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Abstract

Short-form news videos increasingly shape
public perception through strategic framing, yet
existing verification methods largely overlook
the communicative intent underlying such con-
tent. By emphasizing surface semantics, cur-
rent models struggle to separate stylistic pre-
sentation from factual evidence, which leads
to shortcut learning and brittle generalization.
To address this limitation, we propose the Ori-
gin–Objective–Means (OOM) framework, a
theory-grounded representation of communica-
tive intent that captures creator stance, audience
need activation, and communication strategy.
We validate OOM through large-scale human
annotation, revealing distinct and consistent
lexical and structural patterns across intent di-
mensions. Building on this representation, we
operationalize intent as an explicit semantic
condition rather than a prediction target. Con-
cretely, we introduce Intent-Guided Prompting
(IGP) to condition LLM reasoning and intent-
conditioned multimodal detection framework
(ICMD), which injects intent into multimodal
detectors via feature-wise modulation. Experi-
ments on FakeSV and FakeTT show that mod-
eling intent as an intermediate condition consis-
tently improves accuracy and robustness across
diverse vision–language backbones, while sub-
stantially reducing reliance on spurious stylistic
correlations.

1 Introduction

Short-form news videos have become a dominant
medium for public information dissemination. Un-
like traditional text-based reporting, video news
combines visual framing, audio cues, narrative pac-
ing, and affective signals, enabling strategic presen-
tation beyond factual reporting (Kang, 2019). As
a result, videos convey not only what is reported
but also why it is framed in a particular way (Jo
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Figure 1: Overview of our Origin–Objective–Means
(OOM) framework, which models news video intent as
an explicit intermediate semantic representation.

et al., 2024; Yerukola et al., 2024; Edstedt et al.,
2022; Ha et al., 2024; Chen et al., 2022; Qian et al.,
2021; Hong et al., 2025; Zhang et al., 2025c; Zeng
et al., 2025c,b; Ma et al., 2025; Wan et al., 2025).
This capacity for strategic framing complicates au-
tomated verification, as stylistic presentation and
factual manipulation are often intertwined.

Despite progress in multimodal news understand-
ing, most existing approaches focus on surface-
level semantics, such as topic classification, senti-
ment analysis, or direct veracity prediction (Mittal
et al., 2024; Xiao et al., 2024; Weld et al., 2022;
Gabriel et al., 2022; Zeng et al., 2026; Tong et al.,
2025; Xu et al., 2025). While effective at capturing
content meaning, these methods largely overlook
communicative intent. Consequently, models often
conflate benign stylistic choices with manipulative
tactics, relying on spurious correlations between
production style and veracity rather than reasoning
over factual evidence. This shortcut learning de-
grades robustness and interpretability, especially in
emotionally charged news videos.
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We argue that addressing these limitations re-
quires explicit modeling of communicative intent.
In practice, news production is a goal-driven com-
municative act in which creators adopt specific
stances and employ strategies to activate audience
needs (Ecker et al., 2022). Without a structured
representation of this intent layer, multimodal sys-
tems lack a principled mechanism to explain why
particular visual or auditory cues are emphasized
or amplified.

To this end, we propose the Ori-
gin–Objective–Means (OOM) framework,
a theory-grounded representation of news video
intent (Figure 1). Drawing on evolutionary com-
munication and motivational psychology (Maslow,
1943; Silvey, 2016; Sperber and Wilson, 1986),
OOM decomposes communicative intent into three
complementary dimensions. (1) Origin captures
the creator’s stance toward an event, such as sup-
portive, neutral, or critical, defining the perspective
from which the narrative is constructed. This
stance is instantiated through an (2) Objective,
which models the psychological needs the content
aims to activate, ranging from survival and safety
concerns to higher-level motivations such as social
belonging, esteem, and cognitive understanding.
These objectives are realized through (3) Means,
which describe the rhetorical strategies used to
frame the content, including factual presentation,
ideological framing, and emotional mobilization.
Together, these dimensions form a minimal yet
expressive semantic abstraction that captures the
communicative goals of news videos beyond
surface-level features.

