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Abstract

Multimodal fake news detection requires mod-
els to reason over both textual and visual evi-
dence while remaining robust to distribution
shifts in social media graphs. Existing ap-
proaches often concatenate modality-specific
representations or rely on post-hoc fusion,
which can leave image and text features in mis-
aligned semantic spaces. Graph-based meth-
ods further introduce structural bias: node pop-
ularity, degree, or connectivity may become
shortcut signals that correlate with labels in
the training distribution but do not causally de-
termine veracity. We present CIL, a causal-
intervention and LL.M-synergized framework
for multimodal fake news detection. CIL first
uses CLIP to obtain aligned image and text rep-
resentations and constructs a multi-view seman-
tic graph from cross-modal, intra-modal, and
fused similarities. It then uses a large language
model to produce high-confidence pseudo la-
bels, which are injected as weak supervisory
anchors. Finally, CIL mitigates degree-induced
structural confounding with inverse propensity
weighting and enforces counterfactual consis-
tency under edge-drop interventions. Exper-
iments on Twitter, PHEME, and Weibo sug-
gest that each component contributes to per-
formance, with the largest gains coming from
aligned multimodal representations and causal
debiasing.

1 Introduction

The proliferation of multimodal fake news—false
stories accompanied by misleading images—has
severely threatened information credibility and pub-
lic trust. Compared with traditional textual misin-
formation, multimodal fake news is significantly
more deceptive because visual content can sub-
stantially enhance the credibility and emotional
influence of misleading claims. In many cases,
the attached images are partially authentic but se-
mantically mismatched with the textual narrative,
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making unimodal verification insufficient. Detect-
ing such disinformation is therefore highly chal-
lenging, as models must jointly reason over textual
semantics, visual evidence, and social propagation
structures while remaining robust to distribution
shifts and noisy environments.

Another major challenge arises from the dy-
namic nature of social media platforms. News
events evolve rapidly across domains and platforms,
causing substantial discrepancies between training
and testing distributions. Models trained on histor-
ical events often overfit event-specific semantics
or platform-dependent propagation patterns, result-
ing in degraded generalization performance on un-
seen events. Moreover, fake news propagation is
strongly influenced by popularity-related factors
such as user engagement and network connectivity,
which may induce spurious correlations unrelated
to the actual authenticity of the content.

Existing multimodal fake news detection meth-
ods mainly follow two research directions: multi-
modal fusion models and graph-based reasoning
models. Early multimodal approaches typically
extract visual and textual features independently
using encoders such as ResNet and BERT, followed
by feature concatenation or attention-based fusion
(Wang et al., 2018; Zhou et al., 2020; Singhal et al.,
2019). Although these methods achieve promis-
ing performance, the independently pretrained en-
coders often produce representations residing in in-
consistent semantic spaces, weakening cross-modal
interaction and reducing semantic alignment qual-
ity.

Graph-based methods further improve fake news
detection by modeling propagation structures or
semantic relations among posts. A recent sur-
vey (Lakzaei et al., 2024), summarizes how GNN-
based detectors exploit propagation graphs, simi-
larity graphs, and heterogeneous social structures
for disinformation detection. However, existing
graph neural network methods implicitly assume
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that graph topology faithfully reflects semantic rele-
vance. In practice, graph structures in social media
frequently contain severe structural bias. Node
degree, popularity, and connectivity may become
shortcut signals that correlate with labels in the
training distribution but do not causally determine
authenticity. Consequently, models may incorrectly
rely on propagation statistics instead of intrinsic se-
mantic evidence, leading to poor robustness under
distribution shifts.

Recent advances in large language models
(LLMs) provide new opportunities for weak su-
pervision and knowledge-enhanced reasoning (Hu
et al., 2024). Through prompt engineering and
in-context learning, LLMs can generate informa-
tive pseudo-labels even in low-resource scenarios.
Nevertheless, directly injecting LLLM outputs into
graph learning frameworks may introduce noisy
supervision due to hallucinated or uncertain predic-
tions, which can further propagate through graph
structures and amplify classification errors.

