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Abstract: The advent of the era of big data has led to the emergence of heterogeneous network data
fusion as a prominent area of research. Heterogeneous network data is characterised by multi-
modality, multi-source, and high dimensionality, which presents significant challenges for traditional
data fusion methods. These methods often encounter difficulties in processing such data, including
issues such as information redundancy, data inconsistency, and high computational complexity. This
paper proposes a heterogeneous network data fusion model based on a deep neural network. The
model employs the Multi-Layer Perceptron (MLP) as its fundamental framework, utilising the deep
neural network to facilitate joint feature representation learning on data from disparate modalities.
The Adaptive Feature Reconstruction Module enables the model to learn the interrelationships
between different modalities and to balance the importance of different modal features in the fusion
process in a dynamic manner. Furthermore, we introduce an innovative cross-modal attention
mechanism, which is capable of effectively capturing the coupling relationship between deep features
in heterogeneous data, thereby enhancing the expressiveness and data fusion efficacy of the model.
The experimental results demonstrate that the proposed model markedly enhances the accuracy of
classification and regression tasks in comparison to traditional methodologies.

Keywords: heterogeneous network data; data fusion; deep neural network; cross-modal attention
mechanism

I. Introduction

The rapid development of big data and Internet of Things technologies has resulted in an
increase in the prevalence of heterogeneous network data in modern society. Heterogeneous network
data is derived from a multitude of sources, including physical sensors, social media platforms,
database systems, and Internet of Things (IoT) devices [1]. These data sets are frequently
characterised by their multimodality, multi-source nature, and high-dimensionality. The effective
fusion and analysis of these heterogeneous data sets can facilitate the exploration of potential
correlations and complementarities between the data, while also enhancing the performance of the
models in classification, regression, and other data mining tasks [2]. In light of the above, the fusion
of heterogeneous network data has been the subject of considerable interest in recent years and has
become a prominent area of research within the fields of machine learning and data mining [3].

The conventional heterogeneous data fusion techniques typically employ methodologies such
as rule reasoning, matrix factorisation and probability graph models to integrate data of disparate
modalities. However, these methods frequently encounter the following challenges when dealing
with heterogeneous data [4]: firstly, heterogeneous data often exhibits substantial information
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redundancy and data noise, and data sources of different modalities may be inconsistent at the
physical level, resulting in information conflict and feature mismatch after direct fusion [5].

Subsequently, the high dimensionality and complexity of heterogeneous data make it
challenging for traditional methods to effectively cope with the computational complexity and
storage overhead, and the model is susceptible to dimensional disasters and overfitting. Thirdly,
traditional methods typically necessitate the manual design of feature selection or combination rules
[6]. They are deficient in their ability to automatically discern the intricate semantic relationships
embedded within the data, and are unable to fully capitalise on the wealth of information
encapsulated within multimodal data. In light of these challenges, the urgent need has arisen to
develop an efficient and robust heterogeneous data fusion model.

In recent years, deep learning has demonstrated considerable potential in the context of
heterogeneous data fusion, due to its robust feature learning and representation capabilities. The
deep neural network model is capable of automatically learning high-level feature representations
from the data and mining the complex relationships between different modalities, thereby
demonstrating superiority in the fusion of large-scale heterogeneous data [7]. Nevertheless, the extant
heterogeneous data fusion methods based on deep learning continue to exhibit shortcomings in
practical application. These include inconsistent feature expression, insufficient intermodal
relationship mining, and inadequate model generalisation and robustness.

This work puts forth a novel heterogeneous network data fusion model founded upon the
principles of deep neural networks. The incorporation of an adaptive feature reconstruction module
and a cross-modal attention mechanism enables the model to effectively address the issues of
inconsistent feature expression and insufficient mining of intermodal relations. Additionally, the
incorporation of an adversarial training-based regularisation method enhances the model's stability
and generalisation capacity in the presence of noise interference and data distribution alterations.

I1. Related Work

Gao et al. [8] undertook a review of the research progress of multimodal data fusion, discussed
the limitations of traditional data fusion methods, and proposed the application advantages of deep
learning models in multimodal data. This paper compares the applications of various deep learning
architectures (such as deep belief networks, stacked autoencoders, convolutional neural networks,
and recurrent neural networks) in multimodal data fusion. It also introduces typical cases in cross-
modal retrieval, image annotation, and medical-aided diagnosis.