Notably, we do not treat intent as another classi-
fication target. Instead, we operationalize OOM as
an explicit intermediate semantic condition. This
design allows intent to function as a computational
interface that guides how multimodal evidence is
interpreted, rather than serving as a direct predic-
tor of veracity. To instantiate this idea, we in-
troduce Intent-Guided Prompting (IGP), which
structures Large Language Model (LLM) reasoning
through the OOM lens, as well as ICMD, an intent-
conditioned multimodal detection framework that
injects intent signals into multimodal detection net-
works via feature-wise modulation.

We instantiate the OOM framework through
large-scale multi-annotator labeling on FakeSV (Qi
et al., 2023) and FakeTT (Bu et al., 2024), two
real-world video misinformation datasets. Our
analysis shows that OOM categories exhibit dis-

tinct lexical and structural patterns, confirming
that the framework is grounded in authentic com-
municative practices. Experiments across diverse
vision–language backbones demonstrate that intent-
conditioned reasoning consistently improves detec-
tion performance and robustness. Importantly, by
treating intent as a conditioning signal rather than
a shortcut, our approach mitigates reliance on su-
perficial stylistic cues and ensures that verification
remains evidence-centered.

In summary, we make three contributions:

• Framework: We introduce OOM, a computa-
tionally explicit framework for modeling com-
municative intent in news videos.

• Approach: We show that treating intent as an
intermediate semantic condition improves news
video understanding via intent-conditioned rea-
soning and representation learning.

• Empirical Insight: We provide evidence that
audience need activation plays a central role in
news video framing, with implications for intent-
aware video misinformation governance.

2 Related Work

2.1 News Intent Understanding

News intent has been studied as a communicative
goal that shapes how information is selected and
framed, rather than merely what is stated (Zhao
et al., 2025; Maharana et al., 2022; Zeng et al.,
2025a; Yang et al., 2024a,b; Pang et al., 2025; Yang
et al., 2026; Lu and Li, 2026; Lu et al., 2025; Tong
et al., 2024). Prior work often models intent as a
latent cognitive state and attempts to decompose it
using theories of intentional action. While concep-
tually informative, intent is typically represented in
implicit or ad-hoc forms, limiting standardization
and reuse. More recent frameworks (Wang et al.,
2025; Wu et al., 2025) introduce structured intent
elements within the news production process, but
largely focus on text-based news and intent identi-
fication as an end task.

With the rise of visually rich news, intent analy-
sis has been extended to image–text settings, high-
lighting the role of visual framing and affective
cues. However, intent in these studies is still com-
monly treated as a task-specific label or latent vari-
able, rather than a unified semantic abstraction that
supports downstream reasoning.

39040



Origin (Creator Stance)

(a) Supportive (b) Neutral (c) Critical (d) Origin

Objective (Audience Need Activation)

(e) Survival (f) Safety (g) Social (h) Esteem (i) Cognitive (j) Objective

Means (Communication Strategy)

(k) Factual Presentation (l) Ideological Framing (m) Emotional Mobilization (n) Means

Figure 2: Word clouds and label distributions for categories under the Origin–Objective–Means (OOM) framework.
Word clouds (left) highlight distinct lexical patterns across Origin, Objective, and Means, while donut charts (right)
show the overall class distributions for each intent dimension.

2.2 Multimodal and Video Intent Modeling

Beyond news, multimodal intent understanding has
been explored in human-centered AI, including in-
tent recognition, reasoning, and discovery from
multimodal data (Zhang et al., 2025b). Related
work addresses challenges such as modality het-
erogeneity and temporal misalignment, and frames
intent understanding as an inference problem re-
quiring contextual or commonsense reasoning(Li
et al., 2023). Despite these advances, intent is gen-
erally treated as a prediction target, limiting its use
for guiding reasoning or improving robustness.

2.3 Intent-Aware Misinformation Analysis

In misinformation analysis, intent-related cues are
often linked to persuasion strategies and emotional
framing. Recent studies incorporate such cues as
auxiliary context and emphasize that intent should
not directly determine veracity (Wu et al., 2025;
Wang et al., 2025). Nevertheless, existing ap-
proaches rely on loosely defined or task-specific
intent signals and lack a unified representation that
separates communicative goals from factual cor-
rectness. In contrast, our work models intent as an
explicit intermediate semantic representation that
conditions multimodal reasoning while avoiding

shortcut learning.

