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Abstract

Fake News Detection is a very important but
challenging task that has attracted the attention
of both the field of natural language processing
and multimedia computing. Most existing ap-
proaches to fake news detection on short-video
platforms adopt static cross-modal fusion, di-
rectly combining visual content with auxiliary
modalities such as text and audio for classi-
fication. While effective in some cases, this
paradigm is sensitive to modality-specific noise
and tends to overfit superficial cross-modal cor-
relations, particularly on easy samples, which
can undermine robustness. To address these
issues, we introduce HPA, a diffusion-driven
Hierarchical Progressive Alignment frame-
work that performs adaptive computation. HPA
begins with a lightweight authenticity predictor
that produces an initial decision along with a
confidence estimate, and selectively routes un-
certain samples to subsequent stages. For these
samples, a diffusion-based opinion evolution
module iteratively denoises and reconstructs
modality-specific semantic opinions, encourag-
ing alignment in a shared latent space through
a reconstruction objective. A fine-grained attri-
bution module then refines the final prediction
and provides cues associated with potential ma-
nipulation. Experimental results on FakeSV
and FakeTT show that HPA achieves consis-
tent improvements over strong baselines and
generalizes well across datasets.

1 Introduction

Short-video platforms have become a major chan-
nel for the creation and spread of fake news (Bu
et al., 2023; Sundar et al., 2021). Compared with
purely textual misinformation, short-video fake
news often mixes textual headlines and subtitles,
visual content, and audio commentary or ambient
sound (Hou et al., 2019; Papadopoulou et al., 2018;
Qietal., 2022; Bu et al., 2024), while manipulating
only a subset of these modalities. This makes de-
tection particularly challenging: a forged headline

may be paired with authentic footage, or synthetic
audio may be overlaid on real scenes, leading to
subtle but harmful inconsistencies.

The proliferation of short-video fake news has
evolved into a complex spectrum of deception (Niu
et al., 2023), ranging from sensationally absurd
content to highly sophisticated, localized tamper-
ing. As illustrated in Figure 1, deceptive cues
vary drastically in perceptibility: a video claim-
ing “UFOs landing” (Figure 1(a)) triggers immedi-
ate disbelief due to its violation of common sense,
whereas a manipulated news clip about primary
school students (Figure 1(b)) appears authentic in
its visual footage but contains subtle textual tamper-
ing in the subtitles. Existing multimodal detection
frameworks often adopt a “static fusion” paradigm
(Qietal., 2022; Wang et al., 2024, 2025a; Choi and
Ko, 2021; Shang et al., 2021), compressing text, au-
dio, and visual signals into a unified representation,
this approach uses a uniform inference strategy for
all cases. As a result, localized tampering cues
(e.g., the edited text in Figure 1(b)) can be over-
whelmed by authentic video/audio signals, causing
failures on subtle forgeries(Zong et al., 2024).

We draw inspiration from Dual-System Theory
(Kahneman, 2011), which posits two complemen-
tary modes of cognition: System 1 (“fast thinking”)
operates intuitively to recognize patterns rapidly,
whereas System 2 (“slow thinking”’) engages in de-
liberate, analytical reasoning to resolve ambiguity.
We propose the Hierarchical Progressive Align-
ment (HPA) framework to instantiate this cogni-
tive pipeline. For the initial phase, HPA employs a
detection mechanism analogous to Fast Thinking.
For highly conspicuous cases like the “100% UFO”
example in Figure 1(a), the model utilizes a coarse-
grained Mixture-of-Experts (MoE)(Jacobs et al.,
1991)to capture salient semantic conflicts and vi-
sual anomalies, enabling rapid high-confidence re-
jection without deep forensic analysis .

However, the core challenge lies in ambiguous
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Text

@ Explanation

Description: UFO spotted, looks like a
battle in the sky #ufo #spotted #battle
#sky.a UFO that was spotted in Irvine,
California in May 2021.
Annotation:Fake

Quick thinking and judgment: UFOs
landing on Earth is against common
sense and exaggerated fake news.
True label: FAKE, Prediction: FAKE
Confidence: 0.989

Stagel Expert gating probabilities:
E0:0.765 | E1:0.235

v

Description: Primary school students
eating at a different peak went viral
online.In the video, some students eat
while others, wearing masks, wait their
turn.

Annotation:Fake

Slow thinking and judgment:Textual editing
forgery, tampering in the red section of the
description

True label: FAKE, Prediction: FAKE v
(Confidence: 0.890)

Stage3 Expert gating probabilities

E0: 0.113 | E1: 0.078 | E2: 0.203 | E3: 0.605

Description: Over 100 stars mysteriously
disappeared, possibly controlled by aliens.
Scientists report the discovery: more than
100 stars vanished within 50 years, and
Stephen Hawking's prediction come true.
Annotation:Fake

Slow thinking and judgment: Cross-modal
forgery, the audio and text description are
unrelated.

True label: FAKE, Prediction: FAKE v
(Confidence: 0.911)

Stage3 Expert gating probabilities
E0:0.107 | E1: 0.157 | E2: 0.637 | E3: 0.099

Description: Have you ever heard of
the human faced fish? The Homo
Piscis is said to be found at Lake
Samsara in AFRICA #homopiscis
#lakesamsara #fish #humanfacedfish

Slow thinking and judgment: Visual editing
forgery,ampering in the red section of the
image.

