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Abstract001

Hate speech poses a growing challenge to002
online platforms, particularly as it becomes003
increasingly implicit and subtle. While re-004
cent advances in machine learning have im-005
proved automated detection, they largely rely006
on static internal knowledge or explicit se-007
mantics, leading to a critical knowledge gap008
and a lack of comprehensive reasoning. To009
address these limitations, we propose Anti-010
HateAgent, an agent-based framework for hate011
speech detection that enables structured rea-012
soning, contextual knowledge integration, and013
transparent decision-making, thereby improv-014
ing robustness and reliability in real-world con-015
tent moderation scenarios. Experimental re-016
sults show that AntiHateAgent significantly im-017
proves the performance of implicit hate speech018
detection. On three datasets, it achieves up019
to a 22.3% increase in overall F1 score and020
up to a 43.6% improvement in recall for hate021
samples. The framework excels particularly022
in detecting newly emerging implicit hate that023
relies on cultural context, reaching 89.7% re-024
call on the latest 4chan dataset implicit hate025
subset. Its evidence-driven reasoning process026
also ensures explainability and transparency in027
decision-making.028

Warning: This paper contains contents that029
may be offensive or upsetting.030

1 Introduction031

Hate speech entails public prejudice, hostility, or032

offensive expression targeting specific individuals033

or groups based on identity characteristics such as034

race, ethnicity, or gender (Waldron, 2012). The035

spread of hate speech through online platforms036

has become a critical social concern as it rein-037

forces discrimination against targeted communi-038

ties (Howard, 2019; Matamoros-Fernández and039

Farkas, 2021). In response, recent years have040

witnessed extensive progress in automated hate041

speech detection, driven by both the advances042
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Figure 1: Limitations of existing zero-shot LLM-based
detection of implicit hate speech.

in model architectures, from feature-engineering- 043

based machine learning (Waseem and Hovy, 2016; 044

Davidson et al., 2017) to deep learning (Caselli 045

et al., 2021) and LLMs (Albladi et al., 2025), and 046

the construction of large and diverse annotated 047

datasets (Fortuna and Nunes, 2018; Poletto et al., 048

2021; Alkomah and Ma, 2022). 049

Despite significant progress, detecting implicit 050

hate speech still faces critical challenges (Ocampo 051

et al., 2023b; Huang et al., 2023). Unlike explicit 052

hate speech, which often contains overtly offensive 053

terms such as racial slurs (Schmidt and Wiegand, 054

2017), implicit content requires knowledge of cul- 055

tural codes and the ability to infer hidden mean- 056

ings (Warner and Hirschberg, 2012). For example, 057

“how is Mexico doing these days? people come here 058

because you couldn’t build it” constitutes implicit 059

hate speech as it implicitly conveys the stereotype 060

that “Mexicans are incompetent” (ElSherief et al., 061

2021). These characteristics make detection of im- 062

plicit hate speech challenging from both data and 063

model perspectives (Caselli et al., 2020). From 064

the data perspective, human annotation of implicit 065

hate speech is inherently difficult due to reliance 066

on background knowledge, leading to low inter- 067

annotator agreement and label noise (Talat et al., 068

2017). From the model perspective, representing 069

implicit hate speech necessitates reasoning over 070

context and cultural references, in comparison to 071

the simple lexical cues in explicit forms (Zhang 072

and Luo, 2019; Corazza et al., 2020). 073
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Given their strong semantic understanding and074

