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Abstract001

Short videos have become a dominant online002
medium, where harmful content is increasingly003
conveyed implicitly and fragmentedly. Prior004
work largely focuses on explicit categories (e.g.,005
violence, hate speech) and often fails to detect006
videos that subtly promote misleading values007
through narrative context, emotional framing,008
or cross-modal cues, largely due to the lack of009
dedicated benchmarks for implicit harm. To010
bridge this gap, we construct DeepHarm-7K, a011
large-scale harmful short video dataset compris-012
ing 7,110 samples with annotations guided by a013
fine-grained harmful content taxonomy, which014
systematically incorporates implicitly harmful015
videos across diverse real world scenarios un-016
der multi-dimensional quality control. Building017
on DeepHarm-7K, we propose DeepHarm-VL,018
a multimodal detection framework integrating019
visual, audio, and cross-modal reasoning. It020
employs a two-round reasoning strategy to cap-021
ture implicit semantics without task-specific022
fine-tuning, while remaining compatible with023
closed-source multimodal models. Experimen-024
tal results show consistent improvements over025
strong baselines and state-of-the-art methods,026
demonstrating effectiveness in detecting both027
explicit and implicit harmful short videos.028

WARNING: The paper contains content that029

may be offensive and disturbing in nature.030

1 Introduction031

With the rise of mobile internet and algorithmic032

recommendation systems (Kaye et al., 2021; Zhao033

et al., 2019), short videos have become a dominant034

medium for information consumption and social035

interaction (Zheng, 2023; Tian et al., 2023). Their036

rapid spread and fragmented, high-frequency view-037

ing enable efficient value transmission, but also am-038

plify the impact of problematic content (Sap et al.,039

2019; MacAvaney et al., 2019). As a result, short040

video platforms have become key arenas where041

Figure 1: An example of an implicitly harmful video:
its screen text (about pregnancy) aligns with the audio
(framing departure) and visual content (a turtle entrust-
ing a stick to a confused squirrel), to subtly convey
problematic relationship values—framing pregnancy as
a reason to avoid responsibility and normalize abandon-
ment in intimate bonds.

social norms and public values are shaped and con- 042

tested (Carnegie UK, 2022; Keller, 2021), making 043

harmful content detection a critical and challeng- 044

ing research problem. Representative examples are 045

shown in Figure 1. 046

Currently, human review remains essential for 047

detecting implicit harmful content (Gillespie, 2018; 048

Gerrard, 2020; Raji et al., 2020), but its limitations 049

constrain effective moderation. Three key bottle- 050

necks remain: limited scalability due to time con- 051

suming reviews, high cost and subjectivity caused 052

by reviewer variability and fatigue, and weak recog- 053

nition of implicit harm, as content without explicit 054

violations—such as entertainment-oriented histori- 055

cal portrayals or aestheticized negative characters 056

lacks unified standards. Consequently, human re- 057

view alone is insufficient to reliably control implicit 058

harmful content. 059

Research on automated detection of harmful 060

short videos has grown rapidly (Ramzan et al., 061

2019; Perez et al., 2017; Qi et al., 2023; Das et al., 062
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2023), yet the field remains constrained by inter-063

