LyRE:Learning Varying Fusion Degrees with
Hierarchical Aggregation to Improve Multimodal
Misinformation Detection

Yidu Chen' 23, Bo Ma!23®9  Yating Yang!23®9  Dilxat Abdureyim® 23, Rui
Dong! 23, Zhen Wang! 23, Lei Wang"?3, and Zhou Xil23

! Xinjiang Technical Institute of Physics and Chemistry, Chinese Academy of
Sciences, Urumgqi, China
{mabo,yangyt,dilxat,dongrui,wang_zhen,wanglei,zhouxi}@ms.xjb.ac.cn
2 University of Chinese Academy of Sciences, Beijing, China
chenyidu22@mails.ucas.ac.cn
3 Xinjiang Laboratory of Minority Speech and Language Information Processing,
Urumgi, China

Abstract. The rapid proliferation of misinformation poses serious con-
cerns, necessitating the development of efficient and accurate automated
detection methods. Existing multimodal misinformation detection ap-
proaches predominantly focus on fusing information from different modal-
ities. However, the diverse nature of multimodal posts on social me-
dia means that solely focusing on fusion can introduce noise, particu-
larly in posts with weak inter-modal correlations. To address this chal-
lenge and effectively handle diverse misinformation instances, we pro-
pose a novel method Learning Varying Fusion Degrees with Hierarchical
Aggregation(LyRE). LyRE employs classifiers at different stages of a
hierarchical fusion process, enabling the model to learn from representa-
tions with varying degrees of cross-modal interaction and adapt to differ-
ent types of multimodal data. Experimental results on multiple publicly
misinformation detection datasets demonstrate that LyRE outperforms
other state-of-the-art and highly competitive misinformation detection
methods.

Keywords: Misinformation Detection - Multimodal Misinformation De-
tection - multimodal fusion - Hierarchical Aggregation

1 Introduction

Misinformation mimics the form and style of legitimate news media but fabri-
cates information to mislead the public for malicious purposes[15], raising serious
concerns over its rapid proliferation on social media platforms[17]

The evolution of social media has significantly reduced the cost of informa-
tion dissemination, driving a shift from text-based news posts to multimodal
formats[14]. This shift is particularly evident in the proliferation of multimodal
misinformation, where eye-catching images are often coupled with misleading
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text to create engaging content that users are more likely to share [1]. Fabricated
for economic or political gain, misinformation often relies on text to convey its
primary claims, while images and videos provide supporting visual cues [23]|. Au-
tomated multimodal misinformation detection systems leverage this interplay by
analyzing semantic, emotional, and textural features extracted from both text
and visual modalities to discern factual content from falsehoods.

Early fusion of modality features is a prominent approach in multimodal pro-
cessing. Existing early fusion methods for multimodal misinformation detection
primarily include feature concatenation [25], cross-attention mechanisms [28,35],
semantic alignment-based fusion [33],multi-view fusion[30], and entity relation-
based fusion [7]. While these methods effectively integrate features from two
modalities to some extent, early fusion at the feature level may rely heavily on
highly correlated data, limiting its applicability to all types of misinformation
posts. First, misinformation can be unimodal-dominant or multimodal comple-
mentary, Figure 1 shows two misinformation samples, and Figure 2 depicts the
proportions of modal dominant, suggesting that a large portion exhibits text
dominance, while a smaller portion shows image dominance. Many of these in-
stances contain irrelevant content in the non-dominant modality, with a weak
inter-modal correlation. Early fusion in such cases might introduce noise, hinder-
ing accurate classification. Second, highly fusing visual and textual information
can lead to information loss due to inherent semantic differences[24]. Third, Con-
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catenation and attention-based fusion methods often result in quadratic time
and space complexity [19], requiring significant computational resources. To ad-
dress the aforementioned challenges, we explore an effective hierarchical fusion
approach to enhance multimodal misinformation detection, particularly in sce-
narios with varying degrees of inter-modal correlation. Inspired by the neural
dynamics observed in the human brain during multisensory processing we pro-
pose a Learning Varying Fusion Degrees with Hierarchical Aggregation(LyRE)
multimodal misinformation detection framework.