reasoning capabilities, LLMs have recently been075

explored for implicit hate speech detection (Zhu076

et al., 2023; Li et al., 2024; Zeng et al., 2025;077

Giorgi et al., 2025). Several studies evaluate their078

zero-shot performance, showing that LLMs ex-079

hibit stronger reasoning and understanding capabil-080

ity (Roy et al., 2023; Das et al., 2024) compared to081

traditional classifiers. However, existing work also082

reports two key limitations, as shown in Figure 1.083

First, current approaches employ LLMs in a pas-084

sive classification setting and rely on static internal085

knowledge, which limits their ability to adapt and086

incorporate external evidence when interpreting up-087

to-date culturally coded expressions (Huang et al.,088

2023; Roy et al., 2023; Zhang et al., 2024). Second,089

such methods often suffer from opacity in reason-090

ing and produce unverifiable evidence chains (Das091

et al., 2024).092

To overcome these limitations, we propose An-093

tiHateAgent, a novel LLM-driven agent frame-094

work for implicit hate speech detection. Unlike095

static classification approaches, AntiHateAgent op-096

erates through an active, three-phase reasoning097

chain: (1) Search Query Generation, where the098

input text is dynamically decomposed into precise099

queries targeting key entities and claims; (2) Ex-100

ternal Knowledge Retrieval, an iterative process101

that actively searches the web, filters for relevant102

evidence, and integrates findings until sufficient103

information is gathered for a reliable judgment;104

and (3) Final Judgment, where a verdict is pro-105

duced alongside a verifiable rationale explicitly106

linked to the curated evidence. This framework107

achieves dynamic knowledge enhancement by re-108

trieving up-to-date contextual information from the109

web, while its chain-of-thought architecture en-110

sures decision-making transparency and auditabil-111

ity through evidence-based reasoning.112

Our main contributions are:113

• We propose AntiHateAgent, a novel agent114

framework that integrates dynamic external115

knowledge retrieval with chain-of-thought rea-116

soning. By actively gathering and verify-117

ing contextual evidence, AntiHateAgent ad-118

dresses the reliance on cultural nuance and119

background knowledge in implicit hate speech120

detection. The framework demonstrates supe-121

rior performance and robustness across mul-122

tiple LLMs compared to standard zero-shot123

prompting.124

• We conduct comprehensive experiments on 125

three implicit hate speech datasets. Results 126

demonstrate that AntiHateAgent significantly 127

enhances the recall of hateful samples by up 128

to 43.6% and improves the overall F1 score 129

by up to 22.3%. The approach proves espe- 130

cially effective for detecting newly implicit 131

hate speech, achieving 89.7% recall, and ob- 132

tains an 8.5% F1 gain in identifying emerging 133

hate expressions. 134

• We provide an interpretable, evidence-based 135

detection process. AntiHateAgent outputs not 136

only a classification but also a transparent rea- 137

soning chain and verifiable external evidence, 138

enhancing the accountability and trustworthi- 139

ness of automated moderation systems. 140

2 Related Work 141

2.1 Definition of Hate Speech 142

We follow the common definition of implicit hate 143

speech (ElSherief et al., 2021) and the UN’s defini- 144

tion of hate speech followed by recent hate speech 145

studies (Shen et al., 2025; Antypas and Camacho- 146

Collados, 2023; Markov et al., 2023; Mathew et al., 147

2021; Toraman et al., 2022; Vidgen et al., 2021) as 148

shown in Appendix A. 149

2.2 Explicit Hate Speech Detection 150

The evolution of hate speech detection has pro- 151

gressed from traditional machine learning (Burnap 152

and Williams, 2015; Watanabe et al., 2018; Om- 153

bui et al., 2019) and deep learning (Gambäck and 154

Sikdar, 2017; Pitsilis et al., 2018; Setyadi et al., 155

2018; Agarwal and Chowdary, 2021) to pre-trained 156

language models (Caselli et al., 2021; Wang and 157

Ding, 2019), with recent work exploring LLMs for 158

both generation and detection of hate speech (Jin 159

et al., 2024; Păis, , 2024; Shen et al., 2025; Zeng 160

et al., 2024). 161

2.3 Implicit Hate Speech Detection 162

Detecting implicit hate speech is generally 163

more challenging than identifying explicit hate 164

speech (Ocampo et al., 2023b). To enable deeper 165

exploration of this issue, prior research has devel- 166

oped fine-grained benchmark datasets (Sap et al., 167

2020; ElSherief et al., 2021; Kennedy et al., 2022; 168

Ocampo et al., 2023b; Hartvigsen et al., 2022). 169

Some studies fine-tune pre-trained language 170

models via contrastive learning (Kim et al., 2022; 171

Ahn et al., 2024; Kim et al., 2024). In addition, 172
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Figure 2: Overview of our AntiHateAgent framework.

other research focuses on building specialized foun-173

dation models Kim et al. (2023), architectural inno-174

vation (Ghosh et al., 2023; Yadav and Singh, 2024),175

and leveraging adversarial samples to improve ro-176

bustness (Ocampo et al., 2023a).177

Recent studies explore the zero-shot detection178

abilities of LLMs. Li et al. (2024) show that Chat-179

GPT’s alignment with human judgments depends180

heavily on prompt design and concept type. Huang181

et al. (2023) and Roy et al. (2023) find LLMs tend182

to be oversensitive in implicit hate detection, fre-183

quently flagging non-hateful content. Zhang et al.184

(2024) further analyze this issue, noting miscali-185

bration between confidence scores and accuracy.186

To leverage both traditional models and LLMs,187

Damo et al. (2025) introduce an approach using188

BERT-based detectors to supply labels, probabil-189

ities, statements, and key tokens for LLM guid-190

ance. Nonetheless, in these approaches, the LLM191

still functions as a passive classifier, lacking the192

capacity to proactively explore and validate exter-193

nal knowledge, or to generate a verifiable chain of194

reasoning supported by external evidence.195

3 Methodology196

To address the reliance on cultural and back-197

ground knowledge in implicit hate speech detec-198

tion, we propose AntiHateAgent, an LLM-based199

agent framework. Its core design follows a chain-200

of-thought reasoning architecture, which achieves201

dynamic knowledge enhancement through external202

knowledge retrieval and evidence-based reasoning,203

while ensuring decision-making transparency by204

outputting verifiable rationales. As illustrated in205

Figure 2, the framework operates through three206

sequential phases: (1) Search Query Generation,207

(2) External Knowledge Retrieval, and (3) Final 208

Judgment. The technical implementations of An- 209

tiHateAgent are provided in Appendix C and the 210

actual prompts are in Appendix E. 211

Phase 1: Search Query Generation. It transforms 212

the input text into a set of precise search queries 213

to effectively retrieve relevant external knowledge 214

in support of judgment. Directly using the original 215

text often leads to irrelevant results due to its nar- 216

rative form and implicit context. To address this, 217

we instruct an LLM to identify key entities and 218

claims requiring verification, and synthesize these 219

elements into a structured list of concise search 220

queries for the subsequent knowledge retrieval 221

phase. For example, for the text “These people are 222

spreading the virus intentionally” the LLM gener- 223

ates search queries like “intentional virus spread” 224

and “COVID-19 blame rhetoric.” 225

Phase 2: External Knowledge Retrieval. In this 226

phase, the search queries are transformed into re- 227

liable decision-making evidence. It addresses two 228

key limitations of retrieval-augmented methods for 229

hate speech detection: the prevalence of noisy and 230

irrelevant content in web search results, and the 231

lack of a dynamic mechanism to determine when 232

sufficient evidence has been gathered for a reliable 233

judgment. Concretely, it relies on an active retrieval 234

paradigm that interleaves evidence collection with 235

continuous assessment, enabling iterative query re- 236

finement and transparent evidence curation. 237

(a) Relevance Filtering. Upon receiving 238

search results (URLs and snippets) from a search 239

API (Google), the LLM evaluates their relevance to 240

the input text. Only webpages deemed highly rele- 241

vant are crawled, thereby filtering out noise at the 242

source and improving the quality of the evidence. 243

(b) Incremental Integration. For each crawled 244

page, AntiHateAgent extracts text segments that 245

support or refute the hateful nature of the input. It 246

then integrates this new evidence into an accumu- 247

lating judgment, updating its stance and logging its 248

reasoning steps. This process builds a transparent, 249

auditable reasoning chain. 250

(c) Closed-Loop Control. As shown in Figure 2, 251

the framework centers on a critical decision point 252

(“Sufficient evidence?”) where AntiHateAgent it- 253

self assesses whether the accumulated evidence is 254

sufficient for a reliable final judgment. This assess- 255

ment is based on the relevance and strength of the 256

evidence gathered in the incremental integration 257

step. If the agent cannot extract sufficient evidence 258

from the current webpages, the process reverts to 259
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Dataset Year Source Size Subset in Exp. Key Annotations