twined challenges at both data and method levels,064

limiting overall detection capabilities: (1) Limi-065

tations of existing taxonomies: Current harmful066

content classification systems are relatively rigid067

and mainly focus on explicit categories such as vi-068

olence, pornography, and hate speech. As a result,069

implicit value-oriented harm such as entertainment-070

driven reinterpretations of historical figures, aes-071

theticized negative roles, or nihilistic narratives is072

largely overlooked, lacking systematic definitions,073

fine-grained categorization, and targeted detection074

research, despite its subtle yet influential impact on075

users’ perceptions (Zhou and Zafarani, 2020; Ban-076

dura, 2002; Aretoulakis, 2008; Breazu, 2023). (2)077

Dataset and benchmark deficiencies: Existing078

datasets are limited in both scale and content diver-079

sity, and are predominantly collected from single080

platforms (Vidgen and Derczynski, 2020). Conse-081

quently, they fail to adequately reflect the diversity,082

realism, and complex dynamics of real-world short-083

video ecosystems, thereby hindering the construc-084

tion of reliable and comprehensive benchmarks for085

evaluating models on implicit harmful content. (3)086

Method limitations: Constrained by such datasets,087

existing detection methods face adaptation chal-088

lenges: they either rely on single-modality explicit089

cues or require extensive labeled data for fine-090

tuning, failing to capture the complex semantics091

of implicit harm and lacking robust cross-scenario092

generalization, making them ill-suited for the mul-093

timodal, diverse, and rapidly evolving nature of094

short video content.095

To address these challenges, we propose a096

taxonomy-driven end-to-end framework that inte-097

grates taxonomy design, dataset construction, and098

multimodal modeling for detecting implicit value-099

oriented harmful short videos. The taxonomy pro-100

vides structured definitions that guide data collec-101

tion and annotation, and supports consistent evalu-102

ation across datasets and methods.103

(1) Fine-grained taxonomy. We introduce a104

unified taxonomy that systematically incorporates105

implicit value-oriented harm alongside explicit pol-106

icy violations. Its design is guided by a three-107

fold foundation: (i) Official regulations and guide-108

lines from international governments and organi-109

zations (UNICEF Office of Research – Innocenti,110

2025; European Parliament and Council of the Eu-111

ropean Union, 2022); (ii) Influential top-tier aca-112

demic literature on harmful content (Baykut and113

Warner, 2022; Nkhata and Mgomezulu, 2025), and114

(iii) moderation policies and standards from lead- 115

ing online platforms (Douyin; Bilibili; Kuaishou). 116

The taxonomy is refined through multiple rounds of 117

expert discussion, providing a principled basis for 118

defining and evaluating implicit harmful content 119

across diverse scenarios. 120

(2) Large-scale diverse dataset. Based on the 121

proposed taxonomy, we construct DeepHarm-7K, a 122

large-scale harmful short video dataset that serves 123

both as a comprehensive data resource and a unified 124

evaluation benchmark. DeepHarm-7K contains 125

7,110 multimodal short videos collected from mul- 126

tiple domestic and international platforms, includ- 127

ing 3,190 harmful and 3,920 non-harmful samples. 128

All videos are annotated through a rigorously val- 129

idated labeling process, enabling systematic anal- 130

ysis and evaluation of both explicit and implicit 131

harmful content. 132

(3) Adaptive multimodal detection frame- 133

work. To validate DeepHarm-7K and assess 134

existing methods, we propose DeepHarm-VL, a 135

training-free multimodal detection framework that 136

integrates visual, audio, and textual signals via a 137

two-stage reasoning strategy. By exploiting latent 138

semantic and audio–visual cues, DeepHarm-VL en- 139

hances the detection of both explicit and implicit 140

harmful videos, demonstrating strong generaliza- 141

tion and revealing the limitations of prior methods 142

in modeling implicit value-oriented harm. 143

The main contributions of this paper can be sum- 144

marized as follows: 145

• We propose the first taxonomy for harm- 146

ful short videos that incorporates implicit value- 147

misleading content and is fine-grained, scope- 148

explicit, and dataset-oriented, forming the concep- 149

tual foundation of DeepHarm-7K. 150

• We construct DeepHarm-7K, a large-scale and 151

diverse multimodal harmful short video dataset, 152

which provides high-quality and comprehensive 153

support for future research on both explicit and 154

implicit harmful short video detection. 155

• We further benchmark existing baseline meth- 156

ods on DeepHarm-7K, revealing their notable limi- 157

tations, particularly in handling ambiguous cases 158

and implicit harmful content. 159

• We propose DeepHarm-VL, a multimodal 160

large-model-based detection framework for harm- 161

ful short-form videos. Evaluated on DeepHarm-7K, 162

DeepHarm-VL significantly outperforms existing 163

baseline methods. 164
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Figure 2: A unified taxonomy is derived from policy guidelines, academic literature, and platform moderation rules
to guide annotator training. Raw videos are collected from multiple platforms, filtered for quality, and annotated
under the taxonomy to produce DeepHarm-7K.

2 Related Work165

2.1 Harmful Content Datasets166

Harmful content datasets have been developed167

for text, images, and videos, but most are poorly168

aligned with the characteristics of short video.169

Text-based datasets are the most mature and170

mainly target explicit categories such as hate171

speech and misinformation (Bai et al., 2025b; Dai172

et al., 2020; Deng et al., 2022). Restricted to uni-173

modal text, they largely overlook implicit harm-174

ful content involving value misguidance or covert175

framing, limiting their applicability to multimodal176

short videos.177

Image-based datasets focus on visually explicit178

content such as violence (Cheng et al., 2021) and179

pornography (Birhane et al., 2021), relying on180

static images and coarse labels that ignore temporal181

dynamics and cross-modal interactions. Although182

multimodal meme datasets explore implicit harm183

via contextual cues (Lu et al., 2024; Fersini et al.,184

2022; Xu et al., 2022), they remain confined to185

static settings.186

Video-based datasets incorporate temporal in-187

formation and cover categories such as hate, vio-188

lence, and fake news (Chen et al., 2024; Das et al.,189

2023; Rehman et al., 2025; Wang et al., 2025a; Qi190

et al., 2023). However, most emphasize overt vio-191

lations with coarse-grained labels, leaving subtle192

and implicit harmful content underrepresented.193

2.2 Multimodal Harmful Detection 194

Early multimodal detection methods employ 195

modality-specific encoders with feature or decision 196

level fusion (Mumtaz et al., 2023; Sultani et al., 197

2018; Long et al., 2018). While effective for ex- 198

plicit harm, they rely heavily on task-specific data 199

and struggle with implicit or context-dependent se- 200

mantics. More recently, multimodal large language 201

models (MLLMs) such as Qwen3-VL (Bai et al., 202

2025a) and GPT-4V show strong video understand- 203

ing ability, but their direct application to harmful 204

video detection remains challenging due to weakly 205

expressed and domain-sensitive implicit harm. 206

3 DeepHarm-7K 207

To ensure data quality, annotation reliability, and 208

distributional robustness, we construct DeepHarm- 209

7K via a rigorous systematic pipeline (Figure 2), 210

and describe each stage in detail. 211

3.1 Definition and Taxonomy Design 212

To ensure the reliability and practical relevance 213

of our taxonomy for harmful short videos, its de- 214

sign is grounded in three complementary sources. 215

First, we align with policy and regulatory guide- 216

lines on online content governance (UNICEF Of- 217

fice of Research – Innocenti, 2025; European Par- 218

liament and Council of the European Union, 2022; 219

NRTA, 2021) to maintain consistency with real 220

world moderation standards. Second, we incorpo- 221

rate insights from recent research on harmful con- 222
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Figure 3: Example short videos illustrating the four high-level harmful content categories in our taxonomy.
Subfigures (a–d) correspond to categories C1–C4, respectively.

