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Abstract

Hate speech detection has been widely studied,001
yet existing methods often overlook a key real-002
world challenge: annotations are subjective,003
and perceptions of hate vary across individu-004
als with different cultural backgrounds. We005
first analyze three major challenges in culture-006
based hate speech detection, namely data spar-007
sity, complex interactions between cultural fac-008
tors, and ambiguous labeling. To address these009
challenges, we propose a culture-based frame-010
work that models individuals’ hate perception011
through combinations of cultural attributes. By012
modeling cultural combinations rather than iso-013
lated factors, the proposed approach allevi-014
ates data sparsity and enables structured anal-015
ysis of cultural influences. We further intro-016
duce a label propagation mechanism to aggre-017
gate annotation signals across related combi-018
nations, mitigating the effect of ambiguous la-019
bels. Experimental results demonstrate that020
our approach not only improves classification021
performance, but also provides an exploratory022
modeling perspective for analyzing how cul-023
tural factors shape hate perception.024

1 Introduction025

Hate speech detection aims to determine whether026

a text contains hateful content. Traditional ap-027

proaches primarily rely on textual features, such as028

lexicon cues and syntactic patterns (Nobata et al.,029

2016; Burnap and Williams, 2014, 2016), while030

recent methods focus on fine-tuning pre-trained031

language models (PLMs) (Caselli et al., 2020; Ko-032

ufakou et al., 2020), achieving strong performance033

with F1 scores of 0.8-0.9 on benchmark datasets.034

However, such results can be misleading, as035

ground-truth labels are typically obtained through036

majority voting among annotators, which intro-037

duces bias and oversimplifies the inherently sub-038

jective nature of hate speech (Sap et al., 2019).039

In practice, hate perception varies across individ-040

uals with different beliefs (Sap et al., 2022), and041

Figure 1: Pairwise hate-speech label agreement ratios
between users from five countries: United Kingdom
(GB), United States (US), Australia (AU), South Africa
(ZA), and Singapore (SG).

across cultural backgrounds (Lee et al., 2023a; Da- 042

vani et al., 2024). For example, annotators from 043

the United States and the United Kingdom tend 044

to exhibit higher agreement than those from the 045

United States and Singapore (Figure 1). Moreover, 046

even within the same cultural group, perceptions 047

can diverge substantially. As shown in Figure 1, 048

pairwise label agreement ratios indicate that anno- 049

tators from the same country may exhibit lower 050

agreement than those from different countries (e.g., 051

SG-SG < SG-US). These observations suggest that 052

hate perception is too complex to be explained by 053

a single cultural factor. To better understand hate 054

perception and to enable personalized hate speech 055

detection, it is therefore crucial to uncover the di- 056

verse factors that shape individual’s judgments. 057

Prior work has explored related directions such 058

as modeling annotator representations (Deng et al., 059

2023; Mokhberian et al., 2023; Fleisig et al., 2023). 060

One line of research (Deng et al., 2023; Mokhbe- 061

rian et al., 2023) learns annotator representations 062

using trainable vectors or one-hot encodings, but 063

largely overlooks cultural background information. 064

Another line of work incorporates demographic 065

information as prompts for language models; how- 066
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ever, this design limits interpretability and makes067