In a recent publication, Liu et al. [9] put forth a novel model, designated as the Deep Multimodal
Encoder (DME), which is oriented towards the integration of disparate sensor data. By encoding
sensor data and modelling cross-modal feature relationships, the model is able to more effectively
capture the intrinsic features of multimodal data, thereby enhancing its generalisation ability and
robustness in the fusion process. The experimental results demonstrate that DME exhibits superior
performance compared to traditional fusion methods across a range of datasets.

Zhou et al. [10] put forth a multi-source heterogeneous data fusion methodology based on deep
learning and demonstrated its efficacy in sensor networks. The authors employed a deep learning
model to discern intricate relationships between disparate data sources, and the experimental
outcomes substantiate the efficacy of the proposed method in a multitude of sensor data fusion tasks.

III. Methodologies

A. Joint Feature Representation

This work proposed a heterogeneous network data fusion model based on a deep neural
network. The model comprises three principal modules: a joint feature representation learning
module, an adaptive feature reconstruction module and a cross-modal attention mechanism module.
The following section presents the specific mathematical formulas and analysis for each module. The
heterogeneous network dataset is composed of n modal data, which is denoted as {X;,X;, ..., X,,}.
Each modality is X;eR™*%, where d; is the feature dimension of the i modality and m is the
number of samples. In order to ensure uniform representation of the features of different modalities,
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Multi-Layer Perceptron (MLP) pairs are initially employed. Feature extraction and nonlinear
transformations are then performed for each modality, denoted as Equation (1)

Hi = O'(VVL 'Xi + bi)' HiE]Rdeh,i = 1,2, e n, (1)

where W; € R%*% represents the weight matrix, b; € R% denotes the bias term, o(-) signifies the
nonlinear activation function (such as ReLU), and d; refers to the dimension represented by the
hidden layer features. The joint feature matrix, H, after feature transformation is expressed as
Equation (2).

H = [Hy; Hy; ...; HyJeR™*(van), )

The joint feature representation matrix integrates the feature information of multimodal data
into a more expressive high-dimensional feature space, thereby providing a basis for subsequent
feature reconstruction and cross-modal interaction.

The objective of the adaptive feature reconstruction module is to assign suitable weights to the
features of different modalities, thereby ensuring a dynamic equilibrium between the relative
importance of each modal feature throughout the fusion process. The reconstructed joint features are
represented as H, which can be expressed as the weighted sum of the modal features and shown in
Equation (3).

n
szai'Hi,HERdeh, (3)
i=1
where «; represents the weight of the i mode, which satisfies }.i_; a; = 1. The weight vector a; is
obtained through the process of adaptive learning, denoted as Equation (4).
_ _ exp (MLPo(Hy))

Fi = T exp (ML ()Y )
where MLP, (‘) is the weight generator, which transforms each modal feature and outputs the
weights through a multilayer perceptron. The aforementioned weighting mechanism enables the
model to effectively integrate modal information, retain crucial features, and mitigate the impact of
superfluous information.

In order to enhance the capacity of the model to interact with heterogeneous data, a cross-modal
attention mechanism is incorporated. Firstly, the similarity matrix A is calculated between the modal
features and shown in Equation (5), where A;; represents the similarity between the modal i and
the modal j.

_ exp(HyH))
T SRy exp (HiHD)'

A AeR™", 5)

On the basis of the similarity matrix, a cross-modal weighted summation of the feature H; of
modal i is carried out in order to obtain a new feature representation H;, represented as Equation

(6).

n
H{=2Ai'}"l‘1j,i=1,2,...,n (6)
j=1
The novel cross-modal feature representation, H', preserves the interactional data between the
modalities, thereby facilitating a more accurate representation of the intricate relationships between
the diverse modal features within the global feature space.

B.  Training and Optimization

In order to enhance the robustness and generalisation capacity of the model, this paper proposes
a regularisation method based on adversarial training. This method optimises the parameters of the
model by introducing perturbation terms, thereby improving its performance in the context of
complex data distributions. The loss functions of the model comprise the loss associated with the
basic task (denoted as L, ) and the loss associated with adversarial training (£44,). The loss
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associated with the underlying task is typically the intersectional entropy loss inherent to the
classification task or the mean squared error inherent to the regression task, denoted as Equation (7).

IO
Lease == LG (), y), )

where f (Hl) represents the prediction output of the model, while y; denotes the actual label. In
order to introduce adversarial training, the perturbation term A is defined, with a size limited to the
Il A< e range. The counter-loss function, L,g,, is defined as Equation (8).

