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Abstract001

Despite significant progress in video-language002
modeling, hallucinations remain a persistent003
challenge in Video Large Language Models004
(Vid-LLMs), referring to outputs that appear005
plausible yet contradict the content of the in-006
put video. This survey presents a comprehen-007
sive analysis of hallucinations in Vid-LLMs008
and introduces a systematic taxonomy that cat-009
egorizes them into two core types: dynamic010
distortion and content fabrication, each com-011
prising two subtypes with representative cases.012
Building on this taxonomy, we review recent013
advances in the evaluation and mitigation of014
hallucinations, covering key benchmarks, met-015
rics, and intervention strategies. We further an-016
alyze the root causes of dynamic distortion and017
content fabrication, which often result from lim-018
ited capacity for temporal representation and019
insufficient visual grounding. These insights020
inform several promising directions for future021
work, including the development of motion-022
aware visual encoders and the integration of023
counterfactual learning techniques. This sur-024
vey consolidates scattered progress to foster a025
systematic understanding of hallucinations in026
Vid-LLMs, laying the groundwork for building027
robust and reliable video-language systems.028

1 Introduction029

Video Large Language Models (Vid-LLMs) extend030

the capabilities of vision-language systems from031

static images to temporally coherent video inputs,032

enabling tasks such as action recognition, temporal033

reasoning, and audio-visual understanding (Zhang034

et al., 2023a; Maaz et al., 2024; Li et al., 2023a;035

Lin et al., 2024; Wang et al., 2024a; Fu et al., 2024).036

Despite recent advances, these models remain sus-037

ceptible to hallucinations, producing outputs that038

appear plausible and coherent yet contradict the039

actual content of the video. This issue poses reli-040

ability and safety risks in safety-critical domains,041

including embodied AI (Wu et al., 2023) and au-042

tonomous driving (Chen et al., 2024).043

While hallucinations have been extensively sur- 044

veyed in image-based vision-language models 045

(VLMs) (Liu et al., 2024a; Lan et al., 2024), the in- 046

herent complexity of video’s temporal structure, 047

motion dynamics, and audio-visual integration 048

complicates the direct application of these insights 049

to the video domain. To address this gap, this sur- 050

vey presents a video-specific, mechanism-driven 051

taxonomy that classifies hallucinations into two pri- 052

mary types: dynamic distortion, where the model 053

misrepresents the spatiotemporal evolution or ref- 054

erential consistency of entities and scenes; and con- 055

tent fabrication, where outputs are influenced by 056

prior knowledge or dominated by audio modality. 057

Building on this taxonomy, we review recent 058

advances in the evaluation and mitigation of hallu- 059

cinations in Vid-LLMs, with a focus on key bench- 060

marks, metrics, and intervention strategies. Dy- 061

namic distortion includes hallucinations in spa- 062

tiotemporal dynamics, such as incorrect event or- 063

dering (Li et al., 2025a; Wu et al., 2025a; Sun 064

et al., 2025), inaccurate duration estimation (Wang 065

et al., 2024b; Huang et al., 2025d; Sun et al., 066

2024), and frequency miscounting (Gao et al., 067

2025; Choong et al., 2024), as well as referential 068

inconsistency, where the model conflates different 069

characters (Seth et al., 2025; Yang et al., 2025) or 070

scenes (Lu et al., 2025; Ma et al., 2024; Pu et al., 071

2025). Content fabrication includes context-driven 072

hallucinations, where commonly co-occurring ob- 073

ject–action (Chang et al., 2025; Li et al., 2025c) or 074

scene–event (Bae et al., 2025; Zhang et al., 2024; 075

Ding et al., 2025) patterns lead to unsupported infer- 076

ences; and audio-visual conflict, where dominant 077

auditory cues override visual evidence, resulting in 078

hallucinated actions (Sung-Bin et al., 2025; Jung 079

et al., 2025) or emotional states (Xing et al., 2025). 080

Further analysis reveals the underlying mecha- 081

nisms of dynamic distortion and content fabrica- 082

tion. Dynamic distortion often results from missing 083

fine-grained motion cues due to limited temporal 084
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Figure 1: Taxonomy of hallucinations in Vid-LLMs. Video models exhibit unique hallucination types beyond static
errors in images. These fall into two main categories: (1) Dynamic Distortion, which includes spatiotemporal
misrepresentation and referential inconsistency; (2) Content Fabrication, which includes hallucinations influenced
by statistical priors and cases where auditory input overrides visual evidence.

