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Abstract001

As a multimodal medium combining images002
and text, memes frequently convey implicit003
harmful content through metaphors and humor,004
rendering the detection of harmful memes a005
complex and challenging task. Although re-006
cent studies have made progress in detection007
accuracy and interpretability, large-scale, high-008
quality datasets for harmful memes remain009
scarce, and current methods still struggle to010
capture implicit risks and nuanced semantics.011
Thus, we construct MemeMind, a large-scale012
harmful meme dataset. Aligned with the in-013
ternational standards and the context of inter-014
net, MemeMind provides detailed Chain-of-015
Thought (CoT) reasoning annotations to sup-016
port fine-grained analysis of implicit intentions017
in memes. Based on this dataset, we further pro-018
pose MemeGuard, a reasoning-oriented multi-019
modal detection model that significantly im-020
proves both the accuracy of harmful meme de-021
tection and the interpretability of model deci-022
sions. Extensive experimental results demon-023
strate that MemeGuard outperforms existing024
state-of-the-art methods on the MemeMind025
dataset, establishing a solid foundation for fu-026
ture research in harmful meme detection.027

WARNING: The paper contains content that028

may be offensive and disturbing in nature.029

1 Introduction030

With the exponential growth of social media,031

memes have proliferated as a ubiquitous form of032

online expression. However, their multimodal na-033

ture renders them a potent vehicle for disseminating034

harmful content, including hate speech (Sabat et al.,035

2019; Kiela et al., 2020), discrimination (Duch-036

scherer and Dovidio, 2016), and violent implica-037

tions (Fersini et al., 2022; DeCook, 2018), often in038

implicit forms. This implicitness, combined with039

the tight semantic coupling between visual and tex-040

tual modalities, enables such content to circumvent041

traditional content moderation systems, making 042

harmful meme detection an increasingly critical 043

challenge in the field of cybersecurity. 044

To address the problem of harmful meme detec- 045

tion, several datasets have been proposed. However, 046

these datasets still suffer from several major limita- 047

tions: 1) Limited scale. Existing datasets are gener- 048

ally small, typically containing only a few thousand 049

to around ten thousand samples and covering a nar- 050

row range of harmful categories, which restricts the 051

study of model generalization and scalability (Zhai 052

et al., 2022; Hestness et al., 2017; Kaplan et al., 053

2020). 2) Inconsistent classification standards. 054

Due to diverse data sources and variations in anno- 055

tators’ cultural and social backgrounds, there is no 056

unified standard for harmful meme classification. 057

3) Lack of interpretability. Most datasets provide 058

only binary or multi-class labels, offering little in- 059

sight into the reasoning behind model decisions. 060

Although some works introduce limited semantic 061

or contextual annotations, they remain insufficient 062

to support interpretability-oriented research (Hee 063

et al., 2022; Lin et al., 2024). 064

To overcome the limitations of existing datasets, 065

we introduce MemeMind, a new dataset for harm- 066

ful meme understanding that provides three key 067

advantages: (1) Large scale and diversity. Meme- 068

Mind comprises over 40,000 meme samples, which 069

is more than three times the size of leading bench- 070

marks such as ToxiCN_MM (Lu et al., 2024). By 071

spanning five harmful categories, MemeMind en- 072

sures broad semantic coverage and a balanced 073

category distribution. (2) Rigorous and holistic 074

criteria. We established a systematic classifica- 075

tion framework that integrates the internet context 076

with authoritative international standards, such as 077

those from the United Nations Educational, Scien- 078

tific and Cultural Organization (UNESCO) (UN- 079

ESCO, 2023), the Cyberspace Administration of 080

China (CAC) (CAC, 2019), and the Organisa- 081

tion for Economic Co-operation and Development 082
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Figure 1: Examples of categories of harmful memes. Images (a) to (e) are English memes, and (f) to (j) are Chinese
memes, each corresponding to a specific type of harmful content: (a, f) Discrimination, (b, g) Offensive, (c, h)
Violence, (d, i) Vulgar, (e, j) Dissatisfaction.

Figure 2: An annotated example from our dataset. The
meme is harmful due to its offensive and discriminatory
implications. CAPTION reflects the interpretation of
the meme, while REASONING documents the deep
analysis of the meme. Finally, JUDGEMENT provides
the overall classification result: harmful.

(OECD) (OECD, 2021). This framework standard-083

izes the filtering, annotation, and review workflows,084

thereby guaranteeing the quality and consistency085

of the dataset. Representative examples are illus-086

trated in Figure 1. (3) Deep semantic annotations.087

MemeMind incorporates Chain-of-Thought (CoT)088

annotations that simulate human cognitive reason-089

ing, providing robust supervision signals for unrav-090

eling the implicit semantics embedded in memes.091

To fully leverage the rich insights in MemeMind,092

we propose MemeGuard, a reasoning-enhanced093

multimodal detection model. MemeGuard has two094

prominent highlights: (1) Semantic reasoning.095

Leveraging fine-grained Chain-of-Thought (CoT)096

annotations, MemeGuard facilitates high-quality097

reasoning. This CoT-guided mechanism empow-098

ers the model to precisely capture multimodal cues099

and decipher implicit semantics, thereby yielding 100

judgments that are both accurate and interpretable. 101

(2) Outstanding performance. Benefiting from 102

diverse training samples and high-quality annota- 103

tions, MemeGuard demonstrates remarkable gen- 104

eralization capabilities and superior classification 105

performance across various categories of harmful 106

memes. Extensive experiments on the MemeMind 107

dataset indicate that MemeGuard significantly out- 108

performs existing multimodal methods. 109

The main contributions of this paper can be sum- 110

marized as follows: 111

• We present a large-scale harmful meme dataset, 112

MemeMind, featuring a diverse collection of sam- 113

ples, scientifically rigorous detection criteria, and 114

explainable annotations at the Chain-of-Thought 115

level that simulate human reasoning processes. 116

• We propose a reasoning-enhanced harmful 117

meme detection model, MemeGuard, based on vi- 118

sual language model, which significantly improves 119

the performance and interpretability of harmful 120

meme detection. 121

• We conduct extensive experiments on the 122

MemeMind, demonstrating that MemeGuard sig- 123

nificantly outperforms existing approaches and pro- 124

vides a reliable benchmark as well as a reusable 125

framework for future research. 126

2 Related Work 127

Harmful meme detection has emerged as a critical 128

research area for ensuring online and societal safety. 129

The foundation of this field was established by the 130

release of benchmark datasets, including the early 131

FHM dataset (Kiela et al., 2020), content-specific 132
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collections like Harmeme (Pramanick et al., 2021),133