3 Dataset Construction and Analysis

3.1 Dataset Construction

We extend two widely used multimodal news
video datasets, FakeSV and FakeTT, by per-
forming large-scale annotation under the Origin–
Objective–Means (OOM) framework. Each
instance keeps its original veracity label and
is additionally assigned an intent tuple I =
(Iorigin, Iobjective, Imeans), where Origin denotes
the creator stance, Objective denotes the audience
need being activated, and Means denotes the com-
munication strategy.

Intent annotation process. To obtain reliable in-
tent labels, each video was independently annotated
by multiple trained annotators following detailed
guidelines derived from the OOM definitions. Our
annotation pipeline involved three primary anno-
tators and two validation annotators. Annotators
were instructed to judge the overall communicative
framing of each video by considering all available
cues rather than isolated signals. For each intent
dimension, the final label was determined via ma-
jority voting. Cases with low inter-annotator agree-
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(a) Origin → Objective (b) Objective → Means (c) Origin → Means

Figure 3: Row-normalized conditional co-occurrence heatmaps between OOM intent dimensions: (a)
Origin→Objective, (b) Objective→Means, and (c) Origin→Means. Values indicate conditional probabilities
P (· | ·), revealing non-uniform dependencies among intent components.

ment were further reviewed through discussion,
and highly ambiguous samples were removed to
ensure label quality. In total, tie cases accounted for
197 out of 5,616 samples (3.51%), and 53 samples
(0.94%) were removed after discussion. The final
validation agreement reached 100%. To further
improve fairness and reduce systematic bias, an-
notators were selected from diverse research back-
grounds. These results indicate strong annotation
reliability.

3.2 Dataset Analysis

We analyze the annotated data from three comple-
mentary perspectives: (1) lexical grounding of in-
tent categories, (2) label distribution across intent
dimensions, and (3) conditional co-occurrence
between intent components.

Lexical grounding and label distribution. Fig-
ure 2 summarizes both lexical and distributional
characteristics of OOM labels. The word clouds
(left) reveal distinct lexical patterns for categories
under Origin, Objective, and Means, indicating that
intent categories are well grounded in language and
correspond to different framing styles and targeted
needs. The donut charts (right) further show that
intent labels are highly imbalanced across all three
dimensions, reflecting dominant communicative
patterns in real-world news videos (e.g., emotion-
ally charged strategies and high-urgency needs ap-
pear more frequently).

Conditional co-occurrence (row-normalized).
To quantify dependencies between intent compo-
nents, we compute row-normalized conditional
probabilities from contingency tables. Given two
intent dimensions A (row variable) and B (column

Figure 4: Overview of the Intent-Guided Prompting
(IGP) framework for intent-conditioned reasoning.

variable), let

Ca,b =
N∑

i=1

I[Ai = a ∧Bi = b] (1)

denote the co-occurrence count (i.e., the contin-
gency table entry) for category a in A and category
b in B. We then compute the row-normalized con-
ditional probability used in the heatmaps as

P (B = b | A = a) =
Ca,b∑
b′ Ca,b′

, (2)

where rows with
∑

b′ Ca,b′ = 0 are set to zero.1

In Figure 3, we instantiate Eq. (2) for the three
pairs: (a) A = Origin, B = Objective, (b) A =
Objective, B = Means, and (c) A = Origin, B =
Means.

4 Method

4.1 Overview and Design Rationale
Our core design principle is to treat communicative
intent as an explicit intermediate semantic repre-

1This exactly matches our implementation: we normalize
each row of the crosstab and fill missing values with 0.0.
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Figure 5: Intent-conditioned multimodal detection framework (ICMD).

sentation that conditions reasoning and evidence in-
terpretation, rather than as a latent factor or a direct
predictor of veracity. Under this principle, intent
provides contextual information about why a news
video is framed in a particular way, while factual
correctness must still be determined by the under-
lying evidence. Based on this view, we develop
two complementary methods that operationalize
intent conditioning at different levels: (1) Intent-
Guided Prompting (IGP) for intent-conditioned
LLM reasoning, and (2) an intent-conditioned
multimodal detection network (ICMD) for rep-
resentation learning.