SBIC Pre-2020 Compilation 44,671 1,000 (balanced) Offensiveness (3-class), Group targeting (bi-
nary), Implied statement

GHC 2018 Gab 27,665 504 (balanced) Human Degradation (binary), Calls for Vio-
lence (binary), Framing (implicit/explicit)

4chan 2025 4chan 2,000 1,408 (balanced) Hate Identification (hate/nonhate), Hate Type
Classification (implicit/explicit)

Table 1: Overview of hate speech datasets used in our experiments.

Phase 1 to generate more precise queries. This260

loop continues until evidence is deemed sufficient261

or a predefined limit on query reformulations is262

reached, ensuring robust termination even in am-263

biguous cases. This design enables AntiHateAgent264

to autonomously determine the stopping point of265

the retrieval process, making it highly adaptive266

to the varying complexity and online information267

availability of different input cases, rather than re-268

lying on a fixed retrieval depth.269

This active retrieval phase offers two princi-270

pal benefits. First, it autonomously optimizes the271

search strategy in real-time based on the quality272

and relevance of online information. Second, it273

ensures transparency and verifiability by maintain-274

ing a complete log of all retrieval, assessment, and275

reasoning steps.276

Phase 3: Final Judgment. Upon confirming277

that sufficient evidence has been collected, Anti-278

HateAgent consolidates the curated evidence to pro-279

duce a final, evidence-grounded decision (HATE280

or NON-HATE) accompanied by a verifiable ratio-281

nale. This rationale explicitly links the decision to282

the key supporting or refuting evidence extracted283

during the active retrieval process, ensuring trans-284

parency and verifiability for the final output.285

4 Experiments286

4.1 Datasets287

We evaluate AntiHateAgent on three datasets (see288

Table 1): SBIC (Sap et al., 2020), GHC (Kennedy289

et al., 2022) and a newly constructed 4chan dataset.290

SBIC. SBIC is a large-scale dataset containing291

150,000 structured annotations of social media292

posts, which facilitates the modeling and evalu-293

ation of social bias implications. We classify the294

“offensiveness” category in SBIC as the “hate” class295

following prior work (Yang et al., 2023). To con-296

centrate on social group biases, we filter the dataset297

to include only the group-targeted samples. This is298

done by selecting those marked as “0.0” in the299

whoTarget variable. From this subset, we ran-300

domly sample 500 hate and 500 non-hate instances, 301

creating a balanced dataset of 1,000 samples. 302

GHC. GHC is a benchmark dataset expertly an- 303

notated for hate-based rhetoric, providing a the- 304

oretically grounded resource for hate speech de- 305

tection and analysis. We employ the “hate” class 306

(Kennedy et al., 2022), which is defined for a post 307

if its majority-vote aggregated label is either Hu- 308

man Degradation or Calls for Violence in GHC. We 309

use all 252 implicitly framed hate samples, and ran- 310

domly sample 252 non-hate instances to maintain 311

balance, resulting in a total of 504 samples. 312

4chan Dataset. To evaluate the performance of An- 313

tiHateAgent on emerging and evolving hate speech, 314

we construct a new dataset called 4chan. The texts 315

are collected from the /pol/ board of 4chan (4chan) 316

in November 2025, a forum known for hosting a 317

substantial volume of extremist content, making it 318

a suitable source for capturing recently surfaced 319

hate expressions (Hine et al., 2017; Papasavva et al., 320

2020). After preprocessing such as removing irrel- 321

evant metadata and duplicate content, we compile 322

a total of 2,000 text samples. The annotation is 323

performed by four annotators specialized in hate 324

speech research. Each text is first independently 325

annotated by two annotators to classify it as “hate” 326

or “non-hate.” Samples labeled as hate are further 327

categorized as either “explicit hate” or “implicit 328

hate,” with implicit hate referring to expressions 329

that convey hate through implication, irony, or in- 330

sinuation. Disagreements between annotators are 331

resolved through discussion to reach a consensus. 332

Inter-annotator agreement is substantial, with an 333

average Cohen’s Kappa coefficient (Cohen, 1960) 334

of 0.756. The final dataset consists of 704 hate 335

samples and 1,296 non-hate samples. Among the 336

hate samples, 78 are unanimously annotated as im- 337

plicit hate by both annotators, with the remainder 338

classified as explicit hate. We construct a balanced 339

subset for the 4chan dataset by including all 704 340

hate samples and pairing them with 704 randomly 341

chosen non-hate samples, leading to a final set of 342
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Dataset LLM Method Hate Samples Non-Hate Samples Overall

P(%) R(%) F1(%) P(%) R(%) F1(%) P(%) R(%) F1(%) ∆F1(%)

SBIC

DeepSeek Baseline 98.0 39.0 55.8 61.9 99.2 76.2 80.0 69.1 66.0 -
AntiHateAgent 84.3 61.0 70.8 69.4 88.6 77.9 76.8 74.8 74.3 (+8.3)

Claude Baseline 95.5 42.2 58.5 63.0 98.0 76.7 79.2 70.1 67.6 -
AntiHateAgent 89.5 46.2 60.9 63.8 94.6 76.2 76.7 70.4 68.6 (+1.0)

Gemini Baseline 91.0 24.2 38.3 56.4 97.6 71.4 73.6 61.0 54.9 -
AntiHateAgent 83.9 67.8 75.0 73.0 87.0 79.4 78.4 77.4 77.2 (+22.3)