The neuroscientific studies have revealed a gradual integration process when
the brain handles multisensory stimuli, unimodal stimuli appearing first fol-
lowed by multimodal integration within a short time window [3,12]. This suggests
that multisensory fusion in the brain may be a progressive phenomenon, where
the brain first processes and responds to unimodal information, and then pro-
cesses and responds to the integrated multimodal information in a hierarchical
manner|21]. Similar to the human brain, the LyRE framework has two core oper-
ations: 1) Hierarchical Aggregation and 2) Varying Fusion Degrees Learning. In
Hierarchical Aggregation, unimodal features are initially mapped and outputted
in a simple manner. Subsequently, these features are progressively fused with
increasing degrees of cross-modal features, layer by layer. Although some infor-
mation loss occurs during feature fusion, we retain the results at each step to
mitigate this loss. In Varying Fusion Degrees Learning, we use independent clas-
sifiers to learn information from different perspectives of fusion degrees, adapt-
ing to various types of multimodal data. The connected network is composed
of simple MLP units. Despite the simplicity of LyRE, it achieves remarkable
performance.

Our contributions can be summarized as follows:

1. We propose a simple but effective module for cross-modal feature aggregation
that achieves efficient cross-modal information fusion using reusable network
pathways and weight addition, ensuring computational efficiency.

2. We introduce a method that focuses on information with varying degrees
of cross-modal fusion, addressing misinformation posts with different cross-
modal relevance.

3. The proposed LyRE method achieves state-of-the-art performance on multi-
modal fake information detection datasets Gossipcop and Weibo-21. More-
over, we conduct detailed and comprehensive experimental analyses of fea-
ture fusion at different fusion degrees.

2 The Approach

Our proposed method aims to utilize a simple fusion architecture to capture
more comprehensive information from images and text in misinformation detec-
tion, enabling effective real-time identification. As illustrated in Figure 3, images
and text are independently represented using pre-trained models. These repre-
sentations are then processed through a three-layer network structure, where
the degree of cross-modal fusion gradually increases at each layer. We integrate
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Fig. 3: The framework of LyRE comprises two primary modules: a Hierarchical
Aggregation module, consisting of multiple independent Aggregation Units, and
a Varying Degrees Classifier module.

vector representations with varying degrees of fusion and design a multi-view
classification loss. The details of our proposed method will be introduced in
subsequent sections.

2.1 Feature Encoder

Given a multimodal sample z = {T, I} as input, we use the pre-trained language
model BERT [5] to encode the text. Specifically, given a sentence T', we use a
tokenizer of BERT to tokenize T into tokens, and then use max pooling to obtain
the text representation, and for the image modality, we utilize the pre-trained
vision model MAE [6] as the image encoder. We resize images of different sizes
to a fixed size, and then encode the image using MAE :

et = MaxPooling(BERT (Tokenize(T))) (1)
e; = MAE(Resize(l)) (2)

where e, is the text representation, MaxPooling(-) is a max pooling operation,
Resize(+) is an operation that resizes the image to 224 x 224 size, and e; is an
image representation with the same dimension as e;.

2.2 Hierarchical Aggregation

Neurodynamic studies of the brain have found that as neurons integrate differ-
ent sensory inputs, the connection strength between neurons in various sensory
regions gradually increases during cross-sensory fusion [20]. Inspired by this,
when designing the pathways for network connections, the connection strength
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between layers in the fusion network gradually increases, leading to a more con-
sistent representation space across modalities. This progressive fusion approach
enables a more complete capture of cross-modal information.

Aggregation Unit An aggregation unit consists of two fully connected layers
and an activation function:

0= (W, f(2) + by) (3)

where f(-) denotes a fully connected layer with one layer, o(-) denotes the ReLU
activate function , z denotes the input to the aggregation unit, and W, b, are
the parameters of aggregation unit.

Hierarchical Aggregation Layer As presented in Figure 3, we employ a
three-level Aggregation Layer to fuse cross-modal information.

In the first level, each aggregation unit is utilized only once, processing a
single input and generating a single output, the aggregation units within the
second level are each utilized twice, participating in two separate input-output
operations. This utilization pattern is further extended in the third level, where
each Unit is employed three times. This hierarchical structure with increasing
unit utilization facilitates a gradual and increasingly sophisticated fusion of cross-
modal information.

