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This study presents MultiHeCo, a heterogeneous graph comparison model that
incorporates a multi-head self-attention mechanism to improve the ability of graph neural
networks to process complex interactions. For the complex structure of heterogeneous
information networks, the MultiHeCo self-attention mechanism is able to process and
capture complex information in parallel. As this mechanism is suitable for capturing the
characteristics of long-distance dependencies, we apply it to meta-path view generation to
identify key features and relationships. In terms of specific work, we introduce the multi-
head self-attention mechanism in heterogeneous graph neural networks for the first time,
propose a new meta-path view node embedding structure, and validate the model's
excellent performance in several downstream tasks and outperforms some semi-supervised
learning models through extensive experiments on two public datasets.
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1 Introduction

1.1 Research Background and Significance

In the real world, a large amount of data is interconnected through a complex network of
relationships. In the field of network information, the proposal of heterogeneous graph (HG)
data structure allows more belongings to be represented through the network, but on another
level, it also greatly increases the difficulty of graph data processing. Heterogeneous graph
neural network (HGNN), with its excellent heterogeneous information network processing
ability, demonstrates the strong advantage of heterogeneous graph in information acquisition,

and shows its great potential in several application areas.

Recommendation system is one of the key application areas of heterogeneous graphs. By
integrating the diversified interaction information between users and products (e.g., purchase,
evaluation, browsing, etc.) and the multidimensional attribute information of users or
products into heterogeneous information networks, we can better capture information
through heterogeneous neural networks and perform various tasks such as similar
recommendation to help users find their own interested contents in the huge information
network. content in the huge information network. For example, by networking the user's
social network connections, past purchase history, and product classification labels, HGNN
can capture the higher-order structure between user preferences and product attributes to
provide more personalised recommendations. This approach is better able to discover the
connections behind user behaviour compared to traditional recommender system models,

and meets the personalised needs of users while improving the accuracy of recommendations.

Heterogeneous graph neural networks have also shown their strong potential in the field of
social networks. Social networks usually use information about individuals, groups,
activities, etc. as nodes, and interconnections such as friendships, common interests,
interactive behaviours, etc. as edges to build heterogeneous information networks.HGNNs

can accurately and efficiently process these different types of data and complex relational



structures, and then extract meaningful social dynamics. Through these analyses, researchers
can identify community structures, predict social trends, control public opinion, and even
find criminals. A classic application of heterogeneous graph neural networks in social
networks is to help social media platforms optimise their content distribution strategies by
analysing users' interaction patterns and community affiliations, thus enhancing user

stickiness.

Knowledge graph is a complex graphical database for storing entities and their relationships,
which is widely used in applications such as semantic search and intelligent Q&A.
Heterogeneous graph neural network can enhance the querying capability of knowledge
graphs and the prediction accuracy of entity relationships by effectively encoding a large
number of entities and relationships. For example, HGNN can utilise multiple relationships
between entities such as  ‘creation” , ‘belonging’ , ‘friend’ , etc. to improve the
quality and speed of knowledge inference, thereby benefiting knowledge-based applications
like semantic and knowledge graphs. Knowledge graph-based applications. Such as

semantic search or intelligent Q&A, can be made more intelligent and automated.

Heterogeneous graph neural networks are also important in bioinformatics, as they can
handle biological networks containing entities such as genes, proteins, diseases, and their
complex interactions. By learning the structural composition of these entities and the
interactions between them, HGNN can help researchers to better understand the disease
mechanisms and discover potential drug targets. In biology and pharmaceuticals, by
analysing the interaction maps of genes and proteins, HGNN can reveal new biomarkers or

drug candidate molecules and accelerate the drug discovery process.

Fraud identification and prevention are the two major challenges in the finance industry. For
example, multidimensional data such as bank transactions, users' credit scores, and
information on user devices can be integrated in the process using heterogeneous graph-
based fraud detection. Heterogeneous Graph Neural Networks can capture the complicated

relations and behavioral patterns among the users effectively. For instance, in credit card



fraud detection, users' transaction patterns, location and social network information may be

helpful for HGNNSs to spot the deviant behaviors and give timely warnings.

The intelligent transportation system should deal with a large volume of traffic flow, road
information, weather, and vehicle location data to provide more accurate flow management
and path planning. This can optimize the management of the flows and planning of the paths
given the construction of a heterogeneous graph containing such diverse data. The HGNN
can take input from a variety of sources of heterogeneous data and analyze complex
relationships, yielding better traffic predictions that support decision-making. For example,
the HGNN can give optimal routing suggestions during peak hours of traffic congestion and
can be timely switched to alternative routes when an accident happens, causing the reduction
of traffic delays.

