From Detection to Understanding: Multi-Turn Reasoning
for Video Misinformation Analysis
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Abstract

Video misinformation detection is often ap-
proached as a binary veracity classification
problem, overlooking the complex reasoning
required to explain ~ow and why content mis-
leads. Existing benchmarks fail to capture the
diversity of manipulation strategies, such as
Al-generated edits and out-of-context manip-
ulation, and do not evaluate whether models
can provide process-level justifications for their
judgments. We address these limitations with
MISVIDEOQA, a multi-turn benchmark de-
signed to assess comprehensive understanding
and reasoning in video misinformation anal-
ysis. MISVIDEOQA covers 12 fine-grained
video categories and evaluates models along
six dimensions, progressing from perceptual
attribution to intent and persuasion analysis.
Recognizing that standard MLLMs struggle
to sustain such structured, evidence-based de-
duction, we propose MISAGENT, a Delphi-
inspired multi-agent framework in which spe-
cialized agents collaboratively integrate mul-
timodal cues with external evidence. Experi-
mental results show that state-of-the-art multi-
modal large language models perform poorly
on MISVIDEOQA, while MISAGENT consis-
tently improves reasoning accuracy and expla-
nation quality. Together, our benchmark and
framework establish a unified foundation for
reliable, interpretable, and evidence-grounded
video misinformation analysis.'

1 Introduction

Short-video platforms are a major channel for in-
formation consumption and a key vector for mis-
information. Unlike text-only rumors, misleading
videos combine visual, auditory, and textual sig-
nals to produce narratives that appear coherent yet
are deceptive (Choi and Ko, 2021; Shang et al.,
2021; Zong et al., 2024; Zeng et al., 2025b). These
*Corresponding Author

"Data and code are available at: https://github.com/
zzeng1998/MisVideoQA.

narratives arise from diverse strategies, including
Al-generated media, multimodal manipulation, and
the out-of-context reuse of authentic footage (Zeng
et al., 2025a). Effective misinformation analysis
therefore requires more than binary veracity judg-
ments. It demands models that can explain sow and
why a video misleads by identifying manipulated
signals, inconsistencies, and persuasive intent.

Despite the urgency of this challenge, current re-
search remains constrained by fundamental limita-
tions in both benchmarking and modeling. Exist-
ing benchmarks often oversimplify video misinfor-
mation analysis by focusing on narrow deception
categories, such as deepfakes or caption inconsis-
tencies (Gao et al., 2024; Batra et al., 2025), and
by reducing evaluation to binary veracity classifica-
tion (Qi et al., 2023a; Bu et al., 2024). This fram-
ing sidelines reasoning and prevents assessment
of whether models can attribute deceptive cues or
explain how manipulation leads to misleading in-
terpretation (Xu et al., 2025a; Zeng et al., 2025a).
As illustrated in Figure 1, comprehensive under-
standing requires tracing evidence from perceptual
inconsistencies to underlying intent.

These benchmark limitations, in turn, shape how
models are trained and evaluated. When supervi-
sion emphasizes label prediction rather than rea-
soning fidelity, models are neither incentivized nor
evaluated on evidence grounding. Consequently,
although recent work uses Multimodal Large Lan-
guage Models (MLLMs) to generate natural lan-
guage rationales for misinformation (Hong et al.,
2025; Tran, 2025; Niu et al., 2025), such explana-
tions are often fragile, hallucinated, and weakly
grounded in verifiable external evidence. This
weakness limits their applicability in real-world
misinformation governance, where explanations
must be transparent and auditable.

To address these gaps, we present two comple-
mentary contributions that jointly advance evalua-
tion and reasoning for video misinformation anal-
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Fine-grained Attribution

1. Text Tampering 2. Video Tampering 3. Audio Tampering
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Multi-Hop Text Tampering Sample

Video Perception

What inconsistency can be observed between
the text displayed on the screen and the known
facts about Volodymyr Zelenskyy?

How does the phrase 'l need money for cocaine’
in the video contrast with Volodymyr Zelenskyy's
public image and responsibilities?

Which type of authenticity issue is most likely present given the
inconsistencies between the video content and the known facts about
Volodymyr Zelenskyy?

A: Real, B: Text Tampering, C: Al-Generated Content, D: Event Fabrication

urned to Ukraine and is now I

Zelenskyy ha: ing the nation.

Transcript: All | wanted was a little bit of money, just a little bit. | need money to buy a little bit of cocaine. You
know, | hope I can get cocaine from Hunter Biden. I'm not feeling well today. They took my cocaine at the
airport. | need money, so | can buy a little bit of cocaine, please.

Intent Analysis

What is the likely intention behind publishing
this video?

Emotion Analysis

What emotion is primarily conveyed
through the text overlay in the video?
A: Public interest, B: Economic interest,
C: Political interest, D'; Psychological
fulfillment

A: Sarcastic, B: Serious, C: Neutral,
D: Joyful

1. Al Edition 2. Deepfake

AIGC ) ey
y B
Sy

1. Knowledge Error 3. Event Splicing

2. Event Fabrication

Out-of-Context

Multi-Hop Al-Generated Content Sample

Content Reasoning

What unusual characteristics does the creature

How might the presence of such a creature impact
exhibit compared to typical marine life? the ion of envi tions i

area?

Which authenticity category best describes the video considering the unusual
characteristics of the creature and its implications on environmental
perceptions?

A:Real, B: Al-Generated Content, C: Event Fabrication, D: Video Tampering

Title: The waters near the area where Japan released its nuclear wastewater have been found to contain
mutated organisms, a sight that is truly shocking.

Intent Analysis

What is the likely intention of the
publisher behind sharing this video?

Persuasion Analysis

Which persuasion strategy is primarily used
in the video to engage the audience?

A: Public interest, B: Economic interest,
C: Political interest, D: Psychological
fulfillment

A: Appeal to authority, B: Emotional appeal,
C: Logical reasoning, D: Social proof

Figure 1: Two representative instances from MISVIDEOQA. Each example follows a multi-hop, multi-turn reasoning
process that progresses from video perception and content reasoning to fine-grained misinformation attribution, and
further supports post-detection analysis of emotion, intent, and persuasion.

ysis. We first introduce MISVIDEOQA, a multi-
turn benchmark designed to assess process-level un-
derstanding and reasoning. MISVIDEOQA spans
12 diverse deception subcategories and evaluates
models across six progressive dimensions, from
pre-detection perception and attribution to post-
detection analysis of emotion, persuasion, and in-
tent. This enables systematic evaluation of not
only what models detect, but how they justify their
conclusions across diverse manipulation strategies.
To tackle the modeling challenges exposed by
MISVIDEOQA, we further propose MISAGENT,
a multi-agent framework inspired by the Delphi
framework’s structured consensus-building process
(Linstone et al., 1975; Xiong et al., 2025). Rather
than relying on a single monolithic model, M1s-
AGENT coordinates specialized agents for back-
ground verification, event-level examination, and
evidence integration, enabling collaborative synthe-
sis of multimodal cues with external evidence. Ex-
periments show that while state-of-the-art MLLMs
struggle with the progressive reasoning demands of
MISVIDEOQA, MISAGENT consistently improves
both accuracy and explanation quality, establishing
a unified foundation for reliable and interpretable
video misinformation analysis.

