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Abstract

The proliferation of multimodal fake news
severely undermines the information ecosys-
tem, and its accurate detection has become a
core research topic in natural language pro-
cessing and multimedia analysis. Existing ap-
proaches integrating LLM-based pseudo-label
generation and label propagation have shown
promise but suffer two limitations: first, LLMs
lack task adaptability due to the absence of task-
specific fine-tuning; second, pseudo-labels gen-
erated by LLMs solely from text data result in
notable modal bias against the multimodal fea-
tures relied on by the detection task. To address
these issues, we first conduct task-specific mul-
timodal collaborative instruction fine-tuning
on LLMs, which addresses the modal bias
at its root and enhances pseudo-label quality.
We then design a multimodal feature transfor-
mation alignment module to tackle the sec-
ondary modal mismatch between general mul-
timodal features and pseudo-labels generated
by fine-tuned LLMs. This work presents a mul-
timodal LLLM fine-tuning paradigm, a cross-
modal label propagation mechanism integrat-
ing the feature alignment module, node labeling
rules, and a pseudo-label confidence-based lin-
ear weighting strategy, and the LLM-Tuned
Cross-Modal Label Propagation Framework
(LLM-T-CMLP). Experiments on three pub-
lic benchmark datasets demonstrate that our
framework outperforms current state-of-the-art
(SOTA) baselines by a notable margin, fully
confirming the effectiveness of our proposed
methods.

1 Introduction

The rapid spread of multimodal fake news mis-
leads public perception and erodes the foundation
of social trust, making its efficient identification
an urgent need in natural language processing and
multimedia analysis (Wu et al., 2021; Chen et al.,
2022; Zhang et al., 2023; Wei and Wu, 2024; Cao
et al., 2025). In recent years, Large Language Mod-

els (LLMs), by virtue of their powerful semantic
understanding and reasoning capabilities (Greco
et al., 2025; Rashkin et al., 2025), have provided
new technical support for fake news detection (Hu
et al., 2025; Zhang et al., 2025a; Tong et al., 2025;
Hu et al., 2024); meanwhile, label propagation tech-
nology has demonstrated unique advantages in tap-
ping into the value of unlabeled data and optimizing
classification performance (Zhu and Ghahramani,
2002; Iscen et al., 2019). The integration of the two
has paved a new path for multimodal fake news
detection. As shown in Figure 1(a), a study (Hu
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Figure 1: Description of different fusion framework.

et al., 2025) innovatively integrated LLM pseudo-
label generation with label propagation and applied
it to multimodal fake news detection, achieving
good results. However, the framework has two core
limitations: first, it does not conduct task-specific
image-text collaborative instruction fine-tuning for
LLM, leaving the model lacking adaptability to
multimodal fake news detection; second, pseudo-
labels are generated solely based on the single text
modality, leading to modal bias with the image-text
fused features output by the encoder and resulting
in semantic disconnection between labels and fea-
tures. To address these two core issues, we first
introduce task-specific image-text collaborative in-
struction fine-tuning for LLM to enhance the task



adaptability of pseudo-labels. Furthermore, we
found that the multimodal features output by the
encoder are general-purpose, forming a secondary
modal mismatch with the pseudo-labels that have
strong task specificity after fine-tuning. To this
end, we additionally designed a multimodal feature
transformation alignment module to completely re-
solve the modal mismatch problem. Based on this,
our core contributions are as follows:

* We propose a multimodal LLM instruc-
tion fine-tuning paradigm. Through cus-
tomized image-text collaborative instructions
and cross-modal training, LLM judges the au-
thenticity of news by combining images and
text, fundamentally solving the modal bias of
pseudo-labels relying solely on text and ig-
noring images, and generating high-precision
pseudo-labels.

* We design a cross-modal label propagation
mechanism: the multimodal feature transfor-
mation alignment module maps multimodal
features to a unified task-adapted semantic
space to bridge modal mismatch; we also de-
sign a node labeling rule and a linear weight-
ing strategy based on pseudo-label confidence
to mitigate errors caused by fluctuations in
pseudo-label quality, thereby improving the
accuracy and stability of label propagation.

* We propose the LLM-Tuned Cross-Modal La-
bel Propagation Framework (LLM-T-CMLP).
Experiments on three public benchmark
datasets show that this framework signif-
icantly outperforms current state-of-the-art
(SOTA) baseline models, fully validating the
effectiveness of the proposed methods.

2 Related work

This section provides an overview of related work
on multimodal fake news detection, large language
models, and label propagation.

2.1 Multimodal Fake News Detection

In the early stage of fake news detection, tex-
tual unimodal analysis was the core (Wang et al.,
2018a). With the explosion of multimedia content
on social media, research has shifted to multimodal
fusion (Wu et al., 2021; Suryavardan et al., 2023;
Li et al., 2025), whose core lies in integrating com-
plementary information from text and images to
improve performance. Existing methods are mainly

categorized into three types: modeling modal de-
pendencies via attention mechanisms (Qian et al.,
2021; Zhang et al., 2025b), constructing multi-
modal graphs with graph neural networks (GNN5s)
to capture sample correlations (Zhao et al., 2023;
Wang et al., 2020), and learning cross-modal uni-
fied representations with generative models (Khat-
tar et al., 2019).