Given the image feature e; and text feature e; after encoding, the information
pathway of the first aggregation layer can be described as follows :

o1n = 0(fin(ei) + by, ),n € {1,2} (4)

01m = 0(fim(er) + byy,,) + by, ,m € {3,4} (5)

Where 0;;,1 < j < 4,1 <4 < 3 represent the j aggregation outputs of i layer
outputs, fr, denotes the fully connected parameters of k unit in v aggregation
layer. Note that e; and e; are duplicated to construct outputs under different
transformations, ensuring each unit in the subsequent layer receives two distinct
inputs.

021 = 0(fa1(011) + by, ) (6)
02 = 0(fa2(012) + buyy,), 1 €{2,3} (7)
02m = 0(f22(013) + buyg), m € {4,5} (8)
026 = 0(fa3(014) + byy) (9)
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In the third layer, each neuron participates in the process of modality information
aggregation. The outputs 021, 022, 023 carry visual information, while 024, 025, 026
carry textual information. We performed an orderly combination, ensuring that
each neuron passes through both the text and image streams.

2.3 Learning with Varying Degrees of Fusion

Different layers within a neural network learn distinct levels of information and
exhibit varying sensitivities to specific features [32]. Lower layers tend to cap-
ture more general and abstract features, while higher layers learn more specific
and task-oriented representations [31]. Recent studies on multimodal tasks have
demonstrated that incorporating modality-specific output heads can enhance the
classification performance of fused representations [30]. Inspired by these find-
ings, we introduce independent classifier for representations at different stages
of fusion.

The complexity of these classifier increases progressively with the level of
fusion. For representations with low fusion, we employ a simple linear trans-
formation. For moderately fused representations, we utilize a multi-layer per-
ceptron (MLP). Finally, for highly fused representations, we incorporate Layer
Normalization to mitigate fluctuations arising from the summation of multiple
information sources.

Varying Degrees Classifier After obtaining multimodal representations with
varying degrees of fusion through summation, we employ three independent clas-
sifiers to perform classification on these representations. This approach allows
us to capture feature information at different levels of abstraction:

2’!L7‘,
ri=» 0y ,i=123 (11)
j=1
y1 = Softmax(Wp, 1) (12)
yo = Softmax(MLP(W,,rs)) (13)

ys = Softmazx(Layer Norm(MLP(W,,r3))) (14)
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Table 1: Performance comparison on the Gossipcop, Politifact and Weibo-21
datasets. The best performance is highlighted in bold, while underlining high-
lights the follow-up.

Real News Fake News
Datasets Methods Accuracy Precision Recall F1 Precision Recall F1
SAFE [34] 0.838 0.857 0.937 0.895 0.758 0.558 0.643

SpotFake [25] 0.858 0.866 0.962 0.914 0.732 0.372 0.494
EANN [27] 0.864 0.887 0.956 0.920 0.702 0.518 0.594

GOSSIPCOP (yp ks 4] 0.867  0.887 0.957 0.921 0.732 0.490 0.587
BMR [30] 0.890  0.896 0.977 0.935 0.844 0.521 0.645
LyRE(Ours) 0.897 0.916 0.960 0.937 0.793 0.631 0.702
SAFE [34] 0874  0.851 0.830 0.840 0.889 0.903 0.896

Politifact SPOFake [25] 0.760  0.933 0778 0.848 0.310 0.643 0.419
CAFE [4] 0.864  0.895 0.919 0.907 0.724 0.778 0.750
BMR [30] 0.885  0.904 0.917 0.917 0.806 0.781 0.781

LyRE(Ours) 0.942 0.972 0.947 0.960 0.871 0.931 0.900
SpotFake [25] 0.851  0.786 0.964 0.866 0.953 0.733 0.828
EANN [27] 0.870  0.841 0.912 0.875 0.902 0.825 0.862
CAFE [4] 0.882  0.907 0.844 0.876 0.857 0.915 0.885
BMR [30] 0.923  0.941 0.905 0.923 0.906 0.942 0.924
LyRE(Ours) 0.947 0.950 0.946 0.948 0.944 0.949 0.947

Weibo-21

where ¥1, Y2, and y3 represent the predicted probability distributions over the
classes for each level of representation fusion.W,,, W,,, and W,,, are learnable
weight matrices, and MLP denotes a multi-layer perceptron.

We aggregate the predictions from different levels of representation and em-
ploy a cross-entropy loss to train the classification objective:

L;=-E, v ylog(yi:) + (1 —y)log(l—y;),1 <i<3 (15)
Liotal = oLy + BLo + VL3 (16)

where y denotes the ground-truth label of the input post, and «, 38, v are
hyperparameters controlling the weights of the losses from different fusion levels.

