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Abstract

The rapid growth of short video platforms
has made multimodal fake news more preva-
lent. Existing detectors suffer from two ma-
jor limitations: (I) global-alignment bias that
overemphasizes holistic cross-modal match-
ing and thus misses subtle, localized incon-
sistencies; and (II) LLM-based methods that
leverage powerful generative reasoning to iden-
tify cognitive forgeries but inherently suffer
from hallucinations and high inference latency.
To overcome these limitations, we propose
PCDD, a novel Perception-Cognition Dual-
driven Detector that jointly observes the form
and probes the logic for short video fake news
detection. The perception stream exposes fine-
grained cross-modal conflicts by amplifying
localized inconsistencies into explicit discrep-
ancies. The cognition stream transfers reason-
ing capabilities from LLMs to a lightweight
student to mine cognitive forgeries, while re-
ducing the risk of hallucinations and eliminat-
ing reliance on LLMs at inference. Experi-
ments on real-world datasets show that PCDD
consistently outperforms baselines, while im-
proving interpretability and robustness in data
scarcity scenarios. Our code is available at
https://github.com/SeinCore/PCDD.

1 Introduction

Short video platforms such as TikTok and YouTube
Shorts have become major channels for information
dissemination (Walker and Matsa, 2021). Unlike
traditional text- or image-centric news, short videos
integrate vision, audio, and text, which boosts en-
gagement yet increases exposure to fake news (Wu
et al., 2023c; Qi et al., 2023). Prior studies show
that short video fake news often spreads faster,
reaches broader audiences, and more powerfully
influences public beliefs through affective framing
and audiovisual presentation (Wang et al., 2022).
With the explosive growth of short videos, manual
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Title: Armed Police Officer
Outsmarts and

! Well Done!
On-screen text:
yesterday morning at West Lake,
Hangzhou, near broken bridge.
Audio transcript: He charged
straight over, so there must still
be some issues here.

(a) Fine-grained Conflict

Title: #This shop has many returning
customers #Real-life Footage from the
Public

On-screen text: A pregnant woman
was rushing to the hospital when she
gave birth to seven boys and one girl...
LLM Hallucination: ...The 'shop' with
'returning customers' implies a popular
maternity clinic...

(b) Logical Fabrication

Figure 1: Examples of short video fake news. (a) Subtle
visual and audio clues reveal a drill. (b) Mismatch be-
tween title and other texts triggers LLM hallucinations.

verification is no longer sufficient to meet real-time
needs, underscoring the demand for scalable, auto-
mated detectors tailored to short videos (Bu et al.,
2023).

While early studies relied on handcrafted fea-
tures, the field has converged on two dominant
paradigms: (1) Deep learning-based methods (Qi
et al., 2023) model cross-modal interactions holisti-
cally. For instance, FakingRecipe (Bu et al., 2024)
analyzes material selection and editing patterns for
detection. (2) Foundation model-based methods
(Hong et al., 2025a) exploit extensive knowledge
and advanced reasoning from large language mod-
els (LLMs) and multimodal large language mod-
els (MLLMs) to identify cognitive forgeries, i.e.,
deceptive narratives that exhibit plausible but un-
grounded logical reasoning. An example is Fact-R1
(Zhang et al., 2025a), which develops an MLLM
via long-chain instruction tuning and reinforcement
learning. Unless otherwise noted, we use “LLMs”
to refer to both LLMs and MLLMs hereafter.

Despite these advances, the aforementioned ap-
proaches still grapple with two critical challenges:

C1: Perceptual Limitation in Capturing Fine-
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grained Conflicts. Existing detectors prioritize
global cross-modal alignment, tending to obscure
subtle conflicts. As shown in Figure 1(a), the ti-
tle and main visual content portray a semantically
consistent “sudden incident” in which an armed po-
lice officer subdues a criminal. This strong holistic
alignment will lead models to classify the video as
real. However, fine-grained clues such as police
tape, a large bystander crowd, and an anomaly in
audio transcript indicate that this is a drill. These
localized conflicts are overwhelmed by dominant
global semantics, thereby remaining undetected.

C2: Cognitive Vulnerability to LLM Halluci-
nations. LLM-based methods, while capable of
identifying cognitive forgeries, may produce coher-
ent yet ungrounded explanations. In Figure 1(b),
the title biases LLMs toward a “seven boys and one
girl” narrative, leading them to fabricate a story by
interpreting “returning customers” as evidence of a
popular maternity clinic. While the video contains
baby-related scenes, such visuals are merely sug-
gestive and provide no support for this inference.
This undermines reliability, with high inference
latency further limiting real-time deployment.

To address these challenges, we propose PCDD,
a novel Perception-Cognition Dual-driven Detector
grounded in the diagnostic principle of observ-
ing the form and probing the logic. To capture
fine-grained conflicts, the Perceptual Clue Discov-
ery (PCD) module leverages context-based masked
multimodal modeling (M 3) reconstruction to sur-
face conflicts as salient residuals. Meanwhile, to ad-
dress cognitive forgeries, mitigate LL.M hallucina-
tions and support real-time detection, the Cognitive
Logic Reasoning (CLR) module employs Regular-
ity—Relation—Result (R3) distillation to compress
the logical chains into a lightweight model with
evidence-grounded reasoning. Finally, perceptual
and cognitive signals are adaptively fused to sup-
port precise detection. Our main contributions are
summarized as follows:

* We propose PCDD, which integrates PCD to
observe form and CLR to probe logic for short
video fake news detection.