tent detection in top-tier venues (Xu et al., 2022;223

Chen et al., 2024; Rehman et al., 2025). Third, we224

reference industrial practice by examining public225

moderation guidelines and representative violation226

cases from major short video platforms (Douyin;227

Bilibili; Kuaishou),. The taxonomy was further228

refined through iterative discussions with domain229

experts, ensuring both authority and applicability.230

Based on this process, we develop a fine grained231

taxonomy comprising five high level categories:232

four harmful and one non-harmful, and twelve sub-233

categories. To illustrate the variety of harmful con-234

tent, Figure 3 presents representative short video235

examples for the four harmful categories (C1–C4).236

The high-level categories provide a broad overview237

of content types, while the subcategories (described238

in detail in Appendix A) enable more precise anno-239

tation and nuanced differentiation. The five high-240

level categories are summarized as follows:241

C1. Discrimination-related content, including242

racial, gender-based, regional, or other forms of243

discriminatory expression;244

C2. Superstition and misinformation, covering245

feudal superstitious practices and the dissemina-246

tion of false or misleading information;247

C3. Violence, pornography, and terror, including248

explicit violent acts, sexual exposure, and graphic249

or frightening content;250

C4. Value-oriented misleading content, includ-251

ing content that promotes or normalizes harmful,252

distorted, or inappropriate social values;253

C5. Non-harmful content that do not include any254

of the above harmful characteristics.255

By systematically integrating policy, research,256

and industrial references with expert insights, the257

taxonomy ensures conceptual rigor, practical rel-258

evance, and annotation consistency, providing a259

solid foundation for the construction of DeepHarm-260

7K and subsequent analysis of harmful content.261

3.2 Data Collection 262

All short video samples were manually collected 263

and preliminarily screened by the annotation team 264

to ensure source consistency. Before large-scale 265

collection, annotators completed three rounds of 266

training and calibration based on platform policies 267

and representative violation cases. Through discus- 268

sion and simulated annotation, judgment criteria, 269

category boundaries, and threshold standards were 270

aligned, forming a unified collection protocol. 271

To ensure diversity and representativeness, data 272

were collected from both domestic and interna- 273

tional platforms. Domestic platforms include 274

Douyin, Bilibili, and Kuaishou, covering daily 275

life sharing, knowledge dissemination, and histor- 276

ical interpretation, while international platforms 277

include X, Instagram, and Telegram to capture 278

cross-regional harmful content patterns. This cross- 279

platform design reduces single-platform bias and 280

broadens content coverage. 281

We adopt a hybrid collection strategy combin- 282

ing random feed browsing and keyword-based re- 283

trieval. Random browsing captures naturally oc- 284

curring videos without predefined category con- 285

straints, while keyword-based retrieval uses a tax- 286

onomy driven keyword pool to target known harm- 287

ful content. The two strategies are mutually re- 288

inforcing: random browsing reveals novel harm- 289

ful patterns that expand the keyword pool, while 290

keyword-based retrieval stimulates recommenda- 291

tion systems to surface related content, improving 292

discovery efficiency. 293

The resulting corpus achieves broad category 294

coverage and balanced scale, including harmful 295

and non-harmful videos across explicit and implicit 296

scenarios. Hard negative samples, which resemble 297

harmful content in appearance or theme yet remain 298

non-harmful, are deliberately included to increase 299

task difficulty and evaluate robustness. This cu- 300

rated corpus forms a high-quality candidate pool 301
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Split Nonharmful Harmful Harmful Type Category Total
C1. C2. C3. C4.

Train 2,744 2,227 344 452 1,037 394 4,971
Test 1,176 963 149 195 447 172 2,139

Total 3,920 3,190 493 647 1,484 566 7,110

Table 1: Statistics of DeepHarm-7K distribution. Dataset distribution across training and test splits, with 3,920
nonharmful and 3,190 harmful samples. Harmful samples are split into four subcategories (C1–C4), with counts
and total sizes for each group included.

for subsequent filtering and annotation.302

3.3 Data Annotation and Filtering303

To ensure high annotation reliability and balanced304

sample distribution, we establish an integrated an-305

notation filtering quality control pipeline spanning306

the entire dataset construction process. This design307

emphasizes annotation consistency, decision trace-308

ability, and distributional robustness, forming a309

core methodological advantage of DeepHarm-7K.310

3.3.1 Annotation Team311

The annotation team is identical to the data collec-312

tion team described in Section 3.2 and consists of313

10 members (see Table 2). All annotators partici-314

pated in defining harmful content and calibrating315

collection standards, ensuring a consistent under-316

standing of category boundaries and reducing sub-317

jective annotation bias.318

Characteristic Demographics

Gender Male: 10
Age 20-22: 7, 23-26: 3
Nationality Chineses: 10
Education PG: 4, PhD: 6

Table 2: Annotators demographics.

3.3.2 Multi-stage Annotation Workflow319

To ensure high-quality and reliable labels, we adopt320

a three-stage annotation workflow comprising ini-321

tial independent labeling, cross-annotator rotation,322

and voting-based arbitration.323

Initial independent labeling. The collected324

videos are evenly and randomly distributed among325

the ten annotators, so each receives roughly the326

same number of samples. Each annotator inde-327

pendently labels their assigned videos in isolation,328

forming the first round of annotations.329

Cross-annotator rotation. To increase objec-330

tivity, we conduct two rounds of cross-annotation.331

In each round, videos labeled by one annotator 332

are passed to another (e.g., B receives A’s videos, 333

while B’s videos go to C), completing a full rota- 334

tion. After two rotations, each video is labeled by 335

three independent annotators, providing multiple 336

perspectives for consistency assessment. 337

Consistency validation and voting-based ar- 338

bitration. Annotation results are merged to check 339

consistency across the three independent labels. 340

With 12 subcategories, some videos naturally re- 341

ceive conflicting labels from all annotators. These 342

controversial samples are resolved by majority vote, 343

with seven of the ten team members deciding the 344

final label. The rationale for each decision is docu- 345

mented to ensure transparency and traceability. 346

3.3.3 Filtering during Annotation 347

To jointly optimize data quality and category bal- 348

ance, sample filtering is conducted in parallel with 349

annotation. During labeling, annotators flag low- 350

quality samples, including videos with blurred visu- 351

als, poor audio quality, missing key modalities, or 352

content that is overly explicit, simplistic, or lacks re- 353

search value. After annotation, three team members 354

perform a final filtering pass based on these flags 355

and category distribution statistics, removing low- 356

quality samples and adjusting class proportions to 357

ensure balance. The resulting dataset thus achieves 358

high overall quality and a well-balanced class com- 359

position. Complete statistics of DeepHarm-7K are 360

provided in Table 1. 361

3.3.4 Annotation Consistency Evaluation 362

To quantitatively assess annotation reliability, 363

we randomly sample 1600 instances from the 364

DeepHarm-7K and evaluate inter-annotator agree- 365

ment using Fleiss’ Kappa (Fleiss, 1971). The result- 366

ing score of 0.82 indicates a high level of agreement 367

beyond chance, demonstrating strong consistency 368

among annotators and validating the reliability of 369

DeepHarm-7K for training and evaluating harmful 370

short-video detection models. 371
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Figure 4: Overall pipeline of the proposed DeepHarm-VL multimodal harmful video detection framework.