encoding (Zhao et al., 2025; Liu et al., 2024b), and085

is further exacerbated in long videos by weak long-086

range memory (Bae et al., 2025) and poor temporal087

localization (Wu et al., 2025a). In contrast, content088

fabrication arises from insufficient visual ground-089

ing (Lee et al., 2025), allowing pretrained priors (Li090

et al., 2025c) or dominant audio signals (Leng et al.,091

2024) to override visual evidence.092

In light of these underlying mechanisms, promis-093

ing research directions include developing motion-094

aware architectures(Wu et al., 2025b) that retain095

fine-grained temporal features to strengthen the096

alignment between visual perception and tempo-097

ral reasoning. In addition, counterfactual training098

strategies that disentangle visual evidence from099

prior knowledge(Huang et al., 2025c) offer a prin-100

cipled approach to mitigating content fabrication101

by encouraging models to ground predictions more102

faithfully in the visual input.103

Comparison with existing surveys. Halluci-104

nation has been extensively studied in LLMs and105

image-based VLMs (Zhang et al., 2023c; Huang106

et al., 2025b; Liu et al., 2024a; Lan et al., 2024).107

While MLLM hallucination surveys (Sahoo et al.,108

2024; Bai et al., 2024) include video alongside109

other modalities, their discussion of video hallu-110

cination remains superficial, offering only brief111

mentions of benchmarks and mitigation strategies112

without structural or causal analysis. In contrast,113

this survey presents the first mechanism-driven tax-114

onomy of hallucinations in Vid-LLMs. We propose115

a layered classification framework (Fig. 2), conduct116

a broader and more detailed review of existing liter-117

ature, and analyze the underlying causes of halluci-118

nations. Building on this analysis, we outline future 119

directions that align closely with identified causes, 120

benchmark coverage, and mitigation strategies, of- 121

fering a cohesive roadmap toward hallucination- 122

resilient Vid-LLMs. 123

2 Definition and Scope 124

Definition. We define video hallucination as cases 125

where a Vid-LLM generates textual outputs that 126

are linguistically coherent and contextually plausi- 127

ble, yet contradict the observable spatiotemporal 128

evidence in the input video. 129

Distinction from Static Image Hallucination. 130

While hallucinations in image-based VLMs, such 131

as those involving objects, attributes, and relations, 132

have been well studied (Liu et al., 2024a; Lan et al., 133

2024), the video modality introduces a temporal 134

dimension that fundamentally alters the problem. 135

Unlike static inputs, videos require reasoning over 136

causality, temporal grounding, motion dynamics, 137

and audio-visual integration. These aspects are be- 138

yond the scope of traditional static metrics. Our 139

taxonomy explicitly captures these temporal and 140

multimodal challenges, distinguishing video hallu- 141

cination from image-based settings. 142

3 Taxonomy of Video Hallucinations 143

As discussed in Section 2, the temporal and mul- 144

timodal nature of video poses challenges beyond 145

static image settings. To address these, we pro- 146

pose a mechanism-driven taxonomy focused on 147

dynamic-level hallucinations unique to video. It 148

captures how Vid-LLMs fail in temporal reasoning 149

and cross-modal alignment. We classify hallucina- 150
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Spatiotemporal
Dynamics

Event Misordering (Order)

VidHalluc (Li et al., 2025a), HAVEN (Event) (Gao et al., 2025),
MHBench (Kong et al., 2025), ARGUS (Rawal et al., 2025)

SEASON (Wu et al., 2025a), Video-thinking (Gao et al., 2025),
SmartSight (Sun et al., 2025)

Duration Distortion (Dur)
VideoHallucer (Wang et al., 2024b), OVBench (TG) (Huang et al., 2025d)

DINO-HEAL (Li et al., 2025a), Temporal Insight (Sun et al., 2024),
TAAE (Cai et al., 2025)

Frequency Confusion (Freq)

VidHal (Choong et al., 2024), HAVEN (Count) (Gao et al., 2025),
Vript (Yang et al., 2024)

VTG-LLM (Guo et al., 2025), Vriptor (Yang et al., 2024)

Referential
Inconsistency

Character Conflation (Char)
EGOILLUSION (Seth et al., 2025), MESH (Yang et al., 2025)

Vista-llama (Ma et al., 2024), VideoPLR (Pu et al., 2025)

Scene Conflation (Scn)
ELV-Halluc (Lu et al., 2025)

ELV-Halluc-DPO (Lu et al., 2025), VideoChat-Online (Huang et al., 2025d)

Content Fabrication

Context-Driven
Fabrication

Object–Action (Obj-Act)
VideoHallu (Li et al., 2025c), FactVC (Liu and Wan, 2023)

SANTA (Chang et al., 2025), TCD (Zhang et al., 2024)

Scene–Event (Scn-Evt)

EventHallusion (Zhang et al., 2024), NOAH (Lee et al., 2025),
RoadSocial (Parikh et al., 2025)

MASH-VLM (Bae et al., 2025), VistaDPO (Huang et al., 2025a),
PaMi-VDPO (Ding et al., 2025),
MMA (Dang et al., 2025)

Audio-Visual
Conflict

Action Attribution (Act)
AVHBench (Sung-Bin et al., 2025), CMM (Leng et al., 2024)

AVCD (Jung et al., 2025), AVHModel-Align-FT (Sung-Bin et al., 2025)

Emotion Inference (Emo)
EmotionHallucer (Xing et al., 2025)

PEP-MEK (Xing et al., 2025)

Figure 2: Mechanism-driven taxonomy of Vid-LLM hallucinations. Dynamic Distortion: entities are perceived but
their spatiotemporal evolution or identity is misinterpreted, including Spatiotemporal Dynamics (Order/Dur/Freq)
and Referential Inconsistency (Char/Scn). Content Fabrication: outputs lack visual evidence and are driven by
priors, including Context-Driven Fabrication (Obj-Act/Scn-Evt) and Audio-Visual Conflict (Act/Emo). Solid fill
denotes benchmarks; striped fill indicates mitigation methods.