and those designed for broader tasks like MET (Xu134

et al., 2022). While these contributions enriched the135

linguistic and thematic diversity of research, most136

existing datasets suffer from limitations in scale,137

lack unified classification standards, and exhibit138

significant deficiencies in interpretability (Zhang139

et al., 2016; Chao et al., 2018).140

In parallel, detection methodologies have141

evolved from early approaches that relied on sim-142

ple fusion of low-level features (e.g., OCR and ob-143

ject detection) (Pramanick et al., 2021; Shah et al.,144

2024; Burbi et al., 2023; Kumar and Nandaku-145

mar, 2022) to recent advances leveraging vision-146

language models. Modern techniques now employ147

Visual Question Answering (VQA) (Huang et al.,148

2024; Anaissi et al., 2025), image captioning (Lu149

et al., 2024; Koushik et al., 2025; Grasso et al.,150

2024), prompting (Cao et al., 2023b), and retrieval-151

enhanced mechanisms (Sharma et al., 2022) to152

extract deeper semantics. Despite these advance-153

ments, significant limitations persist: memes often154

convey harmful meanings through implicit seman-155

tics, social background knowledge, and cultural ref-156

erences. Most existing approaches lack a detailed157

understanding of these specific contexts, resulting158

in poor performance in complex or ambiguous sce-159

narios scenarios and limited interpretability.160

3 Dataset Construction161

To address the limitations of existing harmful162

meme datasets in terms of scale, classification stan-163

dards, and annotation quality, we construct Meme-164

Mind based on established content governance prin-165

ciples, leveraging public data sources and a rigor-166

ous annotation pipeline. Specifically, we first estab-167

lish a comprehensive and well-defined harmfulness168

taxonomy, formulated with reference to interna-169

tional safety and content management standards.170

Under this framework, we systematically collect171

and integrate social media samples and multiple172

public meme datasets. Guided by the classification173

criterion, we further introduce Chain-of-Thought174

(CoT) annotations to simulate the structured reason-175

ing process of humans in harmfulness assessment,176

enabling fine-grained classification and reasoning-177

based labeling. To ensure annotation reliability, we178

adopt a hybrid quality-control mechanism that com-179

bines multi-model consistency verification with180

manual review and correction, resulting in high-181

quality and trustworthy annotations. The pipeline182

Figure 3: Dataset Construction Process. We defined
scientific standards for harmful meme identification,
applied Chain-of-Thought (CoT) annotations simulat-
ing human reasoning, implemented multi-model cross-
verification for consistency, and performed manual sam-
pling to ensure dataset quality.

of the dataset construction is illustrated in Figure 3. 183

3.1 Definition 184

To establish a comprehensive and credible classifi- 185

cation standard for harmful content, we integrate 186

multi-level guidelines and systematically designed 187

the framework. First, we referenced the content 188

governance guidelines and international standards 189

issued by CAC (CAC, 2019), OECD (OECD, 2021) 190

and UNESCO (UNESCO, 2023) to formulate the 191

initial taxonomy. Second, we thoroughly analyzed 192

and incorporated the content moderation policies 193

of major social media platforms such as Facebook, 194

Twitter, Xiaohongshu and so on, and refining the 195

framework to ensure both practical applicability 196

and cross-platform consistency. Finally, after the 197

preliminary framework was developed, we invited 198

experts in content safety to conduct professional 199

review and optimization, further enhancing the clas- 200

sification criteria. Through the integration of multi- 201

source information and expert participation, we 202

ultimately established a unified, rigorous, and inter- 203

nationally aligned classification system, providing 204

a solid foundation for subsequent data annotation. 205
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Split Nonharmful Harmful Harmful Type Category Total
Cri. Off. Vio. Vul. Sat.

Train 17,234 13,022 1,103 6,276 1,668 3,923 4,695 30,256
Test 7,175 5,792 469 2,715 702 1,725 2,049 12,967

Total 24,409 18,814 1,572 8,991 2,370 5,648 6,744 43,223

Table 1: Statistics of harmful-content distribution. The dataset is split into training and test subsets with a
consistent harmful-to-nonharmful ratio (~0.44:0.56). Harmful memes are further categorized into five non-exclusive
subtypes: Discrimination (Cri.), Offensive (Off.), Violence (Vio.), Vulgar (Vul.), and Dissatisfaction (Sat.).

