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Abstract
Effective detection of hate content is essen-001
tial for maintaining healthy online communi-002
ties, yet performance can vary substantially003
across languages. This work investigates a core004
practical question: Can training data from one005
language support hate-speech detection in an-006
other language with comparable performance?007
To answer this question, we conduct a large-008
scale study across 14 languages. Our analysis009
shows that transfer effectiveness could depend010
on several factors—including, but not limited011
to, dataset size, resources and temporal over-012
lap. At the same time, we observe consistent013
patterns in which certain language pairs exhibit014
stronger transfer performance. Upon further015
analysis, we find that these patterns can be at-016
tributed to cultural cues or shared societal char-017
acteristics. Our analysis includes low-resource018
languages, offering practical insights into when019
cross-lingual transfer can support them and020
where its limitations emerge. These findings021
provide guidance for designing more reliable022
and generalizable hate detection systems.023

Warning: This paper contains examples of024
hate language that may disturb some readers.025
These examples are included for research on026
hate speech detection.027

1 Introduction028

Hate language detection aims to identify harmful029

expressions in online text, such as hate speech,030

harassment, and threats (Hoang et al., 2024). As031

digital communication expands globally, exposure032

to such content has increased, motivating efforts033

to build automated systems capable of supporting034

safer online communities. However, what counts035

as hate speech often depends on several criteria and036

even human annotators vary in how they perceive037

hate across contexts (Sap et al., 2022a). These038

differences pose a challenge for developing models039

that generalize reliably across languages.040

Large Language Models (LLMs) offer strong041

multilingual representations and are increasingly042

used in hate detection (Khondaker et al., 2023; Ku- 043

mar et al., 2024; Abaskohi et al., 2024). However, 044

the cross-lingual performance is not uniform, and 045

the factors shaping transfer effectiveness should 046

be studied (Meyer and Buys, 2024). This raises a 047

practical and underexplored question: Can train- 048

ing data from one language support hate-speech 049

detection in another language with comparable per- 050

formance? Several factors could influence trans- 051

fer success, including but not limited to dataset 052

size, label definitions, temporal alignment, and lin- 053

guistic similarity. Preliminary work suggests that 054

broader social or regional contexts may also shape 055

how hate expressions are formed and recognized 056

(Bokaei et al., 2025; Pawar et al., 2024). 057

In this study, we conduct a large-scale analysis 058

involving 14 languages from diverse regions and 059

domains. We first build a comprehensive cross- 060

lingual transfer matrix by training hate-detection 061

classifiers in each language and evaluating them 062

across all others to find how effective cross-lingual 063

transfer learning is for hate-speech detection across 064

languages. We then perform two complementary 065

experiments: (1) integrating all languages into a 066

single multilingual training set, (2) constructing 067

a balanced multilingual dataset with equal repre- 068

sentation per language. These setups allow us to 069

examine how data volume and representational bal- 070

ance influence cross-lingual generalization. 071

The current study addresses the following re- 072

search questions (RQs): 073

RQ1. How does the performance of cross-lingual 074

training compare to in-language training for 075

hate-speech detection? 076

RQ2. Would using training data from multiple lan- 077

guages improve performance compared to re- 078

lying on a single source language? 079

RQ3. What could be the potential reasons for the 080
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success or failure of transfer learning in hate-081