In recent years, several studies (Hu et al., 2025;
Tong et al., 2025) have attempted to incorporate
Large Language Models (LLMs) to enhance de-
tection performance. However, these methods rely
solely on textual semantics and mostly adopt native
calls of general-purpose APIs, lacking adaptation
and optimization for the characteristics of multi-
modal detection tasks. This results in a disconnect
between LLM outputs and task requirements, lim-
iting performance improvements.

2.2 Large Language Models

With the growing demand for multimodal tasks,
multimodal Large Language Models (LLMs) that
integrate textual and visual understanding have
emerged as a research hotspot, effectively break-
ing through the unimodal limitations of traditional
LLMs (Zang et al., 2025; Yang et al., 2023).

Closed-source models, represented by GPT-40
(Hurst et al., 2024), achieve deep image-text col-
laborative reasoning through end-to-end training,
delivering outstanding performance on multimodal
tasks. However, their "black-box" nature, access
restrictions, and invocation costs have constrained
customized research in the academic community.

In the open-source domain, Qwen2.5-VL (Bai
et al., 2025) stands out: it has superior performance
and supports full-process fine-tuning. Besides, the
7B parameter scale significantly lowers the compu-
tational barrier for academic research. Therefore,
we attempt to leverage Qwen2.5-VL-7B to enhance
fake news detection performance.

2.3 Label Propagation

Label Propagation (LP), a classic method in semi-
supervised learning, achieves the classification of
unlabeled samples by propagating label informa-
tion across graphs (Zhu and Ghahramani, 2002).
Recent works have integrated label propagation
with graph neural networks (GNNs) (Kipf, 2016),
demonstrating promising performance in various
application scenarios (Duan et al., 2024; Liu et al.,
2024; Choi et al., 2025), particularly in the field
of multimodal fake news detection where encour-



aging results have been achieved (Hu et al., 2025;
Zhao et al., 2023).

3 Method

We propose the LLM-Tuned Cross-Modal Label
Propagation Framework (LLM-T-CMLP), illus-
trated in Figure 2. It comprises two core com-
ponents: LLM-based pseudo-label generation and
cross-modal label propagation. First, we design
prompts for the image-text data and instruction-
tune the base LLM to obtain LLM-T. LLM-T then
generates pseudo-labels and confidence scores for
unlabeled samples. Next, CLIP encodes image-text
data into multimodal features, which are aligned
cross-modally and fused with pseudo-labels and
confidence scores. Finally, graph neural networks
(GNNs) complete label propagation to yield multi-
modal fake news classification results.

3.1 LLM Fine-Tuning for Pseudo-Label
Generation

To improve the accuracy of LLM-generated pseudo-
labels and their adaptability to multimodal fea-
tures, we propose two optimization strategies: (1)
Domain-adaptive instruction tuning: We perform
task-specific instruction tuning on Qwen2.5-VL-7B
using multimodal fake news data (image-text pairs
with authenticity labels) to improve pseudo-label
accuracy and reliability. (2) Adaptive instructional
prompt design: We design prompts tailored for
multimodal inputs, guiding the model to fully fuse
visual-textual information for unified, concise, and
accurate pseudo-labels and provide the judgment
criteria.

Specifics on data preprocessing, standardized
prompt format, and training strategies are in Ap-
pendix A, B, and C.

3.2 Multimodal Feature Extraction and
Cross-Modal Graph Construction

For fake news detection that requires joint utiliza-
tion of textual semantics and visual information,
we first adopt CLIP (Radford et al., 2021) for mul-
timodal feature extraction.

For each image-text news sample, CLIP’s dual-
branch encoder generates modality-specific high-
dimensional features: The visual branch encodes
news images into image feature vectors v; € R%,
capturing color, texture, and high-level semantic in-
formation. The textual branch encodes news body
text into textual feature vectors t; € R%, captur-

ing semantic logic, emotional tendencies, and key
entity information.

We concatenate these two feature vectors to form
a unified multimodal representation z; € R%*d
whose mathematical expression is:

xT; :ti@vi (1)

Where @ represents the feature dimension concate-
nation operation. We then construct a cross-modal
association graph following the paradigm of FCN-
LP (Zhao et al., 2023), where nodes represent
news samples and edges denote strong associations.
Nodes directly adopt the unified multimodal fea-
tures x; extracted above. Edges are determined by
three similarity metrics with a threshold § = 0.95:
1) Comprehensive similarity: Cosine similarity be-
tween multimodal features z; and x;, reflecting
the overall text-vision association. 2) Cross-modal
similarity: Bidirectional matching between ¢;&wv;
and v;&t;, capturing cross-modal semantic cor-
relations. 3) Intra-modal similarity: Similarities
between image features v;&v; and textual features
t;&t;, focusing on single-modality direct associa-
tions.

An undirected edge is added if any similarity
exceeds 0, retaining only strong connections. This
graph comprehensively covers multi-dimensional
associations and ensures valid label propagation.