* We design two complementary modules: PCD
captures fine-grained cross-modal conflicts
through M3 reconstruction, while CLR identi-
fies cognitive forgeries via R? distillation and
mitigates LLM hallucinations.

» Experiments on real-world datasets show that

PCDD outperforms baselines while provid-
ing interpretability and robustness under data-
scarce settings.

2 Related Work

2.1 Short Video Fake News Detection

Significant progress has been made in multimodal
fake news detection in recent years (Wu et al.,
2023a,b; Peng et al., 2024). Building upon this
line of research, existing studies in short video
fake news detection primarily explore multimodal
features across diverse granularities. Traditional
methods utilize handcrafted features (Serrano et al.,
2020), such as metadata and user engagement (Pa-
padopoulou et al., 2017). Deep learning approaches
model complex interactions, including multimodal
consistency via attention mechanisms (Qi et al.,
2023) and intramodal bias mitigation (Zeng et al.,
2024). Recently, LLMs have been integrated to
leverage their reasoning power (Zhang et al., 2025a;
Wang et al., 2025). Specifically, Zong et al. (2024)
identify implicit opinion, while Hong et al. (2025a)
employ progressive prompting to enhance reason-
ing. However, these methods favor coarse-grained
associations, while LLMs struggle with halluci-
nations and cannot meet real-time demands. We
therefore propose a framework to model percep-
tual conflicts and cognitive forgeries, enabling fine-
grained, reliable, and real-time short video fake
news detection.

2.2 Multimodal Masked Modeling

Pioneered by Devlin et al. (2019) for token recon-
struction in NLP, the masked modeling paradigm
has since expanded to CV through pixel-level mask-
ing (He et al., 2022) and further extended to mul-
timodal settings, for instance by capturing spatio-
temporal dynamics (Xiang et al., 2024). While
alignment methods in short video fake news de-
tection often prioritize coarse-grained associations
(Zeng et al., 2024; Hong et al., 2025a), multimodal
masked modeling (M?3) provides a fine-grained,
reconstruction-based objective that captures latent
cross-modal conflicts. We therefore build upon this
paradigm to enable fine-grained detection.

2.3 Knowledge Distillation

Knowledge distillation transfers expertise from
teacher models to students, evolving from soft la-
bel alignment (Hinton et al., 2015) to structural
constraints such as attention regions (Zagoruyko
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Figure 2: Overall architecture of the PCDD framework. (1) The Perceptual Clue Discovery module captures
discrepancies by amplifying fine-grained conflicts. (2) The Cognitive Logic Reasoning module transfers the logical
chains to mitigate hallucinations. (3) The Adaptive Fusion module aggregates features to classify.

and Komodakis, 2016) and relational dependencies
(Park et al., 2019). To leverage LLLMs for cognitive
forgery detection while mitigating hallucinations
and reducing cost, we propose Regularity-Relation-
Result (R3) distillation. By aligning the LLM’s
logical reasoning chains across evidence screen-
ing, relation establishing, and decision making, the
strategy enables students to hierarchically acquire
sophisticated reasoning capabilities.

3 Methodology

Overview. As illustrated in Figure 2, PCDD de-
tects short video fake news by jointly modeling
perceptual conflicts and cognitive forgeries. It com-
prises two complementary modules: PCD captures
fine-grained conflicts within the presented multi-
modal content, while CLR transfers reasoning capa-
bilities from LLMs to a lightweight model to mine
cognitive forgeries and mitigate hallucinations. Fi-
nally, the outputs of both modules are adaptively
fused to support precise and reliable detection.
Inputs and Outputs. We formalize short video
fake news detection as a binary classification task.
Each sample consists of multimodal inputs: video
title 73, on-screen text 7, audio transcript 1,,
keyframe sequence V/, and audio signal A. We
concatenate all textual modalities into a unified se-
quence T' = [T}; Ts; Ty, ]. The model learns a map-
ping F(T,V, A) — gy, where y € [0, 1] denotes the
predicted probability of the video being fake news,
supervised by ground-truth labels y € {0,1}.

3.1 Perceptual Clue Discovery (PCD)

Real short video news generally exhibits coherent
semantics across modalities, whereas fake news
often introduces subtle and localized inconsisten-
cies (Astrid et al., 2025). PCD addresses this issue
by reconstructing multimodal features and ampli-
fying localized inconsistencies through salient re-
construction residuals.