Building upon this standardized classification206

policy, we categorize harmful content into five dis-207

tinct classes:208

1. Discrimination: Content that expresses prej-209

udice, exclusion, or hostility toward specific iden-210

tity groups (e.g., race, gender, religion, nationality,211

physique, physical disabilities, or LGBTQ+ com-212

munity). Such content typically establishes social213

division based on identity, including derogatory214

remarks, stereotypes, dehumanizing expressions,215

or incitement of antagonism. When identity-based216

bias is the primary target or theme of attack, the217

content is classified as “Discrimination.”218

2. Offensive: Content that insults, mocks, or219

attacks individuals or groups, showing disrespect220

in tone or attitude but not necessarily involving221

identity-based discrimination. References to sensi-222

tive events (e.g., disasters, pandemics, or historical223

tragedies) are considered offensive only when ex-224

pressed in a mocking or disrespectful manner, not225

for neutral or educational purposes.226

3. Violence: Content that directly or indirectly227

encourages or depicts violent behavior.228

4. Vulgar: Content with sexual implications,229

obscenity, nudity, or crude language, including in-230

direct expressions like puns, homophones, or sym-231

bolic use of objects and gestures to imply sexual232

acts or organs. Even without explicit language,233

content that clearly evokes sexual associations is234

considered vulgar.235

5. Dissatisfaction: Refers to content that con-236

veys strong dissatisfaction or hostility through ag-237

gressive satire, malicious mockery, or exaggera-238

tion, exceeding the bounds of reasonable criticism239

and inciting antagonism through inflammatory lan-240

guage. Note that legitimate expressions of opinion241

are not included in this category.242

3.2 Data Collection243

We publicly collected harmful meme samples from244

social media platforms and conducted compliance245

screening to ensure lawful and ethical data usage.246

To further guarantee the scale and diversity of the 247

dataset, we additionally selected and supplemented 248

samples with implicit or metaphorical meanings 249

from five publicly available harmful meme datasets, 250

FHM (Kiela et al., 2020), HarMeme (Praman- 251

ick et al., 2021), MAMI (Fersini et al., 2022), 252

MET (Xu et al., 2022) and ToxiCN-MM (Lu et al., 253

2024). In total, we constructed a dataset containing 254

43,223 images. This dataset covers a wide range 255

of harmful categories, including offense, politics, 256

pandemic, discrimination, and pornography, and 257

maintains comprehensive coverage and high qual- 258

ity through a balanced ratio of positive and negative 259

samples. All data samples were procured through 260

explicit legal authorization or publicly available 261

sources in strict adherence to their respective terms 262

of service, ensuring the legitimacy and ethical stan- 263

dardization of data usage throughout this study. 264

3.3 Data Annotation and Review 265

During the dataset construction process, to ensure 266

rigor, efficiency, and consistency, we established a 267

systematic workflow that integrates model-based 268

pre-annotation with manual review and correction 269

by a professionally trained team. An example of 270

the annotation is illustrated in Figure 2. 271

Annotation. Human cognition in harmful meme 272

assessment typically follows four core stages:(1) 273

defining the criteria for harmful content; (2) inter- 274

preting visual and textual information; (3) com- 275

paring and reasoning over the interpreted results 276

against the harmfulness criteria; and (4) making 277

the final harmfulness judgment. To emulate this 278

cognitive process, we first conducted systematic 279

model evaluation and selected GPT-4o as the pri- 280

mary annotation tool to generate initial Chain-of- 281

Thought (CoT) annotations. The annotation cov- 282

ers meme caption interpretation, subcategory-level 283

harmfulness reasoning and judgment, as well as 284

overall harmfulness determination, where subcat- 285

egory reasoning and textual understanding jointly 286

contribute to the final decision. During the annota- 287
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Category (a) (b) (c) (d)

Meme Samples

Original Label Harmful Harmful Nonharmful Nonharmful

Reasons for
Misclassification

nonharmful: uses absurd,
self-deprecating humor to
mock DIY "protection" with
plastic bottles — pure
pandemic-era internet fun.

nonharmful: factually
recalls the GOP’s 1854
founding to oppose slavery
expansion; neutral and
educational, not provocative.

harmful: uses the absence
of breasts as a punchline,
reinforcing body-shaming
and gender stereotypes.

harmful: contrasts Assange
and Zuckerberg to accuse
society of hypocrisy over
data disclosure, thus
politically charged.

Table 2: Illustrations of memes misclassified by the model and the underlying causes.

tion process, the model was guided to reason and288

annotate strictly following the above four stages.289

Detailed prompt instructions are provided in the290

Appendix B.291

Review. To further ensure the accuracy and con-292

sistency of annotations, we design and adopte a293

dual quality control mechanism integrating cross-294

model consistency verification and human review295

with annotation correction. First, based on the296

preliminary annotation results generated by GPT-297

4o, to avoid potential biases in its labeling stance,298

we additionally introduced two models, Qwen3-299

VL-Plus and Claude3.5-Sonnet, to conduct cross-300

model consistency verification in accordance with301

predefined classification criteria. Second, for data302

with reasonably consistent verification results, man-303

ual sampling review is conducted: those that passed304

the review were directly included in the dataset,305

while unqualified samples were incorporated only306

after human annotation correction. For data with307

unreasonably consistent verification results, all308

samples were added to the dataset only after under-309

going human annotation correction, resulting in a310

complete dataset. Table 1 presents the detailed data311

distribution of the dataset.312

To validate the annotation quality of the dataset,313

we randomly selected 1,000 samples from this314

large-scale dataset for consistency evaluation and315

adopted the Fleiss’ Kappa coefficient, an industry-316

standard metric suitable for assessing the reliability317

of categorical labeling among multiple annotators,318

to quantify inter-annotator agreement. The results319

show that the Kappa value reaches 0.74, indicat-320

ing strong consistency in the annotation results and321

fully confirming the rigor and reliability of the an-322

notation work for this dataset. Table 2 presents 323

the unreasonable annotation examples encountered 324

during the annotation process. 325

4 Methodology 326

To address the critical challenge of accurately 327

identifying implicit meme semantics, we propose 328

MemeGuard, a reasoning-oriented framework for 329

harmful meme detection (illustrated in Figure 4). 330

The framework achieves high-performance detec- 331

tion through three progressive stages: (1) the Vi- 332

sual Enhancement stage establishes a solid foun- 333

dation for multimodal understanding; (2) the Rea- 334

soning Alignment stage standardizes the model’s 335

Chain-of-Thought (CoT) logic; (3) the Reason- 336

ing Enhancement stage further refines reasoning 337

quality, thereby enabling accurate and interpretable 338

harmful meme detection. 339

4.1 Stage 1: Visual Enhancement 340

To unravel the intricate and implicit semantics em- 341

bedded in harmful memes, MemeGuard initially 342

focuses on the multimodal model’s visual represen- 343

tation. Specifically, we optimize the visual encoder 344

by minimizing the cross-entropy loss between the 345

generated captions and the ground-truth annota- 346

tions from the MemeMind dataset. This alignment 347

process facilitates the establishment of precise se- 348

mantic correspondences, enabling a fine-grained 349

interpretation of visual cues and ensuring consis- 350

tency with high-level meme semantics. 351

4.2 Stage 2: Reasoning Alignment 352

Building upon the Visual Enhancement stage, we 353

conduct targeted harmfulness reasoning fine-tuning 354
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Figure 4: Illustration of MemeGuard. In the Visual Enhancement stage, the model is trained with caption
data to enhance its visual understanding capability. In the Reasoning Alignment stage, Chain-of-Thought (CoT)
annotations and binary labels are used to align the model’s reasoning patterns. In the Reasoning Enhancement
stage, GRPO framework is applied using data from the previous stage, together with specifically designed reward
functions, to further improve the model’s reasoning quality and classification performance.