tions into Dynamic Distortion and Content Fabri-151

cation, each with two subtypes and representative152

cases (Figure 2). This taxonomy provides a foun-153

dation for structuring benchmarks (Section 4) and154

mitigation strategies (Section 5).155

3.1 Dynamic Distortion156

This category refers to situations where the model157

correctly detects entities but misrepresents their158

temporal progression or referential consistency. It159

includes two subtypes: Spatiotemporal Dynam-160

ics, involving errors in event ordering, duration,161

or frequency; and Referential Inconsistency, where162

characters or scenes are conflated across temporal163

boundaries.164

Spatiotemporal Dynamics. These hallucina-165

tions arise when the model correctly identifies rele-166

vant events but fails to model their temporal rela-167

tionships. Typical cases include event misordering,168

such as reversing action causality or misinterpret-169

ing motion direction and trajectory (Li et al., 2025a;170

Gao et al., 2025; Wu et al., 2025a; Sun et al., 2025);171

duration distortion, where the model over- or un-172

derestimates the length of an action (Wang et al.,173

2024b; Huang et al., 2025d; Sun et al., 2024); and174

frequency confusion, in which repeated actions are175

miscounted (Gao et al., 2025; Choong et al., 2024). 176

Referential Inconsistency These hallucinations 177

refers to semantic-level failures where the model 178

conflates distinct entities or scenes across temporal 179

boundaries, producing blended descriptions that 180

obscure segment distinctions. These errors arise 181

when content from separate time spans is incor- 182

rectly merged into a single entity- or scene-level 183

statement, even when visual cues could distinguish 184

them. Such inconsistency typically appears in two 185

forms: character conflation, where different indi- 186

viduals across scenes are mistakenly treated as the 187

same person (Seth et al., 2025; Yang et al., 2025); 188

and scene conflation, where actions or settings from 189

distinct contexts are combined into a single narra- 190

tive (Lu et al., 2025; Pu et al., 2025). 191

3.2 Content Fabrication 192

This category covers cases where the model pro- 193

duces outputs that lack grounding in visual evi- 194

dence and are instead influenced by learned pri- 195

ors. It includes context-driven fabrication, where 196

common object–action or scene–event associations 197

result in unsupported predictions, and audio-visual 198

conflict, where auditory cues override visual input. 199

Context-Driven Fabrication This type of hallu- 200
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cination arises when the model relies on statistical201