During inference, we aggregate the three predicted outputs as the final pre-
diction § = agi + By2 + 7Ys-

3 Experiments

3.1 Experimental Setup

We evaluate the performance of LyRE and baselines on three real-world mis-
information datasets collected from social media, Gossipcop[22] , Politifact|22],
Weibo-21[13]. To assess broader applicability we further evaluate on the two
multimodal sarcasm dataset MMSD[2] and MMSD2.0[18].
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Table 3: Ablation study of
LyRE on the Weibo-21 dataset.

Evaluation Metric

Table 2: Performance comparison on

the MMSD and MMSD2.0 dataset. AAce AFT_ Acc  F1_
Datasets Methods Acc P R F1 Text "%'17% '4‘%3%’ 0.906 0.906
HFM[2] 0.834 0.766 0.842 0.802 Image  -23.90% -23.56% 0.708 0.713
D&R Net[29]  0.840 0.780 0.834 0.806 Sum 2.41% -2.35% 0.923 0.925
Att—BERT[lG] 0.861 0.809 0.851 0.829 Co-Attn -2.19% -2.18% 0.925 0.927
MMSD  mCrossMGs [8] 0.861 0.814 0.844 0.828 Concat  -1.64% -1.62% 0.931 0.932
HCM [11] 0.874 0.818 0.865 0.841 P 110% -117% 0.936 0.957
DynRT-Net [26] 0.936 0.931 0.936 0.933 g 175% -1.80% 0.930 0.930
LyRE(Ours)  0.901 0.899 0.897 0.898 T 0.77% -0.80% 0.940 0.940
HFM]2| 0.706 0.648 0.691 0.669 F+S 0.99% -1.00% 0.938 0.938
HKE [10] 0.765 0.735 0.711 0.723 F+T 0.32% -0.36% 0.944 0.945
MMSD2.0 CMECN [9] 0798 0.758 0.780 0.769 S+T  -0.65% -0.66% 0.941 0.942
Att-BERT[16] 0800 0.763 0.778 0.770 R 1.21% -1.26% 0.935 0.936
DynRT-Net [26] 0.714 0.718 0.722 0.713 LyRECR  -0.77% -0.84% 0.940 0.940

LyRE(Ours) 0.816 0.764 0.829 0.795 - - - - - — - - - - ———— - ————— -

LyRE - - 0.947 0.948

As the first layer has 4 pathways, the second layer has 6, and the third layer
has 9, we set a = %, B = %, and v = %. This weighting scheme ensures that
the expected gradients from the three losses are relatively balanced.

3.2 Baseline Methods

To ensure a fair comparison, we selected multi-modality baseline methods with
comparable backbone model performance. For the misinformation detection task,
we compare the performance of LyRE against recent multi-modality methods:
EANN [27], SpotFake [25], CAFE [4], SAFE [34], and BMR [30]. On the sarcasm
detection dataset, we benchmark against: HFM [2], Att-BERT[16], CMGCN]9],
HKE [10] and DynRT-Net [26].

3.3 Performance Comparison

Tables 1 and 2 present the comparative results for misinformation detection
and sarcasm detection, respectively. We conduct a comprehensive performance
evaluation using accuracy, precision, recall, and F1-score as metrics, reporting
the average evaluation metrics across five different initial seeds.

Comparison on Misinformation Detection Employing a multi-output clas-
sification approach demonstrably enhances performance. While the baseline EANN
model achieves accuracies of 86.4% and 87.0% on the GossipCop and Weibo-
21 datasets, respectively, SpotFake exhibits comparatively lower performance,
reaching 85.8% and 85.1% on the same datasets. The CAFE method, by re-
fining the learning focus of the two output classifiers, further improves perfor-
mance, achieving accuracies of 86.7%, 86.4%, and 88.2% on GossipCop, Poli-
tiFact, and Weibo-21, respectively. Notably, the BMR model, which integrates
multiple unimodal and multimodal perspectives, yields the highest accuracies,
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reaching 89.7%, 88.5%, and 92.3% on GossipCop, PolitiFact, and Weibo-21, re-
spectively.