To address these challenges, we propose CIL, a
Causal-Intervention and LLM-Synergized frame-
work for multimodal fake news detection. The
proposed framework jointly integrates semantic
alignment, graph reasoning, LLM-based weak su-
pervision, and causal debiasing into a unified archi-
tecture.

Specifically, we first employ CLIP to project
textual and visual information into a shared em-
bedding space, thereby improving semantic consis-
tency across modalities. Based on these aligned
representations, we construct a multi-view seman-
tic interaction graph that captures both intra-modal
and cross-modal relationships among news sam-
ples. Second, we introduce LLM-generated pseudo-
labels as weak supervisory signals. Instead of
directly trusting all generated labels, we adopt a
confidence-aware filtering strategy that retains only
high-confidence predictions, reducing the influence
of hallucinated outputs. More importantly, we ex-
plicitly model graph structural bias from a causal
perspective. We identify node degree and popular-
ity as potential confounding variables that create
spurious correlations between graph topology and
authenticity labels. To mitigate this issue, we in-
corporate inverse propensity weighting (IPW) and
counterfactual consistency regularization, enabling
the model to learn structure-invariant semantic rep-
resentations and improving robustness under graph
perturbations.

Extensive experiments on Twitter, PHEME, and

Weibo datasets demonstrate that CIL consistently
outperforms state-of-the-art methods under both
multimodal and graph-based settings. Ablation
studies further verify the effectiveness of seman-
tic alignment, pseudo-label injection, and causal
regularization components.

Our contributions are summarized as follows:

* We propose a unified multimodal fake news
detection framework that combines semantic
alignment, LLM-supervised weak learning,
and causal regularization, effectively mitigat-
ing both semantic mismatch and structural
bias.

* We design a multi-view semantic graph con-
struction module using five complementary
similarity measures, enabling more reliable re-
lation modeling than conventional single-view
graph construction strategies.

* We introduce causal intervention and counter-
factual consistency regularization to reduce
structural confounding and improve model ro-
bustness under graph perturbation and distri-
bution shift.

» Extensive experiments on three real-world
multimodal fake news datasets demonstrate
the superiority of the proposed framework
over competitive baselines and validate the
effectiveness of each component through com-
prehensive ablation studies.

2 Related Work
2.1 Multimodal Fake News Detection

Multimodal fake news detection aims to identify
misinformation by jointly modeling textual and
visual content on social media platforms (Sing-
hal et al., 2019; Khattar et al., 2019; Ying et al.,
2023). Early methods mainly perform feature-level
fusion by combining text encoders with visual back-
bones. For example, SpotFake (Singhal et al., 2019)
and SAFE (Zhou et al., 2020) integrate BERT and
ResNet features for multimodal classification and
semantic consistency modeling. Later studies fur-
ther explore fine-grained cross-modal interactions.
MCAN (Wu et al., 2021) and HMCAN (Qian et al.,
2021) use co-attention or hierarchical attention to
capture correlations between textual tokens and
image regions, while EANN (Wang et al., 2018)
introduces adversarial learning for event-invariant
representation learning.

406



Although effective, most existing methods rely
on separately pretrained unimodal encoders and
mainly focus on instance-level fusion, which may
limit cross-modal semantic alignment and overlook
latent relationships among news samples. In con-
trast, our framework adopts CLIP (Radford et al.,
2021) to map images and texts into a shared se-
mantic space, and further incorporates graph-based
relational reasoning, following recent efforts such
as MMDEFEND (Tong et al., 2024).

2.2 Graph-Based Fake News Detection

Graph neural networks (GNNs) have been widely
used for fake news detection by modeling propa-
gation structures, user interactions, and semantic
relations among posts. FCN (Liu and Wu, 2018) ap-
plies graph convolution to rumor propagation mod-
eling, while BiGCN (Bian et al., 2020) captures
bidirectional propagation patterns. Later studies
further construct heterogeneous graphs over users,
posts, and events (Zhang et al., 2024). Recently,
GLPN (Hu et al., 2025) combines graph propaga-
tion with LLM-generated pseudo-labels for low-
resource fake news detection.