3.3 Transformation Alignment of Node
Multimodal Features

Multimodal features extracted by CLIP have
achieved general semantic alignment between tex-
tual and image features. However, to eliminate
modal bias with pseudo-labels generated for fake
news detection tasks, a task-specific refined align-
ment module still needs to be designed. Specifi-
cally, for the original multimodal feature x;, we
map the general features of its textual feature vec-
tor ¢; and image feature vector v; to a task-relevant
discriminative space via lightweight MLPs, respec-
tively:

t; = LayerNorm(a (Wyt;)) )

! = LayerNorm(o (W,v;)) 3)

where W, € Réx(ditdv) and W, € R (di+dv)
denotes the task-adaptive linear transformation
weight. ¢ is an activation function that enhances
the non-linear discriminative capability of features.
LayerNorm normalizes the multimodal feature dis-
tributions to similar ranges, avoiding information
being overwhelmed due to scale differences.



LLM-Tuned Cross-Modal Label Propagation Framework

| [CLS]| <prompt> | [SEP] |<text>| [SEP] | <image>|

LLM

Transform

Alignment

O

‘W/\”"r'i‘ ‘
& ®
. mmm=) | Fine tune | we—) =/

i O Center node with pseudo-label
i . Training node with pseudo-label
i O Training node with ground-truth 1abcli

‘\ Q Testing node with pseudo-label

m | [label]] § [ [probl| p |

Fake News

Figure 2: Overall framework of the LLM-T-CMLP.

Subsequently, we introduce learnable modal
weights w = [w,,, w;]” (with the initial value set to
w = [1,1]7) to fuse the aligned image and textual
feature vectors:

w = softmax(w) 4)

where & represents residual connection (He et al.,
2016).

3.4 Node Label Assignment Rules

Effective pseudo-label utilization is critical for
semi-supervised node classification. We propose
refined node label assignment rules to support sub-
sequent fusion of pseudo-labels and node features.

We use the fine-tuned LLM to generate pre-
dicted pseudo-labels ¢ and confidence scores p €
[0,1], where p quantifies the LLM’s prediction
confidence. To distinguish label sources (ground-
truth/pseudo-labels) and clarify their training roles,
we construct a full-node label tensor Yy € {0, 1}V
(N denotes total nodes) and a confidence tensor
P € [0,1]. Specific assignment rules are as
follows: 1) Ground-truth training nodes: Random
subset of the training set, assigned ground-truth la-
bels Yoy [i] = yirin € {0, 1} with Py[i] = 1.0 (pro-
viding noise-free supervision signals). 2) Pseudo-
training nodes: Remaining training set nodes,
with ground-truth labels hidden during training.
Assigned pre-generated pseudo-labels Yy [i] =
giain e {0,1} and confidence Pyfi] = pirain,

Ground-truth labels are used for loss calculation,
while pseudo-labels enable feature enhancement to
simulate weak supervision. 3) Pseudo-test nodes:
Test set nodes, assigned pseudo-labels Yy[i] =
gt € {0,1} and confidence Py [i] = p*'. These
expand training samples, introduce latent supervi-
sion from the test set, and alleviate train-test distri-
bution shift.

It is important to note that the pseudo-labels
of test set nodes are independently generated by
the LLM fine-tuned on the training set, without
accessing any true labels of the test set during the
generation process, thus ensuring no label leakage.

3.5 Confidence-Weighted Pseudo-Label
Fusion Mechanism

Our method adopts a confidence-weighted pseudo-
label fusion mechanism, which deeply couples
pseudo-label information with node features and
graph structure to achieve the expansion and en-
hancement of supervision signals.

3.5.1 Confidence-Weighted Label Embedding
Generation

To balance the impact of labels with different con-
fidence levels on label propagation, we design a
label embedding module to convert Yy; and Py
into label embedding vectors E € RV*? (where
d denotes the embedding dimension, consistent
with the node feature dimension). For any node
1, weighted embedding is performed based on the



label confidence:
Efi] = Pyli] - e (6)

where e € R? s a learnable label embedding vector.
This formula dynamically balances the embedding
contribution of the label through confidence level.

Furthermore, we adjust the sign of the embed-
ding vector by combining label values to enhance
the consistency between labels and features:

B = B[] - 2 Yali]-1) (@

where (2 - Yau[i] — 1) is the label sign coefficient.
With Yau[i] € {0, 1}, this coefficient maps label 0
to —1 and label 1 to 1, ensuring alignment between
the embedding direction and label semantics.

3.5.2 Residual Fusion of Label Embeddings
and Node Features

We perform residual fusion between the adjusted
label embeddings E’[] and the node features h;
aligned via multimodal transformation:

0= h; & E'li 8)

This operation directly injects label information
into node features, enabling the subsequent graph
propagation process to both leverage the structural
information of original features and carry the se-
mantic signals of labels. For nodes with high-
confidence pseudo-labels, their label embeddings
have higher weights, allowing them to transmit
more prominent supervision signals to neighbors
during propagation; for low-confidence nodes, the
contribution of their embeddings is weakened, pre-
venting noise diffusion.