4.2 Method for News Intent Identification

Large language models (LLMs) enable scalable
reasoning over complex multimodal content, but
when communicative intent is treated as an im-
plicit latent factor, LLMs may conflate stylistic
cues with factual correctness, leading to shortcut-
based or unstable predictions. To address this issue,
we propose Intent-Guided Prompting (IGP), a
theory-guided prompting framework grounded in
the Origin–Objective–Means (OOM) representa-
tion. As illustrated in Figure 4, IGP decomposes
intent-conditioned reasoning into three stage-wise
analyses (Origin, Objective, and Means) followed
by a veracity synthesis step. Different from intent
identification as a standalone task, IGP assumes
that intent labels are given and uses them solely as
structured semantic conditions for reasoning.

Problem Definition. Given a news video with as-
sociated textual content (e.g., title and description),
let x denote the input and M an LLM. We assume
that the communicative intent has been annotated
or inferred in advance under the OOM framework:

I = (Iorigin, Iobjective, Imeans), (3)

where Iorigin denotes creator stance, Iobjective the
audience need being activated, and Imeans the com-
munication strategy. The task is to predict veracity
by reasoning over content conditioned on intent:

y = M(x, I | pguided), y ∈ {fake, real}. (4)

Origin-Guided Reasoning. The first stage con-
ditions reasoning on the given Origin label. Rather
than inferring stance, the model examines whether
tone, evidence selection, and framing are consistent
with the declared stance. Inconsistencies between
strong evaluative language and weak evidence are
treated as potential warning signals.

Objective-Guided Reasoning. The second stage
conditions reasoning on the Objective label, i.e.,
the audience need being activated. The model eval-
uates whether needs such as survival alerts, safety
concerns, social belonging, esteem, or cognitive
curiosity are supported by verifiable evidence, help-
ing identify exaggeration or emotional amplifica-
tion.

Means-Guided Reasoning. The third stage con-
ditions reasoning on the Means label. The model
assesses whether the communication strategy (e.g.,
emotional mobilization or ideological framing) is
appropriate given the available evidence.

Intent-Conditioned Veracity Synthesis. Finally,
the model integrates the above analyses to pro-
duce a veracity judgment. Importantly, intent is
not used as a decision rule but as a contextual lens
that shapes how evidence is interpreted. The model
is explicitly instructed to justify its decision based
on evidence–intent alignment or mismatch.

4.3 Method for News Intent Application
We next introduce ICMD, our intent-conditioned
multimodal detection framework, and how the iden-
tified intent is incorporated into a multimodal de-
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Model FakeSV FakeTT
ACC F1 M-P M-R ACC F1 M-P M-R

GLM-4.6V-9B 0.5541 0.1936 0.8248 0.1072 0.5891 0.4451 0.7338 0.2260
+IGP 0.6151 0.4896 0.7248 0.3696 0.6591 0.6451 0.8338 0.5260

LLaVA-OneVision-8B 0.5710 0.3014 0.8072 0.1853 0.5459 0.4504 0.9051 0.2998
+IGP 0.6126 0.5427 0.6614 0.4602 0.5895 0.5669 0.8211 0.4329

Qwen2.5-VL-32B 0.5820 0.3047 0.8997 0.1834 0.6732 0.6653 0.8381 0.5516
+IGP 0.6407 0.4825 0.8598 0.3354 0.7102 0.7048 0.8531 0.6274

Qwen2.5-VL-72B 0.6474 0.5569 0.7477 0.4436 0.7324 0.7563 0.8156 0.7050
+IGP 0.7087 0.7181 0.8097 0.6452 0.7691 0.7959 0.8298 0.7647

Qwen3-VL-32B 0.6865 0.6570 0.7244 0.6011 0.6792 0.7406 0.7070 0.7775
+IGP 0.6935 0.6903 0.6967 0.6840 0.6938 0.7496 0.7229 0.7783

InternVL3.5-38B 0.5844 0.3464 0.8077 0.2204 0.5013 0.2946 0.8889 0.1766
+IGP 0.6148 0.4339 0.8155 0.2956 0.5931 0.5405 0.8071 0.4063

InternVL3-78B 0.6084 0.4060 0.8377 0.2680 0.6777 0.6548 0.8865 0.5192
+IGP 0.6424 0.4941 0.8418 0.3497 0.6872 0.6719 0.8788 0.5439