GPT Baseline 97.0 45.0 61.5 64.2 98.6 77.8 80.6 71.8 69.6 -
AntiHateAgent 92.5 39.6 55.5 61.6 96.8 75.3 77.1 68.2 65.4 (-4.2)

GHC

DeepSeek Baseline 94.2 51.6 66.7 66.7 96.8 79.0 80.4 74.2 72.8 -
AntiHateAgent 79.2 80.2 79.7 79.9 79.0 79.4 79.6 79.6 79.6 (+6.8)

Claude Baseline 93.6 40.5 56.5 62.0 97.2 75.7 77.8 68.8 66.1 -
AntiHateAgent 82.7 58.7 68.7 68.0 87.7 76.6 75.3 73.2 72.6 (+6.5)

Gemini Baseline 92.8 56.3 70.1 68.7 95.6 79.9 80.7 76.0 75.0 -
AntiHateAgent 74.6 84.1 79.1 81.8 71.4 76.3 78.2 77.8 77.7 (+2.7)

GPT Baseline 94.5 54.4 69.0 68.0 96.8 79.9 81.2 75.6 74.4 -
AntiHateAgent 86.5 61.1 71.6 69.9 90.5 78.9 78.2 75.8 75.3 (+0.9)

4chan

DeepSeek Baseline 89.7 74.1 81.2 78.0 91.5 84.2 83.8 82.8 82.7 -
AntiHateAgent 86.3 98.0 91.8 97.7 84.4 90.5 92.0 91.2 91.2 (+8.5)

Claude Baseline 88.5 72.4 79.7 76.7 90.6 83.1 82.6 81.5 81.4 -
Gemini Baseline 85.8 87.9 86.9 87.6 85.5 86.6 86.7 86.7 86.7 -
GPT Baseline 85.3 76.4 80.6 78.6 86.8 82.5 81.9 81.6 81.6 -

Table 2: Performance comparison of AntiHateAgent and Baseline across different LLM backbones on SBIC, GHC,
and 4chan datasets. P: Precision, R: Recall.

1,408 samples for experiments.343

4.2 Experimental Settings344

Baseline. To establish a comparative base-345

line against AntiHateAgent, we develop a zero-346

shot hate speech detection method based on347

direct prompting of LLMs. Following prior348

work (Sachdeva et al., 2022), the primary prompt349

is: “Does this comment contain hate speech?”, ac-350

companied by instructions that require the model to351

adhere to a specific output format and provide rea-352

soning for its decision. Technical implementation353

details, including the complete prompt template,354

are provided in Appendix D.355

LLM and Metrics. We select the most popular356

LLMs for AntiHateAgent and the baseline, specif-357

ically the endpoints “deepseek-chat,” “claude-3-358

haiku-20240307,” “gemini-2.5-flash,” and “gpt-4.1-359

nano.” We employ the default temperature settings360

for each LLM. All results are from a single evalua-361

tion run due to API cost constraints. We follow the362

common practice to use three key metrics: preci-363

sion, recall, and F1 score (Schütze et al., 2008).364

4.3 Main Results365

As shown in Table 2, AntiHateAgent yields pos-366

itive ∆F1 in 8 of 9 cases, indicating its general367

superiority in detecting implicit and emerging hate368

speech. For instance, on SBIC, the F1 score for the369

Gemini model improves by 22.3%. The frame- 370

work consistently enhances performance across 371

DeepSeek, Claude, and Gemini, demonstrating the 372

robustness across backbone LLMs. In contrast, the 373

baseline using GPT surpasses AntiHateAgent on 374

SBIC. Table 2 shows that the baseline using GPT 375

performs strongly on SBIC compared to baselines 376

using other LLMs, reflecting its robust holistic rea- 377

soning and effective recognizing of implicit hate 378

contexts. When external knowledge is less rele- 379

vant in some cases, AntiHateAgent’s step-by-step 380

reasoning may interfere with this process, causing 381

performance drops. Thus, while the framework 382

benefits most LLMs, it can be detrimental for those 383

already strong in holistic comprehension. Nonethe- 384

less, AntiHateAgent remains effective and demon- 385

strates competitive performance overall. 386

The main performance advantage of Anti- 387

HateAgent derives from its substantially higher 388

recall for hate samples compared to baselines. As 389

shown in Table 2, AntiHateAgent improves recall 390

across eight of nine combinations, with a notable 391

increase from 24.2% to 67.8% in the SBIC/Gem- 392

ini. This enhancement enables AntiHateAgent to 393

effectively reduce the false negative rate in hate 394

speech detection and constitutes the primary fac- 395

tor contributing to the improvement in overall F1 396

score. 397
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LLM Method Recall(%)

DeepSeek AntiHateAgent 89.7
Baseline 48.7

Claude Baseline 38.5
Gemini Baseline 70.5

GPT Baseline 51.3

Table 3: Comparison of AntiHateAgent using DeepSeek
and Baseline on 78 implicit hate samples of 4chan.