speech detection?082

These questions aim to clarify whether cross-083

lingual transfer is effective for hate-speech detec-084

tion, and to identify the conditions under which it085

succeeds or fails, providing insights for developing086

more reliable and generalizable hate detection sys-087

tems. We use LLaMA 3 as our model, based on pre-088

liminary experiments indicating that it achieves the089

best average performance across our 14 languages:090

Turkish, Urdu, Persian, Arabic, Hindi, Bengali,091

Indonesian, Malay, English, Spanish, French, Ger-092

man, Korean, and Chinese.093

2 Related Work094

Hate Language Detection. Early work on hate095

language detection focused primarily on English,096

using Machine Learning and Deep Learning ap-097

proaches to classify hate speech (Asogwa et al.,098

2022; Davidson et al., 2017; Mullah and Zainon,099

2021; Malik et al., 2024; Zimmerman et al., 2018;100

Zhou et al., 2020; Roy et al., 2020; Zhang et al.,101

2018; Bade et al., 2024; Aiyanyo et al., 2020; Cao102

et al., 2020; Risch et al., 2020; Wang et al., 2020;103

Pamungkas and Patti, 2019; Van Hee et al., 2015;104

Guo and Gauch, 2024; Cano Basave et al., 2013).105

Subsequent research expanded to a wider range106

of languages, including Indonesian (Ibrohim and107

Budi, 2019), Danish (Sigurbergsson and Derczyn-108

ski, 2020), Arabic (Mubarak et al., 2021; Bensalem109

et al., 2023), Korean (Jeong et al., 2022), Chinese110

(Deng et al., 2022), Greek (Pitenis et al., 2020),111

Persian (Delbari et al., 2024), and Hindi (Gupta112

et al., 2022; Kapoor et al., 2019).113

Recent work highlights key challenges in multi-114

lingual hate detection, including comparisons of115

translation-based and multilingual pipelines (Bell116

et al., 2025), limitations in zero-shot transfer for117

taboo expressions (Nozza, 2021), and the influ-118

ence of annotator identity and beliefs on hate judg-119

ments (Sap et al., 2022b). Multimodal datasets120

such as Multi3Hate reveal substantial cross-cultural121

variation in hate-speech perception (Bui et al.,122

2025), while surveys document strong geographic123

and cultural imbalances in existing hate-speech re-124

sources (Tonneau et al., 2024). Additional stud-125

ies explore the feasibility of parallel multilingual126

hate-speech data via machine translation (Korre127

et al., 2024). Shared workshops such as OffensE-128

val, HASOC, OSACT5, and GermEval continue to129

support benchmarking across languages (Zampieri130

et al., 2019; Mandl et al., 2019; Mubarak et al., 131

2022; Wiegand et al., 2018). 132

Cross-lingual Transfer Learning for Hate 133

Language. Transfer learning has been applied to 134

a range of NLP tasks, including sentiment analy- 135

sis (Fsih et al., 2022; Husain et al., 2022), irony 136

detection (Golazizian et al., 2020), machine trans- 137

lation (Zoph et al., 2016; Kim et al., 2019; Ade- 138

bara and Abdul-Mageed, 2021), fake news detec- 139

tion (Cruz et al., 2020), and offensive language 140

classification (Zhou et al., 2023). For multilingual 141

hate detection, prior work evaluates cross-lingual 142

transfer from English to multiple low-resource lan- 143

guages using contextual embeddings (Ranasinghe 144

and Zampieri, 2021), compares multilingual ver- 145

sus translation-based pipelines for Arabic–English 146

(El-Alami et al., 2022), and improves low-resource 147

performance with nearest-neighbor retrieval (Ghor- 148

banpour et al., 2025). A recent survey provides a 149

comprehensive overview of cross-lingual transfer 150

approaches and datasets over different languages 151

by analyzing 67 papers on cross-lingual offensive 152

language detection (Jiang and Zubiaga, 2024). 153

Research explicitly examining cultural or social 154

influences in transfer is more limited. Zero-shot 155

analyses show that language-specific taboo or col- 156

loquial expressions often fail to transfer across lan- 157

guages (Nozza, 2021). Studies comparing English, 158

Chinese, and Korean demonstrate culture-specific 159

biases that affect transfer, with few-shot adaptation 160

offering improvements (Zhou et al., 2023). Multi- 161

modal work further highlights cross-cultural vari- 162

ation in hate-speech judgments (Bui et al., 2025). 163

Zhou et al. (2023) showed that Korean-to-Chinese 164

transfer can outperform English-to-Chinese sug- 165

gest that contextual or social alignment may some- 166

times support better generalization. Bokaei et al. 167

(2025) examines cross-lingual transfer between 168

Arabic, Indonesian, Persian, and English, reporting 169

that transfer into Persian tends to be stronger from 170

Arabic and Indonesian than from English, high- 171

lighting that cross-lingual effectiveness can vary 172

substantially across source languages. 173

Our study complements the literature by ana- 174

lyzing transfer behavior across 14 languages and 175

examining correlations between transfer effective- 176

ness and different factors. 177

3 Dataset 178

We use publicly available datasets from peer- 179

reviewed publications and shared evaluation tasks 180

to ensure data quality and comparability across 181
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Language Data Size Train Test TrainHate TestHate Source Period Ref.
Bengali (BN) 30000 9007 1002 4504 501 YT, FB 2017–2020 (Romim et al., 2020)
Urdu (UR) 10041 9000 1000 4500 300 X – (Rizwan et al., 2020)
Hindi (HI) 8192 4171 467 2222 241 X, FB, WA – (Bhardwaj et al., 2020)
Persian (FA) 7000 2060 230 1002 117 X 2020–2022 (Delbari et al., 2024)
Indonesian (IN) 13169 9005 1003 4502 502 X ≤ 2018 (Ibrohim and Budi, 2019)
Malay (MS) 5014 3403 378 1701 189 X 2022–2023 (Maity et al., 2023)
Arabic (AR) 15014 9005 1002 4503 502 X 2016–2018 (Albadi et al., 2018)
Turkish (TR) 52672 9010 1003 4505 502 X, IG 2016–2023 (Toraman et al., 2022)
Korean (KD) 9341 3065 300 1520 142 X 2018–2020 (Moon et al., 2020; Lee et al., 2022)
Chinese (ZH) 8065 4950 318 2470 151 Web – (Moosa and Najiba, 2022)
Spanish (ES) 29856 9000 1000 4731 625 X 2016–2023 (Tonneau et al., 2024)
German (DE) 58025 9008 1003 4503 502 X, FB 2016–2023 (Tonneau et al., 2024)
French (FR) 18072 7483 829 3739 413 X 2016–2023 (Tonneau et al., 2024)
English (EN) 360494 9000 1038 4500 502 FB, YT, RD, X 2016–2023 (Tonneau et al., 2024)

Table 1: Hate language detection datasets. Abbreviations of sources: FB = Facebook, YT = YouTube, X = Twitter,
WA: WhatsApp, IG = Instagram, RD = Reddit.