2 Related Work

Benchmarks for video misinformation detection
and video question answering have advanced mul-
timodal understanding, as summarized in Table 1.

2.1 Benchmarks

Video Misinformation Benchmarks. Early
datasets collected misleading micro-videos and
their textual context from social platforms. FVC
(Papadopoulou et al., 2019) is one of the first large-
scale benchmarks based on YouTube and Twitter,
and later work expanded to additional platforms
(Palod et al., 2019; Hou et al., 2019). Domain-
specific datasets targeted Covid-19 on TikTok (Ser-
rano et al., 2020; Shang et al., 2021), while FakeTT
(Bu et al., 2024) broadened topics for cross-context
evaluation. FakeSV (Qi et al., 2023a) further intro-
duced a large-scale Chinese benchmark with mul-
timodal signals. With the rise of MLLMs, newer
benchmarks also consider Al generated or edited
content (Xu et al., 2025a; Batra et al., 2025), yet
they still underrepresent in the wild misinforma-
tion, especially out-of-context reuse of real footage
(Luo et al., 2021). Overall, most datasets remain
detection oriented and provide limited coverage of
attribution and post-detection interpretation.
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Datasets Domain Reasoning #Video Type QAs  Annotation Source
FVC VMD X 5,006 2 - Human YT/TW
(Hou et al. 2019) VMD X 250 2 - Human TT
(Li et al. 2022) VMD X 700 2 - Human BB
FakeSV VMD X 3,654 2 - Human DY/KS
FakeTT VMD X 1,991 2 - Human TT
AdsQA Ads X 1,544 5 7,859 Auto Synthetic
MTMEUR EUAR Vv 1,451 6 5,101 Auto Synthetic
MiIsVIDEOQA (Ours) VMUAR v 1174 12 5235 Human, Auto ‘yood/S

Table 1: Comparison of related benchmarks. MISAGENT supports multi-turn misinformation understanding and
reasoning, with the broadest coverage of deception types and the most diverse real-world sources. Domains:
VMD (Video Misinformation Detection), Ads (Advertisement), EUAR (Emotion Understanding and Reasoning),
VMUAR (Video Misinformation Understanding and Reasoning). Annotation: Human (human annotation), Auto
(automatic annotation). Source platforms: YT (YouTube), TW (Twitter), TT (TikTok), BB (Bilibili), WB (Weibo),

DY (Douyin), IS (Instagram), KS (Kuaishou).

Video Question Answering Benchmarks.

Video QA benchmarks evaluate spatiotemporal
perception and event understanding by answering
questions grounded in videos (Cao et al., 2025;
Long et al., 2025; Hu et al., 2025). Many focus
on human activities and everyday scenarios, such
as NextQA (Xiao et al., 2021), ActivityQA (Yu
et al., 2019), and VideoMME (Fu et al., 2025),
with sources ranging from movies to web and
social media videos (Long et al., 2025). Beyond
general understanding, MTMEUR targets emotion
understanding and reasoning (Hu et al., 2025).

Our Benchmark. We introduce MISVIDEOQA,
a multi-turn benchmark for comprehensive evalua-
tion of video misinformation understanding. M1S-
VIDEOQA jointly assesses pre-detection reasoning,
and post-detection analysis. This design enables
process-level evaluation of whether models can not
only detect misinformation, but also justify deci-
sions and provide interpretable explanations.

2.2 Methods

Video Misinformation Detection. Early video
misinformation detection relied on handcrafted
cues from titles, captions, and user comments (Ser-
rano et al., 2020; Hou et al., 2019). Further, later
work learned multimodal representations and im-
proved performance via cross-modal fusion and
contextual modeling (Li et al., 2022; Choi and Ko,
2021; Shang et al., 2021; Zong et al., 2024; Wu
et al., 2024). Recent studies further enhance robust-
ness by incorporating external or structured knowl-
edge. For example, SV-FEND (Qi et al., 2023a)
integrates multimodal signals with Transformer-
based architectures, while NEED (Qi et al., 2023b)

leverages event and debunking knowledge with
graph attention. Other methods exploit editing
traces or reduce spurious correlations through debi-
asing strategies (Bu et al., 2024; Zeng et al., 2024).

MLLM-based Misinformation Detection.
MLLM-based approaches leverage instruction
following and broad world knowledge for mul-
timodal claim analysis via pipeline frameworks
(Zheng et al., 2025; Wang et al., 2024b; Qi et al.,
2024; Liu et al., 2024; Li et al., 2025). Recent
work introduces multi-view knowledge and role-
based prompting to strengthen reasoning (Wang
et al., 2025a; Tahmasebi et al., 2024). However,
rationales may hallucinate or be weakly grounded,
limiting reliability. To improve faithfulness,
prior studies adopt structured reasoning and
evidence-centric designs, such as CoT prompting
(Hong et al., 2025), retrieval-augmented generation
(Yue et al., 2024), reinforcement learning for
verifiable reasoning (Zhang et al., 2025), and
explicit external evidence integration (Niu et al.,
2025; Zeng et al., 2026; Xu et al., 2025b).

Our Method. Existing methods often use
MLLMs mainly as knowledge enhancers for detec-
tion, with limited support for collaborative, multi-
step investigation that seeks, cross-checks, and con-
solidates evidence across modalities. To address
fine-grained attribution and post-detection analysis,
we propose MISAGENT, a Delphi-inspired multi-
agent framework that retrieves and integrates real-
world external evidence for more comprehensive
and interpretable understanding and reasoning.
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Figure 2: Overview of our MISVIDEOQA benchmark: data annotation, QA generation, and quality control.

3 MiISVIDEOQA: Multi-Turn Reasoning
for Video Misinformation

We introduce MISVIDEOQA, a multi-turn bench-
mark for evaluating video misinformation under-
standing and reasoning. Unlike prior datasets, MIS-
VIDEOQA is grounded in verified evidence and
spans multiple social platforms, enabling evalu-
ation under realistic and diverse misinformation
scenarios (see Figure 2).

3.1 Data Curation

To ensure factual reliability, we source videos ex-
clusively from authoritative fact-checking repos-
itories, namely PolitiFact> and the China Inter-
net Joint Rumor-Refuting Platform’. Our initial
collection contains 10,366 videos from 2017 to
2025 across six major platforms: Weibo, Douyin,
Kuaishou, YouTube, Instagram, and Bilibili. We
retain only videos containing objectively verifiable
claims. To eliminate redundancy and prevent data
leakage, we apply rigorous textual similarity filter-
ing to remove near-duplicate videos while preserv-
ing topical diversity.