3.1.1 Unified Feature Encoding

To provide a shared semantic space, we utilize the
encoder Fy,y; of the omni-modal model Qwen?2.5-
Omni-3B (Xu et al., 2025) to extract aligned repre-
sentations:

T€7‘/E)A€ = omm’(Ta V’A) (1)

3.1.2 Masked Multimodal Modeling
Reconstruction

To model fine-grained cross-modal conflicts, we
adopt a self-supervised Masked Multimodal Mod-
eling (M?) reconstruction paradigm. Unlike stan-
dard random masking, we apply a tail masking
strategy for temporal features to better leverage con-
text. Concretely, we obtain three modality-specific
masked features { Fy, F,, Fy, }, each masking one
modality while preserving others. Taking the visual
modality as an example, we replace the trailing p
portion of V. with a learnable visual masking token
M, of the same length:

(v (0:L0=p) o)

V! =V ); M{PE)] )
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where L, denotes the length of V.. We then form
F, = [T, V!, A.]. Formally, for each modality
m € {t,v,a}, the masked feature is defined as
F,,. To maintain a lightweight architecture, we
feed each F,, into the first f layers of the Qwen?2.5-
Omni-3B backbone, denoted as B.(-), as a latent
semantic transformer:

Then, we utilize cross-attention between features
from the masked regions J]”" and the unmasked re-
gions J to further extract contextual information.

m( Ju\T
_EQ::SOﬁmax<J%fj;)),Li 4)
where d denotes the hidden dimension of the back-
bone. F[]j serves as the reconstruction for the
masked regions.

In parallel, we feed the original unmasked mul-
timodal representation [T, V, A.] into B.f(-) and
extract features at the corresponding masked posi-
tions as the ground-truth F.

3.1.3 Discrepancy Quantification

Real samples exhibit modest reconstruction gap
due to coherent multimodal semantics, whereas
fake news typically induces larger deviations across
modalities. We therefore model perceptual con-
flicts by the discrepancy between reconstructed FQ
and the ground-truth F]7' as a diagnostic signal.

During training, we minimize the cosine distance
between Fnrf and F"' on real samples, enforcing
reconstruction consistency at the semantic represen-
tation level across modalities, thus learning stable
multimodal patterns.

m m
Lo = Z (1 _ M) 5)
R G T N P

During inference, contextual inconsistencies in
fake news hinder semantic-level reconstruction, re-
sulting in amplified deviations as salient signals
between reconstructed and original features. We
therefore define the residual as:

Am = Fm™ — ™ (6)

To suppress noise and highlight informative de-
viations, we employ learnable discrepancy vector
L with attention over Am, adaptively extracting
salient clues S, for each modality.

T
MAm)) Am D)

Sy, = Softmax
(“

Finally, the discrepancy features from three
modalities are concatenated to form the overall
perceptual clues S, for downstream detection:

So = [St; Soi Sa} (8)
3.2 Cognitive Logic Reasoning (CLR)

Implicit fake news often involves cognitive forg-
eries that go beyond perceptual clues (Liu et al.,
2025). While LLM-based reasoning can expose
such forgeries, it is prone to hallucinations and in-
curs high inference latency. We therefore distill
its reasoning chains into a lightweight student via
Regularity—Relation—Result (R?) distillation.

3.2.1 Cognitive Signal Elicitation

To support R? distillation, we prompt an LLM
Frry with a chain-of-thought template Po,7 to
elicit multi-stage reasoning over the input text 7'.
The outputs provide cognitive supervision signals:
sentence-level evidence salience scores E, sample-
level reasoning rationales R;, and decision-level
probability P;. The template P, is provided in
detail in A.1.

{Et,Rt, P} = From(Poor, T') )

3.2.2 Phase I: Regularity Distillation

This phase distills the teacher’s ability to screen
salient evidence by aligning sentence importance
rankings between the teacher and student, guiding
the student to focus on forgery-relevant text.

On the teacher side, we apply soft ranking to sen-
tence salience scores F for differentiable rankings.
The rank of the i-th sentence is defined as:

N
By — By
m¢:1+§:a(t47“> (10)

where o(-) denotes the Sigmoid function, 7 is the
temperature, and NV is the number of sentences.

On the student side, the input text 7" is encoded
and pooled to obtain sentence-level representations
H,. Alinear scorer ®,(-) then produces the corre-
sponding salience scores:

Es,i = q)s(Hs,i) (11)

Student rankings 7, are computed using the
same soft ranking formulation as in Eq. (10).

To align sentence-level evidence rankings to
guide the student’s focus, the loss is defined as:

N
Lr1 = Z 7ei — sl (12)
=1
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3.2.3 Phase II: Relation Distillation

This phase transfers inter-sample relational struc-
ture by aligning associations derived from teacher
and student reasoning representations.

On the teacher side, the reasoning rationales R;
are encoded using the same student architecture
to obtain the [CLS] token representation R;. We
then model inter-sample relations by computing
pairwise cosine similarities between any sample
pair (I, m) within the same batch:

/ /

S (l m) _ t,l ' Rt,m
n 1724 ol Rt |2

(13)

On the student side, we directly extract the
[CLS] token representation Cs from the student
model and compute relations S in a similar way
as in Eq. (13). To transfer relational structure from
the teacher to the student, the loss function for this
phase is defined as:

B B
1
Lro =25 > D ISultm) = Sy(Lm)|* (14)

=1 m=1
where B denotes the batch size.

3.2.4 Phase III: Result Distillation

Following cognitive mechanisms (Pennycook and
Rand, 2021), we categorize cognitive forgeries into
three dimensions: Commonsense Violation, Log-
ical Fallacy, and Emotional Manipulation, which
form the set C. To approximate evidence-based
decision-making, the student selects the top-k
sentences ranked by contributions, denoted as
Hj, = [Hpi;...;Hpyl, and concatenates them
with the student-side global representation to con-
struct evidence-augmented cognitive features Z, =
[Cs; Hi]. A multi-label linear predictor ®,,,(-) then
generates the student’s prediction distribution Ps:
Py =0(9,(Zy)) (15)
Taking the teacher’s diagnostic probabilities P,
as soft labels, we define the loss as:

£R3 = ZH-Pt,C_PS,CH2 (16)

ceC

where Ps . denotes the predicted probability for
category ¢ € C in P;.