associations from training data rather than ground-202

ing its predictions in visual evidence. An error203

is considered context-driven fabrication when the204

predicted action or event lacks visual support in205

the current observation window but is triggered by206

the presence of associated objects or scenes. It207

typically appears in two forms: object–action fabri-208

cation and scene–event fabrication. Object–action209

fabrication (Chang et al., 2025; Li et al., 2025c;210

Liu and Wan, 2023) occurs when the presence of211

an object leads to incorrect action inference despite212

lacking motion cues. Scene–event fabrication (Bae213

et al., 2025; Zhang et al., 2024; Ding et al., 2025;214

Dang et al., 2025; Huang et al., 2025a) happens215

when typical events are predicted solely from back-216

ground settings.217

Audio-Visual Conflict This type of fabrication218

occurs when dominant or misleading audio cues219

override visual evidence, leading the model to gen-220

erate outputs that align more with the audio than221

the video. Typical cases include hallucinated ac-222

tions triggered by background sounds (Sung-Bin223

et al., 2025; Jung et al., 2025), and emotion infer-224

ence based on vocal tone rather than facial expres-225

sion (Xing et al., 2025).226

4 Evaluation Benchmarks227

Following the taxonomy in Section 3, we catego-228

rize existing benchmarks by hallucination type and229

representative failure cases. Table 1 provides an230

overview of their venues, scales, task formats, and231

evaluation metrics.232

4.1 Dynamic Distortion Benchmarks233

Spatiotemporal dynamics benchmarks assess234

Vid-LLMs’ ability to model temporal structure,235

covering three subtypes: event misordering, du-236

ration distortion, and frequency confusion.237

For event misordering, VidHalluc (Li et al.,238

2025a) includes 5,002 videos from ActivityNet (Yu239

et al., 2019), YouCook2 (Zhou et al., 2018), and240

VALOR32K (Liu et al., 2025a), and evaluates tem-241

poral hallucinations through sequence-based QA242

tasks that test whether models can determine the243

correct order of actions. HAVEN (Gao et al., 2025)244

(event) targets discrepancies in action sequences us-245

ing 2,245 questions across binary, multiple-choice,246

and short-answer formats. MHBench (Kong et al.,247

2025) provides 1,200 videos and tests motion248

understanding via adversarial triplets simulating249

original, reversed, and incomplete actions. AR- 250

GUS (Rawal et al., 2025) evaluates hallucination 251

and omission on 500 videos with about 9,500 anno- 252

tations, penalizing event misordering by checking 253

the temporal alignment between model-generated 254

and ground-truth action sequences. 255

For duration distortion, VideoHallucer (Wang 256

et al., 2024b) includes 1,800 adversarial question 257

pairs based on 948 videos, assessing both intrinsic 258

and extrinsic hallucinations through tasks focused 259

on detecting abnormal durations and comparing 260

relative event lengths. OVBench (THV) (Huang 261

et al., 2025d) targets duration distortion in real- 262

time streaming settings, requiring models to track 263

action persistence and estimate the length of ongo- 264

ing events as temporal context unfolds. 265

For frequency confusion, VidHal (Choong et al., 266

2024) benchmarks fine-grained temporal under- 267

standing by asking models to distinguish be- 268

tween captions with correct and hallucinated ac- 269

tion counts. HAVEN (Gao et al., 2025) (count) 270

addresses this via numerical questions that test a 271

model’s ability to differentiate between single and 272

repeated actions, evaluating its capacity to quan- 273

tify frequency. Vript (Yang et al., 2024) includes a 274

‘Count’ category in its Vript-RR benchmark, which 275

assesses whether models can accurately compare 276

the number of visual elements across long video 277

sequences. 278

Referential inconsistency benchmarks assess 279

whether models can maintain distinct representa- 280

tions of entities and scenes over time. Despite 281

the increasing use of Vid-LLMs, only three bench- 282

marks explicitly address this issue. 283

For character conflation, EGOILLUSION (Seth 284

et al., 2025) includes 1,400 egocentric videos and 285

8,000 question–answer pairs. It evaluates whether 286

models confuse different individuals, for example 287

by identifying the camera wearer as another per- 288

son during object interactions or activity recog- 289

nition. MESH (Yang et al., 2025) introduces a 290

human-aligned evaluation framework called Mise 291

En Scène, built on TVQA+ clips. It tests whether 292

models can consistently track character identity, 293

appearance, and actions across scenes using struc- 294

tured evaluation traps. 295

For scene conflation, ELV-Halluc (Lu et al., 296

2025) uses approximately 8,600 adversarial video 297

and text pairs to evaluate whether models incor- 298

rectly assign visual elements such as objects or 299

actions from one part of a video to another. 300
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Table 1: Summary of video hallucination benchmarks. Format: MC = Multiple Choice, Bin = Yes/No, Open =
Open-ended QA, Cap = Captioning. Length: S = Short (<1min), M = Medium (1–5min), L = Long (>5min), St =
Streaming. Baseline: Specialized baseline method proposed. SOTA Perf.: Representative best performance reported.

Benchmark Venue # Vid # QA Format Metric Len Domain Baseline SOTA Perf.

Spatiotemporal Dynamics Benchmarks (Dynamic Distortion)

VidHalluc (Li et al., 2025a) CVPR’25 5,002 9,295 MC, Bin Acc, Score S ActivityNet, YouCook2, VALOR ✓ GPT-4o: 81.2%
VideoHallucer (Wang et al., 2024b) arXiv’24 948 1,800 Bin Acc, Score M ActivityNet, VidOR, YouCook ✓ Gemini-1.5: 37.8%
HAVEN (Gao et al., 2025) arXiv’25 – 6.5k MC, Bin, Open Acc, Bias S COIN, ActivityNet, Sports1M ✓ Valley-Eagle: 61.3%
MHBench (Kong et al., 2025) AAAI’25 1,200 – MC, Bin Acc, F1 S Sth-Sth V2, Self-shot ✓ VideoChat2-MCD: 65.2%
VidHal (Choong et al., 2024) arXiv’24 1,000 3,000 MC Acc, NDCG S TempCompass, MVBench, PT ✗ GPT-4o: 77.2%
ARGUS (Rawal et al., 2025) arXiv’25 500 ∼9.5k Cap Cost-H/O S Ego4D, Panda-70M, Stock ✗ Gemini-2.0: 41%
OVBench (THV) (Huang et al., 2025d) CVPR’25 – ∼33k Bin Accuracy St DiDeMo, QuerYD. ✓ VideoChat-On: 63.1%
Vript (Yang et al., 2024) NeurIPS’24 12k 420k Bin, MC Acc, F1 L HD-VILA, YouTube, TikTok ✓ Vriptor: 58.3 (F1)

Referential Inconsistency Benchmarks (Dynamic Distortion)

EGOILLUSION (Seth et al., 2025) EMNLP’25 1,400 8k Bin, Open Accuracy S/M Ego4D, EgoSeg, Trek-150 ✗ Gemini-Pro: 59.4%
MESH (Yang et al., 2025) MM’25 – ∼140k MC, Bin Accuracy S/M TVQA+, UCF101 ✗ GPT-4o: 79.1%
ELV-Halluc (Lu et al., 2025) arXiv’25 200 4.8k Bin Acc, SAH L YouTube (Event-based) ✓ Gemini2.5-Flash: 53.1%

Context-Driven Fabrication Benchmarks (Content Fabrication)

FactVC (Liu and Wan, 2023) EMNLP’23 300 – Cap Bleu4, Rouge-L M/L ActivityNet, YouCook2 ✓ PDVC-gt: 12.83 (Bleu4)
EventHallusion (Zhang et al., 2024) AAAI’26 400 711 Bin, Open Accuracy S ActivityNet ✓ GPT-4o: 91.93%
NOAH (Lee et al., 2025) arXiv’25 9k ∼60k Bin, Cap Acc, HR M/L ActivityNet ✗ Gemini2.5-Flash: 66.8%
VideoHallu (Li et al., 2025c) NeurIPS’25 987 3,233 Open GPT-Score S Generated (Sora, etc.) ✓ Comb-GRPO: 57.7
RoadSocial (Parikh et al., 2025) CVPR’25 13.2k 260k Open GPT-Score S/M Social Media (Traffic) ✗ GPT-4o: 69.8

Audio-Visual Conflict Benchmarks (Content Fabrication)