Despite their effectiveness, existing graph-based
methods often assume that graph topology reli-
ably reflects semantic relevance. In practice, social
graphs can be affected by popularity bias, degree
imbalance, and event-specific propagation patterns,
leading models to exploit structural shortcuts rather
than semantic evidence. Our framework addresses
this issue through structural debiasing and counter-
factual regularization.

2.3 Causal Debiasing and Counterfactual
Learning

Causal inference has recently attracted increasing
attention in machine learning due to its capability
to distinguish genuine causal relationships from
spurious correlations. Existing studies apply causal
intervention and counterfactual reasoning to recom-
mendation systems, computer vision, and natural
language processing tasks.

Inverse propensity weighting (IPW) (Rosen-
baum and Rubin, 1983) is a widely adopted strategy
for mitigating confounding bias by constructing
reweighted training distributions. Counterfactual
learning further improves robustness by enforcing
prediction consistency under perturbed environ-
ments or interventions. Several recent works apply
causal learning to graph neural networks by learn-
ing causally invariant graph representations (Chen

et al., 2022) or disentangling causal substructures
from spurious bias factors (Fan et al., 2022).

Nevertheless, causal debiasing remains largely
underexplored in multimodal fake news detection.
Existing fake news detection methods rarely con-
sider the causal effects of graph structure and prop-
agation bias, especially in combination with multi-
modal alignment and LLM-based supervision. To
the best of our knowledge, our work is the first to
jointly integrate causal intervention, counterfactual
reasoning, multimodal semantic alignment, and
LLM-driven weak supervision into a unified fake
news detection framework.

2.4 LLM in Weak Supervision

Large language models (LLMs) have demonstrated
remarkable reasoning and knowledge acquisition
capabilities across a wide range of NLP tasks (Tou-
vron et al., 2023; OpenAl et al., 2024). Recent stud-
ies increasingly utilize LLMs for weak supervision,
pseudo-label generation, and low-resource learn-
ing. Through prompt engineering and in-context
learning, LLMs can provide informative annota-
tions even without task-specific fine-tuning (Dong
et al., 2024; Brown et al., 2020).

Several recent fake news detection methods in-
troduce LLMs as external knowledge providers
to improve generalization and reduce annotation
costs (Hu et al., 2024). However, LLM-generated
labels are not always reliable and may contain hal-
lucinated or inconsistent predictions. Existing ap-
proaches typically adopt simple confidence filtering
or directly utilize raw outputs, which may prop-
agate noisy supervision signals into downstream
graph learning models.

Different from previous methods, our framework
combines confidence-aware pseudo-label selection
with causal regularization. By retaining only high-
confidence pseudo-labels and introducing counter-
factual consistency constraints, the proposed frame-
work effectively reduces the negative influence of
noisy supervision while improving robustness and
generalization.

3 Methodology

3.1 Overview

We propose CIL, as illustrated in Fig. 1, a unified
framework for multimodal fake news detection that
consists of three modules: semantic-aligned graph
construction, LLM-driven pseudo-label injection,
and causal debiasing. Given a news instance with
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Figure 1: Overview of the proposed CIL framework.

text and image, CIL first uses CLIP to encode both
modalities into a shared semantic space, where
multi-view similarities are computed to construct
a semantic graph among news samples. Then,
an LLM is used to generate confidence-filtered
pseudo-labels for unlabeled training samples, pro-
viding additional weak supervision under limited
annotation settings. Finally, the constructed graph
and enhanced node representations are fed into a
graph neural network, where inverse propensity
weighting and counterfactual consistency regular-
ization are applied to reduce structural bias caused
by degree imbalance and spurious graph patterns.
The model outputs the predicted fake-news label
for each news instance.