Table 1: Statistics of the FakeSV and FakeTT datasets.

Dataset Platform Fake Real Total

FakeSV Kuaishou/Douyin 1,810 1,814 3,624
FakeTT TikTok 1,172 819 1,991

3.3 Fusion and Classification

To jointly exploit complementary features while
mitigating modality imbalance, we design an adap-
tive fusion module to integrate perceptual con-
flicts S, and cognitive forgeries Z,. After align-
ing Z, to S, via a learnable projection to obtain
Zg, self-attention is applied to each feature to rein-
force salient internal patterns, followed by cross-
attention to model perceptual—cognitive interac-
tions, yielding Sp, and Z;. Then they are aggregated
via attention pooling to summarize discriminative
signals. Take S as an example:

Gs = ZaiS;i, a = Softmax(g(S))) (17)

2

where g(-) denotes an MLP gating network. G, is
obtained similarly from Z;. Then G4 and GG, are
concatenated and passed through an MLP classifier
®.(-) to produce the prediction ¢, which is opti-
mized with binary cross-entropy loss. Finally, we
define the overall training objective as Loz

3) = CI)C([GS§GZ]) (18)

Lp=—(ylogy+ (1 —-y)log(l—9)) (19
3

Liotal = LB+ ALo+ A > Lri  (20)
i—1

where A\, and ), are trade-off hyperparameters.

4 Experiment

4.1 Experimental Settings

Datasets. We evaluate PCDD on two short video
datasets: Chinese FakeSV (Qi et al., 2023) and
English FakeTT (Bu et al., 2024), with statistics in
Table 1. Since fake news exhibits temporal drift,
we adopt a chronological split of 70%/15%/15%
for training, validation, and testing.
Implementation Details. We adopt Qwen3-
Embedding-0.6B (Zhang et al., 2025b) as the stu-
dent and DeepSeek-R1 (Guo et al., 2025) as the
teacher. We set f = 8, p = 30%, k = 3, and
Ae = A+ = 1.0. The model is fine-tuned with
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Table 2: Performance comparison on real-world datasets. The best results are bolded and second-best are underlined.

Method FakeSV FakeTT
Category Model Modality Acc Prec Rec F1 Acc Prec Rec F1
Feature MFCC A 61.07 61.64 61.74 61.05 52.51 64.26  62.21 52.23
Engineering HCFC-Hou T,V, A 7491 75.59 7330  73.61 73.24 7199 7465  72.00
HCFC-Medina T 71.13  71.15  71.21 71.02 6254 6558 67.29  62.23
VGGish A 66.61 66.91 67.13  66.55 65.54  66.14  68.30  64.69
BERT T 78.41 78.17 78.52 78.25 70.90 68.71 70.60 69.00
ViT 1% 7122 71.04 7133  71.04 6555 65.17  67.11 64.39
Deep TSformer % 72.14 71.91 72.20 71.95 64.88 68.79 70.43 64.69
Learning FANVM T,V 79.52  79.81 7846  78.81 71.57 7022 72.63  70.21
TikTec T,V,A 7343 7323 73,54 7326 6622  65.84 67.87  65.08
CAFE T,V 71.03 71.41 71.67  71.00  69.57  67.83 69.85 6791
HMCAN T,V 78.04 77.87 77.33 77.52 68.56 72.78 74.72 68.41
SVFEND T,V,A 80.88 80.18 80.62 80.54 77.14  75.12 7756  75.63
FakingRecipe T,V,A 84.69 84.80  84.01 8430 79.60 77.12  78.88  77.76
DeepSeek-R1 T 7343  73.18 7248  72.68  62.21 69.33 69.71 62.20
Qwen3 T 71.22 77.83 67.77 66.79 48.83 64.29 60.22 47.90
GPT-40 T,V 78.41 79.02 7930 7840 5853 6432 6492 5849
LLMs GLM-4.6V T,V 77.12 76.78 76.82 76.80 69.23 72.44 74.70 68.98
Qwen3-VL T,V 80.81 80.85 80.02 80.29 5920  66.61 66.69  59.20
ExMRD T,V, A 86.90 87.31 86.13 86.52 84.28 82.27 85.19 83.13
Fact-R1 T,V 75.60  77.70  72.00 7470 7440 77.80 6830  72.70
Ours PCDD T,V, A 88.74 88.69 8841 88.53 87.29 8528 8795  86.22

LoRA (rank 8, alpha 16). Optimization is per-
formed with AdamW at a learning rate of 5 x 107
and batch size 16. Performance is evaluated us-
ing Accuracy (Acc), and macro-averaged Precision
(Prec), Recall (Rec), and F1-score (F1).