In the medical field, HGNNSs can be applied in combining patient medical records, genomic
data, the response to drugs, and diagnoses provided by the doctor into a combined
heterogeneous graph. In this way, this work of HGNNs can learn complex relationships
within this graph, hence improving the accuracy of the diagnosis of any disease and the
optimization of the treatment plans. For example, in cancer treatment, an HGNN-based
model can use a patient's gene expression data coupled with historical treatment records to
predict the effects of treatment and therefore make recommendations for a personalized
treatment plan. Similarly, HGNN may also be put to the task of doing a drug interaction

analysis and guide doctors from harmful reactions between drugs.

For an e-commerce website, click data, purchase data, and user review data can be associated
with the information for all the products, which include categories, brands, prices, etc.,
forming a heterogeneous complex graph. Thus, HGNNs have the potential of using these
multi-dimensional data to give more accurate recommendations for products. By exploring
multi-level relationships between users and products, HGNN can identify potential needs of
the user to recommend related products. For example, the HGNN will recommend new
products depending on a combination of browsing and buying history of the user in order to

increase conversion and user satisfaction.



The HGNNSs, integrated with the comprehensive heterogeneous graph of the data from the
population distribution, land use, transportation networks, and public facilities, could
analyze the making of urban development trend predictions and planning suggestions. For
example, these are the prediction of future changes in traffic flow, the planning of new roads
or public transport lines, and the layout of public service facilities such as hospitals or
schools based on the population distribution and public amenity distribution in order to
optimize the quality of life for urban residents.

Self-supervised learning is a machine learning approach that leverages the intrinsic
properties of the data itself to learn effective data representations, and thus does not require
large amounts of labelled training data. In heterogeneous graphs, self-supervised learning
methods utilise structural information and natural connections between nodes in the graph
to pre-train neural networks, enabling the model to capture and exploit complex relationships
and information between nodes. This approach reduces the dependence of model training on

manually labelled data and greatly reduces the cost of model training in practical applications.

Currently, there are two dominant research directions in heterogeneous graph neural
networks based on self-supervised learning paradigms. Cross-view comparison learning and
meta-path-assisted learning. Cross-view contrast learning is a powerful self-supervised
mechanism that focuses on generating multiple views of a node and using these views to
enhance the model's understanding of complex semantic relationships in a graph. In this
approach, the neural network generates multiple embedded representations of a node by
generating multiple embedded representations of the node, and then enhances the similarity
of the closely related structures represented in different views and amplifies the differences
between the positive samples and the structures that are more distantly related to the positive
samples through contrast learning. For example, a node can generate multiple views based
on its different attributes or neighbourhoods, and the network learns the commonalities and
differences between these views to gain a deeper semantic understanding. This approach can

efficiently capture the behaviours and features of nodes in different contexts, thus enhancing



the effectiveness of downstream tasks such as clustering or classification after node
embedding.

On the other hand, the focus of meta-path-assisted learning is upon structured paths in the
graph, more particularly those meta-paths that could reflect complicated relationships among
nodes. The neural network will learn remote dependencies between nodes by predicting
specific meta-paths between pairs, thereby obtaining richer node representations. Tasks like
node classification or link prediction, can then be performed. The meta-learning framework,
therefore, automatically selects and optimizes the useful meta-paths for the main task. This
technique is applied to domains such as knowledge graphs and bioinformatics, where its
strong prediction and generalization capabilities deal with complex semantic hierarchies

defined by complex entities and relationships.

Therefore, in comparison learning across views, the complex structure in HIN can be an
important problem in designing neural networks: how to more accurately filter and aggregate
more node information. Multi-head self-attention, a very useful technique in information

capturing, will provide an effective way to solve this problem.

Conversely, multi-head self-attention allows the model to capture multiple subspaces
simultaneously during feature extraction, enabling concurrent processing of different kinds
of information. This allows attention to multiple attributes of a node simultaneously, such as
the user's behavioral data, history of interactions, and personal attributes in the social
network. Each head could specialize in a particular kind of relationship or pattern that it finds
in the graph, then synthesize this information to present a detailed and holistic view of the

node.

The multi-headed self-attention mechanisms have proven to be powerful in natural language

processing, processing sequential data, and capturing long-range dependencies.