languages. Our study includes fourteen languages182

drawn from diverse linguistic families and geo-183

graphical regions. Most datasets originate from184

Twitter, though some languages include additional185

sources such as Facebook and YouTube. Their col-186

lection periods span roughly 2016–2023. Table 1187

summarizes the dataset sizes, the training set sizes,188

the number of hate samples used for fine-tuning,189

and their sources and collection periods.190

All datasets exhibit class imbalance, with vary-191

ing proportions of hate versus non-hate content. To192

conduct controlled comparisons across languages,193

we standardize the amount of training data wher-194

ever possible. Specifically, among the languages195

with sufficiently large datasets, we identify the196

smallest available number of hate examples (ap-197

proximately 4,500) and sample an equal number198

of non-hate instances, producing balanced datasets199

of roughly 10,000 examples per language. We use200

an 80/10/10 split for train, validation, and test sets.201

Balancing all training sets to a similar size helps202

isolate the effect of language rather than dataset203

volume, and avoids situations where high-resource204

languages (such as English or German) would ap-205

pear to transfer better simply because they have206

much larger datasets. It also keeps the computa-207

tional requirements reasonable for training four-208

teen models. All balancing steps were applied only209

when the underlying dataset contained enough an-210

notated hate examples to support this procedure.211

However, this was not the case for all languages.212

For Hindi, Malay, Korean, Chinese, and Persian,213

the available datasets contain fewer hate instances.214

To enable consistent evaluation across datasets with215

different annotation schemes (e.g., hostile, hate,216

offensive, abusive), we focus on hate-speech sam-217

ples. Most datasets primarily contain explicit hate218

speech; however, the Hindi and Korean datasets 219

include a proportion of implicit instances. 220

4 Experimental Setup 221

We investigate cross-lingual transfer in hate de- 222

tection using the datasets summarized in Table 223

1. Our experimental design includes (1) single- 224

language fine-tuning with cross-lingual evaluation, 225

(2) zero-shot baselines, and (3) two complementary 226

multilingual fine tuning setups to investigate alter- 227

native explanations for transfer behavior. 228

Model Selection and Baselines: Before selecting 229

a primary model to be fine-tuned, we initially ex- 230

perimented multiple baselines: 1) Zero-shot base- 231

lines, including GPT-4o, Gemma-3, and LLaMA- 232

3-Instruct, and 2) Fine-tuning baselines, including 233

Gemma-3 and LLaMA-3-8B. Fine-tuned baselines 234

using both Gemma and LLaMA outperformed all 235

zero-shot baselines across all the 14 languages. Fur- 236

ther, fine-tuning LLaMA-3-8B yields higher aver- 237

age macro-F1 compared to Gemma 3, which aligns 238

with recent work (Guo and Sarker, 2025; Bokaei 239

et al., 2025) highlighting LLaMA-3’s multilingual 240

strength. Thus, we adopt LLaMA-3-8B for all our 241

upcoming fine-tuning experiments. Table 3 in the 242

Appendix reports the baseline results. 243

Fine-tuning Configuration: All fine-tuning 244

uses the official LLaMA-3-8B pretrained check- 245

point. We apply AdamW with a learning rate of 1e- 246

5, batch size 8, and a maximum sequence length of 247

512 tokens. Training proceeds for up to 10 epochs 248

with early stopping (patience = 3) based on valida- 249

tion F1 score. A fixed random seed (42) ensures 250

reproducibility. All experiments are conducted on 251

a single NVIDIA Quadro RTX 8000 (48 GB). Per- 252

formance is reported using macro-F1. 253

Single-Language Fine-Tuning: For each lan- 254
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guage, we fine-tune a separate LLaMA-3-8B model255

on its own training set and evaluate it on all 14 test256

sets. For example, a model fine-tuned on English257

is evaluated on English and on the remaining 13258

languages. This procedure produces a 14 × 14259

cross-lingual transfer matrix, allowing us to exam-260

ine empirical transfer patterns. Because LLaMA261

is pretrained as a multilingual model, fine-tuning262

on one language does not remove its multilingual263

knowledge; instead, it specializes the model toward264

the target language’s hate characteristics.265

The 14×14 single-language fine-tuning experiment266

directly addresses RQ1 and reveals if any language267

pairs transfer well or poorly. To answer RQ2, we268

design two complementary experiments. The first269

examines whether increased data volume and multi-270

lingual diversity improve performance. We refer to271

this experiment as Global Integration (Imbalanced).272

The other evaluates whether ensuring equal repre-273

sentation across languages affects transfer behavior274

by removing dataset-size differences as a confound-275

ing variable. We refer to this experiment as Global276

Integration (balanced). Together, these additional277

setups allow us to investigate whether transfer ef-278

fectiveness stems from data size, multilingual ex-279

posure, or any structural similarities observed in280

the main 14×14 matrix.281

Global Integration (Imbalanced) Experi-282

ment: We merge the full training sets from all283

14 languages into one multilingual dataset and fine-284

tune a single LLaMA-3-8B model. The model is285

then evaluated separately on each language’s test286

set. This experiment tests whether greater data287

volume and diversity produce better generalization.288

Global Integration (Balanced) Experiment:289

To control for dataset-size differences, we sample290

an equal number of hate (n = 1000) and non-hate (n291

= 1000) instances from each language and merge292

them into a balanced multilingual dataset. A sin-293

gle model is fine-tuned and evaluated on each lan-294

guage’s test set, isolating the effect of balanced295

representation by controlling for dataset size.296

In addition, from the main 14×14 transfer ma-297

trix, we identify groups of languages that show298

strong mutual transfer from the initial experiment.299

For each group, we merge the training sets and300

fine-tune a single model, which is then evaluated301

separately on each language within the group. We302

refer to this setting as the Transfer Groups exper-303

iment. In all conditions, we use the same train,304

validation, and test splits for each language to en-305

sure comparability across models.306

Figure 1: Cross-lingual F1 scores for hate detection
across 14 languages. Language abbreviations are given
in Table 1.