Node features fused with pseudo-label informa-
tion are fed into stacked TransformerConv (Shi
et al., 2020) propagation networks. By virtue of
neighborhood correlations in the graph structure,
these networks achieve efficient transmission and
aggregation of label signals, providing structured
feature support for the final node classification. Fi-
nally, we adopt a cross-entropy loss function to
optimize the model output.

4 Experiment

4.1 Datasets

Twitter (Boididou et al., 2015): This dataset is
derived from the MediaEval Verifying Multimedia
Use benchmark dataset (Boididou et al., 2015), de-
signed for social media fake content detection tasks.

It contains approximately 17,000 unique tweets as-
sociated with multiple types of events. Each tweet
includes textual content and relevant images, with
annotations indicating content authenticity. Follow-
ing the setup in FCN-LP (Zhao et al., 2023), we
split the dataset into a training set and a test set,
consisting of 15,000 and 2,000 tweets, respectively.

PHEME (Zubiaga et al., 2017): Composed of
tweets related to breaking news on the Twitter plat-
form, this dataset focuses on 5 major breaking news
events. Each event includes a large number of text-
image sample pairs, all annotated for content au-
thenticity. Following the setup in FCN-LP (Zhao
et al., 2023), we use 1,414 and 608 tweets as the
training set and test set, respectively.

Weibo (Jin et al., 2017): Collected from Sina
Weibo, a Chinese social media platform, this
dataset is split following the setup in FCN-LP
(Zhao et al., 2023), with 4,141 tweets for the train-
ing set and 1,125 tweets for the test set.

It’s worth noting that the text in both the Twitter
and PHEME datasets is in English, while the text
in the images in the Weibo dataset is in English,
and the text in the images is in Chinese.

4.2 Baseline Models

To comprehensively verify the performance advan-
tages of the proposed LLM-T-CMLP framework,
this paper selects various state-of-the-art (SOTA)
methods as baselines, which are specified as fol-
lows:

1) Traditional multimodal feature fusion meth-
ods: LLM-independent, integrating text-image in-
formation through handcrafted feature extractors
and fusion modules. These include EANN (Wang
et al., 2018b), SpotFake (Singhal et al., 2019),
MVAE (Khattar et al., 2019), SAFE (Zhou et al.,
2020), MCAN (Wu et al., 2021), HMCAN (Qian
et al., 2021), FCN (Zhao et al., 2023), and FCN-LP
(Zhao et al., 2023).

2) LLM-based prediction methods: Prompt-
driven, directly generating labels via LLMs. These
include GPT-40 (Hu et al., 2025), Qwen2.5-VL-
7B (Bai et al., 2025) (without fine-tuning), and
Qwen2.5-VL-7B-tuned (Bai et al., 2025) (fine-
tuned on the dataset).

3) LLM-enhanced label propagation methods:
To ensure fairness, we uniformly adopt the
Qwen2.5-VL series as the LLM backbone. We
replace GPT-40 in the original GLPN-LLM (Hu
et al., 2025) with Qwen2.5-VL-7B-tuned while re-
taining its original mechanism, resulting in GLPN-



Model Twitter PHEME ‘Weibo
Accuracy Precision Recall F1 Accuracy Precision Recall F1 Accuracy Precision Recall F1

EANN 71.53+091 71.38+1.23 63.82+2.11 68.91£1.58 70.17+0.79 71.28+1.32 67.36+2.17 69.10£1.83 79.18+0.76 80.31£1.23 78.52+0.32 79.44+2.13
SpotFake 77.16x1.57 75.32+1.14 87.83+0.63 85.14+0.07 81.37+2.38 79.53£2.27 81.22+42.43 79.43+0.75 86.39+2.51 86.12+0.53 87.17+2.63 83.22+1.41
MVAE 74.56+1.58  80.15£2.69 76.34+0.83 81.57£1.98 77.83x1.27 73.82+#2.05 73.45+2.62 72.21+0.54 71.86+0.25 70.32+0.69 70.32+2.84 70.53%1.60
SAFE 76.66+3.00 76.32+1.94 75.41£2.12 76.37+2.85 81.25+1.34 79.22+2.76 79.11x1.45 79.69+2.67 84.91+2.12 83.81+1.58 82.19£1.16 83.01%1.70
MCAN 80.91+2.33 82.68+2.48 76.67+0.94 82.26+1.32 80.74+1.89 79.21+223 79.64+1.53 80.15+0.86 86.50+£3.00 88.10+2.10 84.60+1.80 86.15+1.60
HMCAN 83.91£1.49 81.68+2.08 84.67+1.21 82.57+1.62 86.36+1.83 83.18+1.41 83.81+2.51 83.49+1.07 86.75£2.95 88.40+3.00 84.65+1.80 87.20+1.20
FCN 82.86+£1.27 78.64+1.68 87.39+0.85 82.78+0.47 80.36+1.93 84.43x1.27 89.1240.12 86.71x1.88 82.92+0.54 83.17x1.00 88.45+2.13 86.74+0.41
FCN-LP 85.3242.56 81.5242.82 89.32+0.99 85.24+1.93 84.68+0.81 86.32+1.55 89.85+1.22 87.97+0.88 84.47+1.66 88.41+£0.26 91.18+0.69 89.78+0.84
GPT-40 75.3943.32  75.66+3.44 80.92+2.83 78.20+5.66 74.38+6.68 78.66+5.31 75.16£4.32 76.87+5.65 80.86+3.11 82.16+2.86 81.33+3.66 81.75+2.95
Qwen2.5-VL-7B 54.14+0.87 58.15£0.65 70.25+0.73 63.63£0.66 55.28+1.23 69.64+0.36 66.05+2.23 67.78+1.44 76.93x1.03 82.73+0.36 88.36+1.12 85.45+0.71
Qwen2.5-VL-7B-tuned  79.62+0.09  79.40+0.08 86.84+0.34 82.96+0.11 84.10+1.46 87.50£1.25 90.66+0.75 89.05£1.00 87.84+0.65 94.55£0.32 89.29+0.60 91.85+0.45
GLPN-LLM-T 86.14+0.43  78.4440.63 99.63+0.32 87.77+0.26 84.93x0.41 89.93+0.56 88.81+0.85 89.36+0.32 86.65+0.32 90.79£0.20 91.92+0.69 91.35+0.26
LLM-T-CMLP 90.71£0.44 94.19£1.46 90.60+1.17 92.36£1.28 86.69+0.08 90.23£0.16 91.20+0.33 90.72+£0.08 91.10+0.14 95.83+£0.26 92.42+0.47 94.09+0.12