These advantages make the mechanism widely used, not only in NLP but increasingly in
other fields, including computer vision. In the task of computer vision, the multi-head self-
attention mechanism can capture both the local characteristics and global context of an image,
greatly boosting the performance of such tasks as image classification, target detection, and

scene parsing.

However, very little work has been done on exploring the potential and practical utility of
such a multi-head self-attention mechanism in HIN applications. Although the mechanism
is theoretically suitable for dealing with intricate structures and multiple relationships in HIN,
how to design effective self-attention structures and in practical applications adjust the role
weights and feature extraction capability of individual "heads” remain open questions.
Moreover, how to optimize these models for adapting to large-scale heterogeneous graphs
and enhancing the adaptability and robustness of the models in facing dynamically changing

graph data are very important issues to be further studied in the present research.

1.2 Problem Analysis

In practice, incorporating multi-head self-attention into the contrastive learning

heterogeneous graph neural network requires addressing the following problems:

o How to enhance the information capturing ability of each view: to obtain
more comprehensive information, each view of the contrastive learning
heterogeneous graph neural network is typically utilized to focus on distinct
types of data. Among them, the metapath view is mostly used to capture long
distance structures in HINs because of its structure. Our strategy is to
introduce a multi-head self-attention mechanism, which is also good at
capturing long-distance dependencies, into the metapath view to identify

important features and relationships during view generation



1.3 Main Contributions

In this study, we introduce MultiHeCo, a variant of the Heterogeneous Graph Comparative
Learning Model (HeCo), which integrates the multi-head self-attention mechanism. This
mechanism is applied to the meta-path view and the fusion of meta-path and network pattern
views to enhance the ability of heterogeneous graph neural networks to capture complex
interactions in heterogeneous data. In addition, MultiHeCo combines the regularisation
techniques Dropout and Batch Normalization to fine-tune the learning process and ensure

robustness against overfitting. Our key contributions are:

o This is the first instance of introducing a multi-head self-attention mechanism
in a heterogeneous graph neural network. This mechanism enhances the
neural network'’s ability to capture dependencies and improves the model's
performance.

o We propose an innovative meta-path view node embedding structure, which
is capable of capturing and exploiting the complex relationships among nodes
and the corresponding semantic information more accurately by integrating
the multi-head attention mechanism and semantic-level attention.

o Based on various experiments on four public datasets, our heterogeneous
graph neural network achieves the highest performance in several tasks. Such
as classification, and even exceeds the performance of partially semi-

supervised learning. This proves the effectiveness of our work.



2 Thesis Structure

This thesis consists of eight parts: introduction, structure, related work, HeCo model, multi-
head attention mechanism, proposed model MultiHeCo, experiments and summary and

future work, and I will discuss the structure of each chapters next.

Introduction describes the background, objectives, methodology and main contributions of
the study. The background section describes the role of heterogeneous graphical neural
networks and current mainstream research directions, highlighting the importance of this
research and the needs of the scientific community. The objectives section identifies the core
problems and challenges of the study, as well as the relevance of these problems. In the
Problem Analysis section, we discuss in detail the problems that need to be faced in order to
introduce multiple self-attention mechanisms into comparative learning heterogeneous
graph neural networks. Finally, in the Main Contributions section, we list the research results

and the practical contributions to the existing scientific.

In Structure of the thesis, we present the thesis structure and briefly summarize each chapter's

content.

Related work provides an overview of areas related to this research, including heterogeneous
graph neural networks, unsupervised learning, contrast learning and attention mechanisms.
We review the development history of each field, and we analyse current research hotspots

and problems to clarify the position of this research relative to existing work.

In the HeCo model chapter, we present the structure and functionality of the HeCo model,
which serves as a benchmark for comparison, and its application in existing research. We
discuss the strengths and limitations of the model in detail, providing a theoretical and

technical basis for subsequent proposed model improvements.



In the Multi-head attention mechanism part, we provide a discussion of the principles of the
multi-head attention mechanism, its implementation and its application to heterogeneous
graph processing. We illustrate how multi-head attention can be used to improve the model's
ability to learn complex data structures, providing a basis for the introduction of model-time

techniques in subsequent proposals.

In the chapter "The Proposed Model: MultiHeCo," we present the design concept,
architecture, and innovations of the newly proposed MultiHeCo model. Through
mathematical derivation, we provide detailed information about the components and

working mechanisms of the model.