GPT-5 0.6844 0.5464 0.7077 0.3204 0.7768 0.7937 0.8691 0.7302
+IGP 0.7094 0.6227 0.8825 0.4810 0.7842 0.7994 0.8821 0.7309

Table 1: Performance comparison on FakeSV and FakeTT. For each backbone model, the first row reports results
under Direct prompting, while the indented row (IGP) reports results with intent-conditioned prompting.

tection model. Consistent with our design ratio-
nale, intent is treated as auxiliary semantic context
rather than a predictive shortcut. As illustrated in
Figure 5, ICMD injects the OOM intent into mul-
timodal representation learning via FiLM-based
feature modulation and intent-aware aggregation.

Problem Setting. Given a news
video v with multimodal inputs X =
{X text, Xaudio, Xvideo, X image}, and its OOM
intent I = (Iorigin, Iobjective, Imeans), the goal of
ICMD is to predict veracity while conditioning
evidence interpretation on intent.

Structured Intent Representation. Each intent
dimension is mapped to a learnable embedding:

eorigin = forigin(I
origin),

eobjective = fobjective(I
objective),

emeans = fmeans(I
means),

(5)

which are concatenated and projected to obtain a
unified intent representation:

zintent = fintent([e
origin; eobjective; emeans]). (6)

This representation captures communicative intent
while remaining agnostic to factual correctness.

Intent-Conditioned Evidence Modulation.
We extract modality-level evidence features

{htext, haudio, hvideo, himage}. In ICMD, to inject
intent without shortcut bias, we adopt feature-wise
linear modulation (FiLM):

h̃m = γm(zintent)⊙ hm + βm(zintent), (7)

allowing intent to dynamically reweight evidence
across modalities.

Intent-Aware Aggregation and Training. The
intent-conditioned features and intent token are
treated as a token sequence and processed by a
Transformer. The intent token aggregates cross-
modal information and serves as the final repre-
sentation for classification. To discourage shortcut
reliance, we apply intent dropout during training
by randomly masking the intent token with a fixed
probability. We optimize ICMD using a standard
cross-entropy loss for the final multi-class classifi-
cation objective.

Overall, by modeling intent as a conditioning
mechanism rather than a predictive feature, ICMD
enables intent-aware yet evidence-centered multi-
modal fake news reasoning.

5 Experiments

5.1 Experimental Setup

Datasets. We conduct experiments on two multi-
modal fake news video benchmarks, FakeSV and
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FakeTT. Each instance contains multimodal in-
puts and a binary veracity label. In addition, each
video is associated with three intent labels under
the Origin–Objective–Means (OOM) framework:
creator stance, audience need activation, and com-
munication strategy.

Evaluation Metrics. We report Accuracy (ACC)
and F1-score (F1) as primary metrics. For com-
pleteness, we additionally report macro-precision
(M-P) and macro-recall (M-R) where appropriate.

Implementation Details. For LLM-based exper-
iments, we use fixed prompt templates with identi-
cal decoding settings across methods. For neural
models, we follow standard training protocols with
consistent optimization settings. All hyperparame-
ters are kept the same across compared methods to
ensure fair evaluation.

5.2 Experiment I: Intent-Guided Prompting
(IGP)

This experiment evaluates whether explicit intent
conditioning improves LLM-based multimodal
fake news reasoning. Importantly, intent labels are
provided as structured semantic conditions and are
not used as predictors of veracity. For all prompt-
ing strategies, the model is provided with a fixed
set of eight sampled video frames together with the
textual content available in the dataset (e.g., title or
description).

5.2.1 Backbone Models
We evaluate Intent-Guided Prompting (IGP) on a
diverse set of vision–language backbones to test the
generality of intent-conditioned prompting across
model families and scales. Specifically, we in-
clude GLM-4.6V-9B (Cui et al., 2025), LLaVA-
OneVision-8B, Qwen2.5-VL-32B, Qwen2.5-VL-
72B (Bai et al., 2025), Qwen3-VL-32B (Yang et al.,
2025), InternVL3.5-38B, InternVL3-78B (Zhu
et al., 2025), and GPT5 (Hurst et al., 2024). For
each backbone, we report results under Direct
prompting (multimodal content only) and IGP, us-
ing identical decoding settings for fair comparison.