AntiHateAgent’s performance gains are not sym-398

metrically distributed across classes. While the399

F1 score on hate samples improves substantially400

due to higher recall, gains on non-hate samples are401

limited and slightly negative in some cases (e.g.,402

SBIC/Claude). This asymmetry reflects a trade-off,403

where heightened sensitivity to hate-related cues404

effectively reduces false negatives for hate sam-405

ples but also increases false positives for borderline406

non-hate cases. In addition, AntiHateAgent demon-407

strates superiority in detecting newly emerging hate408

expressions, evidenced by its high F1 score on our409

constructed up-to-date 4chan dataset. Specifically,410

it outperforms the baseline by 8.5% F1 when using411

DeepSeek. In particular, AntiHateAgent effectively412

detects emerging implicit hate speech. For exam-413

ple, “We got Luigi Mangione fine ahh and now we414

have the French chad duo. Are women right about415

fucking criminals because they are chads? Will I416

become a chad if I do crime?” contains implicit417

hate that requires knowledge of an event involving418

Luigi Mangione in December 2024. Baselines us-419

ing pre-2025 LLMs lack the context for accurate420

classification, while AntiHateAgent retrieves rel-421

evant information to classify correctly. As shown422

in Table 3, on a subset of 78 implicit hate sam-423

ples from the 4chan dataset, AntiHateAgent with424

DeepSeek achieves 89.7% recall, substantially sur-425

passing baselines using DeepSeek and the other426

LLMs. These results underscore the framework’s427

capability to capture subtle hate expressions.428

4.4 Ablation Studies429

To evaluate the effectiveness of core components430

of AntiHateAgent, we conduct ablation studies on431

a balanced test subset of 200 samples from SBIC432

and GHC datasets. We adopt DeepSeek as the433

backbone considering its superior performance.434

LLM Temperature. To investigate the impact of435

the temperature parameter of the backbone LLM,436

we compare the performance of AntiHateAgent437

and the baseline on the DeepSeek across different438
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Figure 3: Performance comparison of AntiHateAgent
and Baseline under different temperature settings of
DeepSeek.

temperature settings (T ∈ 0, 0.5, 1.0, 1.5, 2.0), as 439

shown in Figure 3. 440

The main findings are as follows. First, across 441

all settings, AntiHateAgent consistently and signif- 442

icantly outperforms the baseline in terms of recall 443

and F1 score, though with slightly lower preci- 444

sion. This aligns with the analysis in Section 4.3, 445

indicating that the framework prioritizes the detec- 446

tion of subtle hate at the cost of precision. Sec- 447

ond, performance exhibits moderate sensitivity to 448

the temperature: AntiHateAgent achieves its peak 449

F1 score at T = 0.5, while showing a decline 450

under completely deterministic or highly stochas- 451

tic conditions. This suggests that a moderate ran- 452

domness is beneficial for the detection. Notably, 453

AntiHateAgent demonstrates strong robustness to 454

temperature variation. Specifically, in the lower 455

temperature range (T < 0.5), the F1 score of An- 456

tiHateAgent rises more sharply than the baseline, 457

indicating its ability to better leverage moderate 458

randomness for performance gains. Beyond the op- 459

timal temperature, the performance degradation of 460

AntiHateAgent is also considerably slower. These 461

show that AntiHateAgent not only achieves supe- 462

rior performance but also exhibits stronger robust- 463

ness to variations in the temperature hyperparame- 464

ter of the backbone LLM. 465

External Knowledge Retrieval. To evaluate the 466

impact of external knowledge retrieval in Anti- 467

HateAgent, we compare three configurations: An- 468

tiHateAgent, AntiHateAgent with external web re- 469

trieval completely removed (AntiHateAgent w/o 470

knowledge), and AntiHateAgent where the Google 471

Search API for obtaining URLs is replaced by 472

URLs generated by the backbone LLM (Anti- 473
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Dataset Method Hate Samples Non-hate Samples Overall

P(%) R(%) F1(%) P(%) R(%) F1(%) P(%) R(%) F1(%)

SBIC

Baseline 100.0 43.0 60.1 63.7 100.0 77.8 81.8 71.5 69.0
AntiHateAgent w/o knowledge 95.7 44.0 60.3 63.6 98.0 77.2 79.6 71.0 68.7
AntiHateAgent w/o Google Search API 87.7 50.0 63.7 65.0 93.0 76.5 76.4 71.5 70.1
AntiHateAgent w/o instructional details 84.5 60.0 70.2 69.0 89.0 77.7 76.7 74.5 74.0
AntiHateAgent 89.1 57.0 69.5 68.4 93.0 78.8 78.7 75.0 74.2

GHC

Baseline 93.2 55.0 69.2 68.1 96.0 79.7 80.7 75.5 74.4
AntiHateAgent w/o knowledge 85.5 71.0 77.6 75.2 88.0 81.1 80.4 79.5 79.4
AntiHateAgent w/o Google Search API 85.4 70.0 76.9 74.6 88.0 80.7 80.0 79.0 78.8
AntiHateAgent w/o instructional details 79.2 80.0 79.6 79.8 79.0 79.4 79.5 79.5 79.5
AntiHateAgent 80.0 80.0 80.0 80.0 80.0 80.0 80.0 80.0 80.0

Table 4: Ablation study of AntiHateAgent components: the full framework versus variants without external
knowledge retrieval (w/o knowledge), without the Google Search API which using backbone LLM-generated URLs
instead (w/o Google Search API), and without instructional details for non-core processes (w/o instructional details).
DeepSeek is used as the backbone LLM for all experiments.