3.2 Hierarchical Data Annotation

In contrast to prior benchmarks that rely on binary
labels or synthetic data (Qi et al., 2023a; Bu et al.,
2024; Hu et al., 2025), MISVIDEOQA adopts an
evidence-based annotation framework that explic-
itly categorizes the mechanism of deception. Each
video is (1) first labeled as Real or Fake and is then
(2) further classified into a fine-grained taxonomy.

*https://www.politifact.com
3https://www.piyao.org.cn

As shown in Figure 2, we design a four-stage
reasoning schema that progressively detects and
characterizes misinformation in videos:

* Al-Generated Content Detection: Content syn-
thesized or substantially edited by generative
models, labeled as (1) AIGC.

* Consistency Analysis: Identification of cross-
modal inconsistencies involving (2) text tamper-
ing, (3) video tampering, or (4) audio tampering.

* Bias Analysis: Detection of psychological ma-
nipulation, including (5) faulty logic, (6) exagger-
ated narration, and (7) offensive content.

* Out-of-Context Detection: Deceptive reuse of
authentic footage, including (8) knowledge error,
(9) event fabrication, and (10) event splicing.

Videos without evidence of misinformation are cat-
egorized as either (11) real videos or (12) debunk-
ing videos. Ambiguous samples, accounting for
approximately 1.3% of the data, are excluded when
annotator consensus cannot be reached. All labels
are finalized through unanimous agreement by at
least three expert annotators with graduate-level
training in computer science or social sciences.*

3.3 Attribution-Guided QA Generation

Manually constructing large-scale multi-turn rea-
soning chains is labor-intensive. To address this
challenge, we design a semi-automated pipeline
that generates high-quality QA pairs grounded in
the hierarchical attribution taxonomy.

Sampling and Generation. From the 10,366 col-
lected micro-videos, we curate a balanced subset
with 100 samples per attribution type. We further

*The detailed annotation protocol is provided in Ap-
pendix B.1.
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Sub-category

(a) Distribution of video types in MISVIDEOQA.

Video Perception Persuasion Analysis

Content Reasoning
11.2%

17.56% Intent Analysis

22.4%

Misinf tion Attributi
isinformation Attribution 20.7%

Emotion Recognition

(b) Distribution of QA categories in MISVIDEOQA.

Figure 3: Data analysis of MISVIDEOQA. Types include Real (RL), Debunking (DB), Text Tampering (TT), Video
Tampering (VT), Audio Tampering (AT), Faulty Logic (FL), Exaggerated Narration (EN), Offensive Content (OC),
Knowledge Error (KE), Event Fabrication (EF), Event Splicing (ES), and Al-Generated Content (AIGC).

filter for title-level diversity to ensure broad cover-

age of real-world video content. For each video, we

use Qwen-VL-Max (Bai et al., 2025b) to generate
and verify a progressive six-step QA chain:

* Pre-Detection Reasoning (QA1-QA3): Evalu-
ates MLLMs’ understanding and reasoning abil-
ities through (1) video perception, (2) content
reasoning, and (3) misinformation attribution.

* Post-Detection Analysis (QA4-QA6): Assesses
higher-level interpretation via (4) emotion recog-
nition, (5) persuasion and (6) intent analysis.

Each question contains one correct option and

three distractors. Distractors are adversarially con-

structed to be superficially plausible yet semanti-
cally distinct or contradictory, thereby increasing
discriminative difficulty.’

3.4 Dual-Stage Quality Control

To ensure both reliability and appropriate difficulty,
we apply a two-stage quality control process.

Adversarial MLLM Filtering. We first remove
trivially solvable misinformation cases. Specif-
ically, any QA pair correctly answered by all
three representative models: GPT-40 (Hurst et al.,
2024), InternVL-3 (Zhu et al., 2025), and Qwen2.5-
VL (Bai et al., 2025b), is deemed insufficiently
challenging and excluded. This adversarial filter-
ing step ensures that the benchmark retains non-
trivial questions that meaningfully probe reasoning
capabilities. Figure 3(a) shows the resulting distri-
bution, which preserves broad coverage across the
deception types defined in Section 3.2.

Expert Verification. We further conduct expert
verification to ensure logical soundness of the re-
tained QA pairs. Annotators manually examine
each multi-hop reasoning chain by decomposing

The detailed QA generation procedure is described in
Appendix B.2.

complex questions into sub-questions and validat-
ing the progressive dependency from QA1 (video
perception) to QA3 (misinformation attribution).
Only QA pairs that pass both adversarial filtering
and expert verification are retained, yielding a chal-
lenging and coherent evaluation set (Figure 3(b)).

4 MISAGENT

To address limitations of existing MLLMs in video
misinformation analysis, we propose MISAGENT,
a collaborative multi-agent framework for evidence-
based reasoning as shown in Figure 4.

4.1 Motivation: The Delphi Framework

Delphi (Linstone et al., 1975) is a structured com-
munication framework originally developed for sys-
tematic forecasting. It aggregates expert opinions
through iterative rounds of anonymous inquiry, pro-
moting consensus while preserving independent
judgment. We adopt this principle as the design
motivation for coordinating agents in our multi-
agent reasoning framework.

Formally, let P = {P,,}*_, denote a panel of
specialized agents, let O represent a central orga-
nizer (the Reflection Agent), and let f(©) = &
denote the initial shared state. At each iteration
1 =1,2,..., agents independently generate opin-
ions conditioned on the target input and the previ-
ous feedback state:

o) = P, 107V) 19 = 0({ofi )

ey
where = denotes the target micro-video content.
The process continues until consensus is reached at
round T". The final decision is obtained by aggregat-
ing agent opinions from the final round, typically
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Figure 4: Overview of our proposed MISAGENT framework for multi-turn video misinformation analysis.

via confidence-weighted voting:

T = min{i : cons ({0%)}%:0 = 1},

M 2
0" = argmax wg)]l[og):y},
m=1

where cons(-) = 1 denotes a consensus function
and wg ) > 0 represents the reliability weight of

agent m at round 7.

4.2 Multimodal Content Analysis

Although MLLMs exhibit strong general capabil-
ities (Wu et al., 2026; Jiang et al., 2025a), micro-
videos often employ subtle deceptive strategies,
such as multimodal manipulation (Chen et al.,
2025a; Wang et al., 2025¢) and implicit seman-
tic twists (Wang et al., 2024a; Lang et al., 2025),
that evade single-pass detection. To address this
challenge, the Content Analysis Agent serves as
the perceptual anchor by decomposing a video
x = {x, Ty, Tq}, consisting of textual z;, visual
Zy, and acoustic x, modalities, into granular obser-
vational streams.