to refine the model’s reasoning paradigms and bol-355

ster its detection efficacy. During this stage, we356

leverage two complementary data modalities from357

MemeMind: (1) Chain-of-Thought (CoT) anno-358

tated instances, which guide the model in distilling359

coherent, human-centric reasoning trajectories; and360

(2) binary-labeled samples, aimed at augmenting361

the model’s discriminative prowess in harmfulness362

classification. Specifically, while a standard cross-363

entropy loss governs the classification task, the364

CoT annotations provide an auxiliary supervision365

signal to regularize the reasoning process, thereby366

ensuring logical consistency and rigor.367

4.3 Stage 3: Reasoning Enhancement368

Building upon the foundational reasoning capabil-369

ities acquired in the previous stages, we further370

bolster the model through a reinforcement learning371

paradigm. Unlike conventional Supervised Fine-372

Tuning, which restricts the model to mimetic learn-373

ing of pre-defined reasoning steps, Reinforcement374

Learning facilitates the autonomous exploration375

of superior logic paths. By employing the Group376

Relative Policy Optimization (GRPO) framework377

for multi-task joint fine-tuning, we transition from378

passive replication to proactive optimization, en-379

suring more robust, deep, and stable reasoning in380

harmfulness detection.381

Specifically, we incorporate both categories of382

fine-tuning data from the Reasoning Alignment383

phase and engineer a gated composite reward mech-384

anism for training, which consists of three core385

components: semantic similarity reward rsem, sub- 386

category harmfulness reward rsub and overall harm- 387

fulness reward rfin. The total reward of the mecha- 388

nism is defined as: 389

rtotal = α rsem + β rsub + γ rfin, (1) 390

For rsem, we extract the meme understand- 391

ing caption from the generated reasoning chain 392

and employ a combination of BLEU (Pap- 393

ineni et al., 2002), ROUGE (Lin, 2004), and 394

BERTScore (Zhang et al., 2020) metrics to evalu- 395

ate the semantic alignment between the generated 396

and reference captions. This mechanism enhances 397

the model’s capability in multimodal content un- 398

derstanding. For rsub, we parse the predictions for 399

fine-grained harmful subcategories from the rea- 400

soning chain and assign a binary reward to each. 401

The final rsub is calculated as the mean of these in- 402

dividual rewards. This component promotes model 403

interpretability by providing a reliable, granular 404

basis for the final harmfulness determination. For 405

rfin, we assess the consistency between the final 406

judgment in the reasoning chain and the ground- 407

truth label, assigning a binary reward accordingly. 408

Crucially, this reward is applicable even to samples 409

with only binary annotations, thereby ensuring the 410

reliability of the overall reasoning process. 411

During training, we implement a gated reward 412

strategy: rtotal is computed only when rfin = 1. 413

Otherwise, rtotal is set to 0. This constraint forces 414

the model to align its reasoning logic with accurate 415

classification outcomes. 416
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Method MemeMind

Accuracy Precision Recall F1

Single-Modality CLIP Text-Only 74.14 75.54 56.92 61.20
CLIP Image-Only 80.25 79.47 71.74 74.20

Multi-Modality

CLIP Image+Text 80.81 80.81 71.06 74.26
VisualBERT_COCO 63.21 63.95 63.48 63.72

Pro-Cap 75.58 78.09 78.76 78.44
ISSUE 82.54 83.09 74.80 78.72

MemeCLIP 79.18 80.48 78.98 79.72
Qwen2.5-VL-32B⋄ 78.44 81.22 63.25 71.11
GLM-4.6V-Flash⋄ 77.99 82.14 58.02 68.00

Our Method MemeGuard 86.25 83.25 85.29 84.26

Table 3: Performance of Single-Modality methods, Multi-Modality methods and General-Purpose Vision-Language
models on MemeMind. ⋄ indicates direct evaluation on MemeMind without fine-tuning. The models trained with
Qwen2.5-VL-7B-Instruct outperform existing baselines in terms of overall performance.

5 Experiments417

5.1 Experimental Setup418

Baselines. In addition to systematically evaluat-419

ing our proposed enhanced harmful content detec-420

tion framework on the MemeMind dataset, we con-421

ducted a comprehensive performance comparison422

with a variety of baseline models. The experiments423

are organized into two groups: Single-Modality424

Group, where the CLIP model is applied indepen-425

dently to the text and image modalities; Multi-426

Modality Group, whcih includes not only our pro-427

posed detection framework but also several repre-428

sentative multimodal methods, such as CLIP (Rad-429

ford et al., 2021), Pro-Cap (Cao et al., 2023a), IS-430

SUES (Xu et al., 2024), MemeCLIP (Shah et al.,431

2024), and VisualBERT_COCO (Li et al., 2019),432

along with several Vision-Language Models.433

Evaluation strategy. We use Accuracy, Precision,434

Recall, and Macro F1-score as the primary evalua-435

tion metrics to comprehensively assess the perfor-436

mance of our harmful meme detection framework.437

5.2 Implementation details438

Considering both efficiency and performance, we439

select Qwen2.5-VL-7B-Instruct (Bai et al., 2025)440

as the foundational model to assess MemeGuard’s441

effectiveness. We split the MemeMind dataset into442

training and test sets with a 7:3 ratio in a stratified443

manner, maintaining a consistent class distribution444

across both sets.445

In the Visual Enhancement stage, we apply full-446

parameter fine-tuning to both the visual encoder447

and language decoder. Subsequently, in the Rea-448

soning Alignment stage, we utilize LoRA to fine-449

tune the visual encoder and language backbone.450

Finally, during the Reasoning Enhancement stage,451

Training Stage Acc. Prec. Rec. F1

w/o Stage 1 84.81 81.47 83.82 82.63
w/o Stage 3 83.48 78.25 85.12 81.54
MemeGuard 86.25 83.25 85.29 84.26