Table 1: Performance comparison on the Twitter, PHEME, and Weibo datasets. The highest value in each column is

marked in bold.
Method Twitter PHEME ‘Weibo
Accuracy Precision Recall F1 Accuracy Precision Recall F1 Accuracy Precision Recall Fl1

LLM 54.14+0.87 58.15£0.65 70.25+0.73 63.63+0.66 55.28+1.23 69.64+0.36 66.05£2.23 67.78+1.44 76.93£1.03 82.73+0.36 88.36+1.12 85.45+0.71
LLM-CMLP 81.154£0.82  79.08+2.17 87.33+2.82 84.70+0.41 84.21+x0.21 87.71£1.23 90.59+1.35 89.11+0.02 85.56+0.63 91.12+0.94 89.95+0.92 90.52+0.40
LLM-T 79.624£0.09 79.40+0.08 86.84+0.34 82.96+0.11 84.10+1.46 87.50+1.25 90.66+0.75 89.05£1.00 87.84+0.65 94.55+0.32 89.29+0.60 91.85+0.45
LLM-T-CMLP (--) 83.29+4.05 85.57£6.32 86.19+8.47 8547+3.72 84.44+0.66 88.14+1.36 90.39+1.72 89.23%0.49 86.45+0.30 90.82+0.73 91.61%1.24 91.20+0.26
LLM-T-CMLP (-) 88.33£0.36  90.04+0.37 89.46+0.39 89.75+0.30 86.03+0.09 90.08+0.40 90.36+0.42 90.22+0.05 90.36+0.04 95.79+0.05 91.46+0.05 93.57+0.03
LLM-T-CMLP 90.71£0.44 94.19+1.46 90.60+1.17 92.36x1.28 86.69+0.08 90.23+0.16 91.20£0.33 90.72£0.08 91.10+0.14 95.83+0.26 92.42+0.47 94.09+0.12

Table 2: Ablation study. The highest value in each column is marked in bold.

LLM-T. Meanwhile, we construct LLM-CMLP
(Qwen2.5-VL-7B) and LLM-T-CMLP (Qwen2.5-
VL-7B-tuned) to highlight the advantages of the
CMLP mechanism and the value of fine-tuning
through two sets of comparisons, respectively.

Detailed introductions to the baseline models are
provided in Appendix D.

4.3 Implementation Details

For consistent comparison with baselines, we fol-
low the settings of the prior work FCN-LP (Zhao
et al., 2023) when constructing the cross-modal
tweet graph. We adopt AdamW as the optimizer
with a learning rate of 5e-3 and a label rate of 0.4,
training the model for a total of 500 epochs. The
model is trained five independent times, and we
report the mean values and standard deviations of
accuracy, precision, recall, and F1-score.

4.4 Performance Comparison

Performance results are presented in Table 1. Based
on the experimental results, we draw the following
conclusions:

* CMLP (cross-modal label propagation) de-
livers significant incremental value: LLM-
T-CMLP outperforms GLPN-LLM-T on
Qwen2.5-VL-7B-tuned, improving fake news
detection accuracy and generalization via pre-
cise cross-modal consistency capture.

* Task-specific fine-tuning is critical for multi-
modal LLMs: Fine-tuned models (Qwen2.5-

VL-7B-tuned, LLM-T-CMLP) outperform
non-fine-tuned counterparts across metrics,
enhancing domain adaptation and key feature
recognition.

* LLM-T + cross-modal label propagation out-
performs traditional approaches: LLM-T-
CMLP surpasses traditional multimodal fu-
sion and pure LLM-T methods, validating
the hybrid paradigm’s advancement for multi-
modal fake news detection.

