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Supplementary Material

Overview
• Section 1 presents general LLMs’ performance on claim

manipulation detection in RAVM.
• Section 2 presents general MLLMs’ performance on

cross-modal manipulation detection in RAVM.
• Section 3 presents more visualization results.
• Section 4 provides the narrative-driven template.
• Section 5 shows the detailed prompt contents.

1. Experiments on Claim Manipulation
Since RAVM incorporates intent polarity when manipulat-
ing claims, it allows us to evaluate state-of-the-art general
LLMs on both claim authenticity and intent polarity de-
tection. As shown in Table S1, existing LLMs perform
poorly on both tasks. Authenticity detection is particu-
larly challenging, indicating that the manipulated claims
are highly realistic and difficult for current LLMs to rec-
ognize directly. Even the advanced model DeepSeek-V3.2-
Exp [1] achieves only 57.28% and 67.94% accuracy on au-
thenticity and intent polarity, respectively, further demon-
strating the high deceptiveness and substantial challenge
posed by claims in RAVM. Since the intent polarity of a
claim does not correspond one-to-one with the authentic-
ity of a claim–video pair, even if a claim–video pair is la-
beled as false, its intent polarity may still be unharmful.
Therefore, although InternVL3-9B [7], Qwen2.5-7B [4],
and Qwen3-8B [5] achieve an intent polarity detection accu-
racy of around 71%, this capability cannot be directly used
to determine the authenticity of claim–video pairs.

2. Experiments on Cross-Modal Manipulation
In the RAVM dataset, most samples are highly realistic.
For the vast majority of samples—except those with se-
mantic inconsistencies between claim and video introduced
via data augmentation or existing datasets—the claim and
video exhibit strong semantic consistency. In such cases,
relying solely on multimodal analysis makes it difficult to
identify key evidence for determining the authenticity of a
claim–video pair. Therefore, attribution analysis, i.e., mul-
timodal analysis and fact-checking, is required. We fur-
ther provide attribution annotations for each claim–video

Methods Authenticity Intent Polarity

InternVL3-1B [7] 49.38 65.57
InternVL3-8B [7] 59.93 69.70
InternVL3-9B [7] 63.25 71.53
Qwen2.5-7B [4] 64.56 71.54
Qwen3-8B [5] 64.72 71.36

DeepSeek-V3.2-Exp [1] 57.28 67.94

Table S1. Performance of general LLMs on claim manipulation
detection in RAVM.

Methods Attribution Intent Polarity

Qwen3-VL-2B-Instruct [5] 19.21 47.13
Qwen3-VL-4B-Instruct [5] 22.68 67.80
Qwen3-VL-8B-Instruct [5] 33.97 66.69

InternVL3.5-8B [3] 22.99 68.89
VideoLLaMA3-7B [6] 64.37 45.61

Gemini 2.0 [2] 74.25 62.86

Table S2. Performance of general MLLMs on cross-modal manip-
ulation detection in RAVM.

pair. Table S2 presents the performance of general MLLMs
on attribution and intent polarity detection for claim–video
pairs. The Qwen3-VL [5] series models generally perform
poorly on attribution detection. The strongest closed-source
MLLM, Gemini 2.0 [2], achieves only 74.25% accuracy in
attribution detection. However, as shown in Table 2 of the
main paper, its accuracy on claim–video authenticity detec-
tion in the RAVM dataset is only 68.07%. Meanwhile, for
intent polarity detection of claim–video pairs, the highest
accuracy achieved by existing general MLLMs is merely
68.89%. These results indicate that the RAVM dataset is
highly challenging and that determining the authenticity of
claim–video pairs cannot rely on a single metric or aspect
alone. Moreover, individual tasks such as attribution or in-
tent polarity detection remain inherently difficult.

3. More Visualizations
We present additional claim-video pairs from the RAVM
dataset, as shown in Figure S1 and Figure S2.
Generated Claim-Video Pairs. We first show claim–video
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Goldman Sachs forecasts gold could hit $5,000 if the 
Federal Reserve is granted greater autonomy, 

sparking inflation and dollar weakness.

The Labour Party have narrowly defeated the 
Conservatives to form a minority government in the 

2024 general election.

In Washington, National Guard troops sent by President Trump 
to maintain order are conducting violent raids and making mass 

arrests of peaceful protesters in residential neighborhoods.