The agent performs multi-view analysis across
three levels: (1) Background Description, which
captures setting and contextual cues; (2) Entity and
Behavior Identification, which focuses on object
interactions and gestures; and (3) Event Narrative
Analysis, which examines temporal continuity and
action logic. This structured decomposition pro-
duces a set of veracity-related rationales R.:

R={rj}jli, rj=o0ix), 3)

where the function o;(-) represents a single-view
analysis expert, and each rationale r; is produced
through structured multi-turn interactions. By pro-
cessing these perceptual signals, the agent provides
the observational basis for subsequent reasoning.
Prompt templates are provided in Appendix D.

4.3 Multi-view Evidence Reasoning

Perception alone is insufficient for identifying com-
plex misinformation. The Reasoning Agent con-
textualizes observations in R by synthesizing inter-
nal semantic cues with external verification.

Internal Evidence Synthesis. Leveraging the
MLLM’s inherent world knowledge (Wan et al.,
2025; Liu et al.), this component extracts semantic
evidence Z = {e,}I< . It analyzes the content
from the perspectives of emotion, stance, intent,
and persuasion strategies (Wan et al., 2024; Yang
et al., 2026; Tong et al., 2024; Lu et al., 2025; Tong
et al., 2025), enabling detection of psychological
manipulation patterns that do not require external
information.

External Evidence Retrieval. To address out-
of-context misinformation that exploits knowledge
gaps in MLLMs (Xu et al., 2025a), the Reason-
ing Agent employs an adaptive retrieval strategy.
Given the video title x;, it constructs queries to
retrieve verifiable facts from authoritative sources
such as Wikipedia and Google News. The resulting
external evidence corpus is defined as:

& = retrieval(xy, Sk ) , @)

where Sk denotes the top- K ranked results from
trusted domains. This step anchors the reasoning

37014



Modality | Pre-detection Reasoning | Post-detection Analysis Overall
A V T VP CR MA EA 1A PA
MLLMs with Direct Prompt
InternVL-3-8B (Direct) x4/ 4/ 19203 9026  58.01 50.00 4339 4521 58.95
LLaVA-OneVision-7B (Direct) x +/ /| 83.88 81.03  52.81 50.64 4372 60.02 58.59
GLM-4.1V-9B (Direct) X v/ 4/ ]6326 6855 4148 62.17 60.44 5523 56.87
Gemma3-12B (Direct) x /| 8856 3231 51.45 59.76 50.60  45.66 53.98
InternVL-3.5-14B (Direct) x /v 9237 8821 59.03 39.87 3475 16.93 50.53
InternVL-3-38B (Direct) x /419272 90.60  60.05 81.03 7148 7272 75.59
Qwen3-VL-32B (Direct) X/ 4/ |91.85 89.74 5588 77.72 7049  70.49 73.22
MLLMs with VoT-based Prompt
VideoLLaMA2-7B (VoT) VoV V| 7262 7350 4540 6547 7530 61.02 63.61
GLM-4.1V-9B (VoT) X/ /7608 7178 4949 | 7422 6754 67.59 66.97
InternVL-3.5-14B (VoT) x /419289 87.69 56.64 |90.88 69.95 48.66 72.17
Qwen3-VL-32B (VoT) X/ 49272 9214 5835 7836 70.05 74.05 74.80
Closed-source MLLM
GPT-40-mini (Direct) x /4 ]89.12 7834  60.41 79.85 72.09 48.67 73.05
GPT-40 (Direct) X/ 4/ ]93.68 9223  59.48 87.62 82.17 73.71 79.17
Our Proposed Approach
GLM-4.1V-9B (MISAGENT) x / +/|83.86 8339  46.00 79.28 71.96 7424 | 68.41(11.54% 1)
Qwen3-VL-32B (MISAGENT) X +/ /|91.68 8321 56.73 87.29 76.50 70.27 | 76.22(3.00% 1)
InternVL-3-38B (MISAGENT) x +/ +/|9421 9275 60.26 |89.83 8348 77.19 | 80.75 (5.16% 1)

Table 2: Main results (%). Performance of all models measured by Micro-Acc. QA types are abbreviated
as follows: VP (Video Perception), CR (Content Reasoning), MA (Misinformation Attribution), EA (Emotion
Analysis), IA (Intent Analysis), and PA (Persuasion Analysis). Bold: the best result. Underline: the second result.

process in verifiable evidence.

4.4 Evidence Reflection and Integration

The Reflection Agent acts as the Delphi organizer,
filtering noise and guiding the system toward con-
sensus. To ensure semantic alignment, it first filters
the evidence to retain only contextually relevant
information J that supports veracity assessment:

6))

Here, F contains the filtered and context-aligned
evidence that directly supports veracity assessment,
allowing MISAGENT to adaptively integrate inter-
nal reasoning with external validation.

The agent then integrates content cues R, inter-
nal evidence 7, and filtered external evidence F
into a unified evidence set. Through I rounds of it-
erative feedback, as defined in Eq.6, the Reflection
Agent synthesizes these complementary signals:

F = filter(zy, £).

EWD = reflection(R, Z, F). (6)

In the final step, the agent aggregates £) to
produce the final prediction y* and justification j*,
ensuring that the decision is accurate, auditable,
and robust to hallucination.

5 Experiments

We conduct extensive experiments to address the

following research questions:

* RQ1 (§5.1): Does MISAGENT improve video
misinformation understanding and reasoning?

Model InternVL3-38B  GLM-4.1V-9B
w/o Text 76.34 66.97
w/o Audio 76.62 67.09
w/o MCU 77.49 67.81
w/o MER 74.42 61.38
MisAgent 80.75 68.41

Table 3: Ablation results (%). Macro-level accuracy of
different model variants on MISVIDEOQA.

* RQ2 (§5.1): Is MISAGENT adaptable across
MLLM backbones of varying scales?

* RQ3 (§5.2): What is the contribution of each
modality and agentic component to the frame-
work’s overall efficacy?

* RQ4 (§5.3): How does MISAGENT reason about
real-world cases?

Details of the experimental setup, including
model selection and implementation, are provided
in Appendix C.

5.1 Main Results (RQ1 & RQ2)

Overall Performance. Table 2 reports results on
MiSVIDEOQA. We make three key observations.
(1) Even with Video-of-Thought (VoT) reason-
ing (Fei et al., 2024), small and medium MLLMs
achieve at most ~75% overall accuracy, underscor-
ing the difficulty of video misinformation reason-
ing. (2) MISAGENT effectively narrows this gap.
Across three representative MLLMs of varying
sizes, GLM-4.1V-9B (Team et al., 2025b), Qwen3-
VL-32B (Bai et al., 2025a), and InternVL-3-38B
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olitical landscape that is more polar as than ever, with citizens passionately divided on ki

for bold ideas and innovative solutions as we navigate through challenges like climate change, economic
inequality and social justice.The upcoming election is not just about choosing a leader, is about defining the
very essence of our democracy. So let us engage, Let us debate and let us ensure that every voice is heard in
this pivotal moment of our history.

What is the significance of the setting behind President George W. Bush i the video?

A: Itindicates a formal office environment.

B: It suggests a personal library or study area.

C: It represents an outdoor event location.