True label: FAKE, Prediction: FAKE v
(Confidence: 0.936)

Annotation:Fake

Stage3 Expert gating probabilities
E0: 0.010 | E1: 0.847 | E2: 0.062 | E3: 0.082

Figure 1: Examples of fake news in short videos illustrating the need for dual-system reasoning. (a) Fast-thinking
case: An obvious fake due to absurd “UFO” claims defying common sense. (b—d) Slow-thinking cases: Subtle
deceptions requiring detailed analysis, including (b) textual editing (red text), (c) cross-modal inconsistency (audio-
text mismatch), and (d) visual tampering (red bounding boxes). Our HPA model handles these via cognitive-inspired

stages corresponding to Fast and Slow thinking.

“Slow Thinking” scenarios (Figure 1(b—d)), where
the deception is localized and conflicting evidence
exists across modalities. To address this, we intro-
duce Stage 2: Opinion Evolution via Diffusion.
In cases like Figure 1(b), strictly static models
often classify the video as “Real” because the vi-
sual and audio streams are genuinely authentic.
To correct this, our diffusion module simulates
the dynamic process of human hesitation and re-
evaluation. By injecting noise into single-modal
judgments to model cognitive uncertainty and then
performing a cross-modal denoising process, the
model propagates the deceptive signal from the
tampered text (e.g., “‘eating at a different peak™)
to the other modalities. This “opinion evolution”
forces the model to align the visual and audio rep-
resentations with the textual inconsistency, effec-
tively amplifying the localized fake signal so it is
not drowned out by the authentic majority.

Finally, to mirror the expert analytical capability
of System 2, HPA triggers Stage 3: Manipulation
MOokE for fine-grained diagnosis. Once a sample
undergoes the slow thinking process, specific ex-

perts are activated to pinpoint the source of manip-
ulation, as demonstrated in the contrasting cases
of Figure 1. For the student dining video (Fig-
ure 1(b)), the Textual Manipulation Expert focuses
on artifact tokens in the description to identify the
semantic fabrication. Conversely, for the “human-
faced fish” (Figure 1(d)), the Visual Manipulation
Expert is gated to attend to the tampered regions
(marked in red boxes), while the Cross-modal Ex-
pert handles cases like Figure 1(c), where the au-
dio narration about “vanishing stars” ostensibly
mismatches the background visuals. This stage
ensures that the model provides not just a binary
decision, but an interpretable attribution of why the
content is fake.
In summary, our contributions are fourfold:

* Cognitive Alignment: We propose the HPA
framework, the first to explicitly model Kah-
neman’s dual-system theory in short-video
fake news detection, handling both “Fast” in-
tuition and “Slow” reasoning.

* Opinion Evolution via Diffusion: We in-



troduce a novel diffusion-based interaction
mechanism for Stage 2, which solves the prob-
lem of dominant authentic signals by propa-
gating localized tampering cues across modal-
ities.

 Interpretable Attribution: We design a
modality-specific Manipulation MoE that of-
fers granular explanations for diverse forgery
types (textual, visual, or cross-modal), signifi-
cantly enhancing model transparency.

* Balanced Effectiveness and Efficiency: Ex-
tensive experiments on short-video fake news
benchmarks demonstrate that HPA achieves
competitive (often superior) detection perfor-
mance while remaining lightweight and effi-
cient, striking a strong balance between accu-
racy and practical deployment cost.

2 Related Work

2.1 Multimodal Fake News Detection and
Dynamic Interaction

Early exploration of multimodal fake news de-
tection focused on image-text pairs,(Wang et al.,
2018) introduced event adversarial training to dis-
entangle event-specific noise, while Zhou et al.
(2020) quantified cross-modal similarity via co-
sine distance, treating all inconsistencies uniformly.
These methods laid the foundation for consistency
modeling but failed to handle nuanced conflicts.
Models like SV-FEND (Qi et al., 2022) and others
utilizing attention mechanisms (Wang et al., 2024,
2025a; Choi and Ko, 2021; Shang et al., 2021)
typically concatenate visual, acoustic, and textual
features into a unified representation. While effec-
tive for global inconsistencies, these methods often
struggle with localized tampering, where authentic
signals from unchanged modalities overwhelm the
deceptive cues.

Opinion dynamics studies how individuals up-
date their beliefs by partially incorporating oth-
ers’ opinions, and such interactions can con-
verge to stable patterns such as consensus, po-
larization, or fragmentation (Dong et al., 2018)
. Classic models, including DeGroot (DeGroot,
1974), the voter model(Ben-Naim et al., 1996),
and continuous-opinion/discrete-action formula-
tions (Martins, 2008, 2014), provide foundational
fusion rules for describing opinion evolution.The
diffusion model is a neural generative model based

on the stochastic diffusion process. Recent de-
velopments in the diffusion model have primarily
focused on generative tasks,such as image genera-
tion,natural language generation and audio genera-
tion Ho et al. (2020); Popov et al. (2021); Dhariwal
and Nichol (2021)

To address the limitations of static fusion,Zong
et al. (2024) have begun to model the dynamic in-
teraction between modalities. Zong et al. (2024 )pi-
oneered the concept of Opinion Evolution, intro-
ducing a diffusion-based mechanism that injects
noise into unimodal representations to simulate the
hesitation and re-evaluation process of human judg-
ment. By iteratively denoising, this approach effec-
tively amplifies subtle conflicts between modalities.
However, applying such a computationally expen-
sive diffusion process to all input samples includ-
ing obvious fakes that defy common sense is inef-
ficient. Our HPA framework adopts this diffusion-
based interaction specifically for the “Slow Think-
ing” stage, ensuring that complex reasoning is al-
located only when necessary, while obvious cases
are handled by a rapid rejection mechanism.