The science behind fall foliage shows that the 
vibrant colors are caused by chemicals deliberately 

sprayed by state governments to boost tourism.

Big wins, big moments at 2025 MTV VMAs, where 
Mariah Carey's performance was cut short due to a 

vocal malfunction.

Thousands of Palestinians have joined celebrations in northern 
Gaza, shouting pro-Hamas slogans and calling for the 

continuation of the war with Israel until victory is achieved.

The biggest beer festival in the world is underway in 
Berlin - Oktoberfest.

A group of polar bears have taken over an active 
polar research station off Russia's far eastern 

coast, forcing scientists to evacuate.

An ABC investigation found a livestock ship that sank 
two years ago, killing 41 people and 6,000 head of 

cattle, had already faced repeated safety concerns.
POV: you wake up as a coal miner in Pennsylvania 1905.

Richmond, Virginia residents have been worried for weeks, 
waiting for news of Francine, their beloved Lowe’s cat who 

vanished after accidentally hitching a ride on a delivery truck.

Falta de trabalhadores causa recorde de falências 
no Japão entre janeiro e setembro.

(a)

(b)

(c)

Figure S1. Visualization of more cases from the RAVM dataset. The claim–video pairs in rows (a) and (b) are labeled as fake, while the
claim-video pairs in row (c) are labeled as real. Moreover, the videos in rows (a), (b), and (c) are all generated.

Democrats and Republicans pushed U.S. Health 
Secretary Robert F. Kennedy's Jr. on his recent vaccine 
policies during a combative three-hour Senate hearing.

Episode 4 from Doc: Ozempic may help you lose 
weight initially, but  it’s a lazy shortcut that has way 

more negative than positive effects.

A quick tip from your favorite MN home builder on 
how to fix a screen door that isn’t sliding smoothly.

One pan Tuscan baked salmon.  This incredibly easy 
but insanely delicious one pan salmon dish is a 

midweek winner.

At least 16 people have died and nearly 200 injured in Nepal 
after police responded to Gen Z taking to the streets to 

protest a government ban on social media platforms.

We have new observations of the interstellar object 
3I/ATLAS taken with the GMOS instrument at the 

Gemini South Observatory in Chile.

Drake Maye played a damn near PERFECT game in the 
Patriots victory over the Bills.

The federal government has updated its travel 
advisory for the U.S. by adding a cautionary note 

concerning gender-neutral passports.

Google Earth Reveals Sunken Ship in Japanese Port. McDonald's Drink Cups Hold Same Amount of Liquid. The actual movements of a 'Gyro Drop’ 
amusement park ride.

A Boston Dynamics Robot 
demonstrating fighting skills.

(a)

(b)

(c)

Figure S2. Visualization of more cases from the RAVM dataset. The claim–video pairs in rows (a) and (b) are labeled as real, while the
claim-video pairs in row (c) are labeled as fake. Moreover, all the claim–video pairs in rows (a), (b), and (c) are originally collected.

pairs that contain video manipulation, as illustrated in Fig-
ure S1. Specifically, the claim–video pairs in rows (a) and
(b) are labeled as fake, while those in row (c) are labeled as
real. All videos in rows (a), (b), and (c) are generated.

Originally Collected Claim-Video Pairs. We show the
originally collected claim–video pairs in Figure S2, where
the samples in rows (a) and (b) are labeled as real, and the
samples in row (c) are labeled as fake.

4. Narrative-Driven Template

To guide the Prompt Generator in producing semantically
aligned manipulation prompts, which in turn direct the
Video Generation Model Library to generate realistic ini-
tial videos, we introduce a narrative-driven template, whose
content is shown below.