3.2 Semantic-Aligned Multimodal Graph
Construction

Textual and visual contents in social media posts
usually lie in heterogeneous feature spaces, making
direct feature concatenation insufficient for seman-
tic alignment. To obtain modality-consistent rep-
resentations, we adopt CLIP (Radford et al., 2021)
as the backbone instead of separately using con-
ventional text and image encoders. Given a dataset
D = {P;}Y,, each news sample P, = (T}, V;)
contains textual content 7; and visual content V;.
We encode them with the CLIP text encoder Flqyt
and image encoder Ej,g, and concatenate the re-
sulting features as the initial node representation:
ti = Fiext(T3), Vi = Eimg(Vi), and x; = t; ® v,
where t;, v; € R? and x; € R%.

Based on these aligned representations, we con-
struct a multi-view semantic graph to capture la-

tent relations among news samples. For each node
pair (i, j), we compute cosine similarities from five
views, including text-text, image-image, image-
text, text-image, and concatenated feature simi-
larity, where sim(u,v) = u'v/(|Jul|||v]]). An
edge is established when the maximum similarity
among these views exceeds a threshold 0: A;; =
H(maX(SCat, Siot, St2i, Sioi, Stgt) > 0) This con-
struction captures both intra-modal homophily and
cross-modal semantic complementarity while keep-
ing the graph sparse for subsequent graph learning.

3.3 LLM-Driven Pseudo-Label Injection

Since labeled fake news data are often limited, we
use LL.Ms as external weak annotators to provide
additional supervision. Specifically, we design a
Chain-of-Thought prompting template that asks
the LLM to act as a misinformation assessment
expert and evaluate each news sample according to
predefined criteria. The detailed prompt is shown
in Table 1. For each unlabeled training sample
u, we parse the LLM output to obtain a predicted
label ¢,, and a confidence score c,,.. To reduce noisy
supervision caused by hallucinated or unreliable
outputs, only samples with confidence scores in the
top K% are retained as high-confidence pseudo-
labeled samples:

{(@u, Gu) | cu > Percentile_g)(c)} .
ey

During training, these pseudo-labels are used
as soft anchors and injected into the node feature
space. The original node feature is expanded from
2d to 2d + 2, where the additional two dimen-
sions correspond to the binary label space. For

Dpseudo =
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System Prompt: You are a professional misin-
formation assessment expert with extensive ex-
perience in fake news detection and evaluation.
Your primary task is to assess the authenticity
of the provided news content. You must strictly
follow these evaluation criteria:

(1) If the news is clearly true, mark it as 1 (True).

(2) If the news contains ambiguous, unverifiable
information or questionable claims, you must
classify it as 0 (False).

(3) Along with classification, provide a confi-
dence score (0% - 100%) reflecting your cer-
tainty in this decision.

(3.1) When the news contains unclear or mixed
signals, the confidence should be low (e.g., 50%-
70%);

(3.2) Only give high confidence (e.g., 80%-
100%) when you are very certain.

Output Format Requirement: Result: R, Con-
fidence: C%, where R is 1 or O, and C is the
confidence value. Please be precise, concise,
and provide a brief justification.

User Input: <CLS><Prompt><SEP><Cleaned
News Text>

Table 1: Prompt design for fake news detection task

labeled training samples and samples in Dpseudos
these dimensions are filled with the corresponding
one-hot label vectors; for other unlabeled samples,
they are set to zero. In this way, high-confidence
LLM predictions provide auxiliary supervision for
graph learning while reducing the influence of
noisy pseudo-labels.

3.4 Causal Debiasing and Counterfactual
Reasoning

Although graph structures provide useful relational
information, they may also introduce structural bias
into fake news detection. We formulate this prob-
lem from a causal perspective with three variables:
multimodal content X, graph structure A, and au-
thenticity label Y. Ideally, the model should predict
Y mainly from content-related evidence. However,
graph learning may be affected by a confounder C,
which is mainly reflected by node degree centrality.
Since highly connected nodes are more likely to
form dense neighborhoods and may also correlate
with specific labels, a backdoor path A «+— C — Y
can arise. As a result, conventional graph neu-

ral networks may learn P(Y'|A, X) by exploiting
degree-related shortcuts rather than reliable seman-
tic evidence.