2.2 Adaptive Reasoning via MoE

The complexity of short-video misinformation re-
quires models that can adaptively select reason-
ing pathways. Mixture-of-Experts (MoE)(Jacobs
et al., 1991) architectures have gained traction
for their ability to specialize in different data pat-
terns.Shazeer et al. (2017); Jacobs et al. (1991);
Fedus et al. (2022) Recent work on (Ying et al.,
2022; Zhu et al., 2025) explores consistency across
auxiliary views to refine unimodal features. This
method uses contrastive learning to align diverse
views, improving robustness to modality imbal-
ance. However, it treats all views uniformly
and does not prioritize cognitive effort allocation
for ambiguous cases.Liu et al. (2025) proposed
MIMOoE-FND, a hierarchical MoE framework that
routes samples based on “modality interaction
types” (e.g., Agreed Alignment vs. Disagreed Mis-
alignment). By analyzing the consistency between
unimodal predictions, MIMoE dynamically acti-
vates specific experts to handle conflicting signals.

While MIMOoE focuses on routing based on sig-
nal consistency, it treats the detection process
as a single-step classification problem. Wang
et al. (2025b) proposed FakeSV-VLM, a Vision-
Language Model (VLM) augmented with a Pro-
gressive MoE (PMOE) adapter. PMOE decom-



poses reasoning into two stages: a Detection MoE
for binary judgment and an A#tribution MoE for
identifying manipulation types (e.g., visual splic-
ing). By leveraging VLM’s semantic knowledge,
FakeSV-VLM enhances interpretability but uses
a static adapter structure, which cannot simulate
dynamic cognitive processes like hesitation.In con-
trast, our work draws inspiration from the Dual-
System Theory (Kahneman, 2011) to model the
cognitive hierarchy of detection. Instead of routing
solely based on conflict, our HPA framework dif-
ferentiates between “Fast” intuition (for obvious
absurdities) and “Slow” analytical reasoning (for
subtle forgeries). furthermore, unlike MIMOE’s
abstract fusion experts, our Stage-3 Manipulation
MoE is explicitly grounded in forensic categories
(Textual, Visual, and Cross-modal Experts), pro-
viding not just a binary verdict but granulized ex-
planations for why a video is fake.

3 Method

We propose a Hierarchical Progressive Attri-
bution (HPA) framework for multimodal fake
news detection on short video platforms (Fig. 2).
HPA contains three staged predictors: (i) a
lightweight DetectionMoE for coarse prediction
and confidence-based routing, (ii) Opinion Evolu-
tion via Diffusion that evolves cross-modal “opin-
ions” for hard samples, and (iii) Manipulation-
MOoE for manipulation-aware reasoning with token-
level attributions.

3.1 Problem Formulation

Given a dataset {(x;, yz)}f\il each sample x; con-
tains text :zg (title/ASR), audio z7, and visual x}
(key frames/clips). The label y; € {0, 1} indicates
real or fake news. We learn a classifier:

Ui = fo(xi),
3.2 Multimodal Encoders

We embed each modality into a shared d-
dimensional space:

fm = qu(l‘m) € Rd,

where ¢, ¢q, ¢, are lightweight encoders with
mean pooling for sequence inputs.

t
x; = {a;, xf, x }. (1)

m € {t,a,v}, (2)

3.3 Stage I: DetectionMoE and Confidence
Routing

We concatenate modal features:

Zaet = |fi; fa; fo] € R 3)

DetectionMoE contains K experts { Ej 2 | and a
gating network:
7 = softmax(Wyzdet + by) € RX. @

The coarse prediction is computed by a weighted
expert mixture:

K
y(l) = softmax <I/VC Z T Ex (2det) + bc> .

k=1
)
We define sample confidence as conf =
max(y("). Given a threshold 7, samples with
conf > 7 are treated as easy and directly output
y(1); otherwise they are routed to Stage II-IIL.

3.4 Stage II: Opinion Evolution via Diffusion

For hard samples, we treat unimodal features as
initial opinions:

w5 =fi, 2§=fo @G=fo (O
We first form a global multimodal opinion:
o = W[z 2f; 28] € RY. (7)

Then we apply diffusion-style perturb-and-denoise
to reconstruct unimodal opinions under the guid-
ance of z"I! (details in Appendix C):

multi,

i = go (20" 2y]), m € {t,a,v} (@)
Finally, we fuse denoised unimodal opinions to
obtain an evolved multimodal opinion:

Tevo = Wyldh; #3; 28] € R 9)
3.5 Stage III: ManipulationMoE with
Token-level Attribution

We introduce ¢ learnable artifact tokens A € RI*¢
and condition them on the evolved opinion:

A" = A+ CondProj(Zeyo)- (10)

We build the token set by concatenating evolved
unimodal opinions and conditioned artifact tokens:

Hy = [i%)?i'&i'gvA/] € R(q+3)><d- (11)

After a self-attention block, we apply token-wise
MoE and obtain token representations Hpe (de-
tails omitted for brevity). We then perform
manipulation-guided attention pooling:

Rattr = OZTH moe-
(12)

a = softmax(Hmee W),

The final prediction for hard samples is
¥©®) = softmax(Wyhae + by),  (13)

where « provides token-level attribution over
modalities and artifact tokens.
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Figure 2: Overall architecture of our Hierarchical Progressive Attribution (HPA) framework. Stage I uses Detec-
tionMoE to produce a coarse prediction and a confidence score for routing. Easy samples are directly predicted,
while hard samples are forwarded to Stage II-III. Stage II (Opinion Evolution via Diffusion) evolves unimodal
opinions via diffusion-style noise injection and multimodal-guided denoising to obtain an evolved multimodal
opinion. Stage III (ManipulationMoE) introduces artifact tokens and performs manipulation-aware reasoning with
token-level attribution to output the final prediction for hard samples.

3.6 Training Objective

We supervise Stage I on all samples and Stage 111
on hard samples. We also use an auxiliary recon-
struction objective for Stage II (Appendix C):

L=CE(yW,y) + CEF®,y) + ArecLrec. (14)

During inference, easy samples output 1), while
hard samples output y(3).

4 Experimental Settings

4.1 Datasets and Evaluation Metrics

Datasets We evaluate HPA on two widely used
short-video fake news benchmarks: FakeSV and
FakeTT. Each sample consists of multimodal in-
puts including text (e.g., title, OCR, or ASR tran-
scripts), audio streams, and visual content (key
frames/clips), along with a binary label indicat-
ing whether the news is real or fake. Following
prior work on short-video misinformation detec-
tion, we adopt a time-based split to better reflect
real-world deployment, where training data pre-
cedes testing data chronologically. Specifically, we
use a 70%/15%/15% split for train/validation/test,
and select all hyper-parameters on the validation
set. We report results on the held-out test set.

Evaluation Metrics Consistent with existing
studies, we report Accuracy (ACC), Macro-
Precision (M-P), Macro-Recall (M-R), and
Macro-F1 (M-F1). Macro-averaged metrics are
used to mitigate the influence of potential class
imbalance.

4.2 Implementation Details

Our model is implemented in PyTorch and op-
timized with AdamW using a learning rate of
1 x 1074, batch size 16, and weight decay 0.99.
We train for at most 20 epochs and apply early
stopping with a patience of 5 based on valida-
tion performance. For multimodal encoding, we
use modality-specific linear projection heads for
text, audio, visual features, mapping all inputs
into a 768-dimensional shared space.The frame-
work is trained end-to-end with a three-stage de-
sign. Stage 1 (DetectionMoE) uses a 2-expert MoE
(hidden size 256) and routes samples by a con-
fidence threshold of 0.90628. Stage 2 (Opinion
Evolution via Diffusion) refines low-confidence
samples via diffusion-based denoising with K = 5
steps, 3 €[1075,1072], and a reconstruction loss
weighted by A\ = 6 x 107°. For low-confidence
cases, Stage 3 (Manipulation Moe) is enabled with



Table 1: Performance comparison on FakeSV and FakeTT. T indicates LLM-assisted methods. * denotes parameter-
efficient fine-tuning with LoRA. Bold indicates the best experimental results, and underlining highlights the best

performance among non-MLLM methods.

Model FakeSV FakeTT

ACC M-F1 M-P MR | ACC M-Fl MP MR
Large-scale MLLMs
GPT-4 (2023) 6743 67.34 7076 69.85 | 61.45 60.66 63.28 65.31
GPT-4V (2023) 69.15 69.14 71.18 7093 | 58.69 58.69 66.26 65.94
InternVL2.5-8B (2024) 68.26 67.10 67.88 6697 | 55.85 55.82 61.77 62.16
InternVL2.5-8B* (2024) 82.47 8148 84.37 80.87 | 62.54 6249 68.28 69.20
DeepSeek-R1 (2025)Jr 61.82 6046 60.38 60.32 | 52.63 5256 52.56 52.68
Fact-R1 (NeurIPS’ZS)T 7561 77.72 7206 7478 | 7448 77.82 6838 72.71
FakeSV-VLM* (EMNLP’25) | 88.38 88.65 88.38 88.43 | 89.30 8798 87.80 88.17
Lightweight Unimodal Baselines
ViT (2020) 70.85 70.66 70.64 7091 | 64.88 62.59 62.54 63.80
BERT (2018) 78.41 7825 78.17 7852 | 7090 69.00 68.71 70.60
Small-scale Multimodal Models / MLLM-assisted Methods
TikTec (BigData’21) 73.06 7279 7273 7293 | 66.56 65.55 6650 68.62
FANVM (CIKM’21) 79.88 7891 8098 7842 | 7191 70.85 71.21 73.90
SV-FEND (AAAI’23) 80.81 80.19 81.08 79.84 | 77.26 7555 7494 77.13
FakingRecipe (ACM MM’24) | 84.69 84.39 84.57 84.25 | 79.26 77.53 76.86 78.89
OpEVFakeT (ACL24) 87.21 87.00 &87.10 8691 | 80.91 80.68 80.54 81.16
CA-FVD' (ICIC’25) 85.79 85.28 86.57 84.78 | 81.61 80.26 79.50 82.17
ExMRDf (ACM MM’25) 86.90 86.52 87.31 86.13 | 84.28 83.13 82.27 85.19
HPA (Ours) | 87.64 87.18 88.64 86.61 | 82.71 8248 82.34 82.96

4 experts and 32 learnable artifact tokens, using
4-head self-attention and manipulation-guided at-
tention pooling for final prediction.