AVHBench (Sung-Bin et al., 2025) ICLR’25 2,136 5.3k Bin Accuracy S AudioCaps, VALOR ✓ AVHModel-Align-FT: 83.9%
CMM (Leng et al., 2024) arXiv’24 1.2k 2.4k Bin PA/HR S WebVid, AudioCaps ✗ Gemini-1.5: 88.4/64.2
EmotionHallucer (Xing et al., 2025) arXiv’25 230 2,742 Bin Accuracy S/M MER 2023, Social-IQ 2.0 ✓ Gemini2.5-Flash: 68.2%

4.2 Content Fabrication Benchmarks301

Context-driven fabrication benchmarks assess302

whether models generate outputs based on visual303

evidence rather than relying on statistical associa-304

tions from training data. These benchmarks span305

various domains such as activity recognition, driv-306

ing, and synthetic videos, reflecting the diverse and307

context-sensitive nature of fabrication errors.308

For object-action hallucination, VideoHallu (Li309

et al., 2025c) uses synthetic “negative control”310

videos to test whether models incorrectly infer311

actions based on prior object–action associations312

instead of actual motion cues. For instance, a313

model may claim that a watermelon breaks after314

being shot even when it remains intact in the video.315

FactVC (Liu and Wan, 2023) identifies action con-316

sistency as a major source of captioning error, ac-317

counting for 38.3% of failures. Models often de-318

scribe interactions such as a person dancing with a319

dog based on object co-occurrence, without ground-320

ing predictions in visual dynamics.321

For scene-event hallucination, EventHallu-322

sion (Zhang et al., 2024) evaluates whether mod-323

els hallucinate events by over-relying on typical324

scene–event pairings, such as assuming cooking325

takes place in a kitchen even without action evi-326

dence. NOAH (Lee et al., 2025) scales this evalu-327

ation to over 60,000 samples created from around328

15,000 edited videos, testing whether models ig-329

nore inserted contradictory clips and instead gener-330

ate events that align with the surrounding scene or331

narrative context. RoadSocial (Parikh et al., 2025)332

focuses on driving scenarios, using adversarial and 333

incompatible question formats to test whether mod- 334

els hallucinate common road events, such as colli- 335

sions or traffic violations, based solely on general 336

road context or misleading prompts, even when no 337

such events occur in the video. 338

Audio-visual conflict benchmarks evaluate 339

whether models integrate audio and visual signals 340

appropriately, focusing on cases where dominant 341

audio cues override visual input and lead to incor- 342

rect predictions. With only three existing bench- 343

marks, this category remains underexplored, and 344

current datasets are limited to short video clips. As 345

multimodal Vid-LLMs increasingly process audio, 346

further benchmark development is needed. 347

For action attribution, AVHBench (Sung-Bin 348

et al., 2025) tests whether sounds such as music 349

or bird calls cause models to generate incorrect vi- 350

sual descriptions like “a person is dancing” or “a 351

bird is chirping,” even when no such actions are 352

visible. It includes 2,136 videos and 5,302 binary 353

question–answer pairs sourced from AudioCaps 354

and VALOR, and reports precision, recall, and F1 355

scores to quantify errors. CMM (Leng et al., 2024) 356

evaluates similar cases using curated “audio dom- 357

inance” samples, where prominent sounds such 358

as thunder occur without visual events like light- 359

ning. Models are asked binary questions to assess 360

whether they mistakenly rely on audio alone for 361

visual claims. 362

For emotion inference, EmotionHallucer (Xing 363

et al., 2025) examines whether models infer incor- 364
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rect emotional states based on misleading multi-365