Table 4: Impact of different training stages on the final
detection performance.

we conduct GRPO fine-tuning leveraging LoRA. 452

Further implementation details are provided in the 453

Appendix E. 454

5.3 Experimental Results 455

Table 3 presents the performance comparison re- 456

sults of various single-modality methods, multi- 457

modality methods, and Vision-Language Models 458

(VLMs) on the MemeMind dataset: (1) Single- 459

modality methods. Among single-modality base- 460

lines, the text-only model performs the weakest, 461

while the image-only variant shows modest im- 462

provement—indicating that visual cues convey 463

richer semantic information than text alone. Nev- 464

ertheless, single-modality approaches remain fun- 465

damentally limited due to their inability to model 466

the deep interactions between visual and textual 467

elements. (2) Multi-modality methods. Multi- 468

modal methods, which jointly encode visual and 469

textual features, achieve significantly better per- 470

formance. Models such as ProCap, ISSUE, and 471

MemeCLIP attain relatively high F1 scores, validat- 472

ing the effectiveness of multimodal fusion. How- 473

ever, they still struggle to maintain stable and 474

reliable performance when dealing with harmful 475

memes involving metaphor, cultural references, or 476

complex contextual semantics. (3) VLMs. Even 477

advanced general-purpose vision-language models 478

still fall short in harmful meme detection tasks with- 479

out task-specific adaptation: both Qwen2.5-VL- 480
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Training Data Acc. Prec. Rec. F1

Label Only 79.96 76.66 76.91 76.78
CoT + Label 86.25 83.25 85.29 84.26

Table 5: Performance comparison between models
trained with binary labels only and those incorporat-
ing CoT annotations.

32B (Bai et al., 2025) and GLM-4.6V-Flash (Zeng481

et al., 2024) have lower comprehensive metrics482

than some specialized multimodal methods, and483

their F1-scores are suboptimal, which reflects that484

the performance of current such models on this task485

still has room for improvement.486

In comparison, MemeGuard not only achieves487

comprehensive superiority across overall evalua-488

tion metrics but also demonstrates an exceptional489

balance between precision and recall, reflecting its490

strong understanding and reasoning capability and491

outstanding detection performance.492

5.4 Ablation study493

In this section, we evaluate the effectiveness of each494

stage , as well as the impact of Chain-of-Thought495

(CoT) annotated data within MemeMind. For all496

ablation studies, we maintain the same training con-497

figurations as described in the previous sections.498

Ablation on Training Stages: As Stage 2 es-499

tablishes the foundational reasoning paradigm, we500

keep it fixed to isolate and assess the impact of501

the other stages. To evaluate the contribution of502

Stage 1, we compare the variant excluding Stage 1503

against the full MemeGuard model. The detection504

results in Table 4 reveal that, compared to the full505

model, removing Stage 1 leads to a significant de-506

cline in multiple core metrics. This indicates that507

Stage 1 is pivotal for deepening the semantic un-508

derstanding of memes. Furthermore, to assess the509

efficacy of Stage 3, we compare the variant without510

Stage 3 against the full MemeGuard framework.511

The performance decay upon removing Stage 3512

underscores that reinforcement learning is essen-513

tial for transcending the limitation of supervised514

learning, thereby regularizing reasoning stability515

through proactive logic exploration.516

Ablation on Training Data: To evaluate the517

effectiveness of Chain-of-Thought (CoT) annota-518

tions, we maintain the Stage 1 settings and train the519

model using only label data in Stages 2 and 3. This520

variant is then compared against the full Meme-521

Guard model, which is trained using both CoT an-522

notations and labels.. The results in Table 5 clearly523

Backbone Acc. Prec. Rec. F1

LLaVA-1.5-7B-HF
- Zero-shot 60.96 64.40 20.91 31.57
- MemeGuard 84.85 82.44 82.38 82.42

InternVL3-8B
- Zero-shot 77.16 76.35 68.05 71.20
- MemeGuard 85.96 84.96 81.92 83.41

Qwen2.5-VL-7B
- Zero-shot 71.62 66.12 69.99 68.00
- MemeGuard 86.25 83.25 85.29 84.26

Table 6: Performance evaluation of MemeGuard across
different VLM backbones.

demonstrate that when the model is trained solely 524

with binary labels, its F1 score drops significantly. 525

In contrast, incorporating CoT annotations during 526

training leads to a notable performance improve- 527

ment. These findings suggest that the supervision 528

provided by CoT annotations in MemeMind effec- 529

tively enhances the model’s generalization ability 530

and decision accuracy. 531

5.5 Generalization Analysis 532

To evaluate the extensibility of MemeGuard, 533

we conduct experiments across various multi- 534

modal model backbones, including LLaVA-1.5-7B- 535

HF (Liu et al., 2024) and InternVL3-8B (Zhu et al., 536

2025). As illustrated in Table 6, MemeGuard yields 537

consistent performance gains across all models, 538

demonstrating its robustness and broad applicabil- 539

ity as a model-agnostic solution for harmful meme 540

analysis and detection. 541

6 Conclusion 542

In this work, we present MemeMind, a first large- 543

scale harmful meme dataset constructed with rigor- 544

ous and systematic classification standards. Com- 545

prising over 40,000 samples spanning diverse harm- 546

ful categories, each instance is accompanied by de- 547

tailed reasoning explanations, laying a solid foun- 548

dation for interpretable and robust detection. To 549

fully leverage the potential of MemeMind, we pro- 550

pose MemeGuard, a detection model that integrates 551

high-quality reasoning capabilities to significantly 552

enhance performance. Extensive experiments on 553

MemeMind demonstrate the superiority of Meme- 554

Guard over state-of-the-art baselines. We believe 555

this reasoning-oriented paradigm offers a promis- 556

ing direction for future developments in the field. 557
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7 Limitations558