D: It shows a public speaking venue.
MisAgent: A &

Qen3.VL-328 (VoT): AQY”  IntemVL-3.5:388 (VoT): A 0

Misinformation Attribution

Which authenticity category best describes the video considering the unusual characteristics of the
creature and its implications on envi i

A:Real B: Audio Tampering C: Al Generated Content D: Event Fabrication

MisAgent: B & Quen3vL328 (vor): A 98 internvi3.5:388 (vom: ¢ I

Emotion Analysis
Which emotion is predominantly conveyed through the celebratory tone in the video?
A: Joyful B: Sadness C: Political interest D: Psychological fulfillment

MisAgent: A Q@ Qwen3-VL-32 (VoT): A & InternVL-3.5-388 (VoT): A

(a) An audio tampering case.

rejected the proposal.

What evidence in the video suggests that Venezuela is facing significant economic challenges?

A: The presence of a large ship in the harbor indicates strong international trade.

B: The depiction of currency exchange and financial transactions shows economic stability.
suggest a thriving

D: The visual of dilapidated buildings and people holding large denominations of money implies.

‘economic hardship.

Misagent: D ¢

QWenVL328 (VoT): D IntormVL-3.5-388 (VoT): D ¢

Misinformation Attribution

Which authenticity category best describes the video, integrating the evidence of economic
challenges and the mention of using islands as collateral?

A:Real B: Event Fabrication C: Al-Generated Content D: Video Tampering

Misagent: B aQwen3:vLaz8 (vor): A 98 internvi-35388 (vory: A I

Emotion Analysis
What primary emotion is conveyed through the video's narrative about Venezuela's debt situation?
A: Hopefulness B: Anxiety C:Joy D: Indifference

Misagent: B @

Qen3-VL-328 (VoT): BQY  IntemVL-3.5:388 (VoT): B &
Intent Analysis

Whats the likely intention of the publisher in creating this video?

A: Public interest B: Economic interest C: Political interest D: Psychological fulfillment

Misgent: ¢ @

QwensvL328 (vom): A P8 internvL3.5388 (vom: B I

(b) An event fabrication case.

Figure 5: Qualitative examples illustrating how MISAGENT reasons about real-world video misinformation.

(Zhu et al., 2025), it consistently improves accuracy
by 3.00% to 11.54% over direct prompting, demon-
strating strong generalization and the ability to un-
lock reasoning capabilities in lighter models. (3)
MISAGENT consistently outperforms all MLLM
baselines, achieving a 1.58% absolute accuracy
gain over strong GPT-4o (Hurst et al., 2024) when
paired with InternVL-3-38B (Zhu et al., 2025).

Attribution and Reasoning Analysis. While
MLLMs perform reasonably on basic video percep-
tion, they struggle with misinformation attribution,
which requires identifying deceptive mechanisms.
As shown in Table 2, adopting the VoT strategy
yields marginal perception gains but degrades attri-
bution accuracy, suggesting that unstructured rea-
soning can induce hallucinated causal links. In con-
trast, MISAGENT achieves higher accuracy across
most fine-grained categories, indicating that multi-
agent collaboration improves reasoning fidelity.

5.2 Ablation Study (RQ3)

Impact of Modalities. We evaluate variants of
MISAGENT by removing textual or acoustic inputs.
As shown in Table 3, eliminating any modality
leads to a performance drop, confirming that M1s-
VIDEOQA requires genuine cross-modal reasoning.
These results also show that MISAGENT exploits
interactions among multimodal signals to detect
inconsistencies missed by unimodal approaches.

Impact of Agentic Components. We further ex-
amine the role of individual agents by comparing
the full framework with two ablations: w/o MCU,
which removes the Content Analysis Agent, and
w/o MER, which removes multi-view evidence
reasoning. Table 3 shows that the full framework
consistently outperforms both variants. The larger
degradation observed for w/o MER highlights that
internal knowledge alone is insufficient and that dy-
namic retrieval with evidence integration is critical
for robust misinformation reasoning.

5.3 Qualitative Analysis (RQ4)

We present two representative case studies: (1)
audio tampering as multimodal manipulation and
(2) event fabrication as out-of-context reuse. Fig-
ure 5(a) illustrates performance on multimodal
manipulation. While baseline models fail to de-
tect subtle acoustic inconsistencies, MISAGENT
correctly attributes the deception to audio tamper-
ing through cross-modal comparison. In the out-
of-context scenario shown in Figure 5(b), MIs-
AGENT retrieves authoritative external evidence
to verify the claim and identifies that authentic
footage has been repurposed to support a fabricated
narrative. These examples demonstrate that M1S-
AGENT moves beyond binary detection to produce
explainable, evidence-grounded justifications.®

®Additional error analysis and case studies are provided in
Appendix E.
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6 Conclusion

This work advocates for a paradigm shift in video
misinformation analysis from binary veracity pre-
diction to transparent, process-level reasoning. We
introduce MISVIDEOQA, a multi-turn benchmark
that evaluates misinformation understanding across
progressive dimensions, from fine-grained attribu-
tion to intent and persuasion analysis. We also pro-
pose MISAGENT, a Delphi-inspired multi-agent
framework that mitigates the hallucination and
grounding failures of MLLMs by enforcing a struc-
tured, evidence-based consensus among special-
ized agents. Experiments show that while MIs-
VIDEOQA is challenging for excellent models,
MISAGENT consistently improves reasoning ac-
curacy and explanation quality.

Limitations

While MISVIDEOQA provides broad coverage
across six major social platforms, it focuses pri-
marily on micro-videos and may not fully capture
the diversity of long-form or text-centric misinfor-
mation in other digital ecosystems. Moreover, al-
though the benchmark defines 12 video categories,
including 10 deceptive types, and six QA dimen-
sions, online manipulation strategies are adversar-
ial and continuously evolving. As a result, the cur-
rent taxonomy may not cover all emerging forms
of misinformation, such as novel generative Al at-
tacks or rhetorical strategies that exploit cultural
context, irony, or implicit framing. These limita-
tions point to the need for future expansion building
on the foundation of MISVIDEOQA.

Ethics Statement

We only used Al assistants to polish the writing of
the paper, and did not use them to generate any con-
tent or images. We strictly followed the data-use
and scraping policies of all platforms involved in
this study. All annotators received formal training
and were familiar with relevant data privacy and
security regulations. During annotation, only con-
tent related to public figures or public events was
considered, and posts involving private individuals
were excluded. The annotation experts included
twelve individuals with bachelor’s or master’s de-
grees in computer science and social science. All
annotators were paid wages that comply with na-
tional standards.

Our MISVIDEOQA dataset incorporates 292
video samples from FMNV (Wang et al., 2025c),

and it is released under the Attribution NonCom-
mercial ShareAlike 4.0 International license, CC
BY NC SA 4.0. We will adopt this license to
align with the licensing terms of several constituent
datasets, thereby providing the same level of ac-
cess. MISVIDEOQA contains offensive content
type video potentially containing harmful text and
videos. This is intended for use as an evaluation
dataset to support safer content moderation and
help improve the security and integrity of the on-
line information ecosystem.