Narrative-Driven Template

<Perspective>
First-person perspective / Third-person perspective
<Scene>
(1) Spatiotemporal context (Where and when the
event takes place)
(2) Time: daytime / night / dusk / dawn
(3) Location: street / city hall / disaster zone / border
checkpoint / hospital / studio ...
(4) Event background: rescue operation / protest site
/ live broadcast / war front ...
(5) Environmental attributes (Visual and physical
characteristics of the scene)
(6) Physical state: chaotic / in ruins / calm / crowded
/ ablaze / filled with smoke ...
(7) Spatial features: skyscrapers / collapsed build-
ings ...
(8) Background elements: police cars / banners /
smoke / debris / barricades / crowds ...
(9) Social context / atmosphere (The emotions or so-
cial tensions conveyed by the scene)
(10) Emotional atmosphere: tense / panicked / angry
/ chaotic / solemn / peaceful ...
(11) Social state: confrontation / turmoil / orderly /
public anxiety ...
(12) Details: (Additional descriptive elements of the
scene)
<Subject>
(1) Attributes: age / gender / ethnicity / appearance
/ clothing / attire . accessories ...
(2) Behavior: interactions with the environment or
other subjects (dialogue, actions, etc.)
(3) Emotion: anger / fear / pain / calmness / antici-
pation / sarcasm / sadness / shock ...
(4) Stance (Direct expression of the creator’s inten-
tion): support / oppose / neutral / question / affirm /
mock / warn / appeal / claim ...
(5) Details: (Additional descriptive elements of the
subject)
<Narrative>
Pay attention to the overall logic of the narrative.
<Cinematography>
Camera movements and transitions: pan left / pan
right / tilt up / tilt down / zoom in / follow shot /
Speed of movement ...

5. Prompts

In this section, we present some of the prompts used in the
AI-generative framework.

Prompt for Claim Manipulation

You will receive a <claim> and a <description> .
Your task consists of two steps:
Step 1 — Forge the <claim> (must strictly choose
only one strategy) From the list of forgery strate-
gies below, choose only one and use only that one
strategy to modify the original claim. The modifi-
cation must introduce falsification, inaccuracy, or a
counterfactual element, rather than merely replac-
ing words with synonyms. Do not combine multiple
strategies. Additionally, adaptively select the sin-
gle strategy that is most appropriate for the specific
input claim and will produce the strongest forgery
effect.
Possible strategies:
(1) Replace or modify entities in the claim (people,
places, organizations, dates, etc.) in a way that alters
factual truth;
(2) Change the narrative structure or event logic of
the claim (e.g., alter causality, sequence, or motives)
to create a false or misleading statement;
(3) Fine-tune the claim to create counterfactual
statements (making statements that are opposite or
inconsistent with reality);
(4) Fine-tune or rewrite the claim to create spe-
cific emotions, feelings, or biases (e.g., exaggera-
tion, provocation, fear, or undue optimism) that ma-
nipulate perception or plausibility;
(5) Adjust the claim for a specific purpose (e.g., to
influence public opinion, create panic, downplay re-
sponsibility, or mislead) in a way that introduces
falsehood.
(6) Important constraints: Each forgery must choose
only one of the strategies above; do not mix multiple
strategies;
The modified claim should maintain some similar-
ity with the original claim (theme or structure), but
must clearly introduce falsification or counterfactual
content; Avoid mere synonym replacement or minor
stylistic changes; the goal is to produce a claim that
would be considered untrue or misleading;
Do not include explanations about which strat-
egy you chose in the output (unless otherwise re-
quested).
Based on the above analysis, determine the explicit
manipulation intent (harmful/unharmful) and gener-
ate the final manipulated claim accordingly.
Step 2 — Reconstruct the <description> Based on
the modified <claim> and referencing the style, in-
formation density, and structure of the original <de-
scription> , generate a new <description> that sup-



ports the forged <new claim> and makes it appear
coherent and plausible. The output <claim> and
<description> must completely remove all tags
(e.g., #XXX) and must not include any words start-
ing with # under any circumstances.
The output <claim> and <description> should
not contain any tags, such as #XXX Output format
(must strictly follow, only include the following two
lines):
<new claim> XXX
<new description> XXX
The claim is: {claim}
The description is: {description}

Prompt for Alignment Evaluator

Here is a video, and a claim: {claim}
You are a multimodal semantic alignment evaluator.
Please assess the core semantic consistency between
the following claim and video, noting the following:
The claim is a rewritten statement that may not in-
clude specific visual details present in the video
(e.g., clothing, background color, brand of objects).
The video was generated based on this claim and its
associated description, so it may contain additional
visual elaborations.
Your task is not to check whether every detail
matches exactly, but rather to determine: Does the
video reasonably and plausibly depict the core event
or state described in the claim?
Please consider the following aspects:
Is the key action, state, or event in the claim visually
presented or demonstrated in the video?
Are there any clear visual contradictions that di-
rectly violate the claim?
Even if the presentation differs (e.g., different set-
ting or characters), can the video still be interpreted
as supporting or illustrating the claim?
Output format:
<alignment score>
(an integer from 0 to 10, where 10 means highly con-
sistent and 0 means completely contradictory)
<reason>
(Briefly explain your judgment, focusing on whether
the core event is substantiated)