5.2.2 Main Results
Table 1 reports results across multiple vision–
language backbones on FakeSV and FakeTT. Over-
all, IGP consistently improves upon Direct prompt-
ing, suggesting that introducing OOM intent as an
explicit semantic condition provides both a princi-
pled and practical benefit for multimodal fake news

Prompt Strategy FakeSV FakeTT
ACC F1 ACC F1

Direct 0.6474 0.5569 0.7324 0.7563
CoT 0.6540 0.6380 0.7656 0.7881
VoT 0.6548 0.6658 0.7490 0.7920
IGP 0.7087 0.7181 0.7691 0.7959

Table 2: Comparison of different prompting strategies
under Qwen2.5-VL-72B on FakeSV and FakeTT.

Intent Structure FakeSV FakeTT
ACC F1 ACC F1

w/o Origin 0.6742 0.6689 0.7134 0.7354
w/o Objective 0.6681 0.6530 0.6846 0.7014
w/o Means 0.6888 0.6758 0.7239 0.7333
IGP 0.7087 0.7181 0.7691 0.7959

Table 3: Ablation study on intent components under
Qwen2.5-VL-72B.

reasoning. By decomposing intent into Origin-,
Objective-, and Means-guided steps, IGP encour-
ages evidence-centered verification and reduces re-
liance on superficial stylistic cues, leading to more
stable and interpretable LLM judgments across
backbones.

5.2.3 Comparison of Prompting Strategies

Using the best-performing backbone (Qwen2.5-
VL-72B), we further compare Direct, Chain-of-
Thought (CoT), Verification of Thought (VoT),
and Intent-Guided Prompting (IGP). Results in
Table 2 show that while CoT and VoT provide
moderate gains over Direct prompting, IGP yields
the strongest and most stable improvements. This
demonstrates that structured intent conditioning
is complementary to generic reasoning prompts
and provides additional benefits beyond reasoning
depth alone.

5.2.4 Ablation on Intent Components

To assess the contribution of each intent dimension,
we perform ablations by removing one component
at a time. As shown in Table 3, removing any in-
tent component consistently degrades performance,
indicating that all three OOM dimensions provide
complementary signals for intent-conditioned rea-
soning. Among them, removing Objective leads
to the largest performance drop, suggesting that
audience-need conditioning plays the most critical
role in guiding evidence-centered LLM reasoning.
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Table 4: Performance comparison of ICMD with traditional multimodal fusion methods and large vision-language
models on the FakeSV and FakeTT datasets.

FakeSV FakeTT

Method ACC M-F1 M-P M-R ACC M-F1 M-P M-R

TikTec 0.751 0.750 0.752 0.751 0.753 0.752 0.753 0.752
FANVN 0.750 0.750 0.751 0.750 0.762 0.746 0.762 0.742
Fact-R1 0.756 0.747 0.777 0.720 0.744 0.727 0.778 0.683
SV-FEND 0.793 0.792 0.796 0.793 0.802 0.790 0.804 0.785
FakingRec 0.796 0.796 0.797 0.796 0.793 0.786 0.782 0.781
MMVD 0.826 0.826 0.827 0.826 0.804 0.793 0.804 0.790
PNRN 0.833 0.833 0.836 0.833 0.817 0.817 0.818 0.811

ICMD 0.838 0.837 0.837 0.838 0.829 0.823 0.828 0.821

Variant FakeSV FakeTT
ACC F1 ACC F1

w/o Origin 0.827 0.827 0.814 0.807
w/o Objective 0.820 0.820 0.816 0.809
w/o Means 0.824 0.823 0.821 0.817

w/o FiLM 0.818 0.818 0.813 0.810

ICMD 0.838 0.837 0.829 0.823

Table 5: Ablation study of intent-conditioned multi-
modal detection framework.

5.3 Experiment II: Intent-Conditioned
Multimodal Detection

We next evaluate whether communicative intent
can improve multimodal fake news detection when
incorporated as an explicit conditioning signal in
representation learning, rather than as a predictive
shortcut. All results are reported under five-fold
cross-validation. For modality encoders, we use
BERT (Radford et al., 2019) for text, VGG19 (Si-
monyan and Zisserman, 2014) for image (cover)
features, C3D (Tran et al., 2015) for video features,
and VGGish for audio features. We apply intent
dropout with a rate of 0.2, which yields the best
performance in our experiments.