While the MemeMind dataset and MemeGuard pro-559

vide a novel foundation and research direction for560

harmful meme detection, several limitations remain561

to be addressed in future work.562

Data Scale and Diversity. Although Meme-563

Mind consolidates samples from various social564

platforms, the overall scale of the dataset is still565

relatively modest compared to the vast and rapidly566

evolving landscape of online content. Further ex-567

pansion is required to encompass a broader spec-568

trum of harmful categories and cultural contexts to569

enhance the dataset’s depth and breadth.570

Methodological Refinement. Although our571

method achieves state-of-the-art (SOTA) perfor-572

mance on the MemeMind benchmark, there re-573

mains significant room for improvement in detec-574

tion accuracy. Furthermore, the interpretability of575

the model’s reasoning process and its generaliza-576

tion capability to out-of-distribution (OOD) memes577

require more rigorous optimization and validation.578

8 Ethical Considerations579

Although the MemeMind dataset and MemeGuard580

have laid a solid foundation for the advancement of581

harmful meme detection and charted future direc-582

tions, it is essential to address the accompanying583

ethical considerations.584

Sensitive Content and Data Privacy. Due to585

the nature of this research on harmful meme de-586

tection, the MemeMind dataset and its examples587

presented in this paper inevitably contain offensive,588

hateful, or graphically disturbing content. We have589

included a WARNING at the beginning of the pa-590

per to alert readers. Regarding privacy protection,591

we have taken rigorous steps to minimize the risk of592

exposing Personally Identifiable Information. Our593

analysis relies on publicly available data where the594

subjects are predominantly public figures.595

Potential Risks and Mitigation. We acknowl-596

edge potential risks associated with deploying au-597

tomated detection systems. (1) Bias and Fair-598

ness. Despite our best efforts to maximize dataset599

scale and annotation quality, and to enhance the600

model’s performance, generalization, and robust-601

ness against data bias, false positives may still602

occur in edge cases. Therefore, we recommend603

deploying this model as an assistive tool for hu-604

man moderators rather than as a fully autonomous605

decision-maker. (2) Dual Use. There is a potential606

risk that adversarial actors could exploit our detec-607

tion framework to reverse-engineer sequences that 608

evade safety filters. However, we believe that the 609

benefits of open-sourcing defense mechanisms to 610

the research community outweigh this risk. 611

Annotator Well-being. Recognizing the psy- 612

chological impact of reviewing harmful content, 613

we ensured that the validation process involving 614

human annotators followed strict protocols, includ- 615

ing clear warnings and voluntary participation. 616
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A Data Collection796

In the dataset construction phase, we extensively797

harvested and curated memes from various social798

media platforms to ensure real-world relevance. To799

further guarantee adequate scale and diverse rep-800

resentation, we integrated selected samples from801

five prominent publicly available harmful meme802

benchmarks: FHM, HarMeme, MAMI, MET, and803

ToxiCN-MM. The detailed characteristics of each804

constituent dataset are summarized as follows:805

FHM: Introduced by Facebook AI, the FHM806

dataset is a multimodal benchmark for hate speech807

detection, containing 10,000 annotated text-image808

memes.809

HarMeme: The HarMeme is a dataset for harm-810

ful meme detection. It contains 7,096 memes re-811

lated to U.S. politics (Harm-P) and the COVID-19812

pandemic (Harm-C), annotated for harmfulness in-813

tensity and target groups.814

MET: The MET-Meme dataset includes 10,045815

text-image pairs in English and Chinese, annotated816

for metaphor usage, sentiment, and offensiveness 817

(0–3 scale). 818

MAMI: The MAMI dataset (Multimedia Auto- 819

matic Misogyny Identification), introduced as part 820

of SemEval-2022 Task 5, contains 11,000 care- 821

fully curated text–image memes designed for fine- 822

grained misogyny detection. 823

ToxiCN MM: The ToxiCN-MM is the first Chi- 824

nese dataset for harmful meme detection, contain- 825

ing 12,000 text-image pairs annotated with cultur- 826

ally relevant labels. 827

This appendix provides a comprehensive descrip- 828

tion of the data collection process, licensing com- 829

pliance, copyright protection strategies, and ethical 830

handling of sensitive content for the construction 831

of our harmful meme dataset. 832

A.1 Compliance Screening and Copyright 833

Protection 834

To ensure legitimacy and prevent copyright viola- 835

tions or misuse of proprietary media, we followed 836

a multi-stage compliance workflow during dataset 837

construction: 838

1. Source verification: Only samples from 839

legally licensed sources or platforms permit- 840

ting research and academic reproducibility 841

were retained. 842

2. Copyright clearance: Images containing ex- 843

plicit copyright information (e.g., watermarks, 844

logos, licensed characters, or other identifi- 845

able proprietary visual elements) and lacking 846

clearly permissible research-use rights were 847

systematically identified and excluded. 848

3. Traceability tracking: Each sample was as- 849

signed a unique ID linking to its source URL 850

or dataset ID to ensure transparent provenance 851

and auditability. 852

4. Fair-use compliance: Screenshots or images 853

from external media were filtered according to 854

fair-use policies restricting quotation, transfor- 855

mation, and non-commercial academic usage. 856

A.2 Ethical Approval and Data Usage 857

Declaration 858

This dataset was constructed exclusively for aca- 859

demic research in safety-aligned multimodal ma- 860

chine learning. All samples were obtained from 861

legally authorized or publicly compliant sources, 862

and the dataset does not contain personally iden- 863

tifiable information or violate privacy rights. The 864
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use, storage, and access of sensitive content follow865