To reduce this effect, we adopt inverse propen-
sity weighting (IPW) to reweight training samples
according to their degree-related structural bias.
Specifically, we compute the degree d; of each
node and apply logarithmic smoothing:

¢i = log(d; + 1). )

The smoothed degree values are discretized into M
bins, and B(7) denotes the bin index of node i. The
propensity score is estimated by the proportion of
training samples in the corresponding bin:

e A —tmain 3)

The training weight is then defined as w; = 1/e;,
giving larger weights to underrepresented struc-
tural patterns and reducing the model’s reliance on
degree-related shortcuts.

Beyond sample-level reweighting, we further
introduce counterfactual graph perturbation to im-
prove robustness against structural changes. Given
the original adjacency matrix A, we construct a
perturbed graph by random edge dropout, i.e.,
A = Dropout(A,p). The original graph (X, A)
and the perturbed graph (X, A) are fed into the
model to obtain prediction distributions () and Q,
respectively. We then enforce prediction consis-
tency through a KL-divergence regularization term:

Lconsist — |‘1/| ZDKL(QZ ” Ql) (4)
i€V
This objective is applied to all nodes, including
unlabeled ones, encouraging the model to learn
representations that remain stable under graph per-
turbations.

As the graph aggregation backbone, we use a
Transformer-based multi-head attention layer in-
stead of a conventional GCN. At the /-th layer, the
node representation is updated as:

! -
hg) = Concati, Z afjW‘]}hg 2 , (5)
JEN ()
where the attention coefficient is computed by
Query-Key dot-product attention:

(Wb~ TR\
V dhead

k. _ ,
ag; = softmaxj(

(6)
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This attention mechanism allows the model to adap-
tively aggregate neighborhood information accord-
ing to semantic relevance.

3.4.1 Optimization Objective

The final loss function consists of two compo-
nents, namely the causally weighted classification
loss L1ass and the counterfactual consistency loss

Lconsist:

> w

iGDtrain

1
Lejass = ————
class ’Dtrain ‘
C

(7

X Zyic log P(yic | zi, A).
c=1

where w; denotes the IPW weight computed previ-
ously. The overall optimization objective is formu-
lated as:

m(gn Liotal = Lelass + A - Leonsist (8)

where ) is a balancing coefficient that controls the
strength of the consistency regularization term.

3.4.2 Complexity Analysis

We further analyze the computational complexity
of the proposed CIL model. Assume that the graph
contains NV nodes and F edges, with feature di-
mension D. During the graph construction stage,
the similarity computation requires a complexity
of O(N2D). However, this operation belongs to
the offline preprocessing stage and therefore does
not contribute to the training overhead.

During the IPW computation stage, only degree
statistics and binning operations are involved, re-
sulting in a complexity of O(NN). During model
training, the single-layer complexity of the feature
aggregation network is O(ED + ND?). Since
counterfactual intervention is introduced, each it-
eration requires two forward propagations, corre-
sponding to the original graph and the intervened
graph, respectively. Therefore, the total training
complexity can be approximated as:

2 x L x O(ED + ND?) 9)

where L denotes the number of graph neural net-
work layers.

The analysis demonstrates that although the pro-
posed framework introduces sophisticated causal
debiasing mechanisms, the training complexity re-
mains linearly scalable with respect to the graph
structure, maintaining computational efficiency

comparable to standard graph neural networks and
exhibiting strong scalability for large-scale social
network data.

4 Experiments

4.1 Datasets and Metrics

We evaluate CIL on three widely used multimodal
fake news detection datasets: Twitter (Boididou
et al., 2015), PHEME (Zubiaga et al., 2016), and
Weibo (Jin et al., 2017), which cover different plat-
forms, languages, and event types. Twitter con-
tains 17,441 English tweets with images from ma-
jor social events, PHEME includes about 2,400
event-related tweets with propagation structures,
and Weibo contains 5,214 Chinese image-text posts
from domains such as disasters, healthcare, eco-
nomics, and military affairs.