LyRE demonstrates highly competitive performance, achieving accuracies of
89.7%, 94.2%, and 94.7% on the GossipCop, PolitiFact, and Weibo-21 datasets,
respectively. These results compare favorably to state-of-the-art baseline BMR .
Notably, our approach further improves upon the BMR baseline by 0.7%, 5.7%,
and 2.4% on the respective datasets. Furthermore, LyRE consistently yields the
highest F1l-scores across all datasets, indicating a more balanced classification
performance across different categories.

Comparison on Sarcasm Detection The DynRT-Net methodexhibited a
significant performance discrepancy between the MMSD and MMSD2.0 datasets,
achieving 96.6% accuracy on the former but only 71.4% on the latter. This
discrepancy arises from data leakage issues within the MMSD dataset, where
models could achieve artificially high performance by overfitting to spurious
correlations in the text. MMSD2.0 addresses this leakage through rigorous text
cleaning, forcing models to rely on genuine cross-modal interactions rather than
relying solely on textual cues. Notably, our method achieves an accuracy of
81.4% on MMSD2.0, outperforming other methods with similar backbone model
architectures. This result highlights the effectiveness of our approach in fusing
visual and textual information to learn robust and generalizable cross-modal
representations.

3.4 Abalation Study

To validate the contribution of each module in our proposed method, we conduct
a series of ablation studies. "Text" and "Image" denote the use of unimodal fea-
tures only. "Co-Attn", "Concat", and "Sum" represent replacing our proposed
hierarchical aggregation module with co-attention, concatenation, and summa-
tion, respectively. "F", "S" and "T" correspond to the classifiers built upon the
first, second, and third aggregation layers, respectively. We analyze variants with
different layer combinations. To investigate the impact of connection depth, we
experimented with adding a fourth aggregation layer, denoted by "R".

We investigated the impact of utilizing different combinations of fusion layers.
As shown in 3,when using a single classifier head, the third layer "T" achieves
the best performance, while the second layer "S" exhibits comparatively weaker
results. When combining two classifier heads, the "F4T" configuration slightly
outperformed "S+T" but demonstrated significantly better performance com-
pared to "F+S." This suggests that the information learned by the first and
second layers is relatively similar, resulting in a limited gain from their combina-
tion. In contrast, combining the first and third layers provides a more substantial
information gain.

To explore the effects of fusion layer depth, we experimented with incorporat-
ing a fourth layer. Results indicate that the standalone fourth layer classifier "R"
yielded inferior performance compared to the third layer "T". Similarly, com-
bining all four layers "LyRE+R" led to a performance degradation compared
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Fig. 4: Visualization of interpretability for strongly and weakly complementary
multimodal samples. Deeper green highlights indicate stronger contributions to
a "real" prediction, while deeper red highlights indicate stronger contributions
to a "fake" prediction. (a) illustrates a weakly complementary case, while (b)
depicts a strongly complementary one.

to using only the first three "F+T". This suggests that the increased complex-
ity introduced by the fourth layer, where each unit receives connections from
four pathways, might lead to overfitting and an excessive fusion of information,
ultimately resulting in information loss.

4 Case Study

To analyze the distinct features learned by different hierarchical aggregation lay-
ers, we visualize the gradient influence of text and image modalities, as shown in
Figure 4. When a significant semantic gap exists between modalities, as in Figure
4(a) where the text describes "daughter of Jr Smith" while the image portrays
"Jr Smith playing basketball," the gradient magnitude at the highly-fused third
layer is notably smaller than at the first layer. Conversely, in Figure 4(b), where
both text and image relate to "jewelry," the third layer exhibits more precise
attention focused on the ring on the hand. This suggests that each layer learns
different levels of information fusion with varying attention foci, effectively per-
forming detection in both low and high cross-modal complementarity scenarios.

5 Conclusion

In this paper, we introduce LyRE, a simple but effective framework for multi-
modal misinformation detection. LyRE comprises two main modules: Hierarchi-
cal Aggregation Network and Varying Fusion Degrees classifiers. The hierarchical
aggregation mechanism uses a carefully designed pathway for progressive cross-
modal fusion, allowing the model to learn from different levels of inter-modal
interaction. This approach enables comprehensive learning from multimodal in-
formation and reduces information loss during cross-modal fusion, resulting in
superior misinformation detection performance. Our experimental results ex-
plore the distinct characteristics learned at different fusion degrees, providing
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valuable insights into how multimodal models effectively capture and leverage
cross-modal correlations.
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