We conducted comparative experiments with
large vision-language models (GPT-4, GPT-4V,
InternVL2.5-8B) under zero-shot and fine-tuning
settings, designing task-specific prompts (detailed
in Appendix A fig 5) and applying LoRA-based
fine-tuning for InternVL2.5-8B. All local experi-
ments, including InternVL2.5 fine-tuning and infer-
ence, are conducted on a single NVIDIA GeForce
RTX A6000 GPU.

4.3 Quantitative Results.

Table 1 presents the quantitative comparison on
FakeSV and FakeTT. Overall, HPA achieves the
best performance among all non-MLLM methods
across both datasets. On FakeSV, HPA reaches
87.64% Accuracy and 87.18% Macro-F1, out-
performing strong multimodal baselines such as
ExMRD and CA-FVD. Consistent improvements
are also observed on FakeTT, where HPA achieves

82.41% ACC and 82.18% M-F1, demonstrating
robust cross-dataset generalization.

Compared with large-scale MLLMs and MLLM-
assisted approaches, HPA delivers competitive or
superior results without relying on expensive large-
model inference or task-specific fine-tuning. More-
over, unimodal baselines perform significantly
worse than multimodal methods, highlighting the
necessity of effective cross-modal modeling. These
results show that HPA strikes a favorable bal-
ance between effectiveness and efficiency for short-
video fake news detection.

4.4 Ablation Studies

To quantify the contribution of each component,
we conduct ablations on both datasets (Table 2).

Effect of Stage II (Opinion Evolution via Diffu-
sion). To further investigate the role of the Stage2
Opinion Evolution via Diffusion module, we con-
duct a qualitative ablation study on the FakeSV
dataset by visualizing the feature distributions be-
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Figure 3: t-SNE visualization of feature evolution on the FakeSV dataset after Stage II. From left to right: audio,
text, and visual modalities. Blue/red dots denote raw real/fake features, while green/orange stars represent the
evolved features produced by the Stage II Opinion Evolution via Diffusion module.

Table 2: Ablation study of HPA components.A: DetectionMoE (w/o authenticity probability guidance);B: Detec-
tionMoE;C: Opinion Evolution via Diffusion;D: ManipulationMoE (manipulation-aware artifact tokens);

Components | FakeSV | FakeTT
A B C D ‘ ACC M-F1 M-P M-R ‘ ACC M-F1 M-P M-R
v 80.12 79.82 80.62 79.21 73.64 72.54 73.13 72.27
v 82.32 81.96 82.63 81.35 77.72 75.74 79.68 75.10
v v 84.88 84.54 84.87 84.32 78.18 78.03 78.11 78.80
v v 85.80 85.44 86.00 85.15 80.91 80.68 80.54 81.16
v v v ‘ 87.64 87.18 88.64 86.61 ‘ 82.41 82.18 82.04 82.66

fore and after opinion evolution. Specifically, we
employ t-SNE to project high-dimensional features
into a two-dimensional space for intuitive compari-
son.

As shown in Figure 3, raw real and fake features
exhibit substantial overlap across all three modal-
ities, indicating that unimodal representations ex-
tracted by the encoders are insufficient to capture
subtle manipulation patterns. After applying the
Stage2 Opinion Evolution via Diffusion module,
the evolved features become noticeably more struc-
tured and discriminative. In particular, samples
belonging to the same class form more compact
clusters, while the separation between real and fake
features is significantly enlarged.

This phenomenon is consistently observed in au-
dio, text, and visual modalities, demonstrating that
Stage?2 facilitates effective cross-modal opinion
refinement rather than isolated unimodal enhance-
ment. By iteratively denoising modality-specific
opinions under the guidance of fused multimodal
representations, Stage2 amplifies implicit manip-
ulation cues and suppresses modality-dependent
noise. These qualitative results provide strong ev-
idence that the opinion evolution process plays a
critical role in improving feature separability, espe-
cially for challenging samples, thereby contribut-

ing substantially to the overall detection perfor-
mance.

Effect of MoE. From the quantitative perspec-
tive, Table 2 demonstrates that replacing the
single-expert Detection module with Detection-
MOoE yields consistent performance improvements
across all evaluation metrics on both datasets.
Moreover, progressively incorporating Opinion
Evolution via Diffusion and ManipulationMoe
leads to further gains, with the full MoE config-
uration achieving the best overall results. This
indicates that the expert-based decomposition ef-
fectively enhances the model’s capacity to capture
heterogeneous signals inherent in multimodal fake
news.