Following previous setting (Hu et al., 2025),
each dataset is randomly split into training, val-
idation, and test sets with a ratio of 70%/10%/20%.
To simulate low-resource settings, only 5% of the
training samples are labeled, while the remaining
training samples are used as unlabeled data for
graph propagation and pseudo-label learning. All
experiments are repeated five times with different
random splits, and average results are reported. We
use Accuracy, Precision, Recall, and F1-score as
evaluation metrics, with Fl-score as the primary
metric.

4.2 Experimental Setup

CIL is implemented with PyTorch 2.0. We use
CLIP ViT-B/32 as the multimodal encoder, produc-
ing 1024-dimensional image-text features, which
are expanded to 1026 dimensions after pseudo-
label injection. For graph construction, five cosine
similarities are used with threshold 8 = 0.70, and
each node keeps at least three nearest neighbors to
avoid isolation.

GPT-40 generates pseudo-labels, and only the
top 5% high-confidence predictions are retained.
The graph encoder is a two-layer Transformer-
Conv network with eight attention heads, fol-
lowed by LayerNorm and Dropout (p = 0.3) af-
ter the first layer. For causal debiasing, node de-
grees are log-transformed and discretized into 10
bins for propensity estimation, with IPW weights
clipped to [0.1, 10]. Counterfactual learning uses
edge dropout with probability p = 0.5 and KL-
divergence consistency regularization.
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Twitter PHEME Weibo

Method

Acc  Pre Rec F1 Acc  Pre Rec F1 Acc Pre Rec F1
LLM (2024) 75.39 75.66 80.92 78.20 74.38 78.66 75.16 76.87 80.86 82.16 81.33 81.75
EANN (2018) 71.53 71.38 63.82 68.91 70.17 71.28 67.36 69.10 79.18 80.31 78.52 79.44
MVAE (2019) 74.56 80.15 76.34 81.57 77.83 73.82 73.45 7221 71.86 70.32 70.32 70.53
SAFE (2020) 76.66 76.32 75.41 76.37 81.25 79.22 79.11 79.69 8491 83.81 82.19 83.01
SpotFake (2019) 77.16 75.32 87.83 85.14 81.37 79.53 81.22 79.43 86.39 86.12 87.17 83.22
MCAN (2021) 8091 82.68 76.67 82.26 80.74 79.21 79.64 80.15 86.50 88.10 84.60 86.15
HMCAN (2021) 83.91 81.68 84.67 82.57 86.36 83.18 83.81 83.49 86.75 88.40 84.65 87.20
FCN (2018) 82.86 78.64 87.39 82.78 80.36 84.43 89.12 86.71 82.92 83.17 88.45 86.74
GLPN (2025) 87.60 86.52 88.88 86.86 88.29 86.92 88.14 86.87 90.66 89.06 92.20 91.46
CIL (Ours) 90.67 87.12 90.23 88.65 88.34 89.67 92.01 90.82 89.45 90.78 94.12 92.42

Table 2: Main experimental results across three multimodal fake news detection datasets

The model is trained with Adam using a learn-
ing rate of 1 x 10~ and weight decay of 5 x 1074,
Early stopping is applied if validation F1 does not
improve for 20 epochs. All experiments are con-
ducted on an NVIDIA RTX 4090 GPU. Baselines
follow the same splits and evaluation protocols
whenever possible, with hyperparameters selected
from their original papers. For LLM-based base-
lines, the same GPT-40 model and prompting strat-
egy are used.

4.3 Baselines

We compare CIL with representative multimodal
fake news detection methods. The baselines in-
clude an LLM-only classifier (Hu et al., 2024),
EANN (Wang et al., 2018), MVAE (Khattar et al.,
2019), SAFE (Zhou et al., 2020), SpotFake (Sing-
hal et al., 2019), MCAN (Wau et al., 2021), HM-
CAN (Qian et al., 2021), FCN (Liu and Wu, 2018),
and GLPN (Hu et al., 2025). These methods cover
adversarial event-invariant learning, multimodal
variational modeling, similarity-aware fusion, dual-
stream multimodal modeling, co-attention, hier-
archical attention, graph-based label propagation,
and LLM-enhanced pseudo-labeling. GLPN is the
most direct baseline, as it also uses LLM-derived
pseudo labels; CIL differs by adding CLIP-aligned
multi-view graph construction and causal structural
debiasing.