5 Results 307

Figure 1 presents the 14 × 14 cross-lingual trans- 308

fer matrix for hate content detection. Each cell 309

reports the F1 score obtained when a model is fine- 310

tuned on the language shown on the x-axis and 311

evaluated on the test language on the y-axis. The 312

matrix contains 196 train–test combinations, pro- 313

viding a comprehensive view of both in-language 314

and cross-lingual performance. 315

Across languages, the highest F1 scores mostly 316

occur on the diagonal, where the model is fine- 317

tuned and tested on the same language. These 318

in-language results are consistently strong: Turk- 319

ish (90), Arabic (91), English (96), French (94), 320

Spanish (90), and German (90) achieve F1 scores 321

at or above 90. In a few cases, cross-lingual models 322

outperform the in-language baseline; for example, 323

models fine-tuned on Arabic or Indonesian yield 324

higher scores for Persian than models fine-tuned 325

on Persian itself. 326

Off-diagonal values show substantial vari- 327

ation in the quality of cross-lingual transfer. 328

Based on these off-diagonal patterns, several 329

cluster of languages emerge in which trans- 330

fer performance is consistently higher within 331

the cluster than across the cluster. These in- 332

clude: (1) Persian–Arabic–Urdu–Indonesian, 333

(2) Urdu–Hindi–Bengali, (3) Indone- 334

sian–Malay, (4) Korean–Chinese, and (5) 335

French–Spanish–English–German. As Figure1 336

represents, models fine-tuned on Urdu perform 337
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strongly on Hindi (85), and English-trained338