it difficult to analyze which cultural factors drive068

specific annotations. Other studies leverage side in-069

formation about hate speech creators (Vijayaragha-070

van et al., 2021) or analyze cross-culture variations071

in hate definitions (Korre et al., 2025), while the072

modeling of receivers remains underexplored.073

Modeling culture-based hate speech detection074

presents three major challenges: 1⃝Data sparsity.075

Hate perception is shaped by multiple factors,076

such as religion and gender, which leads to an077

exponential number of possible background com-078

binations. For instance, the CREHate dataset (Lee079

et al., 2023a) includes eight background attributes.080

Excluding the continuous feature ‘age’, the081

remaining seven categorical backgrounds yield082

91,045,500 possible combinations in theory,083

whereas the dataset contains annotations from only084

1,064 annotators, covering merely 1.17 × 10−5085

of the theoretical space. 2⃝Lack of structured086

modeling of cultural interactions. Cultural087

backgrounds do not influence hate perception in088

isolation; instead, their effects often depend on089

how multiple backgrounds interact. However,090

existing models lack a structured way to analyze091

how judgments change when cultural backgrounds092

are added, removed or modified. For instance, if093

an annotator with background <Country=United094

States, Religion=Christian> considers a095

post hateful, it remains unclear how this judg-096

ment would change after adding <Sex=Male>097

or replacing <Religion=Christian> with098

<Religion=Buddhism>. As also reflected in our099

experiments, current LLM-based approaches100

struggle to effectively leverage such background101

information (Table 1). 3⃝Ambiguous label-102

ing and attribution. Cultural background103

information in datasets is often incomplete,104

which introduces label noise. Even when full105

cultural attributes are available, it remains unclear106

which cultural factors contribute to a particular107

judgment. For example, when an annotator108

with background <Country=United States,109

Religion=Christian, Sex=Male> labels a110

post as hateful, the perception may arise from111

nationality, religion, or their joint effect. This112

ambiguity further complicates the interpretation113

and analysis of hate perception.114

In this work, we propose a culture hate speech115

detection framework that models individual’s hate116

perception through combinations of cultural back-117

grounds to address these challenges. To alleviate118

data sparsity, we model cultural background com- 119

binations rather than treating attributes in isolation. 120

Although interactions between backgrounds can- 121

not be perfectly modeled and also label ambiguity 122

cannot be fully resolved, we introduce a label prop- 123

agation mechanism from higher-level cultural com- 124

binations to their subsets and construct a weight 125

matrix to differentiate their contributions. Finally, 126

each individual’s hate perception is represented by 127

aggregating information from the combinations of 128

their cultural backgrounds. Our contributions are 129

summarized as follows: 130

• We identify key challenges in culture-based 131

hate speech detection and propose a simple yet 132

effective framework that models individuals’ 133

hate perception based on interactions between 134

cultural backgrounds and posts, rather than 135

relying solely on textual features. 136

• Extensive experiments demonstrate that our 137

approach consistently outperform state-of-the- 138

art baselines, achieving an average improve- 139

ment of 1.05% across all metrics. Moreover, 140

our analysis shows that considering only about 141

10% of cultural combinations is sufficient to 142

achieve strong performance, highlighting the 143

exploratory nature of the proposed model. 144

2 Problem Statement 145

Definition. Culture-Based Hate Speech Detec- 146

tion. Let U = {(u1, c1), (u2, c2), . . . , (un, cn)} 147

denote a set of n users, where each user ui is asso- 148

ciated with a set of k cultural background attributes 149

ci = {ci1, ci2, . . . , cik}. Given a post p, the goal 150

of culture-based hate speech detection is to esti- 151

mate the probability that user ui would perceive p 152

as hateful, conditioned on the user’s cultural back- 153

ground, i.e., P (hate | ui, ci, p). 154

3 Method 155

Our method models hate perception in three stages. 156

We first model how cultural background combi- 157

nations interact with posts (Section 3.1), then ag- 158

gregate these signals to represent individual hate 159

perception (Section 4), and finally perform hate 160

speech classification (Section 3.3). 161

3.1 Culture-Post Interaction Matrix 162

To model individual hate perception and alleviate 163

data sparsity, we shift the modeling unit from in- 164

dividual users to combinations of cultural back- 165

ground attributes, which allows supervision to be 166
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shared across users with overlapping attributes.167