4.3.1 Main Experimental Results

Table 2 presents the performance comparison be-
tween the proposed CIL model and several base-
line methods on the three datasets. Overall, CIL
achieves the best or near-best performance across
most evaluation metrics, demonstrating the effec-
tiveness of the proposed framework.

On the Twitter dataset, CIL achieves an accuracy
of 90.67% and an F1-score of 88.65%, outperform-
ing GLPN by 3.07% and 1.79%, respectively. This
improvement demonstrates the effectiveness of the
proposed causal intervention and multi-view graph
construction strategies. By removing structural
bias through IPW and enhancing robustness via
counterfactual learning, the model can focus more
on semantic content rather than popularity-related
features.

On the PHEME dataset, CIL achieves the best
Fl-score of 90.82%, outperforming GLPN by
3.95%. Since PHEME is relatively small and
contains limited event categories, the results in-
dicate that CIL maintains strong generalization
ability under low-resource settings. The im-
provement mainly benefits from high-confidence
pseudo-labels generated by the LLM and the semi-
supervised graph propagation mechanism.

On the Weibo dataset, CIL achieves an F1-score
of 92.42%, which is higher than GLPN by 0.96%.
This result demonstrates that the proposed frame-
work also exhibits strong cross-language and cross-
domain transferability. The semantic alignment
capability of CLIP and the robustness introduced
by causal debiasing both contribute to this improve-
ment.

Further analysis shows that CIL maintains a bet-
ter balance between Precision and Recall compared
with baseline methods. For example, on the Twit-
ter dataset, CIL achieves 87.12% Precision and
90.23% Recall, indicating that the model can accu-
rately identify fake news while maintaining high
coverage. In contrast, several baseline methods
exhibit more obvious imbalance between the two
metrics.
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4.4 Ablation Study

To evaluate the contribution of each component
in CIL, we conduct ablation experiments on the
Twitter dataset. The results are shown in Table 3.

Variant Acc Pre Rec F1

CIL 90.67 87.12 90.23 88.65
w/o CLIP 88.45 84.89 88.01 86.42
w/o MV Graph 89.23 86.67 88.78 87.71
w/o LLM PL 89.56 87.01 89.12 88.05
w/o IPW 89.34 85.78 88.89 87.31
w/o CF Reg. 89.78 86.23 89.34 87.76
w/o IPW + CF 88.89 85.34 88.45 86.87

Table 3: Ablation study on the Twitter dataset (%).

Removing any module leads to performance
degradation, demonstrating the effectiveness
of each component.  Replacing CLIP with
ResNet+BERT causes the largest drop, showing
the importance of cross-modal feature alignment.
Removing the multi-view graph construction also
reduces performance, indicating that multiple simi-
larity views provide richer semantic relations.

Without LLM-generated pseudo-labels, the
model loses useful external supervision under the
semi-supervised setting. Removing IPW debias-
ing significantly decreases performance, verifying
the importance of causal intervention in alleviating
structural bias. In addition, counterfactual regular-
ization improves robustness by enforcing predic-
tion consistency under graph perturbations. When
both IPW and counterfactual regularization are re-
moved, the performance drops further, confirming
that the two modules complement each other.

4.5 Hyperparameter Analysis

To further investigate the robustness of the pro-
posed framework, we analyze the influence of
several important hyperparameters on the Twitter
dataset, including the consistency weight ), edge
dropout probability p, pseudo-label retention ra-
tio K, and IPW bin number M. The results are
summarized in Table 4.

For the consistency weight A, the performance
first improves and then declines as A increases. The
best performance is achieved at A = 0.3, indicating
that moderate consistency regularization improves
robustness and generalization, while excessively
large values overemphasize consistency constraints
and weaken the classification objective.