HateAgent w/o Google Search API). As shown474

in Table 4, experimental results indicate that exter-475

nal knowledge retrieval significantly affects model476

performance.477

On SBIC and GHC, AntiHateAgent achieves the478

best overall performance across all settings, demon-479

strating the effectiveness of external knowledge480

retrieval in implicit hate speech detection. Specif-481

ically, if external knowledge retrieval is entirely482

removed, AntiHateAgent w/o knowledge suffers a483

drop in F1 score from 74.2% to 68.7% on SBIC,484

indicating that external knowledge retrieval is cru-485

cial. When the external knowledge retrieval is re-486

tained, but the URLs obtained from a search API487

are replaced with URLs generated by the backbone488

LLM, AntiHateAgent w/o Google Search API still489

declines to 70.1%, mainly due to LLM hallucina-490

tion. LLM tends to generate non-existent URLs,491

which compromises retrieval quality and leads to492

inferior performance. Notably, AntiHateAgent’s493

superiority is evidenced by its high recall on hateful494

samples. As shown in Table 4, it achieves the high-495

est hate recall on both SBIC and GHC compared496

with the other two ablated settings. This suggests497

that high-quality external knowledge is essential498

for recognizing implicit hate, as it provides the cul-499

tural and contextual cues needed to interpret subtle500

expressions often missed without it.501

In sum, external knowledge retrieval in Anti-502

HateAgent strengthens contextual awareness and503

sensitivity to implicit hate, and demonstrates su-504

perior hate detection performance across different505

datasets.506

Prompt Engineering. The impact of prompt engi-507

neering is evaluated by comparing the full prompt508

(AntiHateAgent) with a simplified version (Anti- 509

HateAgent w/o instructional details), which elimi- 510

nates instructional details for non-core processes, 511

such as “Always anchor analysis in the original 512

text’s full context.” As shown in Table 4, Anti- 513

HateAgent w/o instructional details achieves F1 514

scores nearly identical to that of AntiHateAgent 515

on SBIC and GHC. This indicates that the effec- 516

tiveness of the framework derives from its core 517

processes and remains robust to modifications in 518

auxiliary reasoning instructions. 519

5 Discussion 520

5.1 Case Study 521

In the following, we provide a case study to demon- 522

strate how AntiHateAgent proactively retrieves and 523

integrates external evidence to enhance the credi- 524

bility and persuasiveness of its judgment, as shown 525

in Figure 4. This case text, sourced from the GHC 526

dataset and labeled as “hate,” is shown below: 527

“California, if you keep voting Democrats in
office, you will be ruled by ILLEGAL ALIENS
soon.”

528

The baseline method using DeepSeek misclas- 529

sifies the text as “non-hate,” arguing that “illegal 530

aliens” though politically charged, targeted a po- 531

litical party rather than a protected group. This 532

interpretation ignores the term’s dehumanizing im- 533

plications, leading to the mistake. 534

In contrast, AntiHateAgent relies not only on the 535

internal knowledge of its backbone LLM but also 536

actively constructs queries around key expressions 537

(e.g., “illegal aliens”) to retrieve external informa- 538

7



Phase 1: Search Query Generation Phase 2: External Knowledge Retrieval Phase 3: Final Judgment

Input Search queries

LLM
Analysis

Key Concepts: 
• ILLEGAL ALIEN
caps emphasis

• ruled by

Text: 
...ruled by
ILLEGAL
ALIENS

Targeted Queries:
• illegal aliens
• ruled by
• Great Replacement

Key Evidence 1:
• From: The Conversa�on
• Title:
“Aliens and animals…”

• Claim:
Alien dehumanizing
& violence precursor

Key Evidence 2:
• From: UC Law Blog
• Title:
“No Human is illegal…”

• Claim: 
“illegal alien dehuman
& gramma incorrect

URLs: 
• URL: h�ps://aliens...
• Title:
“Aliens and animals …”

• Snippet:
Jan, 2025... dehumanize
to immigrants

URLs

Search
API

Web crawler Evidence
+ Rationale Output

：

Final Answer: 
• Label: HATE
• External Evidence: “illegal

alien” dehumanize & violence
• Textual Inference: “ILLEGAL

ALIENS” emphasis capital &
“ruled by” creates threatening

HATE NON-HATEOR

Figure 4: A case study demonstrating how AntiHateAgent proactively retrieves and integrates external evidence.