4 DeepHarm-VL372

4.1 Method Overview373

To address the challenges of implicit harmful374

content detection in short videos, we propose375

DeepHarm-VL, an automated decision framework376

grounded in multimodal understanding and hier-377

archical reasoning (Figure 4). DeepHarm-VL is378

designed to emulate the human judgment process379

of “reasoning from surface cues to underlying in-380

tent” and “from coarse screening to fine-grained381

verification.” By performing hierarchical cross-382

modal parsing and stage-wise focused reasoning,383

the framework aims to achieve more reliable and384

interpretable harmful video identification.385

DeepHarm-VL consists of four core modules.386

(1) Visual parsing module that extracts key frames387

Fv; (2) audio parsing module that produces the388

audio transcript Ta, emotional description Ea, and389

sound event description Sa; (3) two-round reason-390

ing module that performs hierarchical inference391

over multimodal evidence; and (4) output module392

that aggregates the reasoning results and generates393

an interpretable prediction (y, c, e).394

In the visual parsing module, we adopt a uni-395

form sampling strategy to extract approximately396

60 frames, roughly one frame per second, and397

feed them into MLLMs together with their cor-398

responding timestamps. The output module con-399

solidates the results from the two-round reasoning400

process to generate both binary and multi-class pre- 401

dictions, and it preserves the explanation text to 402

further enhance interpretability. The key innova- 403

tions of DeepHarm-VL, namely the audio parsing 404

module and the two-round reasoning module, will 405

be described in detail in the following two sections. 406

4.2 Audio Parsing Module 407

Audio provides crucial evidence for detecting im- 408

plicit harmful content. In particular, affective ten- 409

dencies and environmental sounds, along with how 410

they may contradict or reinforce spoken content, 411

often reveal latent intent that is not explicitly stated. 412

Conventional pipelines that rely solely on auto- 413

matic speech recognition (ASR) are limited to tex- 414

tual transcripts and ignore paralinguistic cues (e.g., 415

prosody) and background signals, making them 416

insufficient for scenarios where implicit harm is 417

conveyed through emotional manipulation, acous- 418

tic camouflage, or specific sound events. 419

We develop a multi-dimensional audio semantic 420

parsing framework that converts continuous audio 421

into structured, interpretable natural-language de- 422

scriptions. This representation is tailored to the rea- 423

soning needs of MLLMs. Concretely, we perform 424

targeted fine-tuning of Qwen-Audio (Chu et al., 425

2023) to improve sensitivity to safety-relevant 426

acoustic patterns, and produce the following three 427

complementary views: 428

(1) Speech transcription. We generate an ac- 429
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curate transcript Ta as the semantic foundation.430

(2) Emotion analysis. We generate an affective431

description Ea capturing emotional tone . This432

helps identify cases where the literal text appears433

benign but the delivery is harmful (e.g., insults434

spoken calmly, or morally corrupt messages deliv-435

ered with sympathetic tone), thereby addressing436

the blind spots of transcript-only approaches. (3)437

Event analysis. We generate an acoustic event de-438

scription Sa for salient background sounds. This439

enables the model to detect harmful events that440

are masked by seemingly normal speech or music,441

supporting deeper situational understanding.442

4.3 Two-Round Reasoning Module443

The harmfulness of implicit content is often em-444

bedded in expressive style, cross-modal inconsis-445

tencies, or rapidly evolving cultural memes. As a446

result, one-shot classification or fixed-rule systems447

suffer from two major limitations. First, they are448

prone to missing fast-evolving expressions (e.g.,449

metaphor, irony) due to knowledge lag. Second,450

they lack progressive reasoning ability to move451

from surface signals to latent intent, leading to both452

false positives and false negatives.453

Inspired by the human expert practice of "coarse454

screening followed by careful adjudication," we455

propose a hierarchical two-round reasoning mecha-456

nism. Instead of relying on fully supervised train-457

ing with large amounts of implicit-harm data, this458

mechanism uses structured prompt (described in de-459

tail in Appendix B) engineering to guide MLLMs460

in simulating progressive reasoning.461

Round 1: Coarse Categorization. This stage462

aims to efficiently identify potential risks and acts463

as a “safety net” to reduce misses. Using a general464

prompt template that covers major harm categories465

(e.g., hate speech, violence incitement) and their466

common manifestations, the model performs an ini-467

tial cross-modal association based on multimodal468

descriptions and outputs one candidate category,469

thereby delimiting the scope for deeper analysis.470

Round 2: Fine-grained Classification. This471

stage builds on the Round 1 reasoning results and,472

for each candidate high-level category, applies473

a specialized prompt that incorporates category-474

specific safety guidelines, decision criteria, and475

positive/negative examples. The model is then476

guided to conduct cross-modal verification, con-477

textual analysis, and intent inference, ultimately478

producing a fine-grained harmful-category decision479

along with a natural-language rationale.480

Method Acc F1 F1(H) F1(N)

BERT 78.87 78.12 74.08 82.15
MFCC 65.26 64.82 68.36 61.32
3D-CNN 68.13 67.66 71.54 63.79
HateMM 81.87 81.67 83.32 80.02
MM-HSD 79.73 79.20 75.87 82.53

Intervl3.5 78.78 73.29 64.32 82.25
LLaVA-Video 49.84 40.22 64.20 16.24
HolmesVAD 61.56 60.12 61.90 58.34
Qwen3-vl 74.32 73.45 70.78 76.12

DeepHarm-VL 91.07 90.80 89.24 92.37

Table 3: Binary Classification Performance on
DeepHarm-7K dataset. H: harmful, N: non-harmful.

5 Experiments 481

5.1 Experimental Setup 482

We evaluate two tasks: binary and multi-class clas- 483

sification. We report Acc for binary classification 484

and per-class F1 for multi-class classification, av- 485

eraged over multiple runs. All experiments are 486

conducted on 4× RTX 3090. DeepHarm-VL is in- 487

stantiated with Qwen3-VL (7B) (Bai et al., 2025a). 488

5.2 Baseline Methods 489

To comprehensively evaluate DeepHarm-VL, we 490

compare against a diverse set of baselines, covering 491

both non-MLLMs-based methods and MLLMs- 492

based methods. 493

Non-MLLMs-based methods include unimodal 494

models such as: (1) BERT (Devlin et al., 2019)- 495

based feature extraction from video transcripts, (2) 496

MFCC (Xu et al., 2004)-based audio feature ex- 497

traction, and (3) 3D-CNN (Ji et al., 2012)-based 498

visual feature extraction. In addition, we com- 499

pare with existing harmful-video detection models, 500

including HateMM (Das et al., 2023) and MM- 501

HSD (Céspedes-Sarrias et al., 2025). 502

MLLMs-based methods include InternVL3.5 503

(Wang et al., 2025b), LLaVA-Video (Lin et al., 504

2024), HolmesVAD (Zhang et al., 2024), and the 505

vanilla Qwen3-VL. 506

We use the best hyperparameters reported in 507

the original papers for all baselines. Since non- 508

MLLMs-based baselines only support binary clas- 509

sification, we compare multi-class results mainly 510

with MLLM-based methods. 511

5.3 Experimental Results and Analysis 512

Based on the comparative experiments on the 513

DeepHarm-7K benchmark (Table 3, 5), we analyze 514

different categories of methods and summarize the 515

key findings as follows. 516
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Method Binary Classification Multi-class Classification

Acc F1 F1(H) F1(N) Acc F1 F1(1) F1(2) F1(3) F1(4) F1(5)

w/o audio parsing 90.42 90.16 88.58 91.74 85.04 73.90 62.30 85.71 88.99 40.76 91.74
w/o two-round reasoning 84.76 83.82 79.93 87.72 79.12 64.36 75.12 78.34 76.89 30.12 61.34

DeepHarm-VL 91.07 90.80 89.24 92.37 87.38 78.04 80.78 89.30 89.73 38.00 92.37

Table 4: Ablation study on different components.