models yield relatively high scores on French339

(78), Spanish (74), and German (69). There340

are also cases of strong mutual transfer, such as341

French ↔ English (78) and Bengali ↔ Urdu342

(BN→UR: 70; UR→BN: 79). Lower scores343

appear for languages like Bengali, whose models344

perform less well on European test sets (BN→FR:345

51; BN→DE: 42), and Chinese models show346

weaker transfer to several languages (CH→ES:347

42; CH→AR: 38). Languages such as Korean,348

Chinese, and Malay generally show lower transfer349

performance both as train and test languages.350

Table 2 summarizes results from the three com-351

plementary experiments. In the Global-Imbalanced352

setup, combining the full training data from all lan-353

guages leads to performance gains for several high-354

resource languages, including English, French, and355

Spanish (average gain: +2.86), as well as improve-356

ments for languages such as Urdu. In contrast,357

most lower-resource languages—such as Bengali,358

Persian, and Malay—show declines relative to their359

single-language baselines (average: -5.43).360

In the cluster Transfer Groups experiment, fine361

tuning in language-selective groups from the362

14×14 matrix yields consistent performance im-363

provements for nearly all group members (average364

gain: +5.62). Gains are observed in groups such as365

Hindi–Bengali–Urdu, Arabic–Persian–Indonesian,366

and English–French–Spanish–German, though the367

magnitude of improvement varies across languages.368

In the Global-Balanced setup, equal sampling from369

all languages reduces the effect of data imbalance.370

High-resource languages still improve over their371

single-language baselines, though gains are smaller372

than in the imbalanced condition (average: +1.57).373

For lower-resource languages, the balanced dataset374

mitigates some of the declines seen in the Global-375

Imbalanced experiment, with most showing small376

gains and some remaining close to baseline.377

After observing the results and identifying378

groups of languages that show strong mutual379

transfer in the 14×14 transfer matrix, we merge380

the training sets within each group and fine-381

tune a single model. We then evaluate this382

model separately on each language in the group383

(Transfer Group Experiments). This setup tests384

whether transfer-based language grouping im-385

proves performance over single-language fine-386

tuning. We observe consistent gains across387

most group members (average +5.62), including388

Hindi–Bengali–Urdu, Arabic–Persian–Indonesian,389

and English–French–Spanish–German, with vary- 390

ing magnitudes. 391

6 Analysis 392

The 14×14 transfer matrix in Figure 1 shows 393

several structural patterns. We have already men- 394

tioned the five clusters of languages with rela- 395

tively strong mutual transfer. While most lan- 396

guages achieve their highest performance through 397

in-language learning, we also observe groups of 398

language pairs where transfer learning produces 399

better—or at least comparable—results. Table 4 in 400

the Appendix presents some hate samples correctly 401

predicted only via transfer learning. We first exam- 402

ine whether dataset size or temporal overlap can 403

account for these patterns. 404

To understand whether dataset-related factors 405

can account for the transfer patterns observed in 406

Figure 1, we evaluate each cluster in terms of three 407

properties: dataset size, resource level, and tempo- 408

ral overlap. 409

Dataset Size: Across the clusters, dataset 410

size shows partial but inconsistent alignment. 411

The French–Spanish–English–German group com- 412

prises some of the largest datasets (7k–9k hate 413

samples), which could make within-group trans- 414

fer more stable. The Urdu–Hindi–Bengali clus- 415

ter also falls within a relatively similar medium 416

range (3k–5k hate samples), which may support 417

some internal consistency. In contrast, the Per- 418

sian–Arabic–Urdu–Indonesian cluster includes lan- 419

guages with markedly different dataset sizes: Per- 420

sian (∼ 1k hate) is much smaller than Arabic or In- 421

donesian ( ∼4.5k hate), yet it clusters with them de- 422

spite this imbalance. Similarly, Indonesian–Malay 423

shows large variation, as Malay contains substan- 424

tially fewer hate examples. The Korean–Chinese 425

group also exhibits different dataset scales, with 426

Chinese containing roughly twice as many hate 427

examples as Korean. Taken together, dataset size 428

sometimes aligns with cluster boundaries (notably 429

in English- German- French - Spanish and South 430

Asian groups), but not in clusters involving Persian, 431

Malay, Korean, and Chinese, indicating that dataset 432

size alone cannot explain the overall structure. 433

Dataset Resource: Many clus- 434

ters, such as Urdu–Hindi–Bengali, Per- 435

sian–Arabic–Urdu–Indonesian, and Indone- 436

sian–Malay, consist entirely of Twitter-based 437

datasets. However, this pattern does not distinguish 438

them meaningfully, because almost all languages 439

in the study—including those that do not cluster 440
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TR UR FA AR HI BN IN MS EN ES FR DE KO ZH

Solo-Source TL 90 85 80 91 85 79 82 78 96 90 94 90 75 75

Global-Imb 92 88 64 87 73 66 84 62 98 95 96 94 71 72
[+2] [+3] [-16] [-4] [-12] [-13] [+2] [-16] [+2] [+5] [+2] [+4] [-4] [-3]

Global-bal 91 87 67 89 81 69 83 63 96 92 94 93 73 76
[+1] [+2] [-13] [-2] [-4] [-10] [+1] [-15] [0] [+2] [0] [+3] [-2] [+1]

Observed Cluster 90 90 83 93 90 83 85 80 97 96 96 95 75 78
[0] [+5] [+3] [+2] [+5] [+4] [+3] [+2] [+1] [+6] [+2] [+5] [0] [+2]

Table 2: Performance comparison across different fine tuning strategies. Bracketed numbers indicate improvement
or decline relative to Solo-Source TL.

together—are also drawn primarily from Twitter.441

Conversely, the Korean–Chinese cluster does not442

share a unified source either: Korean is drawn from443

Twitter, while Chinese originates from general444

web data. Thus, data source alignment does not445

systematically track the cluster structure.446

Temporal Overlap: A similar mixed pattern447

appears when comparing dataset collection peri-448

ods: English- German- French - Spanish- share449

nearly identical time spans (2016–2023), which450

could plausibly support more consistent trans-451

fer. The Urdu–Hindi–Bengali datasets likewise452

cover broadly similar years. However, the Per-453

sian–Arabic–Urdu–Indonesian cluster shows sub-454

stantial variation: Persian (2020–22) does not over-455

lap with Arabic (2016–18) or Indonesian (≤2018),456

yet all appear in the same cluster. In addition ,457

the Indonesian–Malay pair has almost no temporal458

overlap (≤2018 vs. 2022–23), yet they form a clear459

transfer cluster. The analysis for Korean–Chinese460

is not possible since the Chinese time window is461

unspecified. These comparisons show that tempo-462

ral alignment may support transfer in some clusters463

(English - German - French - Spanish and South464

Asian) but fails to predict clusters in others.465

Qualitative Analysis: To better understand466

when transferability occurs, we performed a cross-467

lingual qualitative error analysis, inspecting exam-468

ples that were correctly classified only after ap-469

plying transfer learning and comparing them with470

those correctly predicted by the in-language model.471

Further analysis of the cluster comprising Ara-472

bic–Indonesian–Urdu–Persian reveals that, Arabic473

and Urdu tend to support the detection of hate re-474

lated to religious and political topics, especially475

sociopolitical hate that is prevalent in the Middle476

Eastern context. The Arabic dataset mainly pro-477

vided relevant contextual cues that aligned well478

with Persian discourse in these domains. Urdu also479

contributes effectively to the detection of political 480

hate, often to a greater extent compared to Arabic. 481

Indonesian, on the other hand, contributes more 482

strongly to detecting role-based hate (e.g., targeted 483

specific profession) and performs well on longer 484

tweets that mix neutral and hate sentiments. Table 485

4 illustrates Persian examples that are correctly pre- 486

dicted only after applying transfer learning, along- 487

side those captured only by the Persian- fine tuned 488

model. 489

We also observe a strong transfer between In- 490

donesian and Malay. Upon further examination 491

we observed, both datasets include comparable ex- 492

pressions of political frustration, religious com- 493

mentary, and identity-based accusations. Religious 494

references are frequently used to judge or shame 495

others, including accusations related to religious 496

observance. Some metaphorical and idiomatic 497

forms—such as insults referencing entities or moral 498

faults—appear in both languages, allowing Indone- 499

sian fine-tuned models to generalize well to Malay. 500

We also observed that both languages sometimes 501

employ similar proverbs, insults, and metaphorical 502

language, particularly the use of animals like "dog" 503

and "devil" as slurs in hate instances. Social issues 504

such as traffic caused by bazaars, public frustration 505

over commodity scarcity, and emotional sharing on 506

social media are likewise mirrored in both contexts. 507

However, the reverse direction is weaker. One 508

possible reason is the limited amount of hate data 509

in the Malay dataset, as discussed, which restricts 510

the model’s ability to generalize when used as a 511

source language for transfer learning. A similar 512

pattern is observed with Persian, as its limited hate 513

training data reduces its effectiveness as a target 514

language. 515

Another cluster where transfer learning outper- 516

forms in-language learning includes Urdu, Hindi, 517

and Bengali. Models fine-tuned on Urdu often 518
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perform better on Bengali and Hindi than the re-519