strict ethical research protocols.866

Overall, the dataset collection and preprocess-867

ing strictly adhere to established legal, copyright,868

and ethical norms. These comprehensive measures869

ensure that our dataset is legitimate, responsibly870

curated, and fully suitable for rigorous research on871

multimodal harmful meme detection.872

B Data Annotation Details873

In general, human recognition and reasoning fol-874

lows a structured and logical process when address-875

ing complex problems. Typically, individuals begin876

by identifying the scope and nature of the problem,877

developing a comprehensive understanding of its878

context and underlying structure. Based on this879

understanding, they decompose the problem into880

smaller, manageable components and engage in881

step-by-step reasoning guided by prior knowledge882

and contextual cues. Eventually, they arrive at a883

well-informed judgment or conclusion through this884

analytical process.885

Inspired by this human-like reasoning paradigm,886

we designed a standardized annotation format for887

harmful memes. This format aims to reflect the888

multi-step cognitive process humans use when889

identifying harmful content, thereby enhancing the890

model’s interpretability and reasoning capability891

in a more human-aligned manner. To operational-892

ize this idea, we break down each annotation into893

four clearly defined sections: QUESTION, CAP-894

TION, REASONING, and JUDGEMENT. Each895

component mirrors a specific stage in the human896

decision-making process, from problem formula-897

tion to final conclusion. Below, we explain the898

purpose and structure of each section in detail:899

QUESTION: To judge whether this meme is900

harmful, we need to analyze it based on the fol-901

lowing five aspects: 1. Discrimination: Content902

that expresses prejudice, exclusion, or hostility to-903

ward specific identity groups (e.g., race, gender,904

religion, nationality, physique, physical disabilities,905

or LGBTQ+ community). Such content typically906

establishes social division based on identity, includ-907

ing derogatory remarks, stereotypes, dehumanizing908

expressions, or incitement of antagonism. When909

identity-based bias is the primary target or theme910

of attack, the content is classified as “Discrimina-911

tion.”. 2. Offensive: Content that insults, mocks, or912

attacks individuals or groups, showing disrespect913

in tone or attitude but not necessarily involving914

identity-based discrimination. References to sensi- 915

tive events (e.g., disasters, pandemics, or historical 916

tragedies) are considered offensive only when ex- 917

pressed in a mocking or disrespectful manner, not 918

for neutral or educational purposes. 3. Violence: 919

Includes content that directly or indirectly encour- 920

ages, depicts, or glorifies physical violence (e.g., 921

fighting, weapons, gore), as well as verbal violence, 922

such as the use of profanity, slurs, insults, or curses 923

to attack or demean individuals or groups. 4. Vul- 924

gar: Content with sexual implications, obscenity, 925

nudity, or crude language, including indirect ex- 926

pressions like puns, homophones, or symbolic use 927

of objects and gestures to imply sexual acts or or- 928

gans. Even without explicit language, content that 929

clearly evokes sexual associations is considered 930

vulgar. 5. Dissatisfaction: Refers to content that 931

conveys strong dissatisfaction or hostility through 932

aggressive satire, malicious mockery, or exaggera- 933

tion, exceeding the bounds of reasonable criticism 934

and inciting antagonism through inflammatory lan- 935

guage. Note that legitimate expressions of opinion 936

are not included in this category. For each category, 937

determine if it applies to the content. If a category 938

does not apply, explicitly state ’Not applicable.’ 939

CAPTION: Extract the underlying meaning be- 940

hind the text description, including relevant back- 941

ground information, character-related information, 942

homophonic or implicit information, and any other 943

contextual cues necessary for comprehensive un- 944

derstanding. 945

REASONING: Provide a step-by-step reason- 946

ing process based on the information extracted in 947

the CAPTION section and your prior knowledge. 948

For each of the five aspects listed in the QUES- 949

TION, analyze whether the content fits into that 950

category. Use logical explanations and examples 951

to support your reasoning. 952

JUDGEMENT: Based on the information above 953

to give your own judgment. The judgment must 954

be strictly in the format: ’The image’s label is 955

harmful.’ OR ’The image’s label is nonharmful.’ 956

C Data Annotation Examples 957

To further illustrate the annotation process and la- 958

beling criteria, this section provides several anno- 959

tated examples of memes. As shown in Figure 5, 960

the examples include both harmless and harmful 961

cases. These instances clearly demonstrate how 962

our annotation workflow interprets the meaning of 963

different meme contents and conducts careful rea- 964
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(a) Harmless (b) Harmful: Discrimination

(c) Harmful: Dissatisfaction (d) Harmful: Vulgar

(e) Harmful: Violence (f) Harmful: Offensive

Figure 5: Illustrates several annotated examples from our MemeMind dataset, covering both harmless and harmful
cases, as well as different types of harmful content. These include: (b) Discrimination, (c) Dissatisfaction, (d)
Vulgar, (e) Violence, (f) Offensive.
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(a) (b)

(c) (d)

Figure 6: Visualization examples of the model’s output on our benchmark dataset. The selected cases include both
harmful (a, b) and harmless (c, d) memes, encompassing content in both Chinese and English. These examples
demonstrate the model’s ability to detect the harmfulness of memes in multilingual and multicultural contexts, as
well as its capacity to understand and reason about their content.