Baselines. We compare PCDD against 20 com-
petitive baselines categorized into three groups.
(1) Feature engineering-based methods: MFCC
(Davis and Mermelstein, 1980), HCFC-Hou (Hou
et al., 2019), and HCFC-Medina (Serrano et al.,
2020). (2) Deep learning-based methods: VG-
Gish (Hershey et al., 2017), BERT (Devlin et al.,
2019), ViT (Dosovitskiy, 2020), TSformer (Berta-
sius et al., 2021), FANVM (Choi and Ko, 2021),
TikTec (Shang et al., 2021), CAFE (Chen et al.,
2022), HMCAN (Qian et al., 2021), SVFEND (Qi
et al., 2023), and FakingRecipe (Bu et al., 2024).
(3) Foundation model-based methods: zero-shot
LLMs including DeepSeek-R1 (Guo et al., 2025)
and Qwen3 (Yang et al., 2025); zero-shot MLLMs
including GPT-40 (Hurst et al., 2024), GLM-4.6V
(Hong et al., 2025b) and Qwen3-VL (Bai et al.,
2025); ExXMRD (Hong et al., 2025a) and Fact-R1
(Zhang et al., 2025a). More details are provided in
A2.

4.2 Performance Comparison

Performance comparison results are summarized
in Table 2. We derive the following observations:

First, PCDD achieves the best performance
across all metrics. On the FakeSV dataset, it sur-
passes the strongest baselines, FakingRecipe by
4.05% and ExXMRD by 1.84% in accuracy. On
FakeTT, where the two classes are notably im-
balanced, PCDD is more competitive, exceeding
ExMRD by 3.09% in Fl-score. These results
demonstrate the effectiveness of PCDD.

Second, multimodal approaches outperform uni-
modal methods across all categories, highlighting
the significance of multimodal synergy. Through
M3 reconstruction, PCDD effectively exploits dis-
crepancies across modalities.

Third, feature engineering-based methods un-
derperform other methods due to manually de-
signed shallow features. While deep learning
models improve performance by capturing com-
plex correlations, they tend to smooth out fine-
grained conflicts. In contrast, PCDD amplifies sub-
tle anomalies through M3 reconstruction, enabling
fine-grained capture of cross-modal conflicts.

Fourth, zero-shot LLLMs achieve performance
comparable to some deep learning models, high-
lighting reasoning benefits. MLLMs (e.g., Qwen3-
VL) perform better by integrating multimodal fea-
tures but remain susceptible to hallucinations. Al-
though ExMRD alleviates this by a tail-end module,
it remains heavily dependent on LLMs. In contrast,
PCDD mitigates hallucinations via R? distillation,
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Table 3: Ablation study on FakeSV and FakeTT datasets. The best results are bolded and second-best are underlined.

Model Variant FakeSV FakeTT
Group Variant Acc Prec Rec F1 Acc Prec Rec F1
w/o PCD 85.42 85.56 84.77 85.05 82.94 80.96 83.93 81.76
Module w/o CLR 85.79 85.57 85.60 85.58 82.27 80.01 79.86 79.93
w/o AF 86.71 87.93 85.56 86.16 84.61 82.73 85.95 83.58
w/o Tail Mask 86.53 86.50 86.08 86.25 84.28 82.42 85.70 83.25
w/o Cosine Loss 85.97 85.77 85.77 85.76 83.27 81.67 85.20 82.33
PCD w/o Text 88.37 88.70 87.72 88.06 84.94 82.81 83.90 83.29
w/o Vision 86.53 87.56 85.44 86.00 83.94 81.88 84.68 82.74
w/o Audio 87.26 87.69 86.51 86.90 85.28 83.15 85.43 83.99
w/o Regularity 87.26 87.62 86.55 86.91 83.94 81.95 81.62 81.78
CLR w/o Relation 88.00 88.24 87.39 87.70 84.94 82.85 83.65 83.22
w/o Result 86.53 86.46 86.12 86.26 86.28 84.24 85.67 84.85
PCDD (Full) 88.74 88.69 88.41 88.53 87.29 85.28 87.95 86.22
T FakeSV  —O— FakeTT wlo CLR Model |Qwen3 GPT-40 ExMRD Fact-R1 PCDD
. . Params | 235B  200B 9B 7B 3B
9
286 86 Table 4: Parameter counts of compared models.
gy 84
S E) 82 ) _ _
e e is the primary ;ource of perceptual conflicts.
(a) Mask Ratio p (%) (b) Backbone Depth Effect of R° Distillation. We evaluate the con-

Figure 3: Hyperparameter sensitivity of PCDD. (a) Im-
pact of mask ratio p. (b) Impact of backbone depth f.

reducing reliance on LLMs and inference latency.

4.3 Ablation Study

As shown in Table 3, we conduct ablation studies to
analyze module-level and component-level effects.
Effect of Modules. w/o PCD and w/o CLR
remove the corresponding module, while w/o AF
replaces adaptive fusion with a basic transformer
and MLP combination. Results indicate that remov-
ing any module leads to a performance drop, high-
lighting the necessity of collaborative perception-
cognition modeling for identifying fake news.
Effect of M/3 Reconstruction. Within the PCD
module, w/o Tail Mask replaces the tail masking
with random masking, w/o Cosine Loss discards
the cosine loss term, and w/o Text, Vision, or Au-
dio excludes the corresponding modality. Results
indicate tail masking enables more effective recon-
struction of temporal content. Omitting the cosine
loss significantly reduces accuracy, which confirms
the effectiveness of M2 reconstruction for captur-
ing fine-grained conflicts. Moreover, excluding any
modality degrades performance, with vision caus-
ing the largest decline. This suggests visual content

tribution of individual distillation components in
the CLR module by ablating regularity, relation, or
result alignment. Experiments show that removing
any alignment leads to a drop in accuracy, with
the removal of regularity alignment causing the
most severe degradation. This demonstrates that
screening evidence from redundant text is critical
for cognitive learning, and that R distillation ef-
fectively transfers the logical reasoning chains.