Method Acc F1 F1(1) F1(2) F1(3) F1(4) F1(5)

Intervl3.5 76.3 53.08 48.62 30.51 84.68 17.8 83.81
LLaVA-Video 26.13 29.31 16.35 21.85 65.82 26.27 16.24
HolmesVAD 54.23 46.65 53.12 51.89 55.34 23.78 49.12
Qwen3-vl 68.45 58.79 69.12 70.45 68.90 25.12 60.34

DeepHarm-VL 87.38 78.04 80.78 89.30 89.73 38.00 92.37

Table 5: Multi-class Classification Performance on
DeepHarm-7K dataset.

Performance limitations of non-MLLM meth-517

ods. Conventional approaches exhibit clear capac-518

ity bottlenecks on this task. Unimodal methods,519

which rely on a single information source, achieve520

the weakest overall performance. Traditional mul-521

timodal models substantially outperform unimodal522

baselines by fusing heterogeneous features; how-523

ever, they still fall short in deep cross-modal un-524

derstanding, leaving a pronounced gap to the best-525

performing results.526

Mismatch and “safety bias” in existing527

MLLMs. Directly applying general-purpose528

MLLMs does not yield the expected gains, and529

in some cases performs even worse than traditional530

multimodal models. We observe a prevalent “safety531

bias” in these models: they tend to predict the non-532

harmful class conservatively, suggesting that naive533

transfer of general capabilities is unreliable for im-534

plicit harmfulness assessment.535

In contrast, DeepHarm-VL achieves consistent,536

overall comprehensive and significant improve-537

ments over all baselines, largely attributable to the538

audio parsing module and the two-round reason-539

ing mechanism, and attains the best performance540

across all evaluation metrics.541

5.4 Ablation Study542

To validate the effectiveness of our core compo-543

nents, we conduct systematic ablation studies, with544

results reported in Table 4.545

Removing the audio parsing module. When546

the model relies solely on visual cues, overall per-547

formance drops substantially, particularly on the548

emotion-intensive C1 category. This verifies that549

speech content, affective signals, and acoustic event 550

descriptions provided by audio parsing constitute 551

crucial evidence for detecting implicit harmful con- 552

tent. Interestingly, removing audio yields a slight 553

improvement on C4. We attribute this to the fact 554

that C4 videos often involve ambiguous, boundary- 555

blurring implicit scenarios, where audio-derived 556

signals may introduce misleading cues and thus 557

interfere with the model’s judgment. 558

Removing the two-round reasoning mecha- 559

nism. Replacing the proposed two-stage pipeline 560

with a single-round direct classification leads to 561

a pronounced performance degradation, confirm- 562

ing the central role of hierarchical reasoning. A 563

single-step decision is insufficient to balance broad 564

screening and deep discrimination, and is more 565

prone to false negatives and false positives when 566

facing novel or subtle expressions. These results 567

further suggest that two-round reasoning helps mit- 568

igate the safety bias of MLLMs in open-domain 569

safety assessment and alleviates practical limita- 570

tions related to long-context processing. 571

6 Conclusion 572

In this paper, we present DeepHarm-7K, a 573

taxonomy-driven large-scale dataset for harmful 574

short videos, covering both explicit policy viola- 575

tions and implicit value-oriented content. To enable 576

systematic evaluation, we design a fine-grained 577

taxonomy and collect a diverse multimodal cor- 578

pus from multiple platforms. We also propose 579

DeepHarm-VL, a lightweight multimodal detec- 580

tion framework that integrates visual, audio, and 581

textual signals with a two-stage reasoning strat- 582

egy, capturing subtle implicit harmful semantics 583

without task specific fine-tuning. Experiments 584

show that our framework consistently outperforms 585

strong baselines, demonstrating the effectiveness of 586

DeepHarm-7K as a reliable benchmark. We hope 587

this dataset and taxonomy provide a foundation for 588

future research on understanding and mitigating 589

implicit harmful content in short videos. 590
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Limitations591

While DeepHarm-VL demonstrates strong perfor-592

mance in detecting both explicit and implicit harm-593

ful videos, there are several limitations worth not-594

ing for future research.595

Visual Modeling. Although our framework596

effectively integrates multimodal signals, current597

models especially smaller scale versions (e.g., 7B)598

may not fully capture fine-grained visual informa-599

tion, occasionally missing subtle cues indicative of600

harmful content. Increasing model capacity gener-601

ally improves performance, suggesting that visual602

modeling remains a key bottleneck in detecting603

nuanced multimodal signals.604

Knowledge Constraints. Detection of implicit605

harmful content can be hindered by incomplete or606

outdated knowledge. Current MLLMs may lack607

awareness of emerging trends, cultural references,608

or newly evolving harmful patterns, limiting their609

ability to interpret time-sensitive content. Future610

work could incorporate retrieval-augmented gener-611

ation (RAG) or other dynamic knowledge integra-612

tion techniques to address these gaps and improve613

detection robustness.614

Ethical Considerations615

Our work involves collection, annotation, and anal-616

ysis of harmful short videos to advance automated617

detection of content that may negatively impact618

individual cognition, social order, or public moral-619

ity. All data were obtained from publicly available620

sources, with personally identifiable information re-621

moved or anonymized. Annotation was performed622

by trained annotators under controlled conditions,623

following guidelines to minimize exposure to harm-624

ful material and ensure objective labeling.625

To promote responsible and ethical use, access626

to the DeepHarm-7K dataset is subject to a strict627

review process. Researchers seeking to use the628

dataset must complete a detailed questionnaire and629

provide sufficient evidence that their intended use630

is solely for academic research purposes. This con-631

trolled access policy is designed to prevent misuse632

of sensitive content while supporting reproducible633

research in harmful short video detection.634

We also acknowledge potential limitations and635

risks. Despite careful design, the models may oc-636

casionally misinterpret content, leading to false637

positives or negatives. Furthermore, cultural and638

temporal context may influence the interpretation639

of implicit harmful content, underscoring the need640

for human oversight in real-world applications. By 641

explicitly addressing these considerations, we aim 642

to ensure that our dataset and models are used ethi- 643

cally and safely, promoting responsible and trust- 644

worthy AI research. 645
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A Detailed Description of the890