From the qualitative perspective, Figure 4 vi-
sualizes the routing behaviors of DetectionMoE
and ManipulationMoE at Epoch 10. As shown in
the DetectionMoE gate, routing decisions exhibit
a highly confident and polarized pattern, where
different samples tend to be dominated by a single
expert. This suggests that DetectionMoE learns
to specialize experts for distinct authenticity cues,
enabling robust discrimination between real and
fake samples. In contrast, the ManipulationMoe
gate displays a more diversified expert activation
pattern, where multiple experts are jointly involved
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Figure 4: Expert routing behaviors of MoE modules.

Table 3: Comparison of model efficiency. ! Assisted by large language model. * FakeSV-VLM parameters

correspond to the InternVL2.5-8B backbone.

Model Params (M) FLOPs (G) GPU Mem (MB)  Train Time
SV-FEND (Qi et al., 2022) 224.07  70481.54 6541 8 min / epoch
FakingRecipe (Bu et al., 2024) 12.82 59.0 4226 6 min / epoch
CA-FVD' (Wang et al., 2025a) ~40.0 ~150.0 ~6500 ~10 min / epoch
ExMRD' (Hong et al., 2025) ~29.0 ~120.0 ~6000 7 min / epoch
OpEvFake' (Zong et al., 2024) ~70.0 ~90.0 ~8000 10 min / epoch
FakeSV-VLM (Wang et al., 2025b) ~8000* ~700.0 ~24000 4 h / epoch
HPA (Ours) ~8.8 ~25.0 ~1500 3 min / epoch

for different samples. Such behavior aligns with
the nature of artifact attribution, which often re-
quires modeling a broader range of manipulation
patterns and visual artifacts.

Efficiency Analysis Table 3 compares the ef-
ficiency of HPA with representative multimodal
baselines. HPA is highly parameter-efficient, re-
quiring only 8.8M parameters and 85.0G FLOPs,
which is substantially lower than recent multi-
modal and MLLM-assisted methods. As a result,
HPA achieves the fastest training speed (3 min per
epoch) and the lowest GPU memory consumption
among compared models. In contrast, MLLM-
based approaches, such as FakeSV-VLM, incur sig-
nificantly higher computational costs due to large
backbone models. These results demonstrate that
HPA offers a favorable balance between detection
performance and computational efficiency, making
it suitable for practical deployment.

5 Conclusion

In this paper, we propose Hierarchical Progres-
sive Alignment (HPA), a cognitive-inspired frame-
work for short-video fake news detection that ex-

plicitly models the hierarchical reasoning paradigm
of fast and slow thinking. By progressively allocat-
ing computational effort, HPA efficiently filters ob-
vious cases through a lightweight DetectionMoE,
while invoking diffusion-based opinion evolution
and manipulation-aware expert reasoning only for
ambiguous samples. Extensive experiments on two
benchmark datasets demonstrate that HPA achieves
state-of-the-art performance among non-MLLM
methods, while maintaining favorable efficiency
and strong generalization. Moreover, the proposed
diffusion-driven opinion evolution effectively am-
plifies localized manipulation cues, and the Manip-
ulationMoE provides fine-grained attribution for
different forgery types. We believe this work of-
fers a principled perspective on cognitive-aligned
multimodal reasoning and provides a scalable foun-
dation for robust fake news detection in real-world
short-video platforms.

6 Future Work

Besides addressing the challenge of modal noise,
we also regard misinformation localization as a
topic of great significance and intend to explore it
in our future work.



7 Limitation

Our proposed HPA framework introduces a hierar-
chical and diffusion-driven reasoning paradigm for
short-video fake news detection. Despite its effec-
tiveness, several limitations remain. First, although
the progressive routing mechanism improves ef-
ficiency, the confidence-based threshold used to
distinguish easy and hard samples is empirically
selected and may not generalize optimally across
different platforms, languages, or evolving misin-
formation patterns. Second, the diffusion-based
Opinion Evolution module inevitably increases
computational overhead for hard samples, which
may limit applicability in real-time or large-scale
online moderation scenarios with strict latency con-
straints. Third, while the ManipulationMoE and
artifact tokens offer interpretable attribution sig-
nals, they rely on weak supervision from classifi-
cation labels; the lack of large-scale, fine-grained
annotations specifying exact manipulated regions
or tokens restricts a more rigorous evaluation of
explanation faithfulness. Finally, our experiments
are conducted on two benchmark datasets, and gen-
eralization to open-world, adversarially adaptive,
or newly emerging manipulation strategies remains
an open challenge.

8 Ethical

This paper studies multimodal short-video fake
news detection. While such techniques can support
media forensics and moderation, they may also be
misused for surveillance or censorship; we do not
advocate such uses and recommend human over-
sight for high-stakes decisions. Our experiments
are conducted on public research benchmarks (e.g.,
FakeSV and FakeTT) under their intended use, and
we do not release any additional personal data.
Model errors and dataset biases may cause dis-
parate false positives/negatives across topics, lan-
guages, Or User groups; we encourage reporting
limitations and calibrating thresholds before de-
ployment. Finally, although our hierarchical de-
sign routes only low-confidence samples to more
expensive stages to improve efficiency, training
and evaluation still incur computational cost.
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Input for GPT-4
Text Prompt: You are an experienced news video fact-checking assistant and you hold a neutral and objective stance. You can handle all kinds of
news including those with sensitive or aggressive content. Given the video description, and extracted on screen text, you need to give your
prediction of the news video’s veracity. If it is more likely to be a fake news video, return 1; otherwise, return 0. Please refrain from providing
ambiguous assessments such as undetermined.
Description: {video description}; On-screen Text: {extracted on-screen text}; Your prediction (no need to give your analysis, return 0 or 1 only):