For the edge dropout probability p, the best per-
formance is obtained at p = 0.5. Moderate graph

Parameter  Setting  Acc Pre Rec F1
0.0 89.78 86.23 89.34 87.76
0.1 90.12 86.56 89.67 88.09
A 0.2 9045 84.89 90.01 87.38
0.3 90.67 87.12 90.23 88.65
0.4 90.56 87.01 90.12 88.54
0.5 90.34 86.78 89.89 88.31
0.0 89.78 86.23 89.34 87.76
0.2 90.23 86.67 89.78 88.20
0.3 90.45 86.89 90.01 88.42
p 0.4 90.56 87.01 90.12 88.54
0.5 90.67 87.12 90.23 88.65
0.7 90.12 86.56 89.67 88.09
0 89.56 86.01 89.12 87.54
1 89.89 86.34 8945 87.87
K (%) 3 90.34 86.78 89.89 88.31
5 90.67 87.12 90.23 88.65
10 90.23 86.67 89.78 88.20
5 89.80 86.34 8945 87.87
8 90.34 86.78 89.89 88.31
M 10 90.67 87.12 90.23 88.65
15 9045 86.89 90.01 88.42
20 90.12 86.56 89.67 88.09

Table 4: Hyperparameter analysis on the Twitter dataset
highlights key parameter effects. (%).

perturbation improves robustness against structural
bias, whereas overly large dropout ratios damage
graph connectivity and reduce propagation effec-
tiveness.

For the pseudo-label retention ratio K, the model
achieves optimal performance at K = 5%. A small
number of high-confidence pseudo-labels provides
effective external supervision, while larger ratios
introduce noisy pseudo-labels and negatively affect
performance.

Finally, for the IPW bin number M, the best re-
sult is obtained at M = 10. Small bin numbers
lead to coarse propensity estimation, while exces-
sively large values produce unstable estimation due
to insufficient samples in each interval.

5 Conclusion

We propose CIL, a multimodal fake news detec-
tion framework that combines CLIP-based seman-
tic alignment, LLM-assisted weak supervision, and
structural debiasing. CIL constructs a multi-view
semantic graph, injects confidence-filtered pseudo-
labels, and applies degree-aware reweighting with
counterfactual consistency regularization. Exper-
iments on Twitter, PHEME, and Weibo demon-
strate its effectiveness over competitive baselines,
while ablation results confirm the contribution of
key components.
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Limitations

Although CIL shows strong empirical performance,
several limitations remain. First, the quality of
LLM-generated pseudo-labels depends on the ca-
pability and calibration of the external language
model. Even with confidence filtering, incorrect
high-confidence predictions may still be injected
into the graph and affect downstream training. Sec-
ond, the framework relies on CLIP to provide
aligned multimodal representations. When images
contain fine-grained visual evidence, manipulated
regions, or domain-specific cues that are not well
captured by the pretrained encoder, the constructed
semantic graph may be less reliable. Third, the
multi-view graph construction requires pairwise
similarity computation among samples, which may
become expensive for very large-scale social me-
dia streams despite being performed as an offline
preprocessing step. Finally, the current evaluation
focuses on three benchmark datasets. More exper-
iments on real-time, cross-platform, and multilin-
gual misinformation scenarios are needed to further
validate the generalization ability of the proposed
framework.

Ethics Statement

This work aims to support multimodal fake news
detection and should be used as an assistive tool
rather than a fully automated decision-making sys-
tem. The datasets used in this study are existing
research benchmarks, and we do not attempt to
identify individual users or infer sensitive personal
attributes. The framework uses LLM-generated
pseudo-labels, which may contain errors or biases
even after confidence filtering. Therefore, model
predictions should be interpreted with caution, es-
pecially in high-stakes scenarios such as content
moderation, journalism, public health, or political
communication. Human review is necessary be-
fore taking real-world actions based on the model
output. We also acknowledge that biased or incom-
plete training data may lead to unfair performance
across topics, languages, or communities. Future
deployment should include transparency, bias au-
diting, and regular cross-domain evaluation.
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