In experiments chapter ,we reports a series of comparative experiments between our model
and 11 benchmarks on two publicly available datasets. It details the experimental setup,
evaluation metrics, and result analysis, as well as ablation experiments for the model results.
Comparison experiments for the two downstream tasks demonstrate that our MultiHeCo
model surpasses most heterogeneous graph neural networks, including even semi-supervised
learning models, on the node classification and information aggregation tasks, which
confirms the validity and usefulness of our model. The results in the ablation experiments
show that missing structures reduce the effectiveness of our model, proving the effectiveness

of each model structure.

In Summary part, we summarise the scientific and technical significance of the proposed
MultiHeCo model. Additionally, considering the experimental results and the current state
of research, we explore future research directions, including potential improvements and

new application areas.



3 Related Work

3.1 Heterogeneous Graph Neural Networks

Due to the swift advancements in big data and complex networks, the study of heterogeneous
information networks has garnered increased attention in the domains of information
retrieval and data mining. Therefore, the various nodes and edges in heterogeneous
information networks contribute to a richer and more intricate array of structural and
semantic information. Effective capture and representation of this heterogeneous
information turn into a hot and difficult issue for study. The present paper is going to review
some important works in research about heterogeneous information networks over the last
few years and review contribution and limitations of methods in making the efficiency of

information retrieval and data mining better.

Sun et al. (2013) defined a Heterogeneous Information Network, enhancing the effectiveness
of information retrieval and data mining by introducing the meta-path concept. This concept
allows for a more accurate model of the complex and heterogeneous associations between
nodes in real-life graph structures. Of particular use for the capturing of complex semantic
information in the graph, meta-paths define high-level semantic paths in the graph by stating
the sequence of types of nodes and edges that could essentially enhance the expressiveness

of relationships between nodes.

In order to work out the complexity of nodes and links by network embedding methods,
Dong et al. (2017) proposed a method known as metapath2vec, a heterogeneous network
embedding method within the framework of random wandering. It conducts random
wandering guided by meta-paths to obtain the sequences of nodes and utilizes a Word2Vec-
like technique to conduct embedding learning on nodes. Quantitative evaluations on several
datasets show that this method achieves high efficiency and accuracy, surpassing advanced

methods in various tasks, particularly in node classification and clustering.



When modeling Web-scale heterogeneous graphs, Hu et al. (2020) introduced the HGT and
introduced the relative time encoding technique to capture dynamic structural dependencies
at different times. This model does not require a user to manually design the metapaths and

can also adapt to the changes in the data dynamics and size of the heterogeneous graphs.

In the same year, You et al. (2020) proposed the Graph Contrastive Learning framework—
GraphCL, providing another perspective on unsupervised representation learning for
heterogeneous graph data. The work by You et al. on contrastive learning with data
augmentation for GNN pre-training was developed to handle the heterogeneity of graph data.
Finally, GraphCL generalizes the contrastive learning paradigm but remains robust to the
perturbations of graph structure, showing strong potential for the general task of graph data

analysis and processing.

Although the aforementioned techniques have achieved large-scale success in handling
heterogeneous information networks, there remain some problems to be solved. Most
importantly, they rely heavily on manual designs of metapaths that, in most cases, are very
inflexible and very inefficient for large-scale heterogeneous graphs. However, most existing
models may not be capable of capturing the time-varying dependencies caused by the
dynamically changing structure of the heterogeneous graph. The key insight and
presumption are that the contrastive learning frameworks like GraphCL will generally work
for the unsupervised learning framework, and the robustness of the model still needs to be
properly evaluated in the presence of extreme perturbations and noisy data. In the future,
one might focus on designing more adaptive and efficient learning techniques for learning

to represent from heterogeneous graphs.

3.2 Contrast Learning Heterogeneous Graph Neural Networks

In recent years, much research on heterogeneous graph neural networks has been completed.
The use of contrastive learning in this field really looks eye-catching. Therefore, it makes
feature comparison between different views, leading to embedding performance and model

generalization improved by an order of magnitude. More importantly, cross-view



comparative learning is beneficial because the model understands multi-dimensional
features of the heterogeneous graph, thus further improving challenging data processing
capabilities. Several key research results will be reviewed in this paper, and the approaches
of how the information of both the long chain and the local is kept with a contribution to the
flexibility and accuracy of the model are made. These studies above not only show the
immense potential of contrastive learning in the heterogeneous graph but also play an
important role in supporting further improvement of this field on both theoretical and

practical aspects.