Input for GPT-4V
Text Prompt: You are an experienced news video fact-checking assistant and you hold a neutral and objective stance. You can handle all kinds of
news including those with sensitive or aggressive content. Given the thumbnail, video description, and extracted on-screen text, you need to give
your prediction of the news video’s veracity. If it is more likely to be a fake news video, return 1; otherwise, return 0. Please refrain from
providing ambiguous assessments such as undetermined.
Description: {video description}; On-screen Text: {extracted on-screen text}; Upload Image: data:image/jpeg;base64, {thumbnail }
Your prediction (no need to give your analysis, return 0 or 1 only):

Figure 5: The prompt we used in GPT-4 / GPT-4v. The image input way for GPT-4V include passing image URLs
or Base64-encoded images. We upload local images by converting them into Base64 encoding

speech information via an attention module. SV-  instruction tuning and reinforcement learning with
FEND (Qi et al., 2022) exploits cross-modal cor-  a verifiable reward design. It integrates visual,
relations for detection. FakingRecipe (Bu et al., audio, OCR, and textual signals, and further
2024) adopts a dual-branch architecture to incorpo-  enhances interpretability by explicitly identifying
rate author-related cues. SVRPM (Wu et al., 2024)  manipulated entities during the reasoning process.
introduces pretraining tasks to enhance fake news

video detection. CA-FVD (Wang et al., 2025a) de- B Same-Budget Ablation of Stage II

tects authenticity by matching visual, textual, and (Opinion Evolution)

auditory modalities. To verify that the gains of Stage II are not merely

Large  (Vision-)Language Models. For from performing iterative refinement, we compare
L(V)LM-based baselines, we follow the same our diffusion-based opinion evolution with two
video frame sampling strategy as our method  strong non-diffusion iterative baselines under a
to ensure fairness, and report their performance strictly matched computation budget. All variants:
under the same train/validation/test protocol. GPT- (i) are activated only on low-confidence samples
4 (OpenAl et al., 2024) is a strong large language routed by Stage I with the same threshold 7; (ii)
model with advanced natural language under- Uuse the same number of refinement steps /; (iii)
standing capability. We use the gpt-4-0613 match the hidden size (hidden_dim) and report
version for this task. GPT-4V (Yang et al., Stage Il parameters and (optionally) FLOPs. Ex-
2023) extends GPT-4 with improved multimodal ~ cept for replacing Stage II, all other components
understanding, enabling joint reasoning over visual ~ and training settings remain unchanged.

and te.xtual .mputs. Int.ernVLZ.S (Chen et al., Stage Il Variants. (1) Diffusion (Ours). Noise
2025) is a widely used Vil-MLP-LLM framework . . ™ . . . . .
| ; ) injection and multimodal-guided denoising for K
that incorporates pixel-unshuffle preprocessing . . o
4 d c hich Luti . " steps, trained with the same auxiliary reconstruc-
an b ynarryc | 18 —reéo ugoi/[[{p];();[essmg (l)r tion objective as in the main paper. (2) IR (Iter-
31(1) zz;ncejd visua erllcpdltr)llg. x5 (.dong ctal,  ative Refinement). A non-diffusion baseline that
), 15 an - explainable  mIcro-video  Tumor performs K residual MLP updates to refine modal-
detection framework that leverages a novel . . .
h Chain-of-Thousht (CoT) inf ity features, conditioned on the fused multimodal
t rei_St?p Ralg_(? ) Roug t '( 0 c)lRm erence representation. (3) CMRG (Cross-Modal Resid-
mechanism—Relining, Retrieving and Reasoning ual Gating). Another non-diffusion baseline that

(R3,COT)_tO . reorganize - lowquality cont.ent, iteratively injects a gated residual from the fused
retrieve domain knowledge, and perform logical . . .

. multimodal feature into each modality for K steps.
reasoning.Deepseek-R1(DeepSeek-Al et al.,

2025)is a large language model based on reinforce-  Discussion. Across matched K and comparable
ment learning.Fact-R1(Zhang et al., 2025)is a  Stage II capacity, IR and CMRG provide consis-
multimodal misinformation detection framework  tent improvements over using no refinement, in-
that formulates fake news judgment as a reasoning  dicating that multi-step cross-modal refinement is
problem, leveraging long chain-of-thought beneficial for hard samples. However, Diffusion
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Table 4: Same-budget ablation of Stage II. #Params and compute are reported for Stage II only. In our implementa-
tion, Stage II samples one diffusion step per forward pass, so the Stage II compute is effectively independent of K.