4.5 Ablation Study

To further validate the effectiveness of each compo-
nent in LLM-T-CMLP, we perform ablation stud-
ies on three benchmark datasets (Twitter, PHEME,
Weibo), with results in Table 2. Model definitions:
LLM-CMLP: Uses pseudo-labels from the origi-
nal LLM. LLM-T-CMLP: Full framework. LLM-
T-CMLP (- -): Ablation variant w/o multimodal
transformation alignment, label assignment rules
& confidence weighting strategy, using the label
fusion method of GLPN-LLM (Hu et al., 2025).
LLM-T-CMLP (-): Ablation variant w/o multi-
modal transformation alignment.

The core experimental conclusions are as fol-
lows: 1) Task-specific LLM fine-tuning yields sig-
nificant value: LLM-T (fine-tuned) delivers stable
metric gains across datasets vs. non-fine-tuned
LLMs—e.g., 47% higher accuracy and 30% higher
F1-score on Twitter—confirming adaptability to
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Figure 4: Impact of different prompt designs on performance.

fake news detection and enhanced multimodal fea-
ture capture. 2) The CMLP mechanism shows
clear advantages: Integrated with LLM-T, it boosts
all metrics notably, directly validating its superi-
ority. 3) Pseudo-label quality is critical: LLM-
T-CMLP outperforms LLM-CMLP, highlighting
pseudo-label quality’s major impact on final per-
formance and revealing synergy between multi-
modal LLM fine-tuning and CMLP. 4) All core
components are effective: LLM-T-CMLP (- -) ex-
hibits inferior performance to LLM-T-CMLP (-),
and LLM-T-CMLP (-) in turn underperforms the
full framework, confirming that these components
are both indispensable and effective.

4.6 Hyperparameter Analysis

We investigate the impact of the proportion of
nodes randomly selected from the training set to
use ground-truth labels (label rate) on model per-
formance, as shown in Figure 3. Experiments
demonstrate that the model achieves optimal per-
formance when the label rate is set to 0.4. This
result stems from the comprehensive influence of
the label rate on the quality of supervision sig-
nals, pseudo-label gains, and graph propagation
efficiency: a label rate of 0.4 not only provides
stable anchor points for classification boundaries
through 40% of ground-truth training nodes but
also reserves sufficient learning space for pseudo-
labels. This allows pseudo-labels to effectively
expand supervision coverage and capture potential
associations between nodes.

4.7 Prompt Design Analysis

To investigate the impact of multimodal Prompt de-
sign on fake news detection tasks, we construct two
types of comparative Prompts: /) Text-unimodal
prompt: Only guides the model to judge authen-
ticity based on news textual content, without any
cross-modal collaborative guidance logic, and does
not rely on image information throughout the pro-
cess. 2) Text-image multimodal prompt: Proac-
tively guides the model to fuse textual semantics
and image visual information for authenticity eval-
uation through explicit cross-modal collaborative
evaluation instructions.

The performance comparison results of the two
types of Prompts are shown in Figure 4. Experi-
ments demonstrate that the Text-image multimodal
prompt outperforms the Text-unimodal prompt sig-
nificantly across the Twitter, PHEME, and Weibo
datasets. This advantage stems from the Text-
image multimodal prompt’s ability to fully lever-
age the complementary information of text and
images—for example, accurately identifying multi-
modal fake news features that are difficult to detect
with unimodal methods, such as "authentic text but
tampered images" and "false text but misleading im-
ages." In contrast, the Text-unimodal prompt only
relies on textual information, failing to cover such
key discriminative clues and resulting in limited
performance.

Notably, the performance gap between the two

types of Prompts is the most pronounced on the
Twitter dataset. We speculate this is related to



the dataset’s sample characteristics: compared to
PHEME and Weibo, Twitter contains a higher pro-
portion of samples that require text-image collab-
oration for accurate judgment. For such samples,
the Text-unimodal prompt is prone to misjudgment
due to lack of information, while the cross-modal
fusion advantage of the Text-image multimodal
prompt is maximized. Detailed designs of the spe-
cific prompts are provided in Appendix B.

4.8 Visualization

(a) Twitter

g

(b) PHEME

s

(c) Weibo

Figure 5: t-SNE visualizations of feature embeddings
on the test set.

Figure 5 presents the t-SNE visualization results
of feature embeddings from three models on the
test set, with the three columns corresponding to
the embedding effects of GLPN-LLM-T, LLM-
CMLP, and LLM-T-CMLP, respectively. In terms
of the separation degree between fake and real
news, the clusters of fake and real news in GLPN-
LLM-T and LLM-CMLP show significant overlap,
while LLM-T-CMLP achieves a notably improved
separation effect. Specifically, on the PHEME
dataset, the discriminability between fake and real
news by LLM-T-CMLP is particularly prominent.
This result indicates that both the instruction tuning
of LLM and the proposed cross-modal label prop-
agation framework CMLP can exert a significant
effect on enhancing the feature distinguishability
between fake and real news.