spective in-language models. Further analysis re-520

veals that transfer from Urdu is particularly effec-521

tive for highly polarized, overt hate expressions522

involving explicit slurs, religious antagonism, or523

politicized attacks. In contrast, in-language mod-524

els more accurately classify tweets containing id-525

iomatic expressions or contextually grounded criti-526

cism. For instance, socially embedded sarcasm in527

Bengali was frequently missed by the Urdu-fine-528

tuned model but correctly identified by the Bengali-529

fine-tuned counterpart. In this setting, a key factor530

is that the Urdu dataset contains a high density531

of explicit hate markers—religious slurs, profane532

language, and direct references to identifiable tar-533

gets. These overt expressions show lexical consis-534

tency and limited idiomatic variation, enabling the535

model to learn discriminative hate patterns reliably.536

Urdu tweets also frequently specify hate targets,537

making intent clearly detectable. By comparison,538

Bengali and Hindi datasets contain more ambigu-539

ous, sarcastic, or culturally embedded forms of540

expression; specifically, the Hindi dataset includes541

implicit hate, which is harder to generalize across542

languages.543

We also observe that although topics such as544

political or religious hate appear across different545

datasets, the strength of transfer does not seem546

to depend on topical similarity alone. For exam-547

ple, although English and French contain religious548

or political hate, transfer learning from Arabic or549

Urdu yields larger gains when detecting religious550

or political hate in Persian. This pattern also ap-551

pears when transferring from Arabic to English or552

French.553

To broaden our qualitative examination, we also554

inspected examples from language pairs that do not555

fall within the same empirical cluster, focusing on556

how transfer behaves in settings where alignment557

is weaker. Our results show that even when the558

training and test languages are not within the same559

cluster (e.g., Spanish–Chinese, Persian–French),560

transfer learning can still detect certain types of561

hate speech, though to a lesser extent. Specifically,562

explicit, emotionally extreme, or lexically offen-563

sive expressions tend to transfer well regardless564

of which empirical cluster the language belongs565

to. For example, in our experiments, the Span-566

ish→Chinese transfer achieved moderate perfor-567

mance in detecting overtly hate Chinese instances568

such as: “可以证明你是个没脑子的田园女569

权婊了”, (You’re a brainless feminist bitch) or570

“微博女权婊人数还是相当多的！” (So many 571

feminist bitches on Weibo!) These phrases in- 572

volve direct insults and highly polarized language, 573

patterns that models fine-tuned on Spanish data 574

can still recognize due to the frequent recurrence 575

of explicit misogynistic insults across languages. 576

However, the Spanish-trained model struggled with 577

more context-dependent expressions, such as: “唐 578

明皇一世英名就毁在杨家人手上了” (Emperor 579

Tang Minghuang’s lifetime reputation was ruined 580

at the hands of the Yang family - A historical ref- 581

erence used to delegitimize women), or “我还看 582

到一个百事256的说自己是女权的，最近在力 583

挺川美侵台军宅，和粉红互动得可欢了呢。” 584

(I also saw someone called ’Pepsi256’ who claims 585

to be a feminist. Lately, she’s been enthusiasti- 586

cally supporting the Sichuan Fine Arts Institute’s 587

pro-invasion-of-Taiwan military otakus and happily 588

interacting with the nationalists (a.k.a. little pinks). 589

In contrast, training the model on Korean resulted 590

in significantly better performance, not only on 591

overtly hate expressions but also on more subtle, 592

context-dependent instances like those discussed 593

above. In other instances, we can note experiments 594

with French and Persian, fine-tuned on Persian, 595

were still able to correctly identify highly explicit 596

hate content in French. For example: “Vous pou- 597

vez crever sale race” (You can die, filthy race) This 598

phrase combines an aggressive death wish with a 599

racial slur, making it both emotionally extreme and 600

lexically offensive, enabling the Persian-fine fine- 601

tuned model to detect it despite the different cluster. 602

Therefore, our result shows that even across dissim- 603

ilar clusters, transfer learning can succeed when 604

the hate content is lexically explicit or emotionally 605

extreme. However, it consistently fails on those 606

instances that rely on background context, such as 607

social and historical references. 608

As discussed, we have three complementary ex- 609

periments. Global-Imb experiment demonstrates 610

that integrating data from all languages in an im- 611

balanced manner primarily benefits high-resource 612

languages, taking advantageous of enhanced per- 613

formance for high-resource languages, it weak- 614

ens specific cues for low-resource ones, as their 615

contextually grounded may be overshadowed by 616

dominant high-resource patterns. The Cluster ex- 617

periment shows that grouping languages based on 618

their similar cluster not only mitigates this wash- 619

out effect but also produces the most consistent 620

and substantial gains, especially for low-resource 621

languages. Lastly, Global-Bal experiment, by bal- 622
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ancing representation across languages, offers a623

