics Review Board Approval1127

We did not conduct new human-subject data col-1128

lection or interventions. The benchmark is con-1129

structed from existing public datasets with estab-1130

lished distribution terms (Appendix E). Accord- 1131

ingly, we did not seek separate IRB/ethics board 1132

approval for data collection. If your institution re- 1133

quires a formal determination, you may optionally 1134

obtain an exemption letter; otherwise, we treat this 1135

as not applicable to new data collection. 1136

F.9 Information About Use of AI Assistants 1137

Option A (if applicable): AI assistants used. 1138

We used AI assistants to support manuscript draft- 1139

ing and editing (e.g., improving clarity, restructur- 1140

ing paragraphs, and formatting LaTeX tables/fig- 1141

ures), and to help implement non-novel engineer- 1142

ing components of the evaluation pipeline. All 1143

methodological claims, experimental design deci- 1144

sions, dataset construction specifications, and re- 1145

ported results were designed, verified, and vali- 1146

dated by the authors. AI assistants did not deter- 1147

mine the benchmark’s core scientific contributions 1148

or substitute for author verification of correctness. 1149
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