4.4 Hyperparameter Analysis

To explore the sensitivity of PCDD, we conduct an
analysis on three hyperparameters:

Mask Ratio p. Figure 3(a) shows strong depen-
dence on p. Accuracy peaks at p = 0.3, where
fine-grained conflicts are best captured. Lower p
produces weak reconstruction signals and limited
gains, while higher p introduces noise due to infor-
mation loss. Performance reaches its minimum at
p = 0.7. For p > 0.7, detection relies mainly on
CLR, as PCD provides marginal gain.

Backbone Depth f. Figure 3(b) reveals an in-
verted U-shaped trend with respect to f. Too few
layers (f < 8) limit multimodal interaction and im-
pair reconstruction, while too many layers (f > 8)
cause over-abstraction and obscure subtle percep-
tual conflicts. The optimal balance between suf-
ficient multimodal interaction and preservation of
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Figure 7: Two fake news cases from FakeSV (left) and FakeTT (right) demonstrate the interpretability of PCDD.

fine-grained conflicts is achieved at f = 8.
Evidence Count k. As shown in Figure 4, the
trend for k resembles that of f: small & limits
the scope of evidence, while large & introduces
irrelevant fragments that degrade accuracy.

4.5 Efficiency and Robustness Analysis

We further assess the efficiency and robustness of
PCDD across three dimensions:

Model Efficiency. As shown in Table 4, PCDD
has the smallest model size (3B) among MLLM-
based methods. Additionally, on an NVIDIA RTX
4090, evaluation on two datasets shows an aver-
age inference time of 0.92 s/sample, far below the
tens of seconds required by generative MLLMs.
By avoiding generative decoding, PCDD mitigates
hallucination risks and enables real-time detection.

Teacher Compatibility. Figure 5 presents the
performance of PCDD under four different LLM
teachers, DeepSeek-R1 (Guo et al., 2025), Qwen3
(Yang et al., 2025), GLM4.7 (Zeng et al., 2025),
and GPT5(Singh et al., 2025). Accuracy variations
are relatively small across teachers, and PCDD
consistently outperforms all baselines. This in-
dicates that PCDD exhibits robust compatibility
and enables stable knowledge transfer from diverse

teacher models.

Data Scarcity Robustness. We evaluate PCDD
with training data ratios from 1% to 30%. Figure 6
reveals that PCDD outperforms SVFEND and Fak-
ingRecipe in most settings and maintains strong
accuracy under extreme data scarcity, even with
limited supervision, demonstrating its robustness
under data-scarce settings.

4.6 Case Study

We exhibit PCDD’s interpretability in Figure 7. In
Case 1, strong cross-modal semantic alignment
leads PCD to misclassify the sample as real, while
CLR correctly identifies it as fake by detecting
orange-highlighted evidence sentences and com-
bining high scores across the three cognitive forg-
eries. In Case 2, attention backtracking on M3
reconstruction residuals localizes the conflict to an
exaggerated textual claim (highlighted in green).
PCD correctly identifies the sample as fake because
this claim contradicts the third image, which was
masked during reconstruction. However, CLR mis-
judges the news as real despite recognizing certain
sentences as slightly unconventional. Moreover,
LLMs exhibit severe hallucinations in both cases
and incorrectly predict the news as real. By in-
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tegrating complementary PCD and CLR, PCDD
enables accurate and interpretable detection.

5 Conclusion

We propose PCDD, a framework for short video
fake news detection that captures fine-grained con-
flicts and cognitive forgeries while mitigating LLM
hallucinations. Guided by observing the form and
probing the logic, PCDD integrates PCD to am-
plify multimodal conflicts via masked reconstruc-
tion and CLR to transfer reasoning chains through
hierarchical distillation. Experiments on FakeSV
and FakeTT datasets validate the superiority, inter-
pretability, reduced computational overhead, and
data-scarce robustness of PCDD. Overall, PCDD
provides a paradigm for practical deployment.

Limitations

Despite effectively capturing fine-grained conflicts
via quantified semantic gaps, PCDD may be less
sensitive to highly sophisticated forgeries that ex-
hibit strong cross-modal consistency. Addition-
ally, while CLR distills reasoning from LLMs,
modeling deep logical intricacies in very complex
or long-form videos remains challenging. Future
work will explore finer-grained conflict identifica-
tion and a multi-stage reasoning paradigm that aug-
ments lightweight screening with domain-finetuned
LLMs for hard cases, improving both detection
speed and logical precision. As with any auto-
mated system, detection errors or biases may arise
in certain scenarios. We therefore emphasize the
importance of human oversight when deploying
such models in real-world settings.