modal cues. Its Reasoning Result and Reasoning366

Cue tasks test if models describe a neutral face367

as “excited” due to upbeat vocal tone, or invent368

emotional cues to justify unsupported conclusions.369

4.3 Discussion: Coverage and Gaps370

Table 1 summarizes 19 existing benchmarks for371

evaluating video hallucination, with a notable con-372

centration on Spatiotemporal Dynamics (8 bench-373

marks), mostly targeting short clips. A few, such as374

Vript (Yang et al., 2024) and OVBench (Huang375

et al., 2025d), extend to long-form or stream-376

ing contexts. Context-Driven Fabrication shows377

broad domain coverage, ranging from traffic sce-378

narios (RoadSocial) to synthetic videos (Video-379

Hallu). In contrast, Referential Inconsistency380

and Audio-Visual Conflict remain underexplored,381

each represented by only three benchmarks, and382

no benchmark addresses audio-visual consistency383

in long-form videos. While 11 benchmarks in-384

clude dedicated baselines to support method de-385

velopment, performance analysis reveals a clear386

divide: state-of-the-art models perform well on387

some tasks (e.g., VidHalluc, EventHallusion, with388

scores above 80%), but struggle with fine-grained389

temporal reasoning (e.g., VideoHallucer, 37.8%)390

and long-context consistency (e.g., ELV-Halluc,391

53.1%). These findings identify dynamic distortion392

and long-range temporal grounding as persistent393

challenges for future research.394

5 Mitigation Strategies395

Following the taxonomy in Section 3, we group396

existing mitigation strategies by hallucination type397

and representative failure cases. Table 2 summa-398

rizes the corresponding techniques for each case.399

5.1 Mitigating Dynamic Distortion400

Spatiotemporal dynamics mitigation tackles401

event order, duration, and frequency Hallucinations402

using contrastive, optimization-based, and tempo-403

ral grounding strategies, with event misordering404

being the most extensively studied.405

For event misordering, SEASON (Wu et al.,406

2025a) contrasts original videos with tempo-407

rally homogenized negatives that disrupt causal408

order, using self-diagnostic decoding to sup-409

press outputs insensitive to correct sequence.410

Video-thinking (Gao et al., 2025) introduces411

TDPO (Thinking-based DPO), applying segment-412

weighted preference learning on reasoning paths413

to optimize for temporal logic. SmartSight (Sun 414

et al., 2025) ranks multiple responses based on the 415

Temporal Attention Collapse (TAC) score, favor- 416

ing outputs that attend proportionally across time 417

to preserve correct order. 418

For duration distortion, Temporal Insight En- 419

hancement (Sun et al., 2024) decomposes events 420

into atomic actions and leverages external vision 421

models to timestamp them, aligning model re- 422

sponses with grounded temporal claims. DINO- 423

HEAL (Li et al., 2025a) uses DINOv2-guided 424

spatial saliency to reweight features and maintain 425

attention on action-relevant regions across time. 426

TAAE (Cai et al., 2025) identifies activation offsets 427

between full and downsampled inputs to amplify 428

duration-sensitive representations during inference. 429

For frequency confusion, VTG-LLM (Guo et al., 430

2025) introduces absolute-time tokens that decou- 431

ple event identity from repetition count, improv- 432

ing temporal anchoring of repeated actions. Vrip- 433

tor (Yang et al., 2024) aligns dense scene-level 434

captions with timestamps to enforce instance-level 435

discrimination, helping models avoid merging or 436

duplicating repeated events in long videos. 437

Referential inconsistency mitigation focuses 438

on preserving distinct representations of entities 439

and scenes across time. 440

For character conflation, Vista-LLaMA (Ma 441

et al., 2024) introduces Equal Distance Attention, 442

which removes positional decay between visual 443

and textual tokens, ensuring stable attention to 444

character identities regardless of when they appear. 445

VideoPLR (Pu et al., 2025) constructs a structured 446

video database with explicit object tracking, allow- 447

ing symbolic logic programs to differentiate entity 448

identities during reasoning. 449

For scene conflation, ELV-Halluc-DPO (Lu et al., 450

2025) applies adversarial preference optimization 451

using cross-segment perturbations that swap en- 452

tities in space or time, encouraging the model 453

to ground predictions within the correct segment. 454

VideoChat-Online (Huang et al., 2025d) uses a 455

Pyramid Memory Bank during streaming inference 456

to separate recent high-resolution frames from com- 457

pressed long-term history, reducing confusion be- 458

tween distinct temporal contexts. 459

5.2 Mitigating Content Fabrication 460

Context-driven fabrication mitigation aims to 461

separate predictions from statistical associations 462

and strengthen visual grounding. 463

For object–action hallucination, methods em- 464
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Table 2: Summary of video hallucination mitigation strategies. Case: Order/Dur/Freq (Spatiotemporal Dynamics),
Char/Scn (Referential Inconsistency), Obj-Act/Scn-Evt (Context-Driven Fabrication), Act/Emo (Audio-Visual
Conflict). TF: ✓ = train-free, ✗ = training required. Reported Gain: reported improvement (over baseline) on
primary benchmark.

Method Venue Case TF Core Technique Key Mechanism Reported Gain

Spatiotemporal Dynamics Mitigation (Dynamic Distortion)

SEASON (Wu et al., 2025a) arXiv’25 Order ✓ Contrastive Decoding Temporal homogenization contrast +5.7% Acc (Qwen2.5-VL)
Video-thinking (Gao et al., 2025) arXiv’25 Order ✗ Preference Optimization Segment-weighted thinking contrast +7.4% Acc (LLaVA-NeXT)
SmartSight (Sun et al., 2025) arXiv’25 Order ✓ Introspective Sampling Temporal attention collapse score +2.9% Acc (Video-R1)
Temporal Insight (Sun et al., 2024) ICPR’24 Dur ✓ Post-hoc Correction Iconic action timestamp extraction +27.9% R@1 (Video-LLaMA)
DINO-HEAL (Li et al., 2025a) CVPR’25 Dur ✓ Feature Reweighting DINOv2 spatial saliency reweighting +7.0% Acc (Video-LLaVA)
TAAE (Cai et al., 2025) arXiv’25 Dur ✗ Activation Engineering Temporal-aware offset injection +4.4% Acc (Qwen2.5-VL)
VTG-LLM (Guo et al., 2025) AAAI’25 Freq ✗ Temporal Grounding Absolute-time token disentanglement +6.8% R@1 (Video-LLaMA2)
Vriptor (Yang et al., 2024) NeurIPS’24 Freq ✗ Video-Script Alignment Dense script-based timestamp training +7.5% F1 (ST-LLM)

Referential Inconsistency Mitigation (Dynamic Distortion)

Vista-llama (Ma et al., 2024) CVPR’24 Char ✗ Token Processing Equal distance visual attention ∼5.0% Acc (LLaVA)
VideoPLR (Pu et al., 2025) arXiv’25 Char ✗ Perception-Logic-Reasoning Database-anchored symbolic execution +9.2% Acc (Qwen2.5-VL)
ELV-Halluc-DPO (Lu et al., 2025) arXiv’25 Scn ✗ Preference Optimization Cross-segment adversarial DPO -27.7% SAH (Qwen2.5-VL)
VideoChat-Online (Huang et al., 2025d) CVPR’25 Scn ✗ Streaming Processing Pyramid memory bank update +8.5% Acc (InternVL2)