Wang et al. (2021) were the first to introduce the sub-supervised method of contrastive
learning in the field of heterogeneous graph neural networks. They developed a cross-view
contrastive learning neural network called HeCo and were the first to apply contrastive
learning strategies to heterogeneous graph neural networks. Network (HGNN). HeCo
constructs a meta-path view that captures long chain information and a network pattern view
that captures local information, and then performs comparative learning on the features of
the two views to improve embedding performance. This method effectively captures the
multi-dimensional features of different nodes and enhances the generalization ability and

accuracy of the model.

Zhu et al. (2022) introduced a method STENCIL for structure-enhanced contrastive learning
of heterogeneous graphs. Prior to this, common methods usually adopted methods of
maximizing inter-view consistency to improve model performance, while STENCIL uses
multiple views to compare aggregation targets and adaptively extract information from each
semantic view generated based on meta-paths. This method allows the model to more
accurately understand and utilize the rich semantic and structural information in

heterogeneous graphs, improving the effectiveness of the model.

Wang et al. (2023) introduced a new multi-view learning model HGCML for heterogeneous
graph comparison. HGCML uses meta-paths to generate multiple subgraphs, and then uses
the subgraphs as input to multi-views for comparative learning. They also introduced a

contrast objective, which maximizes the mutual information between any pair of views



induced by meta-paths. Their work effectively improves the model's performance and

flexibility when processing heterogeneous graph data.

Guo et al. (2023) introduced a multi-scale processing approach for their M2HGCL model.
This model not only expands the idea of meta-paths and simultaneously aggregates direct
vicinity information, meta-path vicinity information, and extensive meta-path vicinity
information, which are critical for acquiring discriminative information for comparison
learning. Furthermore, they adopted a particular positive sampling approach to overcome the
difficulties of contrast learning, especially the hard negative sample difficulty. Tuning the

sample selection procedure increases the model’ s capacity to handle difficult and noisy

data by enhancing its robustness and performance. These contributions not only boost the
advancements of heterogeneous graph neural networks but also lay new foundations for
further theoretical and practical work applying contrast learning data in intricate

environments.

However, the said studies, while very important for heterogeneous graph contrast learning,
are still riddled with several weaknesses and are faced with a few challenges. First of all, the
current method needs a reinforced capability in terms of information capture. Contrastive
learning can only boost the capability to a certain extent, but the power of capturing rich
semantic and structural information in the graph is still poor. In addition, the existing model
needs to be further enhanced in terms of robustness and stability under the condition of high
complex data and noise in the background. That is, if the model can discriminate the negative
samples better, then it may turn out they were indistinguishable. In future research, more
sophisticated and efficient feature extraction and contrastive learning strategies may be
considered to better address the complexity and heterogeneity in graphs, thereby enhancing

the performance and applicability of these models.

3.3 Attention Mechanisms

Recently, the attention mechanism has advanced so rapidly that it has become a key element

in numerous cutting-edge deep learning architectures. The attention mechanism can make



the model flexibly adjust the emphasis on the processing of complex data, and it can
effectively capture the intrinsic relationship among the data. This significantly enhances the
performance of various artificial intelligence applications, while also opening new research
areas and promoting advancements in sequence-to-sequence learning, natural language
processing, and graph-based models. With deepening research on the attention mechanism,
its application prospects have been expanded, and many scholars have been focusing on and

exploring its application.

The attentional mechanism introduced by Bahdanau et al. (2014) enables neural network
models to reexamine their focus while processing sequential data. It is such an innovation in
the scope of neural machine translation that improves the results significantly because the
model also “claims” and identifies those words in the source language that should be

more closely attended to generate the translation more accurately and naturally. That is, the
model does not examine the entire input sequence all the time and may focus only on its
particular elements. Hence, this innovation does not merely improve machine translation but
opens a new arena of further research trials and revolutionizes various aspects of sequence-

to-sequence learning.

Vaswani et al.(2017) further developed the attention mechanism, suggesting the self-
attention mechanism in their seminal paper. Based on their mechanism, they build the
Transformer model, a novel architecture that allows for the ability to process an input
sequence by also considering all positions within the sequence at once. As a result, the model
captures long-distance dependencies in the language more efficiently. The new mechanism
brings such substantial performance gains to models in language modelling and machine
translation that it influenced the whole field of natural language processing. To this day, the

self-attention mechanism gives a foundation for most of the cutting-edge models in the field.

In addition, Velickovic et al.(2018) extended the use of the attention mechanism to graph
neural networks. The node’ s self-attention layer is used for the first time to attach the

neighbourhood information, and the aggregated state substantially improved the



performance on node classification tasks. The model can quickly learn the connection
relationship between nodes and accurately extract more representative node features, which

opens up new ways to look at and process graph data.