soning and analysis of their harmfulness based on965

five classification criteria.966

In our annotation pipeline, GPT-4o acts as the967

main annotator. It is first given clear definitions968

of five harmful content categories: Discrimination,969

Offensiveness, Violence, Vulgar, and Dissatisfac-970

tion. Based on these definitions, the model starts971

by interpreting the meme in the CAPTION sec-972

tion—explaining its text, visuals, background, and973

any cultural or linguistic cues.974

Next, in the REASONING section, the model975

analyzes whether the meme fits any of the harmful976

categories, using a step-by-step logic based on its977

understanding.978

Finally, in the JUDGEMENT section, the979

model gives a clear decision: if the meme meets980

any harmful criteria, it is labeled as harmful; oth-981

erwise, it is harmless. This structured process re-982

flects human-like reasoning and enhances the inter-983

pretability of the annotation results.984

D Visualization of Model Outputs985

To provide a clearer understanding of our model’s986

performance and decision-making process, we987

present several visualized examples of annotated988

memes in Figure 6. These cases illustrate the 989

model’s binary classification of memes as either 990

harmful or harmless, and demonstrate its Chain- 991

of-Thought analysis through the stage of caption, 992

reasoning and judgement. 993

First, in the caption stage, we analyze both the 994

textual and visual components of the meme to ex- 995

tract relevant information, including sociocultural 996

context, situational context, wordplay (e.g., homo- 997

phones), and relationships between elements. Sub- 998

sequently, during the reasoning phase, we conduct 999

inference across five categories (Discrimination, 1000

Offensiveness, Violence, Vulgarity and Dissatisfac- 1001

tion) based on our predefined harmfulness detec- 1002

tion criteria, leveraging the previously extracted 1003

meme information. 1004

E Experiments 1005

To comprehensively evaluate the performance of 1006

the proposed harmful meme detection framework, 1007

we employ four widely adopted classification met- 1008

rics: Accuracy, Precision, Recall, and Macro F1- 1009

score. Collectively, these metrics characterize the 1010

model’s overall correctness, its sensitivity to harm- 1011

ful content, the reliability of its harmful predictions, 1012

and its balanced performance across disparate cate- 1013
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gories. We observed consistent performance across1014

repeated evaluations on the test set, verifying the1015

robustness and stability of MemeGuard. Further-1016

more, we elaborate on the specific implementation1017

details and hyperparameter configurations utilized1018

during the training phase.1019

E.1 Accuracy1020

Accuracy measures the proportion of correctly clas-1021

sified samples among all samples:1022

Accuracy =
TP + TN

TP + TN + FP + FN
(2)1023

where TP , TN , FP , and FN denote true posi-1024

tives, true negatives, false positives, and false nega-1025

tives, respectively.1026

E.2 Precision1027

Precision quantifies the correctness of positive pre-1028

dictions by evaluating the proportion of samples1029

predicted as harmful that are indeed harmful:1030

Precision =
TP

TP + FP
(3)1031

E.3 Recall1032

Recall reflects the model’s ability to retrieve harm-1033

ful memes by measuring the proportion of correctly1034

identified harmful samples among all harmful sam-1035

ples:1036

Recall =
TP

TP + FN
(4)1037

E.4 Macro F1-score1038

Macro F1-score assesses the balanced performance1039

across categories and remains insensitive to class1040

imbalance. It computes the F1-score per class and1041

then averages across all classes:1042

Macro F1 =
1

C

C∑
i=1

2 · Precisioni · Recalli
Precisioni + Recalli

(5)1043

where C is the number of classes.1044

E.5 Training Details1045

Visual Enhancement. In the Visual Enhancement1046

stage, We train the model using four RTX 40901047

GPUs, and perform full-parameter fine-tuning on1048

both the visual encoder and the language decoder1049

to enhance the model’s ability to interpret the vi-1050

sual semantics of harmful memes. In this stage,1051

we train on all caption annotations from the Chain-1052

of-Thought (CoT) annotated data of MemeMind1053

dataset to maximize the model’s visual–textual un- 1054

derstanding capability. We ensure correct gradi- 1055

ent backpropagation under gradient checkpointing, 1056

which effectively reduces GPU memory consump- 1057

tion and supports large-model optimization. The 1058

model is trained in full-parameter mode to fully 1059

strengthen its visual representation capacity under 1060

large-scale data. We adopt a batch size of 8 with a 1061

gradient accumulation step of 8, train for 1 epoch, 1062

and use a learning rate of 1× 10−4. Optimization 1063

is performed using the AdamW optimizer. Both 1064

gradient checkpointing and gradient accumulation 1065

are enabled to improve computational efficiency. 1066

Reasoning Alignment. In the Reasoning Align- 1067

ment stage, We train the model using four RTX 1068

4090 GPUs, and further optimize the model to learn 1069

structured reasoning patterns for harmful meme un- 1070

derstanding. Building upon the enhanced visual 1071

encoder obtained in the Visual Enhancement stage, 1072

we adopt LoRA-based lightweight fine-tuning in- 1073

stead of full-parameter updates to improve training 1074

efficiency and reduce overfitting. LoRA is applied 1075

with a rank of 64, a scaling factor (lora_alpha) of 1076

16, and a dropout rate of 0.05. The LoRA adapters 1077

are injected into the projection layers of the lan- 1078

guage model, including q_proj, k_proj, v_proj, 1079

o_proj, gate_proj, up_proj, and down_proj, 1080

while the visual module and lm_head are pre- 1081

served as modules to save to ensure effective visual– 1082

text interaction during reasoning learning. The 1083

model is trained with a per-device batch size of 8 1084

and gradient accumulation steps of 8 for 2 epoch, 1085

using a learning rate of 1× 10−4. Gradient check- 1086

pointing is enabled to reduce GPU memory con- 1087

sumption, and AdamW is used as the optimizer. 1088

Reasoning Enhancement. In the Reasoning En- 1089

hancement stage, we train the model using four 1090

A800 80GB SXM GPUs, and adopt GRPO-based 1091

reinforcement learning to further enhance the 1092

model’s reasoning capability for harmful meme 1093

understanding. Starting from the checkpoint of the 1094

Reasoning Alignment stage, we utilize the Swift 1095

RLHF framework with the GRPO optimization 1096

paradigm, allowing multi-sample generation. We 1097

apply LoRA-based parameter-efficient finetuning 1098

with a rank of 64 and lora_alpha of 32, inject- 1099

ing LoRA adapters into all linear layers of the 1100

model without modifying the full backbone. A 1101

per-device batch size of 8 with gradient accumula- 1102

tion steps of 8 is used for 1 epoch, with a learning 1103

rate of 1 × 10−5. Eight responses are generated 1104

per prompt during training to support group-based 1105
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reward sampling in GRPO. The temperature is set1106

to 1 and log_completions is enabled throughout1107

training. Gradient checkpointing is employed to re-1108

duce memory consumption. The training runs with1109

bfloat16 precision. This reinforcement learning1110

stage significantly improves the model’s ability to1111

produce coherent, consistent, and task-aligned rea-1112

soning for harmful meme analysis.1113
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