4.9 Case Study

As illustrated in Figure 6, we visually demon-
strate the classification performance of four mod-
els (LLM, LLM-T, GLPN-LLM-T, and LLM-T-
CMLP) through typical cases: The LLM yields
an incorrect classification result with a confidence

score as high as 0.9, exhibiting strong overconfi-
dence in its misjudgment. After instruction tun-
ing, LLM-T enhances its discriminative ability for
domain data and successfully outputs the correct
classification result, but with a confidence score
of only 0.3, indicating the model lacks sufficient
confidence in the correct outcome. GLPN-LLM-
T adopts pseudo-labels generated by LLM-T for
label propagation. Due to the absence of the mul-
timodal transformation and alignment mechanism
as well as the confidence-weighted mechanism, it
suffers from neighbor interference and produces
incorrect classifications. In contrast, our proposed
LLM-T-CMLP model not only achieves correct
classification but also maintains a high confidence
score, delivering superior overall performance.

LLM—Tr('Mh

LLM-T GLPN-LLM-T

I 0.2
03

Wrong judgment
[ ] g judg 07

Police in armored gear in Ferguson

y trying to get to . Correct judgment

leave MichaelBrown 0.9

Figure 6: Case study of fake news detection.

5 Conclusion

This paper proposes an LLM-Tuned Cross-Modal
Label Propagation Framework (LLM-T-CMLP)
for multimodal fake news detection tasks. Our
method performs instruction tuning on domain
datasets using multimodal LLMs to generate high-
quality pseudo-labels. We also design the CMLP
framework, which effectively enhances the integra-
tion capability with pseudo-labels through multi-
modal transformation and alignment, as well as a
confidence-weighted strategy. The effective com-
bination of LLM-T and CMLP fully explores the
associations in multimodal data, significantly im-
proving the performance of fake news detection.
In future work, we plan to expand multimodal in-
puts by incorporating richer modalities. Another
future direction is to fuse external knowledge (e.g.,
knowledge graphs) to enhance LLMs’ discrimina-
tive ability for fake information.

Limitations

Dataset Limitation: Existing datasets are predom-
inantly centered on Chinese and English social me-
dia platforms, lacking fake news samples cover-
ing multiple languages, regions (e.g., non-English-



speaking countries), and domains (e.g., technology,
healthcare). Thus, their generalization ability re-
mains to be verified.

Model Efficiency: While the Qwen2.5-VL
model with 7B parameters significantly reduces
computational cost compared to GPT-4o, its
complexity remains non-negligible in resource-
constrained deployment environments. Future re-
search can explore models with fewer parameters
or model distillation techniques to optimize effi-
ciency while maintaining performance.

Ethical Considerations and Risks

Beyond technical limitations, our work entails po-
tential societal risks. Firstly, the model’s perfor-
mance may degrade on underrepresented languages
or cultural contexts, raising fairness concerns. We
explicitly acknowledge this bias and encourage fu-
ture work to incorporate more diverse data. Sec-
ondly, while we employ efficient fine-tuning to re-
duce computational cost, the environmental impact
of large-scale model deployment remains a consid-
eration. Lastly, the underlying technology could be
repurposed to generate sophisticated multimodal
misinformation. We emphasize that our research
is solely aimed at detection and support the de-
velopment of ethical guidelines against malicious
use.
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A Data Preprocessing

The data preprocessing pipeline focuses on multi-
modal LLLM input adaptation and data quality as-
surance, covering two types of data: images and
text.

Image Processing:Images undergo three-level
standardized processing (scaling, padding, and
fault tolerance). After successful reading, they are
converted to RGB format and scaled to a maximum
side length of 256pt while preserving the original
aspect ratio. Blank areas are filled with white and
aligned centrally. If image reading fails, a white-
filled image of the target size is returned.

Text Processing: Text data is first subjected to
data cleaning, followed by length truncation with a
1024-character limit.

B Prompt Design

Different prompt design methods are shown in Ta-
bles 3, 4, and 5.

C Training Strategy

The training strategy aims for low GPU memory us-
age and high training stability, with core adoption
of 4-bit quantization and LoRA fine-tuning, cover-
ing the entire process of model initialization, op-
timizer configuration, training control, and model
saving.

The base model is Qwen2.5-VL-7B, with LoRA
configured as follows: low-rank dimension of 16,
scaling factor of 32, and dropout rate of 0.05. The
AdamW optimizer is employed, only updating
LoRA parameters, with a learning rate of 2e-4 and
a batch size of 4.

All experiments were conducted in a Python 3.10
environment equipped with an NVIDIA RTX 4090
GPU and 50 GB of memory. Training consisted of
5 epochs, with an early stopping strategy enabled:
a validation was triggered every 100 iterations to
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save the optimal parameters; training terminated if
no parameter updates were performed for 5 consec-
utive iterations.

D Baseline Model Details

* EANN (Wang et al., 2018b): Proposes an
event-adversarial neural network framework
for fake news detection, integrating textual
and visual features via attention mechanisms.
Its core lies in learning event-invariant fea-
tures through an event discriminator and gra-
dient reversal layer, with a focus on attention-
driven multimodal fusion to enhance predic-
tion accuracy and generalization across differ-
ent events.

SpotFake (Singhal et al., 2019): Targets fake
news identification by leveraging comprehen-
sive multimodal information, involving in-
depth analysis of both textual content and ac-
companying images. It achieves effective de-
tection performance by refining the feature
alignment between text and images, ensuring
coherent integration of cross-modal semantic
information.