To ensure privacy protection, all identifiable user
information, including usernames and IDs, was
anonymized. We implemented safeguards through-
out data processing and model training to prevent
any leakage of personal data. All collected data are
securely stored on protected servers with access
restricted to authorized research personnel only.
Lastly, the proposed video misinformation detec-
tion method is designed to contribute to the safety
and stability of the internet environment and public
opinion.
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A Appendix
B MISVIDEOQA Pipeline Details

B.1 Data Annotation

Unlike prior benchmarks that rely solely on bi-
nary veracity labels (Qi et al., 2023a; Bu et al.,
2024) or use synthetic content (Xu et al., 2025a;
Liu et al.), MISVIDEOQA adopts a fine-grained,
multi-dimensional annotation framework grounded
in factual evidence (Figure 2). In addition to bi-
nary Real/Fake labels, each sample receives a fine-
grained attribution label describing the mechanism
of deception.

Our annotation follows a four-stage reasoning
process, with 12 subtypes capturing distinct decep-
tive strategies:

» Stage 1: AI-Generated Content (AIGC). Iden-
tify whether the micro-video is (1) AIGC, such
as content synthesized or heavily edited using
generative Al tools to simulate real-world events
or evoke emotional reactions.

* Stage 2: Multimodal Manipulation. Detect in-
consistencies or falsifications across modalities:
(2) Text Tampering (TT) modifies captions, ti-
tles, or on-screen text to misrepresent the visual
or factual content. (3) Video Tampering (VT)
alters or splices video segments to visually dis-
tort the original narrative. (4) Audio Tamper-
ing (AT) manipulates voiceovers, background
sounds, or overlays to fabricate claims or emo-
tional cues.

* Stage 3: Cognitive Biases. Capture psychologi-
cal or rhetorical strategies used to influence per-
ception: (5) Faulty Logic (FL) introduces mis-
leading causal or correlational reasoning, such as
false analogies or post hoc conclusions. (6) Ex-
aggerated Narration (EN) employs overstated
or sensational language to heighten engagement.
(7) Offensive Content (OC) leverages implicit
hate speech or personal attacks to evoke moral
outrage.

* Stage 4: Out-of-Context Manipulation. Iden-
tify cases where authentic material or partial
truths are used deceptively: (8) Knowledge Er-
ror (KE) misinterprets legitimate information,
often framed with pseudo-scientific or mislead-
ing narratives. (9) Event Fabrication (EF) in-
vents events without factual basis, often sup-
ported by fabricated visuals or commentary. (10)

Event Splicing (ES) combines unrelated real-
world clips or scenes to construct a false narra-
tive.

» Stage 5: Non-Misinformation. We divide rest
of non-Misinformation into two types: (11) Real
(RL) Videos that accurately reflects factual in-
formation and follows correct logical reasoning.
(12) Debunking (DB) videos debunk misinfor-
mation or conducts fact checking of false claims.

Representative examples with corresponding de-
bunking evidence are provided in Figure 1. Ap-
proximately 1.3% of micro-videos that could not
be confidently categorized were excluded. Each
sample was independently annotated by at least
three experts, and final labels were determined
through unanimous consensus. The annotation ex-
perts included twelve individuals with academic
or master’s degrees in computer science and social
science.

B.2 QA Generation Details

For QA1-QA3, we construct a chain of
misinformation-attribution reasoning questions.
Specifically, QA1 and QA2 are generated via
attribution-guided prompting conditioned on the
annotated misinformation attribution in QA3, and
are designed to be specific and concrete, covering
factual dimensions such as when, where, who, what,
and how. QA3 targets diverse forms of deception
aligned with different categories of video misinfor-
mation attribution, as detailed in Appendix B.1.

For QA4-QAG6, we define a set of major so-
cietal influence aspects to facilitate higher-level
reasoning over misinformation, including emotion
recognition (Hu et al., 2025), creator intent (Wang
et al., 2025d), and persuasion strategies (Wan et al.,
2024). These aspects are designed to capture the un-
derlying communicative and manipulative intents
of misinformation content. The selected aspects
are summarized as follows:

Emotion Categories

Disgust, Curiosity, Sadness, Skepticism
Happy, Hope, Surprise, Relief

Excited, Anxiety, Angry, Fear
Sarcastic, Serious, Joyful, Neutral
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Model

Model Card

GPT-40 (Hurst et al., 2024)
GPT-40-mini (Hurst et al., 2024)

gpt-40-2024-08-06
gpt-40-mini-2024-07-18

InternVL3-8B (Zhu et al., 2025)
LLaVA-OneVision-7B (Li et al., 2024)
GLM-4.1V (Team et al., 2025b)
Gemma3-12B (Team et al., 2025a)
InternVL-3.5-14B (Wang et al., 2025b)
InternVL3-38B (Zhu et al., 2025)
Qwen3-VL-32B (Bai et al., 2025a)
VideoLLaMA2(Cheng et al., 2024)

InternVL3-8b-Instruct
llava-onevision-qwen2-7b-ov
GLM-4.1V-9B-Thinking
gemma-3-12b-it
InternVL3_5-14B
InternVL3-38B
Qwen3-VL-32B-Instruct
VideolLLaMA2-7B-Base

Table 4: Model cards for all MLLMs evaluated throughout our work.

Intent Categories

Public interest,
Economic interest,
Political interest,
Psychological fulfillment

Persuasion Categories

Political Polarization,
Appeal to Authority,
Social Proof,
Storytelling,
Bandwagon Effect,
Rhetorical Questioning,
Logical Reasoning,
Narrative Engagement,
Emotional Appeal

C Experimental Settings

Baselines. To evaluate both detection perfor-
mance and explainability across diverse sources
and misinformation types, we benchmark represen-
tative MLLMSs. These include InternVL-2.5 (Chen
et al., 2025b), Qwen2.5-VL (Bai et al., 2025b),
Qwen3-VL (Bai et al., 2025a), GLM-4.1V (Team
et al., 2025b), VideoLLaMA?2 (Cheng et al., 2024),
Gemma3 (Team et al., 2025a), InternVL3 (Zhu
et al., 2025), LLaVA-OneVision (Li et al., 2024),
GPT-40 (Hurst et al., 2024) and ol. In addition, we
implement enhanced inference variants based on
the Video-of-Thought (VoT) paradigm (Fei et al.,
2024), which augments temporal reasoning for
video-based misinformation understanding and rea-
soning. With MISVIDEOQA, we systematically
evaluate 10 representative MLLMs spanning dif-

ferent families, sizes, and access levels. Detailed
model names and versions are listed in Table 4.