Context-Driven Fabrication Mitigation (Content Fabrication)

SANTA (Chang et al., 2025) arXiv’25 Obj-Act ✗ Fine-grained Contrastive Tuning Hard negative action/object swapping +2.4% Acc (LLaVA-Video)
TCD (Zhang et al., 2024) AAAI’26 Obj-Act ✓ Contrastive Decoding Logit subtraction of priors +3.2% Acc (VILA)
MASH-VLM (Bae et al., 2025) CVPR’25 Scn-Evt ✗ Disentangled Representation DST-Attention & Harmonic-RoPE +2.7% Acc (ST-LLM)
PaMi-VDPO (Ding et al., 2025) arXiv’25 Scn-Evt ✗ Preference Optimization Part-mismatch visual negatives +5.9% Acc (LLaVA-OenVision)
MMA (Dang et al., 2025) IJCAI’25 Scn-Evt ✗ Parameter-Efficient Tuning Dual-path visual-text alignment +2.0% Acc (MA-LMM)
VistaDPO (Huang et al., 2025a) ICML’25 O-A, S-E ✗ Visual-State DPO Penalizing low visual-dependency tokens +36.5% Acc (Video-LLaVA)
VideoHallu-GRPO (Li et al., 2025c) NeurIPS’25 O-A, S-E ✗ RL Fine-Tuning Group-relative rewards on counter-intuitive data +4.7% Acc (Qwen2.5-VL)

Audio-Visual Conflict Mitigation (Content Fabrication)

AVHModel-Align-FT (Sung-Bin et al., 2025) ICLR’25 Act ✗ Instruction Tuning Modality-Disentangled Data +33.8% Acc (Video-LLaMA)
AVCD (Jung et al., 2025) NeurIPS’25 Act ✓ Trimodal Contrastive Decoding Dominance-aware Attentive Masking +1.6% Acc (VideoLLaMA2)
PEP-MEK (Xing et al., 2025) arXiv’25 Emo ✓ Predict-Explain-Predict Knowledge Extraction & Refinement +9.1% Acc (Gemini2.5-Flash)

phasize motion cues over object presence.465

SANTA (Chang et al., 2025) applies fine-grained466

contrastive tuning using hard negatives where ac-467

tions differ but entities remain the same, encour-468

aging the model to rely on motion rather than co-469

occurrence patterns. TCD (Zhang et al., 2024) sup-470

presses object-triggered predictions by subtracting471

logits from temporally shuffled inputs, guiding the472

model to attend to dynamic cues rather than static473

priors.474

For scene–event hallucination, methods reduce475

the influence of background context on event in-476

ference. MASH-VLM (Bae et al., 2025) uses477

disentangled spatial-temporal attention to prevent478

the model from predicting actions based solely479

on static backgrounds. PaMi-VDPO (Ding et al.,480

2025) introduces preference learning with visu-481

ally mismatched negatives to train the model to482

verify event descriptions against the actual scene.483

MMA (Dang et al., 2025) aligns local visual details484

with textual tokens through a dual-path adapter, re-485

inforcing grounding in specific cues over general486

context.487

Some methods address both cases. Vista-488

DPO (Huang et al., 2025a) penalizes predictions489

that lack visual grounding by optimizing against490

prior-driven outputs, encouraging reliance on di-491

rectly observable evidence. VideoHallu-GRPO (Li492

et al., 2025c) improves grounding using synthetic493

videos with counterintuitive scenarios, optimizing494

model behavior through group-based relative re- 495

wards that favor visually consistent responses over 496

learned priors. 497

Audio-visual conflict mitigation addresses er- 498

rors caused by dominant audio signals overriding 499

visual input. This area remains underexplored, with 500

few targeted methods. 501

For action attribution, AVHModel-Align- 502

FT (Sung-Bin et al., 2025) fine-tunes on 503

annotations separating audio and visual events, 504

helping models distinguish between auditory and 505

visual sources. AVCD (Jung et al., 2025) uses 506

contrastive learning with modality masking to 507

suppress misleading cues and improve cross-modal 508

grounding. 509

For emotion inference, PEP-MEK (Xing et al., 510

2025) enforces modality-specific reasoning by re- 511

quiring models to explain visual evidence before 512

integrating it with audio, reducing overreliance on 513

vocal tone. 514

5.3 Discussion: Coverage and Trade-offs 515

Table 2 reveals uneven progress across halluci- 516

nation types. While Spatiotemporal Dynamics 517

and Context-Driven Fabrication are well addressed, 518

Referential Inconsistency and Audio-Visual Con- 519

flict remain underexplored. A key trade-off ex- 520

ists between effectiveness and deployment cost. 521

Training-based methods (e.g., VistaDPO (Huang 522

et al., 2025a), AVHModel-Align-FT (Sung-Bin 523
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et al., 2025)) offer substantial gains (up to 30–36%)524