For a user ui with cultural background ci =168

{ci1, . . . , cik}, we consider all subsets of attributes,169

denoted by the power set P(ci). Each element170

in P(ci) represents a cultural background com-171

bination. For example, if ci = (Male, US) then172

P(ci) = {Male,US, {Male, US}}. Our goal is173

to model how these cultural combinations interact174

with posts, and how their aggregated effects charac-175

terize an individual’s hate perception. By operating176

at the combination level rather than the individual177

level, we reduce sparsity by increasing effective su-178

pervision and enable structured analysis of cultural179

factors within a shared representation space. To ag-180

gregate annotation signals, we collect labels at the181

combination level. For each cultural combination182

combl and post pj , we record their co-occurrence:183

Ul,j = {(u, c) ∈ U | combl ∈ P(c),

u ∈ Label(pj)}
(1)184

which represents users who possess combina-185

tion combl and annotated post pj . This aggrega-186

tion implements a label propagation mechanism:187

labels provided by users with richer combina-188

tions are propagated to their subsets. Intuitively,189

while a single annotation does not reveal which190

attribute caused a judgment, aggregating labels191

from users sharing a combination yields more re-192

liable combination-level tendencies. We then con-193

struct a culture–post interaction matrix Y ∈ Rz×m,194

where rows correspond to cultural combinations195

and columns correspond to posts. Each entry is196

weighted using TF–IDF based on U , reducing the197

influence of frequent but uninformative signals.198

3.2 Hate Perception Representation199

We learn latent representations for cultural combi-200

nations and posts by factorizing the culture post201

interaction matrix Y . Specifically, we learn em-202

beddings P ∈ Rz×d for cultural combinations203

and Q ∈ Rm×d for posts, along with bias terms204

Bc ∈ Rz and Bw ∈ Rm, where d denotes the em-205

bedding dimension. The interaction score between206

a combination combl and a post pj is estimated as207

Ŷl,j = µ+ bcl + bwj + q⊤j pl, (2)208

where µ is a global bias, bcl and bwj are combi-209

nation and post biases, and pl and qj denote their210

corresponding embeddings. Parameters are learned211

by minimizing squared reconstruction error with212

ℓ2 regularization, which penalizes large parameter 213

values and helps prevent overfitting: 214∑
l,j

(Yl,j−Ŷl,j)
2+λ(b2cl+b2wj

+∥pl∥2+∥qj∥2) (3) 215

An individual’s hate perception reflects multiple 216

cultural aspects rather than a single attribute. Be- 217

cause all cultural combinations are embedded in a 218

shared latent space, we model an individual’s hate 219

perception by aggregating the embeddings of all 220

combinations associated with that user: 221

HP (ui) =
∑

combl∈P(ci)

αl

[
pl
bcl

]
, (4) 222

where αl is a learnable coefficient that captures the 223

relative influence of combination combl on user ui. 224

3.3 Classification 225

We integrate the individual hate perception embed- 226

ding with post features for classification. Given an 227

individual ui and a post pj , the prediction is: 228

P (hate | ui, ci, pj) = fθ(HP (ui), qj , sj) (5) 229

where qj is the post’s interaction feature from 230

Eq. 2, sj is the text embedding extracted by the 231

CLIP text encoder (Radford et al., 2021), and fθ(·) 232

is a classifier with parameters θ. The post is pre- 233

dicted as hateful if P (hate | ui, ci, pj) ≥ 0.5, and 234

as non-hateful otherwise. 235

4 Experiments 236

Dataset. we conduct experiments on CREHate 237

dataset (Lee et al., 2023b), where each annotator 238

has 8 different backgrounds. We randomly split the 239

data at the post level into training/validation/test 240

with a ratio of 70%/15%/15%. Additional dataset 241

details are provided in Appendix A.4. 242

Baselines. We compare our method against two 243

groups of baselines: (1) Pretrained language mod- 244

els (PLMs) (Devlin et al., 2019; Nguyen et al., 245

2020; Caselli et al., 2020; Zhang et al., 2023; Bar- 246

bieri et al., 2020; Zhou, 2020): To incorporate cul- 247

tural background information, we prepend learn- 248

able background tokens (e.g., “[male]” to indicate 249

gender) to the post text, following prior work (Lee 250

et al., 2023a) and a similar usage in (Fleisig et al., 251

2023). (2) Zero-Shot Prompting: We further test 252

LLMs in zero-shot setting, including LLama-2-7b- 253

chat-hf, Mistral-7B-v0.3, Qwen2-7B and GPT-5. 254

Besides, LLama-2-SPT applies soft prompt turn- 255

ing (Lester et al., 2021) by inserting ten trainable 256
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Table 1: Classification Performance