Evaluation Metrics. In the era of MLLMs, video
misinformation understanding and reasoning re-
quires assessing understanding and reasoning abil-
ities. We report Accuracy (Acc) for overall QAs,
following prior work (Cao et al., 2025; Hu et al.,
2025) (see Table 2). To further evaluate perfor-
mance across different misinformation categories,
we also report Micro-Accuracy for each type of
QAs (Table 2).

Implementation Details. To enable the fair eval-
uation, we set the sampling hyperparameter of
the off-the-shelf MLLMs, “do_sample = False”
or “Temperature = 07, to guarantee consistency
in the prediction outputs. For each micro-video,
we uniformly sample 16 frames and uses Qwen2-
Audio (Chu et al., 2024) to extract audio captioning
for audio inputs. For our MISAGENT, we utilize
Qwen3-VL (Bai et al., 2025a), InternVL-3 (Zhu
et al., 2025) and GLM-4.1V (Team et al., 2025b)
as the MLLM backbone, to support comprehensive
multimodal understanding. In the reasoning agent,
we set “Top-K = 3”. All experiments are conducted
on eight NVIDIA A100 GPUs, each equipped with
80 GB of memory.

D Prompts for MLLMs

MLLMs possess broad world knowledge and
demonstrate strong generalization across diverse
multimodal tasks (Bi et al., 2025; Jiang et al.,
2025b). To evaluate their effectiveness in video
misinformation understanding and reasoning, we
employ carefully designed prompt templates. The
specific prompts used for all baseline models are
detailed below.
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Text Prompt: You are an expert system
for video misinformation analysis. You
are given a video represented by multi-
ple frames and a description. Answer the
following multiple choice questions. You
MUST return the result in EXACTLY the
following JSON format. Do not include any
extra text.

{

"answers"”: {
"Q1": "A",
HQ2)I: HB”

}

}

News Text: {news title}
Video: {video frames}
Audio: {audio transcription}

Text Prompt 1 (Background Analysis):
You are an expert system for video misin-
formation analysis. Perform the following
steps strictly in order. Step 1 Background
Analysis Describe the scene, environment,
objects, filming conditions, and visual con-
text. Only state observable facts.

Text Prompt 2 (Entity and Behavior Anal-
ysis): Based on the analyses above, identify
people or entities and analyze gestures, lip
motion, eye gaze, and physical consistency.
Point out any suspicious or unnatural pat-
terns.

Text Prompt 3 (Event Analysis): Based
on the above analyses, describe the event
in the micro-video and analyze temporal
continuity, action coherence, and possible
editing or manipulation artifacts.

Text Prompt 4 (Answer Verification):
Given the video frames and the accompa-
nying title, now you need to verify the pre-
vious answer. You are given a video rep-
resented by multiple frames and a descrip-
tion. Answer the following multiple-choice
questions. You MUST return the result in
EXACTLY the following JSON format. Do
not include any extra text.

{

"answers": {
"Q1": "A",
IIQZII: IIB"

}

}

News Text: {news title and content}
Video: {video frames}
Audio: {audio transcription}
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Prompt of the MISAGENT E Error Analysis

Text Prompt 1 (Content Analyst Agent):
You are an expert investigator. Analyze
the provided frames strictly following this
Structure of Thought. Do not rush. Think
step by step. Describe the scene, lighting,
and objects. Is it high-quality footage or
blurry/grainy? Analyze human behavior, fa-
cial expressions, and body language. Any
signs of Al generation (hands, eyes)? de-
scribe the event in the video and analyze
temporal continuity, action coherence, and
possible editing or manipulation artifacts.

Text Prompt 2 (Reasoning Agent):

You are a professional micro-video reason-

ing expert, please analyze: What emotion

is being projected? (e.g., Panic, Anger,

Happy) Is the video objective, or does it

push a specific agenda/bias? Is the goal to

inform, mislead, or provoke? Does it use
fear inducement or emotional appeals?

Based on the above, given specific key-

words and core claims, retrieve external ev-

idence or event details that support or
refute the understanding and reasoning of
the content of the micro-video.

Text Prompt 3 (Reflection Agent):

* Consistency Check: Does the External
Evidence confirm the Visual Analysis? If
evidence is "No results’, rely on the En-
tity & Behavior and Intent analysis from
reasoning agent

* Evidence Reflection: Evaluate whether
the above logic is correct. If it is not cor-
rect, revise and improve it.

* Answer Generation: The answer should
incorporate the synthesized logical frame-
work above where appropriate.

Answer the following multiple-choice ques-

tions. Return ONLY a valid JSON object:

{

"answers": {
”Q—I )l: HAII’
IIQZH: HB”

}

News Text: {news title and content}
Video: {video frames}

Audio: {audio transcription}

Although MISAGENT consistently improves video
misinformation understanding and reasoning, it
still fails on cases where correct perceptual under-
standing does not translate into correct misinforma-
tion attribution and pragmatic interpretation (Fig-
ure 6). In the solar flare example, models correctly
answer the perception question about the physical
impact of solar activity, yet MISAGENT misclas-
sifies the video as Real rather than a Knowledge
Error, likely because the claim implicitly links a so-
lar flare to immediate symptoms such as dizziness,
headaches, and insomnia, which requires special-
ized domain verification. Similarly, MISAGENT
predicts Curiosity as the primary emotion, while
the narrative framing is closer to fear or anxiety,
indicating a gap in modeling affective cues and
rhetorical framing beyond factual content.

These errors suggest that stronger domain aware
grounding is needed, especially for health or sci-
ence related claims, and that attribution and emo-
tion oriented reasoning should be explicitly tied to
verified evidence rather than inferred solely from
surface semantics. Future work could explore
adaptive retrieval that prioritizes domain specific
sources, tighter evidence claim alignment for sub-
jective or causal statements, and continual updat-
ing mechanisms that improve both veracity attribu-
tion and persuasion aware interpretation in rapidly
evolving information environments.

F More Cases Analysis

Figure 7 shows two representative real world ex-
amples that further illustrate MISAGENT strengths
and weaknesses across the progressive reasoning
dimensions of MISVIDEOQA. In the debunking
case (Figure 7(a), the video refutes the rumor that
spraying perfume and smoking in a vehicle will
immediately cause an explosion, and provides a
plausible explanation that the accident was related
to gas cylinders. MISAGENT correctly performs
content reasoning and attributes the video to De-
bunking, while its post detection outputs are also
consistent with the corrective framing, including
recognizing Fear as the dominant emotion, infer-
ring Public interest as the intent, and selecting Log-
ical reasoning as the persuasion strategy. This case
suggests that when the video contains explicit cor-
rective cues and the evidence is easy to align with
concrete events, MISAGENT can deliver coherent
attribution and interpretation.
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Title: A massive solar flare erupts, the largest in seven years, netizens say, “No wonder | feel dizzy, have
headaches, and can’t sleep.”