Ethical Considerations

This research aims to combat short video fake news
and foster a secure, trustworthy information ecosys-
tem. The FakeSV and FakeTT datasets used in this
study are publicly available academic resources.
We use these datasets and pre-trained models in
accordance with their original licenses and terms
of use, and do not redistribute any artifacts beyond
what is permitted by the original release conditions.
According to the dataset documentation and release
protocols, the released data are de-identified and
do not include personally identifying information.
We do not collect any additional user metadata
beyond what is provided by the dataset releases.
We position PCDD as a decision-support tool for
human fact-checkers rather than an autonomous

arbiter of credibility. Since user-generated content
may still contain names or potentially offensive ex-
pressions, downstream deployments should apply
standard content filtering and maintain human over-
sight. Given the potential for misuse, appropriate
governance and ethical guidelines are important to
promote responsible deployment.
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A Appendix
A.1 Chain-of-Thought Template

To obtain cognitive supervision signals for the
R? distillation of the Cognitive Logic Reason-
ing (CLR) module, we design a concise chain-of-
thought prompt to guide LLMs in analyzing cogni-
tive forgeries in short video narratives. The LLM
takes the video title, on-screen text, and audio tran-
script as input, and produces structured outputs,
including sentence-level evidence salience, inter-
mediate reasoning rationale, and category-level di-
agnostic scores. These outputs serve as supervision
signals for the Regularity, Relation, and Result
stages in R? distillation. The prompt template is
illustrated in Figure 8.
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Prompt for Teacher Model

Text Prompt: You are an experienced fact-checking analyst
for short video news. Y ou need to maintain a neutral and
objective stance and focus on identifying cognitive forgery
strategies reflected in the textual narrative. Given the video
title, on-screen text, and audio transcript, produce three-stage
outputs that serve as cognitive supervision signals: (i)
sentence-level evidence salience scores indicating how
strongly each sentence contributes to potential cognitive
forgery strategies, (ii) a concise reasoning rationale that
assesses, based on the salient sentences and overall video text,
whether cognitive forgery strategies are present, and (iii)
decision-level diagnostic probabilities over the cognitive

and Emotional Manipulation.

Input:

Title: {video title}

On-screen Text: { on-screen text}
Audio Transcript: {audio transcript}

Output (must follow exactly this JSON schema):

"Evi denceSal i ence": [
{"id": 1, "score": <float between 0
and 1>, "sentence": "..."},
{"id": 2, "score": <float between O
and 1>, "sentence": " "

" Reasoni ngRational e": "A concise

expl anation.",

"StrategyProbabilities": {
" CommpnsenseVi ol ati on": <float between
0 and 1>,
"Logi cal Fal | acy": <float between 0 and
1>

“Enot i onal Mani pul ation": <float
between 0 and 1>
}

- )

Figure 8: Chain-of-thought template used to elicit cog-
nitive supervision signals for R? distillation.

A.2 Baseline Methods

We benchmark our method against a diverse set
of baselines covering (I) feature engineering-based
methods, (IT) deep-learning-based detectors, and
(IIT) foundation-model-based methods.

A.2.1 Feature Engineering-based Methods

* HCFC-Hou (Hou et al., 2019): A supervised
fake news detector that models short videos
with handcrafted features, including linguistic
cues, acoustic characteristics, and user engage-
ment statistics. These features are early-fused
into a unified vector and classified using an
SVM.

¢ HCFC-Medina (Serrano et al., 2020): A
comment-driven baseline that infers fake news
by aggregating predictions from a transfer-
learned comment classifier, and combining
them with lightweight textual features in con-
ventional machine learning classifiers.

e MFCC (Davis and Mermelstein, 1980): An
12709

audio feature baseline that represents each
video’s soundtrack with mel-frequency cep-
stral coefficients capturing spectral patterns
related to phonetic structure. Specifically, we
extract a 128-dimensional MFCC feature from
the audio track with temporal aggregation to
obtain a fixed-length vector and feed it into a
lightweight two-layer MLP to output the final
classification score.

forgery strategies: Commonsense Violation, Logical Fallacy, A2.2 Deep Learning-based Methods

* FANVM (Choi and Ko, 2021): A topic-
agnostic detection approach that estimates
topic distributions from textual sources, mea-
sures stance differences across them, and inte-
grates the resulting representations through ad-
versarial training to perform fake news video
classification.

* TikTec (Shang et al., 2021): A multimodal
baseline that jointly models visual frames,
speech audio, and textual cues in short videos.
It leverages caption information to guide
visual feature extraction and applies a co-
attention mechanism to fuse visual and audio
representations before classification.

* HMCAN (Qian et al., 2021): A hierarchi-
cal multimodal detection model that encodes
textual content and visual information sep-
arately, then fuses them through contextual
attention to capture both intra-modality and
cross-modality interactions, while addition-
ally exploiting hierarchical text representa-
tions to support fake news detection.

¢ CAFE (Chen et al., 2022): A multimodal
baseline that aligns representations from dif-
ferent modalities into a shared semantic space
and quantifies their disagreement through dis-
tributional divergence, using the resulting am-
biguity score to adaptively balance unimodal
features and cross-modal interactions for fake
news detection.

* SVFEND (Qi et al., 2023): A multimodal
baseline that extracts heterogeneous features
from news content and social context, and
employs cross-modal attention to model inter-
actions among text, audio, and visual repre-
sentations. The resulting multimodal features
are further integrated through self-attention to
produce a unified video-level representation
for fake news classification.