Model Accuracy Precision Recall F1
HateBERT 76.23±0.15 75.97±0.15 76.10±0.24 76.01±0.18

Twin-BERT 76.26±0.27 75.98±0.27 76.04±0.32 76.00±0.29

Twitter-Roberta 76.33±0.14 76.05±0.15 76.10±0.15 76.06±0.14

ToDect-Roberta 75.90±0.26 75.61±0.26 75.65±0.23 75.63±0.24

BERT 76.38±0.28 76.11±0.28 76.20±0.35 76.14±0.31

BERTweet 76.15±0.14 75.89±0.14 76.05±0.14 75.95±0.14

LLama-2-7b-chat-hf 56.79 55.94 52.89 47.80
LLama-2-SPT 73.79 73.49 73.57 73.52
Mistral-7B-v0.3 58.19 58.08 54.68 51.07
Qwen2-7B 61.59 66.15 63.87 60.82
GPT-5 71.08 70.72 70.56 70.63
Ours 77.37±0.14 77.14±0.15 77.33±0.23 77.19±0.17

Table 2: Ablation Study

Model Accuracy Precision Recall F1
Ours 77.37±0.14 77.14±0.15 77.33±0.23 77.19±0.17

Ours (sum) 76.06±0.31 75.95±0.19 76.18±0.26 75.92±0.28

Ours (mean) 76.25±0.34 76.04±0.28 76.23±0.21 76.07±0.29

Ours (anno) 76.37±0.17 76.17±0.12 76.40±0.09 76.21±0.13

−HP (ui) 76.20±0.22 76.00±0.12 76.17±0.11 76.01±0.15

−qj 76.84±0.23 76.64±0.23 76.88±0.24 76.69±0.22

−sj 76.33±0.44 76.09±0.40 76.05±0.25 76.03±0.36

vectors in the input sequence. Prompt templates257

and details are provided in Appendix A.1 A.2.258

4.1 Classification Evaluation259

We evaluate whether models can effectively capture260

the relationship between text and cultural back-261

grounds. As shown in Table 1, our proposed262

method outperform the best baseline by an aver-263

age margin of 1.05% across all metrics. Since all264

model are trained on the same set of posts, differ-265

ences in text encoding ability are minimal, which266

explains comparable performance of PLMs. This267

also suggests that PLMs share similar limitations in268

culture-based modeling under standard fine-tuning.269

Although GPT-5 achieves relatively strong zero-270

shot performance, it still falls behind fine-tuned271

models by a substantial margin.272

4.2 Ablation Study273

We conduct two groups of ablation experiments to274

assess our design: (1) Hate perception represen-275

tation. we compare different strategies for build-276

ing hate perception. Specifically, we replace the277

weighted aggregation in Eq 4 with sum and mean278

pooling, denoted as Ours (sum) and Ours (mean).279

We also replace cultural combinations with direct280

annotator representations, denoted as Ours (anno).281

The result show that modeling cultural combina-282

tion, and aggregating them to represent individuals’283

hate perception are both beneficial. (2) Each com-284

ponent in Eq 3.3. We evaluate the importance of285

each input feature by removing one component at286

a time. Results indicate that individual hate percep-287

Figure 2: Effect of Number of Cultural Combinations
on Hate Subspace and Classification