5.3.1 Baselines

We compare our intent-conditioned model (ICMD)
with representative multimodal fake news detection
baselines spanning different modeling paradigms,
including traditional multimodal fusion and detec-
tion methods (e.g., TikTec (Shang et al., 2021),
FANVN (Choi and Ko, 2021), Fact-R1 (Zhang
et al., 2025a), SV-FEND (Qi et al., 2023), Fak-
ingRec (Bu et al., 2024), MMVD (Zeng et al.,
2024), and PNRN (Kong et al., 2025)). This com-
parison assesses whether intent conditioning pro-
vides benefits beyond backbone capacity or fusion

design.

5.3.2 Main Results
Table 4 reports the main results on FakeSV and
FakeTT. Overall, ICMD achieves the strongest
or highly competitive performance across both
datasets. Importantly, these gains are obtained by
introducing intent as auxiliary semantic context
to modulate evidence representations, rather than
using intent as a direct indicator of veracity. The
results demonstrate that explicit intent modeling
can complement multimodal evidence and improve
detection performance in a principled manner.

5.3.3 Ablation Study
To examine the role of intent in multimodal de-
tection, we ablate individual intent components
(w/o Origin, w/o Objective, w/o Means) as well as
the intent-conditioned modulation mechanism (w/o
FiLM). As shown in Table 5, removing any intent
component or disabling FiLM-based conditioning
degrades performance, confirming that both struc-
tured intent and intent-conditioned modulation are
important. Among the three components, removing
Objective causes the largest drop, underscoring the
importance of audience-need conditioning.

5.4 Summary of Findings

Across both LLM-based reasoning and neural mul-
timodal detection settings, we consistently observe
that modeling communicative intent as an explicit
intermediate semantic representation yields tan-
gible benefits. Intent-conditioned prompting im-
proves the stability and interpretability of LLM
reasoning, while intent-conditioned representation
learning enhances multimodal fake news detection
without introducing shortcut bias. Together, these
results provide empirical evidence that communica-
tive intent serves as a valuable conditioning signal
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for robust and principled multimodal fake news
analysis.

6 Conclusion

We argue that robust multimodal news understand-
ing requires modeling why content is framed,
and we introduce Origin–Objective–Means (OOM)
as an explicit intermediate intent representation.
Large-scale annotation shows OOM labels are lex-
ically grounded with imbalanced, structured de-
pendencies. We further propose Intent-Guided
Prompting (IGP) for intent-conditioned LLM rea-
soning and an intent-conditioned multimodal de-
tection framework (ICMD) with feature-wise mod-
ulation to reduce shortcut reliance. Across two
benchmarks and multiple backbones, intent condi-
tioning consistently improves effectiveness and in-
terpretability, supporting intent-aware intermediate
semantics for multimodal misinformation analysis.

Limitations

Although our results demonstrate the value of mod-
eling communicative intent as an intermediate se-
mantic condition, this study still has several lim-
itations. First, the proposed OOM framework re-
lies on human annotation of Origin, Objective, and
Means labels. Despite the use of detailed guide-
lines, multi-annotator labeling, majority voting,
and additional review for low-agreement cases, in-
tent interpretation remains inherently subjective
and may vary across annotators, cultural back-
grounds, and media contexts. Second, our experi-
ments are conducted only on two short-form news
video benchmarks, FakeSV and FakeTT. As a re-
sult, the generalizability of our findings to other
domains, languages, platforms, and longer-form
news videos remains to be verified. Third, both
IGP and ICMD assume that intent labels are avail-
able or can be reliably inferred in advance. In
real-world applications, errors in intent identifica-
tion may propagate to downstream reasoning and
veracity prediction. Finally, the OOM label distri-
butions are notably imbalanced, and some of our
experimental settings remain simplified, such as
fixed frame sampling for LLM prompting and stan-
dard modality encoders for multimodal detection.
These factors may limit robustness under distribu-
tion shift or more complex real-world conditions.
Future work will explore more scalable automatic
intent induction, broader cross-domain evaluation,
and stronger temporal modeling for real-world de-

ployment.
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