middle ground—reducing the disadvantage faced624

by low-resource languages while slightly decrease625

the gains of high-resource ones.626

7 Discussion627

In addressing RQ1—whether cross-lingual train-628

ing can match in-language hate speech detec-629

tion—our results show that cross-lingual models630

can, in several cases, achieve performance compa-631

rable to or even exceeding in-language fine-tuning.632

Across the 14 languages studied, this effect is most633

evident within the observed clusters, where lan-634

guages such as Persian, Indonesian, Urdu, Malay,635

Hindi, and Bengali benefit substantially from train-636

ing on related languages.637

Regarding RQ2—whether multilingual training638

improves performance beyond single-source trans-639

fer—our findings show that only specific multilin-640

gual setups yield consistent gains. Globally im-641

balanced training primarily benefits high-resource642

languages while obscuring cues needed for low-643

resource ones. In contrast, cluster-based training644

provides the most reliable improvements across645

languages.646

RQ3 concerns potential reasons underlying suc-647

cessful or failed transfer. In this study we first ex-648

amined two readily measurable properties—dataset649

size and temporal overlap— neither of which650

suffices to explain the structure of transfer pat-651

terns. A qualitative analysis explores whether652

conceptual similarities in hate discourse could653

shed light on transferability. Our analysis shows654

that, within several clusters, the transferable ex-655

pressions are not random: they often reflect re-656

curring cultural cues and communicative norms657

shared across languages. For instance, in the Ara-658

bic–Urdu–Indonesian–Persian setting, transferred659

examples frequently revolve around similar forms660

of political hostility, religiously framed judgments,661

or role-based accusations—forms of hate that carry662

comparable pragmatic functions across these so-663

cieties. In the Indonesian–Malay pair, transfer-664

able cases similarly reflect shared idiomatic in-665

sults, moral accusations, and socially embedded666

metaphors. In the Urdu–Hindi–Bengali cluster,667

transfer succeeds when expressions rely on explicit668

slurs or polarized antagonism, echoing shared so-669

ciopolitical tensions in the region. This suggests670

that some of the empirical clusters can reflect over-671

lapping cultural cues or communicative patterns672

rather than coincidental lexical overlap (Zhou et al.,673

2023; Bokaei et al., 2025). Our results suggest 674

that cross-lingual transfer can match or exceed in- 675

language performance (RQ1), but doing so reli- 676

ably requires selecting training languages that share 677

meaningful discourse patterns (RQ2). As for why 678

such clusters exist (RQ3), our evidence points to 679

a combination of measurable dataset factors and 680

deeper commonalities in social communication; 681

however, fully isolating these influences remains 682

an open direction for future research. Larger multi- 683

lingual ethnographic corpora, culturally informed 684

annotation studies, and controlled manipulations of 685

social context are required to further validate these 686

hypotheses. 687

Conclusion 688

This study presented a comprehensive analysis 689

of cross-lingual transfer learning for hate-speech 690

detection across fourteen languages. While in- 691

language fine-tuning remains the strongest base- 692

line overall, our results show that cross-lingual 693

models can achieve comparable—or even supe- 694

rior—performance in several settings, particularly 695

within clusters of languages that exhibit recurring 696

similarities in hate discourse. Multilingual train- 697

ing proves most effective when it leverages these 698

empirically derived clusters, whereas global imbal- 699

anced integration offers limited benefits for low- 700

resource languages. Our analysis indicates that 701

dataset size, resource and temporal overlap alone 702

cannot account for the structure of transfer patterns. 703

Instead, the qualitative evidence suggests that trans- 704

ferability often arises from shared communicative 705

norms, discourse practices, or sociopolitical fram- 706

ing that shape how hate is expressed within specific 707

groups of languages. At the same time, explicit or 708

highly polarized hate expressions transfer broadly 709

even across distant languages, whereas culturally 710

embedded or context-dependent forms remain chal- 711

lenging. Overall, the findings highlight both the 712

promise and limitations of cross-lingual transfer for 713

hate detection. They suggest that effective multilin- 714

gual systems should incorporate the broader social 715

dynamics that influence how online hate is articu- 716

lated. Future work can build on these insights by 717

developing culturally informed modeling strategies, 718

expanding the range of low-resource languages, 719

and exploring more direct ways of capturing the 720

social context underlying hate language. 721
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Limitations722