Transcript: A massive solar flare suddenly erupted, the largest in seven years. Netizens said, “No wonder |
feel dizzy, have headaches, and can’t sleep.” On the evening of October 3, the intensity of this flare reached
an astonishing X9.0 level, the strongest since the current solar cycle began in 2020, and the largest since the
X9.3 flare event in September 2017. Although Earth is separated by a distance of 1.51 million kilometers, it still
felt a powerful impact from the Sun. In the solar flare intensity classification system, the X class is the most
intense category, and 9.0 indicates that its radiation strength has reached an extreme level...

What does the video suggest about the impact of solar flares on Earth?

They cause i it i i t like

They lead to signifi in Earth's ic field.
: They result in the formation of new celestial bodies.

They trigger global temperature drops

oom»

MisAgent: B W Qwen3-VL-32B (VoT): BQ%) InternVL-3.5-38B (VoT): B Q_%

Misinformation Attribution

Which authenticity category best describes the video considering the intermediate observations?

A: Real B: Knowledge Error C: Event Fabrication D: Al-Generated Content

MisAgent: A x Qwen3-VL-32B (VoT): A x InternVL-3.5-38B (VoT): A x

Emotion Analysis

What primary emotion does the video convey through its depiction of solar flares and their effects?
A: Excitement B: Fear C: Curiosity D: Indifference

MisAgent: C x Qwen3-VL-32B (VoT): C x InternVL-3.5-38B (VoT): C x

Intent Analysis
What is the likely intention of the publisher behind creating this video?

A: Public interest B: Economic interest C: Political interest D: Psychological fulfillment

MisAgent: A Qf Qwen3-VL-32B (VoT): C x InternVL-3.5-38B (VoT): A Qf

Figure 6: An error case. A real-world example highlighting the limitation of MISAGENT in handling domain-specific
understanding and reasoning.

In the knowledge error case (Figure 7(b)), the
video discusses the use of copper sulfate in fish
farming and frames it as a potential safety risk,
where the core issue lies in public confusion about
its legitimate usage, dosage constraints, and possi-
ble misuse. MISAGENT correctly identifies the
added substance at the perception level and at-
tributes the video to Knowledge Error, and its post
detection judgments, such as Anxiety as the primary
emotion and Public interest as the publisher intent,
are aligned with the video’s warning oriented nar-
rative. By contrast, direct MLLM baselines tend to
misclassify the case as Event Fabrication and are
less reliable in intent inference, suggesting that do-
main grounded clarification and evidence aligned
attribution are crucial for distinguishing knowledge
misconceptions from fabricated events.
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Title: March rumor debunking: Will “spraying perfume and smoking” inside a car cause an immediate
explosion?

Title: Copper sulfate-treated Thooom ing ng the market, Fish vendors claim that chlmlcally treated fish look

better, while experts warn it may increase the risk of dementia in older adults.
Transcript: Today, the WeChat Security Center released the top ten Moments rumors for March 2019,
including claims such as the end of WeChat's free era and that casually reposting links could lead to
password theft. Among them, the widely circulated report that “spraying perfume in a car and then smoking
will cause an on the spot explosion” was false. The rumor claimed that a woman sprayed perfume inside the
cab of a van, and a man next to her lit a cigarette, triggering an explosion and fire that killed both of them. In
fact, the incident i ing gas cylinders that caught fire and exploded, and the driver d

Transcript: Under normal circumstances these days, fish are basically always treated with chemlcals i =
don't treat them, you can’t sell them, no one will want them. You keep asking what this “m it
actually liu chang teng, yes, that's what they use. What is it considered, then? By standard it's a iy dmg,
but what standard is that? It's used on cotton. G For treating cotton pests. Uncle Chen has worked in
freshwater aquaculture for more than 30 years. He told reporters that if you want fish to sell at a good price,
chemically treated fish look fresher and more attractive, and that this is the “secret” to keeping fish looking
fresh and appealing. Farmers will feed copper sulfate before harvesting the fish. Copper sulfate is an

and is more y used as a pesticide for crop pest control. Because copper
sulfate is quite toxic, lts dosage is subject to very strict limits. In general, the dosage is about 400 to 500
grams per m

How does the video explain the relationship between the rumor and the actual incident?

A: The video confirms that spraying perfume and smoking in a car causes immediate explosions.
The video shows that the incident was unrelated to the rumor about perfume and smoking
he video suggests that the rumor was partially true but exaggerated

c:
D: The video indicates that the incident was staged to support the rumor...

What substance is being added to the water solution that is poured into the fish pond according to the
video?
MisAgent: B Q/ Qwen3-VL-328B (VoT): B Qf InternVL-3.5-38B (VoT): B Qf A: Copper sulfate
B: Calcium chloride
. . o C: lIron oxide
Misinformation Attribution D: Magnesium sulfate

Which authenticity category best describes the video's approach to addressing the rumor about
spraying perfume and smoking in a car causing explosions?

MisAgent: A Qf Qwen3-VL-328B (VoT): AW InternVL-3.5-38B (VoT): A Qy
A: Event Fabrication B: Debunking C: Al-Generated Content Exaggerated Narration
MisAgent: B Quen3.VL-32B (VoT): B&Y  InternVL-3.5-388 VoT): B Misinformation Attribution
Which type of authenticity issue does the video ing the ion about the

Emotion Analysis legality and usage of copper sulfate in fish farming?

What primary emotion is conveyed through the video's presentation of the car fire incident?
A: Knowledge Error B: Event Fabrication C: Al-Generated Content D: Video Tampering
A:Fear B: Relief C:Curiosity D: Confusion

MisAgent: A Qwen3-VL-32B (VoT): B InternVL-3.5-38B (VoT): B
MisAgent: A W Qwen3-VL-32B (VoT): AW InternVL-3.5-38B (VoT): A Q%) 9 Qy (Vo) x (Vo) x
Emotion Analysis
Intent  Analysis What i the primary emotional expression conveyed by the fish farmers in the video?
What is the

ely intention of the publisher in creating this video?
A:Anxiety B: Joy C: Indifference D: Surprise
A: Public interest B: Economic interest C: Political interest D: Psychological fulfillment
MisAgent: A & Qen3-VL-32B (VoT): AQy/  InternVL-3.5-388 (VoT): A &
MisAgent: A & Qwen3-VL-32B (VoT): AQY”  InternVL-3.5:388 (VoT): A
Intent Analysis

What is the likely intention of the publisher behind creating this video?

Persuasion Analysis
What persuasion strategy does the video employ to address the rumor?

A: Appeal to authority B: Emotional appeal C: Logical reasoning D: Social proof A: Public interest B: Economic interest C: Political interest D: Psychological fulfillment
MisAgent: ¢ Q" Qwen3VL328 (VoT): A I8 InternvL-3.5388 (VoT): ¢ < MisAgent: A & Qwen3-VL328 (VoT): B 98 IntemVL-3.5-388 (VoT): A @

(a) A debunking case. (b) A knowledge error case.

Figure 7: More cases analysis. Two real-world examples highlighting the reasoning ability of MISAGENT in
handling debunking and knowledge error videos.
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