DeepHarm-7K Taxonomy891

This appendix provides a detailed description of892

the harmful content taxonomy introduced in Sec-893

tion 3.1, which serves as the classification frame-894

work employed in DeepHarm-7K. We further clar-895

ify the defining characteristics and scope of each896

category to facilitate reliable annotation and nu-897

anced interpretation.898

C1. Maliciously Inciting Social Conflicts899

Core Feature: Content that deliberately generates900

inter-group hostility, undermining social cohesion901

and harmony. Includes but is not limited to:902

• Instigating or provoking conflicts between dif-903

ferent groups or ideologies (e.g., gender-based con-904

flicts, ethnic tensions, religious disputes, national905

rivalries, or political factionalism).906

• Mocking, ridiculing, humiliating, stereotyping,907

or labeling specific groups.908

C2. Disseminating False, Superstitious, or Mis-909

leading Information910

Core Feature: Content that spreads unverified911

or deliberately fabricated information, misleading912

public perception and disrupting public order. In-913

cludes but is not limited to:914

• Spreading rumors or conspiracy theories, in-915

cluding pseudo-historical claims and pseudoscien-916

tific beliefs (e.g., flat-earth theory).917

• Promoting feudal superstitions, witchcraft, div-918

ination, astrology, or other occult practices.919

C3. Content Harmful to Public Safety or Men-920

tal Health921

Core Feature: Content that directly threatens per-922

sonal safety, public order, or mental well-being,923

with highly negative impacts. Includes but is not924

limited to:925

• Depictions of violence, abuse, or murder, as926

well as actions that severely disrupt social order,927

such as looting, riots, mob disturbances, violent928

protests, or vandalism.929

• Terror-inducing or psychologically disturbing930

imagery, including graphic blood, trauma, or hor-931

rifying scenes.932

• Explicit or implicit sexual content, including933

nudity, sexual acts or insinuation, and depictions934

of prostitution or sexual transactions.935

C4. Content Violating Mainstream Values and 936

Ethical Norms 937

Core Feature: Content that challenges societal 938

ethics, moral standards, cultural traditions, or laws, 939

promoting harmful or distorted values. Includes 940

but is not limited to: 941

• Using criminals or villains to glorify crimes, 942

defaming national heroes or symbols, or trivializ- 943

ing serious historical events through entertainment. 944

945

• Content that depicts or endorses dangerous or 946

unhealthy behaviors or ideas, often with negative 947

social influence, such as risky stunts, illegal or un- 948

safe acts, substance abuse, gambling, or profanity. 949

950

• Promoting depression, apathy, or suicidal ten- 951

dencies, associated with persistent negative or ni- 952

hilistic emotional states. 953

• Content that promotes or dramatizes behaviors 954

or ideas violating social norms or ethical stan- 955

dards, such as exploiting or humiliating the weak, 956

defamation, immoral ideologies, distorted values, 957

disruption of social order, resource waste, or envi- 958

ronmental harm. 959

B Prompts For DeeepHarm-VL 960

B.1 Round 1 (Coarse Categorization) Prompt 961

SYSTEM: You are an AI for video content analy- 962

sis. Your task is to evaluate which of the following 963

four harmful-content categories a video most likely 964

belongs to, based on the definitions below. Even 965

if the video is completely harmless, you must still 966

choose the closest category according to similarity 967

in its theme, elements, or style. 968

USER: Four categories are defined as follows. 969

C1. Maliciously inciting social conflicts. Iden- 970

tify content that incites hatred, antagonism, or dis- 971

crimination between social groups. This includes 972

stirring hostility or confrontation across attributes 973

such as gender, ethnicity, region, class, or religion; 974

provoking interstate hostility or domestic political 975

confrontation; or mocking, humiliating, or reinforc- 976

ing stereotypes based on group identity. The core 977

is to create division. 978

C2. Disseminating false, superstitious, or mis- 979

leading information. Identify content that spreads 980

misinformation, pseudoscience, or superstition. 981

This includes promoting self-invented theories that 982

contradict scientific consensus or anti-scientific 983

claims; advocating fortune-telling, divination, or 984
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other practices as determiners or predictors of fate;985