tion from the web. The retrieved results indicate539

that multiple authoritative sources identify the term540

“illegal aliens” as a common dehumanizing rhetoric541

associated with hate speech and incitement to vio-542

lence. By integrating this external evidence with543

intrinsic textual cues, such as capitalization for544

emphasis and threat-based narratives like “ruled545

by,” AntiHateAgent concludes that the text is not a546

neutral political statement but rather a dehumaniz-547

ing portrayal of undocumented immigrants aligned548

with hate speech.549

Compared to the baseline, AntiHateAgent550

demonstrates a clear advantage through its transpar-551

ent reasoning chain of internal analysis, external552

verification, and evidence integration. This process553

not only improves detection performance but also554

enhances the interpretability and verifiability of the555

judgment.556

5.2 Failure Analysis557

We examine the primary sources and underlying558

causes of misclassification in false negative and559

false positive cases. For clarity, positive denotes560

hate, whereas negative denotes non-hate.561

False Negative Analysis. False negatives occur562

mainly due to semantic-retrieval misalignment and563

external knowledge scarcity.564

(a) Semantic Retrieval Misalignment. Anti-565

HateAgent can detect implicit hateful intent but566

fails to translate it into effective search queries,567

leading to superficial fact-checking that misses the568

core hateful meaning. For instance, “Even atheist569

like Richard Dawkins think Islam is bad” (hate),570

searches of this text focus on verifying Dawkins’571

views instead of the rhetorical use of authority to572

promote bias, causing misclassification. The base-573

line also misclassifies such cases due to its inability574

to recognize implicit hate.575

(b) External Knowledge Scarcity. Hate speech576

from fringe communities often lacks public docu- 577

mentation. Web searches with limited results may 578

miss relevant sources, creating knowledge gaps and 579

causing misclassification. The baseline makes sim- 580

ilar errors, primarily due to a lack of up-to-date 581

knowledge. 582

False Positive Analysis. False positives derive 583

from AntiHateAgent’s over-sensitivity to contro- 584

versial keywords, amplified by external knowledge. 585

(a) Keyword Sensitivity. AntiHateAgent is overly 586

sensitive to terms common in hateful contexts (e.g., 587

“Gab,” “Hitler”) and lacks contextual discrimina- 588

tion. Retrieved external information reinforces 589

these associations. For example, “Happy New Year 590

#GabFam” (non-hate) might be misclassified sim- 591

ply because it references “Gab,” a platform often 592

associated with hateful content. The baseline typ- 593

ically avoids such errors as it lacks the external 594

knowledge that amplifies this sensitivity. 595

6 Conclusion 596

We propose AntiHateAgent, an LLM-based agent 597

framework to detect implicit hate speech via dy- 598

namic knowledge enhancement and transparent 599

decision-making through chain-of-thought reason- 600

ing. Experiments on three datasets, including our 601

newly constructed 4chan emerging hate speech 602

dataset, show that AntiHateAgent significantly im- 603

proves recall on hate instances and overall F1 score. 604

Ablation studies confirm the critical role of exter- 605

nal knowledge retrieval and the robustness of the 606

framework. AntiHateAgent also provides transpar- 607

ent justification of the decision process through 608

proactive and verifiable reasoning, thereby con- 609

tributing to more reliable content moderation sys- 610

tems. 611
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Limitations612

Despite its promising performance, AntiHateAgent613

has limitations. First, its multi-round retrieval and614

reasoning framework introduces increased com-615

putational overhead and latency, which limits its616

applicability in real-time scenarios. Additionally,617

although the current experimental evaluation cov-618

ers multiple datasets, it focuses on English text,619

leaving the framework’s generalizability to other620

languages unexplored.621

Ethical Considerations622

We acknowledge the ethical considerations in de-623

veloping and evaluating automated hate speech624

detection systems like AntiHateAgent, and have625

taken steps to mitigate potential risks. While Anti-626

HateAgent advances the detection of implicit hate627

speech, it may also increase misclassifications of628

borderline content, which could result in unfair629

moderation decisions. Additionally, our frame-630

work’s dependence on web-retrieved knowledge631

carries the risk of amplifying social biases present632

in online data. Therefore, real-world deployment633

should be accompanied by rigorous fairness au-634

dits across diverse communities and maintained635

under continuous human oversight. We use estab-636

lished hate speech detection benchmark datasets637

(SBIC, GHC), which are publicly released under638

research licenses and have been widely used in639

prior studies. SBIC and GHC datasets are both640

licensed under the Creative Commons Attribution641

4.0 International License (CC BY 4.0). We rely642

on the original creators’ compliance in obtaining643

informed consent from data subjects. The data is644

solely used for academic research to address hate645

speech more effectively. This study utilizes a newly646

constructed dataset sourced from 4chan. The entire647

dataset is preprocessed to remove all personally648

identifiable information, such as names or unique649

identifiers, only the textual content of the posts is650

retained and processed in strict compliance with651

the platforms’ terms of use. From this anonymized652

corpus, samples are manually annotated as hate653

speech by the trained research authors, thereby pre-654

venting exposure of external annotators to harmful655

material. Due to the offensive nature of the content,656

access to the dataset is restricted to prevent mis-657

use. We will manually review all applicant details658

before granting access.659
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A Hate Speech Definition981

Definition of Implicit Hate Speech: “Implicit hate982

speech is a subclass of hate speech defined by the983

use of coded or indirect language such as sarcasm,984

metaphor and circumlocution to disparage a pro-985

tected group or individual, or to convey prejudicial986

and harmful views about them.”987

Definition of Hate Speech: “any kind of commu-988

nication in speech, writing or behavior, that attacks989

or uses pejorative or discriminatory language with990

reference to a person or a group on the basis of who991

they are, in other words, based on their religion,992

ethnicity, nationality, race, color, descent, gender993

or other identity factor.”994

B Dataset Annotation995

We provide the annotators with definitions of hate996

speech and implicit hate speech in in Appendix A,997

and require them to first determine whether each998

text is hate speech. If so, they are then asked to999

judge whether it constitute implicit hate speech. All1000

annotators are researchers involved in this study.1001

Specifically, they are four women between the ages1002

of 20 and 30 who specialize in hate speech detec-1003

tion.1004

C AntiHateAgent Technical1005

Implementation1006

The implementation of AntiHateAgent relies on a1007

carefully designed interaction between structured1008

prompts and programmatic components to achieve1009

its three-stage analysis pipeline. The initial prompt1010

establishes strict formatting requirements through1011

the format_prompt_dict specification, which en-1012

forces a consistent thought-action-observation cy-1013

cle throughout the analysis process. This cyclic1014

structure is implemented in the program, where1015

each iteration follows the prescribed format of gen-1016

erating thoughts, executing actions, and processing1017

observations.1018

The retrieval stage’s iterative evidence eval-1019

uation is implemented through the observation1020

processing loop in program. After each URL1021

crawl (executed via the SearchWeb action), the1022

system stores raw content and triggers the1023

summarize_observation() method to extract rel-1024

evant evidentiary segments. This method employs1025

a sliding window approach to handle large doc-1026

uments, ensuring comprehensive analysis while1027

maintaining context. The prompt’s requirement1028

for incremental judgment updates is implemented1029

through the history tracking mechanism, where 1030

each step’s evidence and analysis are preserved in 1031

history_steps. 1032

The framework’s final classification decision fol- 1033

lows a rigorous set of determination principles 1034

enforced through carefully designed prompt con- 1035

straints on the LLM. First, the model must con- 1036

duct a comprehensive analysis of the original text’s 1037

complete contextual framework, including lexical 1038

choices, semantic framing, tonal qualities, and un- 1039

derlying intent. Second, the LLM is required to 1040

systematically integrate and evaluate all collected 1041

external evidence, assessing its collective consis- 1042

tency, potential contradictions, and degree of rele- 1043

vance to the original text’s content. Upon meeting 1044

all specified determination criteria, AntiHateAgent 1045

outputs its classification result (hate or non-hate), 1046

accompanied by the complete evidence chain and 1047

a detailed analytical justification explaining how 1048

the decision was derived based on the original text 1049

context and the synthesis of all evidence. 1050

The implementation includes several safeguards: 1051

the reconfirm_text mechanism ensures the orig- 1052

inal input remains unchanged throughout analy- 1053

sis, while the evidence chain preservation is im- 1054

plemented through the history_steps tracking 1055

and research log system. The program’s action 1056

validation system (via parse_action_input) pre- 1057

vents deviations from the prescribed analytical pro- 1058

cess, ensuring all classification decisions follow the 1059

framework’s methodological requirements. 1060

Our code is primarily based on the PyTorch 1061

(>=2.0.0) framework, relies on NumPy (>=1.21.1) 1062

for fundamental computations, and employs toolk- 1063

its such as scikit-learn, Pandas, OpenAI, and An- 1064

thropic to conduct the experiments. The complete 1065

dependency list will be provided later along with 1066

the code repository. 1067

D Baseline Technical Implementation 1068

The implementation of the baseline method con- 1069

sists of three key components: 1070

• Prompt Design: In the prompt design, the 1071

model is first asked to determine whether the 1072

input text constitutes hate speech, followed by 1073

the target text to be evaluated. The model is 1074

required to respond strictly in one of two struc- 1075

tured formats: “hate speech: [reason]” or “not 1076

hate speech: [reason].” This enforced output 1077

structure ensures consistency and facilitates 1078

reliable parsing of the model’s responses. 1079
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• Model Configuration: We employ the de-1080