Prompt for Quality Evaluator

What visual quality issues does this video have?
Please be specific about the entities in the video
where you think problems exist.
Output format:

<score> (Video quality score, minimum 0, maxi-
mum 10, can keep 1 decimal place) </score>
<reasoning> (The issues you think are present)
</reasoning>

Prompt for Adversarial Evaluator

You are an experienced short video news analyst,
skilled in assessing the authenticity of news videos
using multimodal evidence. Given a short video and
its claim, your task is to carefully analyze the vi-
sual, textual, and audio modalities, extract key evi-
dence from each, and reason step by step to deter-
mine whether the video conveys real or fake news.
Use both unimodal and cross-modal reasoning to
assess the internal consistency of the evidence, the
alignment across modalities, the plausibility of the
content in relation to real-world knowledge, and any
signs of emotional or intentional manipulation.
Conclude your analysis with a clear justification and
a final verdict.
The claim is: {claim}.
Avoid analyzing the claim in isolation or making
one-sided judgments based solely on the claim.
You must give a clear answer.

Prompt for Optimizer

This is a text-to-video generated fake video, created
to align with a manipulated claim and mislead view-
ers.
The manipulated claim is: {claim}
The description, which explains the claim briefly:
{description}
The original prompt guiding the text-to-video model
to generate a video highly consistent with the claim:
{original prompt}
Video evaluation results:
<Quality score> : {quality score}
<Quality problem> : {quality problem}
<Alignment score> : {alignment score} (Semantic
alignment score between the claim and the video’s
main argument (narrative), ranging from 0 (lowest)
to 10 (highest).)
<Alignment problem> : {alignment problem}
<MIS score> : {mis score} (Whether the Mul-
timodal Misinformation Detection model classifies
the above claim+video as fake (1 = yes, 0 = no), with
the focus of the model being on visual/textual ev-
idence and inconsistencies or contradictions within
and across modalities.)
<Prompt optimization history> : {history}



Your task:
Analyze the claim, description, video details, evalu-
ation results, and prompt optimization history care-
fully, and refine the original prompt to guide the
model in generating a new video that addresses the
<Quality problem> while maximizing <Quality
score> , <Alignment score> and <MIS score> .
Output format:
Optimized prompt only (Be consistent with the
above original prompt format);
No additional text. You must output according to the
specified format!

Prompt for Perceiver

These are two images, intended as the first
and last frames for an image-to-video generation.
<start> <end>
Here is a claim: {claim}
Here is a detailed description of the claim:
{description}
Both the claim and description are manipulated.
<your task> Analyze the claim and description in
detail, and provide instructions on how to modify
image1 and image2 to be used as the first and last
frames of the video so that the generated video is
semantically highly aligned with the claim and de-
scription. Output format:
<start> XXX (editing instructions for the first
frame)
<end> XXX (editing instructions for the last frame)
The editing instructions should be concise but cover
the key points.
Only essential elements of start and end frames
should be edited, such as background replacement,
characters, slogans, fonts, objects, removal, or sub-
stitution.

Prompt for Semantic Perceiver

This is a claim: {claim}
The following is a text-to-video generated clip with-
out audio.
<Your task>
(1) Analyze the claim and the video to decide
whether background music is needed.
(2) Determine whether speech should be added. If
yes, provide the speech content (≤ 40 words) and
specify the emotion of delivery. Available emo-
tions: neutral, happy, sad, angry, excited, fearful,
disgusted, surprised, calm, serious.

(3) The speech should align with the core meaning
of the claim and support the video context, either as
narration or as a character’s line.
<Output format>
<music> YES/NO </music>
<speech> NO </speech> or (if speech should be
added)
<speech>
(Speaker’s information: Gender: male/female;
Emotion: neutral/happy/sad/...; Speed: fast/slow)
[Speech content here]
</speech>
Output example:
<music> YES </music>
<speech>
(Speaker’s information: Gender: female; Emotion:
sad; Speaking speed: fast)
The evening sun cast long shadows across the tech
blogger’s desk, illuminating the glow of his moni-
tor. He stared at the leaked internal documents, the
words significant security flaw and unauthorized ac-
cess burning into his retinas.
</speech>
You must strictly follow the output format and pro-
duce no additional text.
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