and disseminating rumors or conspiracy theories986

such as pseudo-history or unverified claims (e.g.,987

flat-earth narratives). The core is the falsehood or988

anti-scientific nature of the content.989

C3. Content harmful to public safety or men-990

tal health. Identify content that directly depicts or991

promotes violence, pornography, or terror. This992

includes explicit portrayals or glorification of fight-993

ing, abuse, murder, self-harm, or similar acts;994

bloody or horror content intended to induce intense995

psychological distress; and explicit sexual content996

or sexual provocation, including depictions of sex-997

ual acts or genitalia. The core is a direct threat to998

psychological health and a sense of safety.999

C4. Content violating mainstream values and1000

ethical norms. Identify content that distorts right1001

and wrong or promotes harmful value orientations.1002

This includes glorifying criminals or historical per-1003

petrators, defaming heroes or martyrs, or trivializ-1004

ing disasters and tragedies for entertainment; ad-1005

vocating nihilistic or decadent ideologies, encour-1006

aging self-harm/suicide, or endorsing undesirable1007

behaviors or harmful customs; showcasing or glam-1008

orizing highly dangerous acts likely to cause severe1009

injury (e.g., risky stunts or self-harm); and promot-1010

ing environmental harm or wastefulness without1011

remorse. The core is challenging public morality1012

and socially endorsed values.1013

Output: Always output the most likely category1014

label: C1, C2, C3, or C4, and explain the reason.1015

B.2 Round 2 (Fine-grained Classification)1016

Prompt1017

B.2.1 Prompt 1 (for C1 category)1018

SYSTEM: You are a specialized AI for video con-1019

tent safety auditing. You are responsible for strictly1020

screening C1 harmful content: maliciously inciting1021

social conflicts. Your core task is to identify any1022

content intended to create hatred, antagonism, or1023

discrimination between social groups.1024

USER: The definition and decision criteria for1025

Category 1 harmful content are as follows; please1026

follow them strictly. Any content that creates1027

group-level or ideological confrontation must be1028

judged as harmful. This includes inciting hostility,1029

vigilance, or antagonistic emotions between groups1030

defined by gender, ethnicity, region, social class,1031

religion, and similar attributes. Such incitement is1032

harmful whether it is explicit or conveyed implicitly1033

through insinuation, labeling, or oppositional nar-1034

rative frameworks (e.g., “us vs. them”) that guide 1035

viewers toward adversarial associations. Any con- 1036

tent that creates national or political confrontation 1037

must also be judged as harmful, including stir- 1038

ring hostility between countries (e.g., China–U.S., 1039

Russia–Ukraine) or intensifying partisan struggles 1040

within a country. Any content that discriminates 1041

against or humiliates specific groups must likewise 1042

be judged as harmful, including mockery, ridicule, 1043

humiliation, or reinforcement of stereotypes based 1044

on the group attributes above. Note the key distinc- 1045

tion from “opposition”: discrimination is charac- 1046

terized by contempt and belittlement rather than 1047

direct confrontation. As an important principle, 1048

your judgment should focus on whether the content 1049

is manufacturing division. Even if no vulgar lan- 1050

guage is used, if the core logic, context, or implied 1051

effect undermines group solidarity or incites an- 1052

tagonistic emotions, it must be judged as harmful. 1053

For content expressed through subtle means such 1054

as stories, metaphors, or satire, you should deeply 1055

interpret its potential social impact. 1056

Output requirement: Always output Harmful 1057

or Harmless, and explain the reason. 1058

B.2.2 Prompt 2 (for C2 category) 1059

SYSTEM: You are a specialized AI for video con- 1060

tent safety auditing. You are responsible for strictly 1061

screening C2 harmful content: disseminating false, 1062

superstitious, or misleading information. Your core 1063

task is to identify and judge any video content that 1064

disseminates misinformation, pseudoscience, or 1065

feudal superstition. 1066

USER: The definition and decision criteria for 1067

Category 2 harmful content are as follows; please 1068

follow them strictly. Any pseudoscientific content 1069

must be judged as harmful. This refers to theories 1070

proposed by “folk scientists” or individuals that 1071

contradict established scientific consensus, such as 1072

self-invented formulas, concepts, or models with 1073

no scientific basis, as well as any unverified claims 1074

disguised as scientific knowledge that promote anti- 1075

science or anti-intellectual viewpoints. The key 1076

criterion is the content’s anti-scientific nature itself; 1077

regardless of whether it is presented as academic 1078

discussion or personal opinion, the act of spreading 1079

it is harmful. Any feudal superstition and fortune- 1080

telling content must be judged as harmful. This 1081

includes, but is not limited to, fortune-telling, div- 1082

ination, palm/face reading, feng shui for changing 1083

luck, witchcraft, spells, or similar practices that 1084

claim human fate is determined by supernatural 1085
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forces or can be predicted or altered through such1086