tion is the most critical factor, while all components 288

contribute positively to overall performance. 289

4.3 The Analysis of Hate Perception Subspace 290

Our framework represents hate perception using 291

cultural combinations, which can result in a large 292

number of combinations. The embeddings of these 293

combinations form a vector space of individual hate 294

perception. To analyze the effectiveness of com- 295

binations, we compute leverage scores for each 296

combination and rank their relative importance and 297

progressively add them in descending order. We 298

measure the Frobenius reconstruction error during 299

this process and find that fewer than half of the 300

combinations are sufficient to reconstruct the space 301

(Figure 2). We further evaluate classification per- 302

formance and observe that performance converges 303

after using only about 10% of combinations, while 304

adding more combinations may introduce noise. 305

5 Conclusion 306

In this paper, we analyze key challenges in culture- 307

based hate speech detection, including data sparsity, 308

interactions among cultural backgrounds, and am- 309

biguous labeling. To address these challenges, we 310

model interactions between cultural background 311

combinations and posts by constructing a culture- 312

post interaction matrix. We then apply matrix fac- 313

torization to learn hate perception representations 314

for each combination and aggregate them to repre- 315

sent individual hate perception. We further analyze 316

the role of cultural combinations and show that 317

only a small subset is sufficient to achieve strong 318

performance. Extensive experiments validate the 319

effectiveness of our framework, with consistent 320

improvements across evaluation metrics. 321
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6 Limitation322

Our model adopts a culture-based modeling per-323

spective; however, verifying whether the learned324

representations truly capture cultural information325

remains challenging. To probe this issue, we design326

a diagnostic experiment using the template “These327

disgusting [object]”, where “[object]” is replaced328

with a target group, such as female or male. If the329

model reflects cultural sensitivity, different target330

groups are expected to induce differences in pre-331

dicted hate scores across groups. Using the −qj332

variant of our model, we compute scores for female333

and male groups. When “[object]” is set to female,334

the mean score is 0.6142 for the female group and335

0.5794 for the male group. When “[object]” is set336

to male, the corresponding scores are 0.6256 and337

0.6033. In both cases, the female group exhibits338

higher scores than the male group, regardless of339

the target group. This result may indicate that the340

model does not aware cultural information. Al-341

ternatively, it may also reflect a general tendency342

for female annotators to exhibit higher sensitivity343

to offensive content. Moreover, as shown in Fig-344

ure 1, distinguishing perceptions of one single back-345

ground is challenging. These observations suggest346

that reliably evaluating cultural sensitivity remains347

an open challenge. Therefore, we deliberately refer348

to the proposed framework as culture-based rather349

than culture-aware, to accurately reflect its model-350

ing scope and avoid overclaiming generalization.351

Our framework also inherits inherent limitations352

from matrix factorization. First, the method treats353

each combination as a distinct entity, which limits354

its ability to explicitly model intersectionality (Han-355

cock, 2007). Although we model all observed com-356

binations and apply label propagation to introduce357

dependencies among them, this limitation cannot358

be fully eliminated. Second, the model operates359

only on observed cultural combinations, restricting360

its ability to generalize to unseen combinations or361

users. While this design supports interpretable and362

exploratory analysis over observed data, extending363

this framework to enable stronger generalization re-364

mains an important direction for future work. Over-365

all, although we identify three key challenges in366

modeling hate perception, the proposed framework367

alleviates rather than fully resolve these issues.368

7 Ethical Considerations369

The dataset used in this work is publicly available370

and anonymous. We do not annotate any data on371

our own. All the models employed are publicly 372

accessible and their use is consistent with their 373

intended purposes. The proposed framework is 374

intended to support socially beneficial applications, 375

such as improving the understanding and detection 376

of harmful content. 377

Despite improved performance in culture-based 378

hate speech detection, the model may still mis- 379

classify content, which could lead to unintended 380

harm. Moreover, because the framework explicitly 381

models cultural factors, there is a potential risk of 382

misuse, for example, generating or amplifying hate 383

targeting specific cultural or demographic groups. 384

These risks highlight the importance of responsible 385

deployment. Future work should further examine 386

fairness, robustness, and broader societal impacts. 387

All model training and inference were conducted 388

using an NVIDIA Quadro RTX 6000 GPU. 389

8 Use of AI Assistants 390

We acknowledge the use of AI language models, 391

such as ChatGPT, for assistance in improving writ- 392

ing clarity and grammar. All research content is 393

solely authored by the human authors. 394
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A Appendix 508