* FakingRecipe (Bu et al., 2024): A creative
process-aware detection model that character-
izes fake news videos by explicitly modeling
material selection and editing behaviors. It
adopts a dual-branch architecture to capture
sentiment and semantic cues from selected
materials as well as spatial and temporal pat-
terns introduced during editing, and combines
the two perspectives via late fusion for video-
level classification.

¢ BERT (Devlin et al., 2019): This baseline
treats textual information from video text as
a unified input sequence and feeds it into a
pre-trained BERT model. The hidden state
associated with the sequence-level representa-
tion is used as a fixed feature, which is then
mapped to the prediction space through a two-
layer multilayer perceptron.

* ViT (Dosovitskiy, 2020): This baseline ap-
plies a Vision Transformer to 16 representa-
tive video frames, producing frame-level em-
beddings. The resulting visual representations
are aggregated and fed into a two-layer MLP
to obtain the final classification output.

¢ TSformer (Bertasius et al., 2021): A video
Transformer baseline that performs spatiotem-
poral attention over frame sequences to derive
a video-level representation, which is then fed
into a lightweight classifier for binary predic-
tion.

* VGGish (Hershey et al., 2017): An audio-
based baseline constructed by encoding the
soundtrack of each video with a pre-trained
VGGish, and using the resulting acoustic em-
beddings for downstream classification.

A.2.3 Foundation Model-based Methods
MLLM-based methods:

* ExXMRD (Hong et al., 2025a): An explain-
able fake news detection framework that in-
troduces chain-of-thought guided reasoning
for short video analysis. It reformulates mul-
timodal video content, augments it with re-
trieved domain knowledge, and distills the

Fact-R1 (Zhang et al., 2025a): This base-
line adapts a large vision-language model to
video fake news detection by converting visual
frames into textual descriptions and jointly
reasoning over the generated captions and ac-
companying text. The model produces video-
level predictions via end-to-end multimodal
instruction following without introducing task-
specific architectural modifications.

Zero-shot MLLMs/LLMs-based methods:

GPT-40 (Hurst et al., 2024): An omni-modal
large language model trained to unify lan-
guage and vision understanding within a sin-
gle autoregressive architecture. It directly in-
terprets visual content together with accompa-
nying text for zero-shot multimodal fake news
analysis without task-specific training.

GLM-4.6V (Hong et al., 2025b): A vision-
language model from the GLM family with
native visual understanding and long-context
modeling, facilitating reasoning over extended
visual-language contexts in zero-shot fake
news detection.

Qwen3-VL (Bai et al., 2025): A general-
purpose vision-language model designed for
multimodal understanding and reasoning.
With a staged post-training pipeline, it sup-
ports instruction following and structured vi-
sual reasoning for assessing cross-modal in-
consistencies in zero-shot settings.

DeepSeek-R1 (Guo et al., 2025): A large lan-
guage model trained with reinforcement learn-
ing to enhance reasoning abilities without
human-annotated chain-of-thought, serving
as a representative reasoning-oriented LLM
baseline.

Qwen3 (Yang et al., 2025): A recently re-
leased large language model series featuring
explicit thinking and non-thinking modes, en-
abling controllable reasoning via a thinking
budget mechanism. Its instruction-following
and reasoning capabilities make it a suitable
LLM baseline for evaluating reasoning-driven
fake news video detection.

resulting reasoning traces into a lightweight
classifier for accurate prediction with explicit
interpretability.

Prompts for zero-shot LLM/MLLM baselines.
For LLMs, we input the video title, on-screen
text, and audio transcript, prompting the model
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to produce a brief justification and a binary deci-
sion. For MLLMs, we additionally provide sam-
pled keyframes as visual inputs, along with the
same textual fields. The prompt templates are pro-
vided in Figure 9 and Figure 10.

Prompt for LLMs

Text Prompt: You are an Al assistant. Y our task isto decide
whether a given short video newsitem isreal or fake. Please
read the information carefully and stay neutral and objective.
Given the video title, on-screen text, and audio transcript, first
provide a brief explanation of your analysis, then give your
judgment of whether the newsisreal or fake.

Input:

Title: {video title}

On-screen Text: { on-screen text}
Audio Transcript: {audio transcript}

Output (must follow exactly this JSON schema):

"Reasoni ng": "A conci se expl anation of
your assessment.",

"Label ": "<Genui ne or Fake>",
"Confidence": <float between O and 1>

Figure 9: Prompt used for zero-shot LLM baselines.

Prompt for MLLMs
Text Prompt: You are an Al assistant. Y our task isto decide

whether a given short video news item isreal or fake. Please
read and ook at the information carefully and stay neutral and
objective. Given the video title, on-screen text, audio
transcript, and frames, first provide a brief explanation of your
analysis, then give your judgment of whether the newsis real
or fake.

Input:

Title: {video title}

On-screen Text: { on-screen text}
Audio Transcript: {audio transcript}
Frames: {frames}

Output (must follow exactly this JSON schema):

“Reasoni ng": "A conci se expl anation of
your assessment.",

"Label ": "<Genui ne or Fake>",
"Confidence": <float between 0 and 1>

Figure 10: Prompt used for zero-shot MLLM baselines.
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