means. Any rumors and conspiracy theories must1087

be judged as harmful, such as pseudo-historical1088

narratives, flat-earth claims, or any other unverified1089

misinformation and conspiratorial claims. As an1090

important principle, your judgment should be based1091

on the topic and essence of the content rather than1092

its presentation style. As long as the video’s core1093

content, theme, or main demonstration involves any1094

of the above, it must be directly judged as harm-1095

ful. You must not classify it as non-harmful on1096

the grounds that it “appears to be personal theoret-1097

ical discussion,” “contains no incitement,” or “is1098

expressed rationally.”1099

Output requirement: Always output Harmful1100

or Harmless, and explain the reason.1101

B.2.3 Prompt 3 (for C3 category)1102

SYSTEM: You are a specialized AI for video con-1103

tent safety auditing. You are responsible for strictly1104

screening C3 harmful content: content harmful to1105

public safety or mental health. Your core task is1106

to identify any content that directly depicts or pro-1107

motes violence, pornography, or terror.1108

USER: The definition and decision criteria for1109

Category 3 harmful content are as follows; please1110

follow them strictly. Any violence and abuse con-1111

tent must be judged as harmful. This includes1112

directly showing or explicitly describing brutal1113

scenes such as fighting, abuse, murder, or self-1114

harm; any non-educational content that glorifies,1115

beautifies, or sensationalizes violence also falls1116

into this category. Any horror and psychological1117

contamination content must be judged as harmful.1118

This includes bloody, grotesque, or terrifying vi-1119

suals or sound effects intended to provoke intense1120

psychological stimulation and fear. Any porno-1121

graphic and sexually suggestive content must be1122

judged as harmful. This includes explicit depic-1123

tions of sexual acts or genitalia, as well as implicit1124

content involving nudity exposure, accidental ex-1125

posure, sexual provocation, or sexual transactions.1126

As an important principle, your judgment should1127

be based on the content’s degree of direct depiction1128

and its potential harm. Regardless of whether the1129

content is framed as “documentary,” “art,” or “en-1130

tertainment,” if its core contains any of the concrete1131

harmful elements above and poses a direct threat1132

to viewers’ sense of safety or psychological health,1133

or causes severe discomfort, it must be judged as1134

harmful. You do not need to consider any claimed1135

“background” or “purpose.”1136

Output requirement: Always output Harmful 1137

or Harmless, and explain the reason. 1138

B.2.4 Prompt 4 (for C4 category) 1139

SYSTEM: You are a specialized AI for video con- 1140

tent safety auditing. You are responsible for strictly 1141

screening C4 harmful content: content violating 1142

mainstream values and ethical norms. Your core 1143

task is to identify any content that challenges pub- 1144

lic decency and social ethics, reverses right and 1145

wrong, or spreads misleading value orientations. 1146

USER: The definition and decision criteria for 1147

Category 4 harmful content are as follows; please 1148

follow them strictly. Any content that reverses right 1149

and wrong must be judged as harmful. This in- 1150

cludes glorifying criminals, organized crime, or his- 1151

torical perpetrators; defaming heroes, martyrs, or 1152

national symbols; or portraying war, violence, ma- 1153

jor disasters, or historical tragedies in a frivolous, 1154

entertainment-oriented manner. Any content that 1155

promotes distorted beliefs or undesirable behaviors 1156

must be judged as harmful. This includes advocat- 1157

ing nihilistic or decadent “doom” culture, suicide 1158

or self-harm; displaying and encouraging profan- 1159

ity, verbal abuse, smoking, gambling, or similar 1160

misconduct; or spreading harmful customs such 1161

as incest or bullying/duping the vulnerable. Any 1162

content that promotes dangerous acts or self-injury 1163

must be judged as harmful. This includes, but is 1164

not limited to, showing or glamorizing high-risk 1165

parkour or stunts in hazardous environments (e.g., 1166

railways, rooftop edges) that are highly likely to 1167

cause severe injury; displaying self-harm or self- 1168

abuse for attention; and any behavior that may in- 1169

duce imitation and thereby endanger life. Any con- 1170

tent that harms nature and social harmony must 1171

be judged as harmful. This includes promoting 1172

or displaying pollution, resource waste, or actions 1173

that damage ecological balance without remorse. 1174

As an important principle, your judgment should 1175

be based on the content’s value orientation. Even 1176

if the content appears as “comedy,” “satire,” or 1177

“personal opinion,” if its overall effect is to blur 1178

moral boundaries, trivialize serious issues, encour- 1179

age misconduct, or spread a negative and hopeless 1180

worldview—thereby challenging mainstream so- 1181

cial values and moral baselines—it must be directly 1182

judged as harmful. Emphasize the potential social 1183

impact in your assessment. 1184

Output requirement: Always output Harmful 1185

or Harmless, and explain the reason. 1186
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C Qualitative Case Studies and Error1187

Analysis of DeepHarm-VL1188

This appendix provides qualitative analyses of1189

DeepHarm-VL on real-world short videos, cov-1190

ering (i) two successful detection case and (ii)1191

two representative failure case. We highlight how1192

the audio parsing module (Speech Transcrip-1193

tion, Emotion Analysis, and Event Analysis) and1194

the two-round reasoning mechanism (Round 11195

coarse categorization and Round 2 fine-grained1196

classification) together shape the final decision, and1197

we further discuss failure modes when key visual1198

tampering evidence is not fully integrated.1199

C.1 Successful Cases: Two Representative1200

Correctly Detected Examples1201

Successful detection cases are illustrated in Fig-1202

ures 5 and 6. For clarity, we take Figure 5 as a1203

representative example and provide a detailed step-1204

by-step analysis below. This case is a real-world1205

video collected from the Kuaishou platform. The1206

video depicts a highly conflicting scenario: while1207

presenting a portrait of the deceased, the speaker re-1208

peatedly says phrases such as “my mom died” in an1209

abnormally excited and cheerful manner, accompa-1210

nied by continuous laughter—turning what should1211

be a serious and sorrowful bereavement event into1212

an entertainment-oriented performance.1213

As shown in Figure 5, the audio parsing mod-1214

ule first performs multi-dimensional semantic anal-1215

ysis. The Speech Transcription accurately cap-1216

tures the key utterance “my mom died”. Mean-1217

while, the Emotion Analysis indicates that the1218

speaker appears “very happy and excited”, and the1219

overall audio atmosphere is “relaxed, cheerful”.1220

This sharp contradiction between textual content1221

(bereavement) and paralinguistic cues (cheerful-1222

ness) provides a critical signal for identifying the1223

potential harmfulness of the video.1224

Building on this multimodal evidence chain, the1225

two-round reasoning mechanism conducts hier-1226

archical analysis. In Round 1 (coarse categoriza-1227

tion), the reasoning model identifies the core risk1228

as treating a serious and tragic family event in an1229

exaggerated, satirical manner, and preliminarily as-1230

signs it to Category C4 (“Content Violating Main-1231

stream Values and Ethical Norms”). In Round1232

2 (fine-grained classification), the system further1233

concludes that such behavior turns a personal emo-1234

tional tragedy into a punchline, undermines respect1235

for the deceased and mourning practices, and may1236

lead viewers to trivialize death, family bonds, and 1237

grief—thereby producing a clear negative social 1238

impact. The Final Output is Harmfulness: harm- 1239

ful; Category: C4, accompanied by an evidence- 1240

grounded rationale. 1241

C.2 Failure Cases: Two Representative 1242

Missed-Detection Examples 1243

Representative failure cases are shown in Figures 7 1244

and 8. In the following, we focus on Figure 7 to 1245

analyze a failure mode of DeepHarm-VL. This case 1246

presents the decision process on a video collected 1247

from Instagram. The video tampers with a classic 1248

scene from the Harry Potter films by replacing 1249

the protagonist’s lightning-shaped forehead scar 1250

with a Nazi symbol. Such content represents a 1251

typical form of harmful information that treats a 1252

profound historical trauma (e.g., Nazi atrocities) in 1253

an entertainment-oriented and mocking manner. 1254

As shown in Figure 7, DeepHarm-VL’s audio 1255

parsing module functions properly: it produces 1256

the Speech Transcription of the dialogue and, 1257

via Emotion Analysis, characterizes the scene at- 1258

mosphere as “tense and exciting”. In Round 1, 1259

the model makes an initial judgment that the clip 1260

is a humor video created through editing and re- 1261

dubbing, and further infers that it may present a 1262

symbolically meaningful element (e.g., Harry’s 1263

scar) in an entertainment-oriented and mocking 1264

way. Accordingly, it assigns the video to the poten- 1265

tial risk category of Category C4. 1266

However, in Round 2, the model fails to effec- 1267

tively integrate and deeply analyze the key visual 1268

tampering evidence. Although Round 1 already 1269

highlights the risk centered on the “scar” as a sym- 1270

bolic object, Round 2 does not correctly recognize 1271

what the scar has been specifically manipulated 1272

into—namely, a Nazi symbol. Without recogniz- 1273

ing this core visual harm factor, the system ulti- 1274

mately interprets the content as a normal movie clip 1275

with humor/parody and incorrectly outputs Final 1276

Output: Harmfulness: non-harmful; Category: 1277

C5. This failure suggests that, for symbol-level 1278

harmful edits, robust alignment between coarse risk 1279

cues and fine-grained visual verification is crucial 1280

for preventing missed detections. 1281
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Figure 5: Successful case: DeepHarm-VL’s detection and decision on entertainment-oriented bereavement harmful
content.

Figure 6: Successful case: DeepHarm-VL’s detection and decision on war-trivialization parody harmful content.
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Figure 7: Failure case: missed detection of Nazi-symbol manipulation entertainment-oriented harmful content by
DeepHarm-VL.

Figure 8: Failure case: missed detection of racial discrimination content by DeepHarm-VL.
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