* MVAE (Khattar et al., 2019): A multimodal
variational autoencoder designed for end-to-
end fake news classification. It models the
joint probability distribution of textual and
image data, learning shared cross-modal rep-
resentations through collaborative training of
encoders, decoders, and a fake news detector.
This integration of text and visual information
optimizes the model’s ability to distinguish
between real and fake content.

MCAN (Wu et al., 2021): A multimodal con-
textual attention network that enhances fake
news detection by capturing both inter-modal
and intra-modal relationships. It employs
multi-layer attention mechanisms for iterative
contextual modeling, effectively modeling de-
pendencies between textual and image modal-
ities to refine feature interactions.

SAFE (Zhou et al., 2020): A similarity-aware
multimodal model that combines feature ex-
traction with cross-modal similarity measure-
ment. It first extracts latent representations of
text and images, then quantifies the similarity
between modalities (e.g., via cosine similar-
ity) to identify mismatches. This joint learn-



ing of tweet representations and inter-modal
similarity enables accurate fake news detec-
tion.

* HMCAN (Qian et al., 2021): Constructs a
hierarchical multimodal contextual attention
network to capture rich hierarchical semantics
for fake news detection. It uses BERT and
ResNet for text and image encoding, respec-
tively, and incorporates a hierarchical coding
module to model high-level and fine-grained
relationships, strengthening the model’s un-
derstanding of complex multimodal content.

* FCN (Zhao et al., 2023): Relies on CLIP
for unified multimodal feature extraction,
constructing a cross-modal tweet graph to
align textual and image features. It lever-
ages graph convolutional networks (GCNs) to
model structural correlations within the graph,
thereby completing the fake news classifica-
tion task.

* FCN-LP (Zhao et al., 2023): Builds on FCN’s
architecture with CLIP-based feature extrac-
tion and cross-modal tweet graph construction.
It introduces a fixed iterative label propagation
mechanism, which optimizes prediction re-
sults by propagating label information across
graph nodes, further enhancing the model’s
discriminative performance.

* GLPN-LLM (Hu et al., 2025): An LLM-
enhanced label propagation model for mul-
timodal fake news detection. By integrat-
ing LLM-generated pseudo-labels with graph-
based label propagation, it fuses strong seman-
tic understanding from LL.Ms and structural
information from graphs to optimize detection
performance.

* Cross-modal Label Propagation: Consists
of two steps: multimodal feature transfor-
mation and alignment, and Kj.-iterative la-
bel propagation. The total complexity is
O(N - d? + Kiger - M_egge ), where d is the mul-
timodal feature dimension and Mqg. is the
number of edges in the cross-modal graph.
Since Crpwv is significantly larger than the
complexity of this module (large-model in-
ference constitutes the main computational
overhead), this part is negligible.

Overall, the time complexity of the framework
is ultimately simplified to O(N - CrLpm). By op-
timizing the prompt length and adjusting image
resolution to reduce the actual computational cost
of CrLm, the framework can efficiently adapt to
large-scale sample scenarios.

E Efficiency

The time complexity of the framework is analyzed
as follows, focusing on conciseness and core focus:

¢« LLM Pseudo-label Generation (based on
Qwen2.5-VL-7B): Serves as the dominant
complexity source of the framework. All sam-
ples undergo pseudo-label generation via the
model. Let Cr1m denote the time complexity
of a single multimodal inference of Qwen2.5-
VL-7B. With N representing the total number
of samples, the total complexity of this mod-
ule is O(N . CLLM)-
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Table 3: Design of Text-unimodal Prompt in the Training Phase

Role Content
system  You are a misinformation evaluator. Assess the news authenticity by the provided text:
Label 1 if clearly true; O if ambiguous/unverifiable/suspicious.
Output format: Strictly output only one line in the format "Result: R" (R=1/0). No
additional text is allowed. Do not output any content beyond this line.
user
assistant Result: {label}
Table 4: Design of Text-Image Multimodal Prompt in the Training Phase
Role Content
system You are a misinformation evaluator. Assess the news authenticity by text and image:
Label 1 if clearly true; O if ambiguous/unverifiable/suspicious.
Output format: Strictly output only one line in the format "Result: R" (R=1/0). No
additional text is allowed. Do not output any content beyond this line.
user {text} and {image}
assistant Result: {label}
Table 5: Design of Text-image Multimodal Prompt in the Testing Phase
Role Content
system You are a misinformation evaluator. Assess the news authenticity by text and image:
Label 1 if clearly true; O if ambiguous/unverifiable/suspicious.
Provide a confidence score (0.1-1.0): lower (0.1-0.5) for unclear signals, higher (0.6-1.0)
for certainty.
Output in strict format (2 lines only, no extra text):
- Line 1: "Result: R, Confidence: C" (R = 1/0, C=score).
- Line 2: "Reason: E" (E = specific basis for judgment, which must simultaneously refer
to text and image information).
user {text} and {image}
assistant Result: {label}, Confidence: {confidence}
(inference) Reason: {explanation}
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