by reshaping model priors via reinforcement learn-525

ing or instruction tuning, but require high train-526

ing overhead. In contrast, training-free strategies527

(e.g., SEASON (Wu et al., 2025a), SmartSight (Sun528

et al., 2025), TCD (Zhang et al., 2024)) are model-529

agnostic and easier to adopt, though with more530

limited gains. Mechanism suitability often aligns531

with error type: inference-time decoding or atten-532

tion adjustments help correct temporal and logical533

inconsistencies (e.g., VideoPLR (Pu et al., 2025)),534

while hallucinations driven by strong priors call535

for deeper disentanglement during training (e.g.,536

MASH-VLM (Bae et al., 2025)). Reducing the la-537

tency of current inference-time methods is critical538

for real-time and safety-sensitive deployment.539

6 Future Directions540

Building on the taxonomy in Section 3, we propose541

two core directions for enhancing hallucination ro-542

bustness in Vid-LLMs, targeting the underlying543

causes of dynamic distortion and content fabrica-544

tion.545

6.1 Addressing Dynamic Distortion:546

Temporal and Referential Fidelity547

Dynamic distortion primarily results from a gap548

between visual encoding and temporal reasoning.549

This issue is often rooted in the use of static im-550

age encoders and pooling-based connectors, which551

tend to discard motion cues critical for capturing552

temporal dynamics (Li et al., 2025b, 2023b; Zhang553

et al., 2023b). As videos become longer, this prob-554

lem is further exacerbated by the limited capacity555

of current models to maintain long-range context,556

leading to semantic drift and referential inconsis-557

tency (Xiao et al., 2024; Guo et al., 2025).558

To address these limitations, future architec-559

tures should adopt video-oriented designs that pre-560

serve temporal structure throughout the pipeline.561

This includes using video-native encoders such562

as VideoMAE (Wang et al., 2023) and motion-563

aware connectors that incorporate signals like op-564

tical flow (Liu et al., 2025b) to capture velocity565

and trajectory. For long-range consistency, models566

may benefit from structured memory mechanisms,567

including state space models like Mamba (Li et al.,568

2024) or episodic memory (Wang et al., 2025), to569

retain persistent entity information over extended570

sequences.571

6.2 Mitigating Content Fabrication: 572

Grounding and Alignment 573

Content fabrication arises when pretraining priors 574

dominate over visual grounding. Models may hal- 575

lucinate actions or events based on static entities or 576

scenes, ignoring temporal evidence (Chang et al., 577

2025; Bae et al., 2025). The problem is worsened 578

by imbalanced modality integration, where dom- 579

inant audio cues override visual input, leading to 580

cross-modal conflicts (Sung-Bin et al., 2025; Leng 581

et al., 2024). 582

To reduce fabrication, models should learn to 583

separate priors from perceptual evidence. This 584

can be achieved by using counterfactual strate- 585

gies, such as introducing negative samples with 586

implausible object–action pairs and applying debi- 587

asing objectives that encourage reliance on motion 588

cues (Qi et al., 2024). In audio-visual settings, 589

models should verify visual input before incorpo- 590

rating audio signals to avoid hallucinations caused 591

by sound (Mo and Song, 2024). 592

7 Conclusion 593

Video large language models (Vid-LLMs) have 594

achieved significant progress in video-language 595

modeling, but also give rise to unique hallucination 596

patterns that differ from those in static image tasks. 597

This survey introduces a mechanism-based taxon- 598

omy that categorizes hallucinations in Vid-LLMs 599

into two primary categories: Dynamic Distortion, 600

referring to the misinterpretation of spatiotemporal 601

progression or referential consistency; and Content 602

Fabrication, referring to ungrounded outputs influ- 603

enced by statistical context priors or dominant audi- 604

tory cues. Although recent studies have advanced 605

benchmarking and mitigation of spatiotemporal 606

and context-driven hallucinations, challenges such 607

as referential inconsistency and audio-visual con- 608

flicts remain underexplored. Furthermore, most ex- 609

isting mitigation strategies are applied at inference 610

time or as post-training adjustments, highlighting 611

the need for scalable, training-time alignment meth- 612

ods. To improve the robustness of Vid-LLMs, we 613

advocate future research toward developing video- 614

native encoders that preserve motion cues, integrat- 615

ing explicit memory mechanisms to support long- 616

term temporal grounding, and employing counter- 617

factual learning to disentangle model reasoning 618

from prior-driven associations. These directions 619

will be essential for building trustworthy and tem- 620

porally faithful video-language systems. 621
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Limitations622

Previous surveys on hallucination in MLLMs have623

extended the scope from LLMs and image-based624

VLMs to include video and other modalities. How-625

ever, their coverage of video hallucination remains626

limited, with only brief mentions of benchmarks627

and mitigation efforts, lacking structured catego-628

rization or causal analysis. This survey addresses629

this gap by presenting a mechanism-driven tax-630

onomy of hallucinations in Vid-LLMs. We intro-631

duce a layered classification framework, review632

recent studies in greater depth, analyze the under-633

lying causes of hallucinations, and outline future634

research directions. While we have strived to cover635

key developments in Vid-LLM hallucination, some636

relevant work may be omitted. This survey includes637

research published up to January 2026.638

Ethics Statement639

This survey adheres to established ethical standards640

for academic research. All referenced works are641

publicly available, and no human subjects or per-642

sonally identifiable information are involved. The643

purpose of this survey is to facilitate academic un-644

derstanding and encourage responsible develop-645

ment in the study of hallucination in Vid-LLMs.646

All prior work has been properly cited, with appro-647

priate credit given to original contributions.648
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