A.1 Prompts for Zero-shot Experiments 509

For open-source LLMs we use following prompts: 510

Hate speech is defined as language that attacks or de-
means a person or group based on attributes like race,
religion, gender, etc. Personal background: [all back-
grounds]. Based on the given definition, determine
whether people, based on the provided personal back-
ground information, are likely to consider the following
text as hate speech: POST: [post]. Is this text hateful
or not? You have to answer with only one word, “Yes”
or “No”, do not provide any explanation or irrelevant
content. Answer:

511

For GPT-5, We set instructions as “Perform per- 512

sonalized hate speech classification.” to let LLMs 513

aware its role during inferences. Then we first give 514

a definition of hate speech follow with a description 515

for the task and background information: 516
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Definition of Hate Speech: Hate speech refers to
offensive discourse targeting a group or an individual
based on inherent characteristics such as race, religion,
sexual orientation, gender, or any other factors that may
threaten social peace.

Answer if this post is hate or not (for people with
following backgrounds:[nationality], [age], [edu-
cation], [ethnicity], [gender], [politic], [religion],
[gender_sexual_orientation] with a single alphabet letter
among given answer choices a and b.

POST: [post]
a: Hate
b: Non-hate
answer:

517

A.2 Culturally-adapted PLMs518

Analogous to the [CLS] token in BERT, we prepend519

each post with trainable culture-specific tokens that520

serves as the representation of the corresponding521

cultural context. Specifically, posts associated with522

a given nationality are prefixed with a [nationality]523

token (e.g., [Singapore]). In our scenario, since524

we consider multiple backgrounds, we concate-525

nate every tokens in front of the post text, such as,526

“[864] [Singapore] [100] [2] [Asian] [male] [Mod-527

erate_liberal] [Buddhism] [heterosexual]” follow528

with post text, where “[864]” denotes annotator id.529

A.3 Hyperparameters530

We experimented with several hyperparameter set-531

tings for fine-tuning PLMs and selected the opti-532

mal configuration: learning rate lr = 5e−6 and533

ϵ = 1e−8. All experiments were run five times,534

and we report the mean and standard deviation. The535

batch size was set to 32 for all experiments. we536

set lr = 0.01, λ = 0.01 in Eq 3, and d = 128.In537

label propagation, we assign a constant weight of 1.538

Specifically, if the combination <US, male> labels539

post pj as hateful, the co-occurrence count between540

<US> and pj is increased by one.541

A.4 Dataset Details542

The CREHate splits are reported in Table 3, with543

background distributions shown in Figures 3–5.544

The attribute Education is a discrete variable, and545

we map its string values to integer labels ranging546

from 1 to 7, each corresponding to a distinct ed-547

ucation level. In addition, we discretize age into548

intervals of ten years; for example, individuals aged549

27–36 are assigned to the same group, with values550

100–107 denoting the corresponding mapped group551

indices. As shown in Figure 6, background combi-552

nations are largely balanced across splits.553

Table 3: Class distribution of the dataset.

Split #Records Hateful (%) Non-hateful (%)
Train 26,850 44.90 55.10
Valid 4,738 45.10 54.90
Test 7,898 44.54 55.46

A.5 Complexity Situation 554

The proposed method mainly consists of three com- 555

ponents: 556

(1) Aggregation: This step is well-controlled. We 557

do not need to propagate labels to all sub- 558

sets of backgrounds. For example, restricting 559

propagation to specific subsets can effectively 560

trade off performance and preprocessing time 561

(Our Figure 2 shows that only a small number 562

of combinations are needed. 563

(2) Matrix factorization: This step is highly effi- 564

cient—it takes only approximately 9 seconds 565

and 1.3 MB on a Quadro RTX 6000. 566

(3) Learning annotator weights: This takes about 567

60 seconds and 33.61 MB on the same GPU. 568
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Figure 3: Background distribution in Train set.

Figure 4: Background distribution in Valid set.

8



Figure 5: Background distribution in Test set.

Figure 6: Dataset Balance Analysis. Each circle represents a unique combination of backgrounds. Circle color
indicates the frequency of the corresponding combination in the dataset, with brighter colors denoting higher
frequencies. The value along each axis represents the percentage of that combination in the dataset. Circles closer
to the red reference line indicate a more balanced dataset.
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