fault temperature settings for each LLM and1081

set the maximum output tokens to 200, in or-1082

der to balance creativity and consistency in1083

the model’s responses. All classification de-1084

cisions are made based solely on the model’s1085

parametric knowledge, without access to any1086

external data sources.1087

• Error Handling: The implementation in-1088

cludes automatic retry mechanisms (up to 31089

attempts) for failed API calls and strict output1090

validation to ensure all responses conform to1091

the required format.1092

The complete prompt template used for the base-1093

line LLM zero-shot classification method is as fol-1094

lows:1095
1096

Does this comment contain hate speech?1097
1098

Your response must follow this exact format:1099
1100

hate speech: [reason], if the comment1101
contains hate speech.1102

1103
not hate speech: [reason], if the comment1104

does not contain hate speech.1105
1106

Replace [reason] with a brief explanation1107
for your choice.1108

1109
Comment:1110
{text}11111112

E AntiHateAgent Prompt1113

1114
You are a helpful research assistant1115
specialized in detecting hate speech.1116
You have access to TOOL PROMPT. Your1117
task is to analyze a text from the1118
dataset.txt and determine if it1119
contains hate speech.1120

1121
1. For the text, design search queries to1122

find relevant information:1123
- Each query MUST:1124

* Use advanced search operators1125
* Be relevant to the original text1126
* Be specific and targeted1127
* Be helpful for gathering evidence to1128
support or refute the presence of hate1129
speech1130

- Generate at least 3 distinct queries1131
1132

2. Execute Google searches for each query:1133
- Carefully review the returned URLs (1134
title and snippet)1135

- Select most relevant URLs for crawling1136
- For each selected URL:1137

* Crawl the content1138
* Extract key evidence relevant to the1139
original text1140
* Update your judgment incrementally1141

* Preserve all crawled evidence in 1142
observation 1143

1144
3. After each URL crawl: 1145

- Reconfirm the original text content 1146
- Document current judgment and 1147
supporting evidence 1148

- Explain how new evidence affects your 1149
assessment 1150

1151
4. Make final decision: 1152

- HATE or NON-HATE only 1153
- Output the confidence level for your 1154
final judgment 1155

- Based on: 1156
* Full original text context 1157
* All accumulated evidence from crawled 1158
content 1159

1160
ANALYSIS METHODOLOGY & REQUIREMENTS 1161
Required format for each step: 1162
{format_prompt_dict} 1163

1164
Reference Usage: 1165

- Crawled content serves ONLY for 1166
evidence 1167

1168
Critical Requirements: 1169
- Minimum one successful crawl with 1170

preserved evidence 1171
- Maintain complete evidence chain across 1172

all steps 1173
- Before final judgment, MUST reconfirm text 1174

from the dataset.txt 1175
- Final judgment must: 1176

* MUST output either "HATE" or "NON-HATE" 1177
as final judgment 1178

* MUST respond in the exact format 1179
specified in "Required format for each 1180
step" 1181

1182
WARNING: 1183
- Never use crawled content as direct 1184

classification basis 1185
- Always anchor analysis in original text’s 1186

full context 1187
- Never make any changes to the original 1188

text or the dataset.txt file. The 1189
original text must remain completely 1190
identical to the content read from 1191
dataset.txt. 1192

1193
format_prompt_dict: 1194

- Thought: Current analysis and next steps 1195
- Action: Next action to take 1196
- Action Input: Input to action as valid 1197

JSON 1198
1199

TOOL PROMPT: Read File, Google Search tool, 1200
Crawl web tool (Simplified) 12011202

F Computational Resources 1203

All experiments in this study were deployed and 1204

conducted on the Alibaba Cloud platform. The 1205

hardware environment utilized an Alibaba Cloud 1206

Elastic Compute Service (ECS) instance with the 1207
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specification ecs.e-c1m2.2xlarge, which provides1208

8 virtual central processing units (vCPUs) and 161209

GiB of system memory.1210

The experimental design employs a multi-1211

process parallel execution strategy to reduce the1212

overall experimental duration. In the main exper-1213

iment, multiple AntiHateAgent processes invoke1214

LLM APIs in parallel to process tasks, with an1215

average processing time of approximately 2.5 min-1216

utes per sample. Subsequent extension and abla-1217

tion experiments are then scheduled and executed1218

sequentially. Under ideal failure-free conditions,1219

the cumulative single-process equivalent comput-1220

ing time amounts to approximately 320 hours. In1221

practice, due to task failures and retries during exe-1222

cution, the actual computing time increases accord-1223

ingly. Through multi-process parallel execution,1224

the entire experimental cycle is typically completed1225

within about two weeks.1226

Since both LLM APIs and Google Search APIs1227

are commercial services, the costs are relatively1228

high. The total expenditure for the entire process,1229

from preliminary experiments to finalizing the re-1230

sults, amounts to approximately 1000 $.1231

G AI Assistant Usage Statement1232

We used AI assistants in this research: ChatGPT1233

for polishing writing and assisting with simple data1234

processing code. All core research ideas, exper-1235

imental design, result analysis, and primary text1236

were independently developed by the authors. AI1237

tools served only as auxiliary aids, and the authors1238

take full responsibility for all content.1239
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