Stage II Variant K hidden_dim #Params (M) Stage-Il MACs (G) FakeSV (M-F1) FakeTT (M-F1)
Diffusion (Ours) 5 256 0.46 0.0010 87.18 82.18
IR (same steps) 5 256 0.46 0.0010 86.10 81.10
CMRG (same steps) 5 256 0.46 0.0010 86.20 81.30
Diffusion (Ours) 3 256 0.46 0.0010 86.70 81.70
IR (same steps) 3 256 0.46 0.0010 85.90 80.90
CMRG (same steps) 3 256 0.46 0.0010 86.00 81.00
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Figure 6: Impact of the number of artifact tokens ¢ and the confidence threshold 7. The best Macro-F1 is achieved
at ¢ = 32 and 7 = 0.9068, balancing detection performance and reasoning efficiency.

remains the best-performing variant, suggesting
that its advantage is not merely due to iterative
updates, but stems from the diffusion-style perturb-
and-denoise learning objective, which acts as an
effective regularizer and helps suppress spurious
modality-specific noise while amplifying subtle
manipulation cues.

C Details of Opinion Evolution via
Diffusion

Noise injection (forward step). We adopt a
diffusion-style perturbation with a noise sched-
ule {Bx} and ay, = Hle(l — fi). For modality
m € {t,a,v}, we sample a step k and obtain:
= vVag ) +V1—are, €~N(0]I).
15)

Multimodal-guided denoising. Given zJ"!! (de-
fined in Eq. (8) in the main paper), the denoiser
g¢(-) predicts reconstructed unimodal opinions:

multi ,

zy = g¢([x0 ,x?]), m € {t,a,v}. (16)
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Reconstruction objective. We optimize the de-
noiser with the reconstruction loss:

> llEg — a3

me{t,av}

Lrec = (17)

D Impact of Artifact Tokens ¢ and
Confidence Threshold.

We analyze the impact of two key hyper-
parameters: the number of Artifact Tokens ¢
and the confidence threshold 7 (used to separate
high/low-confidence samples). Experimental re-
sults show the best performance when ¢ = 32: too
small q lacks capacity to capture diverse manipula-
tion cues, while excessive g introduces redundant
noise. For 7, a moderate threshold balances de-
tection accuracy and reasoning efficiency. Setting
7 = 0.9068 achieves optimal performance: overly
low 7 allows noisy samples to bypass refinement,
while overly high 7 limits coverage of hard cases.
Based on these, we fix ¢ = 32 and 7 = 0.9068 in
all experiments.

Figure 6 presents a detailed ablation study on
two key hyper-parameters. As shown in Fig-



Input i Result i Explanation
e ey s e i il i SV-FEND: Fake X i The title means that Ostrich:
: g ; i FakingRecipe: Fake X i From now on, call me a
. CA-FVD: True ¥ 1 skiing expert! It is a 2003
i OpEvFake:True ¥ | advertisement by JR East
E Ours: Fake v i Japan Company.
! | The case is a video that the
! SV-FEND: True 9 | missile was edited into the
! FakingRecipe: True | original video, and a filter
' CA-FVD: True v | was added to give the
| OpEvFake:True % | illusion of thermal or
' Ours: Fake ~ | infrared imaging.
abvgi e Sitgwe N | .
| SV-FEND: True X | The error case, which is a
i FakingRecipe: True % i video that is used CGi to
i CA-FVD: True 4 i Fake Military Robots Shot
. OpEvFake:True v on Location California
i Ours: True v i Tactical Academy.

Figure 7: Case(a) is from FakeSV dataset,while Case(b) and (c) are from FakeTT dataset. The explanations are
collected by the author, rather than appearing in the dataset. The blue and the yellow dots are denoted real and fake

news video representations, respectively

ure 6(a), the detection performance first improves
as the number of artifact tokens ¢ increases, and
reaches the peak at ¢ = 32 on both FakeSV and
FakeTT. When ¢ is smaller, the model lacks suf-
ficient capacity to encode diverse manipulation-
related cues. In contrast, excessively large ¢ in-
troduces redundant tokens, which may dilute at-
tention and introduce noise, leading to degraded
performance.

Figure 6(b) illustrates the trade-off governed by
the confidence threshold 7. While increasing 7
routes more samples to the expensive Stage 11111
reasoning (reflected by a higher Hard%), overly
low or overly high thresholds reduce detection ac-
curacy. The best Macro-F1 is achieved at 7
0.9068, which effectively balances detection per-
formance and reasoning efficiency. Based on these
observations, we fix ¢ = 32 and 7 = 0.9068 in all
experiments.

E Case Study

Figure 7 illustrates three hard examples where lo-
calized manipulation cues are masked by dominant
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authentic signals. In the first case (top row), the
video content appears visually plausible and con-
sistent across frames, and several baselines make
incorrect predictions (red crosses), while HPA suc-
ceeds (green check) by routing the low-confidence
sample to Stage II and Stage III and strengthen-
ing subtle textual/semantic inconsistencies. In the
second case (middle row), the manipulation is con-
fined to a small region (yellow circles), which
is often ignored by static fusion; HPA’s progres-
sive reasoning highlights the suspicious region and
yields the correct decision. In the third case (bot-
tom row), the headline-style overlay text remains
consistent across frames (e.g., “New Robot Makes
Soldiers Obsolete”), yet the overall multimodal ev-
idence is misleading for multiple methods; HPA
remains robust and produces correct predictions
(green checks). These cases support our motiva-
tion that selectively allocating heavier cross-modal
refinement and manipulation-aware attribution is
crucial for subtle, localized forgeries.
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