This study has several limitations. First, the723

datasets used across the fourteen languages vary in724

source platforms, annotation practices, and topical725

distributions. Although we standardize dataset size726

where possible and map labels to a binary hate/non-727

hate scheme, differences in domain, explicitness,728

and annotation criteria may still influence transfer729

behavior. In particular, implicit hate appears only730

in a subset of languages, limiting our ability to731

evaluate how implicit expressions transfer across732

languages. Second, while our analysis considers733

dataset size and collection period, we do not control734

for all factors that may shape transfer performance,735

such as differences in sampling strategies or de-736

mographic characteristics of annotators. As such,737

the empirical clusters we identify reflect observed738

transfer patterns.739

Third, the thematic observations drawn from our740

qualitative error analysis rely on manual inspec-741

tion of representative examples. Although these742

analyses provide useful insights, they may not cap-743

ture the full variability of hate discourse across744

languages. A more extensive human evalua-745

tion—including multiple annotators would offer746

a stronger foundation for interpreting the nature of747

transferable expressions. Finally, although we dis-748

cuss broad social or discourse-related similarities749

as one possible contributor to transfer effectiveness,750

we do not measure such factors directly. We rely on751

transfer patterns themselves as empirical signals,752

and therefore cannot isolate the influence of lin-753

guistic, social, or dataset-driven properties. Future754

work would be needed to validate these interpreta-755

tions more systematically.756

Ethics Statement757

This study analyzes publicly available hate758

datasets and does not involve collecting new user759

data. All datasets were obtained from prior peer-760

reviewed work or shared tasks that follow estab-761

lished ethical guidelines. Because hate datasets762

may contain harmful or offensive language, exam-763

ples shown in this paper are minimized and pre-764

sented only when necessary for scientific trans-765

parency. No personally identifiable information is766

included in our datasets or model outputs. All ex-767

periments were conducted using anonymized text.768

Models trained in this work are not intended for769

deployment without further evaluation, fairness au-770

diting, and context-specific calibration.771
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method model En Ar Fa BN Hi ZH Kr SP Fr De IN MS Tu UR

Zero-shot GPT - 4o 82 64 55 53 67 67 60 75 77 75 65 56 71 45
Llama 3 82 72 45 58 70 66 49 79 76 74 64 51 70 52
Gemma 3 85 59 58 54 56 52 43 67 69 70 40 51 46 38

Fine-tuning Llama 3 96 91 73 72 80 75 75 90 94 90 82 67 90 85
Gemma 3 94 90 75 70 75 82 76 82 80 94 75 71 88 85

Table 3: F1 scores of different models for multilingual hate-speech detection.

Lang TL 

From 

Tweet Explanation 

 

 

 

 

 

FA 

 

 

 
 

 

IN 

  شروع   پس رند فقیه میگفت نه.   است؟  حرام   پرسید آیا  می  و  داد   می  انجام  جداجدا  را  رقص  حرکات   رسیدو  فقیهی  محضر  به   رندی

  خواراست بعضیشون  عدالت این حکایت بردن حالا رو ترکیبش شور  مرده ولی  بود خوب اش  تجزیه گفت کرد.فقیه رقصیدن به

 مجلس_انتخابات#عدالتخواران # برده من برم به کارای خودم برسم خدافظ    رو  ترکیبشون   شور  مرده  خوبین ولی  های  عیییی بچه
A trickster went to a cleric and performed dance moves separately, asking if they were forbidden. 

The cleric said no. Then the trickster started dancing, and the cleric said, 'Breaking it down was fine, 

but damn the combination!' This is exactly the case with these so-called justice-seekers—some of 
them are actually good kids, but damn their combination! Anyway, I’ll get back to my own business. 

Goodbye. #JusticeSeekers #ParliamentElection 

Long tweet containing a 

mixture of neutral and toxic 

sentiments, with shared 
religious content. 

 

 

FA 

 

 
AR 

 درمیارن   رو خانوادگیش مسائل بیخ و  ریشه بشه استخدام میخاد بدبخت جوان یه وقتی

  میکنه تدریس!!! اسلامی دانشگاه  تو هنوز خواریش شراب  و دختربازیش با زیباکلام اما
When a poor young man wants to get hired, they dig up every root of his family issues, but 

Zibakalam, with his womanizing and wine-drinking, is still teaching at an Islamic university! 

Religious hypocrisy framed 

with moral outrage, a 
sentiment common to both 

Persian and Arabic 

contexts. 

 

 

MS 

 

 

IN 

Oh dan kereta mmg suka menghimpit ke motor walaupun jelas2 ade moto kt situ smpi terpaksa 

mengelak n kereta tu buat bodoh je. Ramai ye perangai mcm ni. 

Oh and cars really like to squeeze in on motorcycles even when it’s obvious there's a bike there, to 
the point the rider has to avoid them, and the car just acts clueless. There are many people with this 

kind of attitude. 

Everyday frustration or 

complaint expressed in the 

form of Malay-language 
hate. 

BN UR 

বেয়াদবের ে়াচ্চ়া বেয়াদে হ্য়াক়ার গ্রুপ ের্ণন়া হ্য়াক়ার গ্রুপ ে়ার কবর দদে লুচ্চ়াদি দক করস শরীরট়া 
বদখদিস দনবের িদেট়া বদখ 
Impudent child's impudent hacker group description hacker group will be kicked out, what 

lewdness are you doing, looking at the body, look at your own picture. 

Accusing a group of 

hackers of lewd behaviour 
and threatening expulsion. 

 HI    UR 

 
हम तेरे लिये कुछ नही कर सकते ऐ दोस्त...!!!  हमें अभी और मंददर और मस्स्िद बनानी है...!! 
We can't do anything for you my friend... We still have to build more temples and mosques...!! 

Politicians prioritize 

religious projects over 

people’s real needs. 
 

 
Table 4: Hate samples correctly predicted only via transfer learning across languages.
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