I
Lagw = LCF(F;+8),y0). ®)
i=1

The final loss function of the model L, is the weighted sum of the loss of the underlying task and
the adversarial loss and described as Equation (9).

L= Ligsk + 4 Laap, )

note that A represents the weight coefficient of the adversarial loss, which is employed to regulate
the influence of the adversarial perturbation on the training of the model.

The objective of adversarial training is to enhance the stability of the model in the presence of
heterogeneous data distributions. The specific training process is outlined below: In accordance with
the prevailing model parameters, the perturbation term A, which optimises the adversarial loss, is
calculated by the following Equation (10).

VL (D))

VLG @I (20)

where VzL represents the gradient of H, as defined by the loss function pair. The perturbation term
A is then added to the feature representation H in order to calculate the adversarial loss and
minimise the final loss function L represented as Equation (11).

60 —n-VylL, (31)

Where the learning rate, represented by the variable n and the model parameter, represented by the
variable 6 are of particular interest. The aforementioned adversarial training methods enable the
model to retain high stability and accuracy in the presence of noise and perturbation, thereby
enhancing its generalisation ability in the context of complex and heterogeneous data distributions.

IV. Experiments

A.  Experimental setups

The Heterogeneous Sensor Data Fusion Dataset is a public dataset for multi-source sensor data
fusion, designed to solve problems in the fusion of heterogeneous sensor data (such as temperature,
humidity, light intensity, etc.). The hidden dimension of the model was 256, the learning rate was set
to 0.001, and the Adam optimizer was used for training, with a batch size of 64. A total of 50 epochs
were performed for model training, and the ratio of training set to validation set was randomly
divided into 8:2 in each epoch.

B.  Experimental analysis

In order to evaluate the heterogeneous sensor data fusion model proposed in this paper, we
compare it with the following classical methods: the statistical fusion method uses principal
component analysis (PCA) to extract the main features, and the traditional machine learning model
random forest (RF), which has better performance on low-dimensional data; Deep learning models
are stacked with autoencoders (SAEs) to handle complex nonlinear relationships between data.

Figure 1 depicts the variation of the adjusted Rand index (ARI) for PCA, RF, SAE, and our proposed
method (Ours) under different epochs, with the error ranges for each method represented using shaded
areas. It can be observed that the smaller the shaded area, the greater the stability of the method within
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the interval. Our method (Ours) demonstrates a higher average ARI value and a smaller margin of error,
indicating its stability and superiority in addressing heterogeneous data clustering tasks.

Adjusted Rand Index (ARI)
o
o
3

Figure 1. Comparison of Adjusted Rand Index (ARI) with Error.

Figure 2 illustrates the experimental comparison of entropy and mutual information for distinct
methods (principal component analysis, random forest, sparse autoencoder, and the proposed
approach) at each epoch. The diagram employs shaded areas to illustrate the margin of error for each
method. The initial graph illustrates the trajectory of information entropy for each method, while the
subsequent graph depicts the evolution of mutual information for each method. It can be observed
that the proposed method (Ours) exhibits a higher mutual information value and a relatively lower
information entropy value in the majority of epochs. This suggests that it is capable of more
effectively capturing and retaining essential information within multimodal data, while
simultaneously reducing the influence of superfluous information.
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Figure 2. Comparison of Mutual Information and Entropy across Different Methods.
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We then compared the MIMIC-III (Medical Information Mart for Intensive Care) dataset with
the existing Deep multimodal encoders method, which is a large medical dataset containing
electronic health records from ICU patients, covering multimodal medical data, including time series,
diagnosis, treatment, and other information.

Table 1. Comparison with existing advanced encoders method under novel dataset.

Methods Deep multimodal encoders Ours
Adjusted Rand Index (ARI) 0.78 0.85
Mutual Information 1.65 1.75
Entropy 0.60 0.50

V. Conclusions

In conclusion, a heterogeneous network data fusion model based on deep learning is proposed,
which effectively improves the performance of multimodal data fusion through an adaptive feature
reconstruction module and a cross-modal attention mechanism. Experimental results show that the
proposed model is significantly better than traditional methods, such as PCA, Random Forest (RF)
and Stacked Autoencoder (SAE), in several evaluation indexes (such as adjusted Rand index,
information entropy and mutual information), showing its superiority and stability in complex
heterogeneous data fusion tasks. In particular, our method shows strong robustness when dealing
with data noise and heterogeneity. Future research can further expand the application scenarios of
this model, such as exploring how to better capture the deep interaction between multimodal data in
complex systems such as smart cities, medical diagnosis, and environmental monitoring.
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