Whereas the attention mechanism has shown promise in many areas, currently there are
several drawbacks and small lines of direction that need to be investigated further, like, for
example, the use of graph networks within complex network structures to be applied in a
way that makes use of the attention mechanism for better capturing a dynamic relationship
between nodes to better-read models. In addition, according to the multimodal learning
framework, the attention mechanism can incorporate information from the multimodal data
sources and further optimize the understanding and fusion capabilities of the model. More
small directions like these need exploration, while in the future, more breakthrough work
should be done on these fields to exploit their potential well and deeply by optimizing the

attention mechanism.



4 HeCo Model

HeCo is a self-supervised heterogeneous graph neural network utilizing contrastive
learning. It includes two approaches, namely the meta-path view that captures global
relationships and the network pattern view that captures local relationships. Through
comparative learning of the two attempts, a node embedding model that can better obtain
downstream tasks is obtained.

Specifically, the model first projects the features of all node types into a shared latent
space. The feature vectors are then passed through two different views. The network
pattern view focuses on each node's other directly connected node types and relationships,
which helps the model better capture structural information. The meta-path view focuses
on each meta-path where each node lies, thereby capturing higher-level semantic patterns.

In the process of generating node embeddings, the encoders under both views produce
embeddings that reflect the structural and semantic information of their respective views.
These embeddings are then fed into a multilayer perceptron model containing a hidden
layer, which not only further processes the embeddings, but also maps them into a new
space used to compute the contrast loss. The contrast loss is computed based on the

consistency and disparity of the embeddings generated by the two views.

In this way, the HeCo model trains the neural network on unlabeled graph data to enhance
its performance in tasks like node classification and link prediction. However, the lack of
semantic information capture during the embedding process limits the model's

representational ability in cross-view learning.



5 Multi-head Self-Attention Mechanisms

We review the multi-head attention mechanism. It is an advanced form of attention
computation that extends the functionality of traditional self-attention networks. In multi-
head self-attention, the mechanism is partitioned into multiple ‘ heads * , each
independently learning different representations and features of the input data. With this
approach, we can capture information from different subspaces, thereby enhancing the

model’s performance.

The mechanism of each head in multi-head self-attention is similar to that of ordinary self-
attention. It includes three parameters, namely value, query and key. Specifically, the input
features for each head are put through different linear transformations to generate query, key,
and value matrices. We then use these matrices to compute the scaled dot product attention

for each head, enabling each to focus on different sections of the input sequence.

The mechanism then concatenates each head output and processes it through another linear

transformation to make the output compatible with the rest of the self-attention network.

By incorporating a multi-head self-attention mechanism, the model gains flexibility in
processing various information types and improves its ability to learn complex patterns in

input data, thereby utilizing the input more effectively.



6 MultiHeCo

Here, we present MultiHeCo. MultiHeCo is a contrastive learning model for heterogeneous
graph neural networks, utilizing multi-head self-attention. As shown in Figure 1, the model
comprises four structures: feature transformation, embedding in the meta-path view,
embedding in the network pattern view, and the contrastive learning structure.

MultiHeCo

Figure 1. MultiHeCo

6.1 Feature Map

Firstly, we map different types of vertex features to the same implicit vector space, and for

vertex i of type @, the following transformation is applied to its feature Xx;:

h; = ReLU(W,, -X; +D,, )



Where h, R h,

is the vertex i mapping feature, W,, is the mapping matrix. by, is the

deviation value.
6.2 Embedding in Meta-path View

The node structure in the meta-path view is illustrated in Figure 2:

Multi-head Self- Attention

Figure 2. Meta-path view

We assume that vertex i is associated with S meta-paths{P,,..., P}, vertex's neighbour node

based on meta-path P_ is N™ . This feature is encoded using meta-path-associated GCN:

hi" = d+1i z

PN +1)(d +1)

where d.is the degree of vertex i.



The S-bar meta-path yields S embeddings of vertex i {h?,...,h’ }

For vertex i, the linear transformation into query vector Q, key vector K and value vector V

is:
Q= Weh’-
K; =W"h»
Vi =WYh?

Here, the parameter matrices W® W™ WY pelongto R

If there are N heads, the embedding result of a header is:

head™ = Zoc

v
where Otff’,-” denotes the attention weight of neighbour j to i in the meta-path Py :

KT
P exp(QJ'E’ )
i KT
v exp(QJ'E’ )

We integrate the output through multiple attention

Q]

H™ = Concat(head:,..., head " )W°

where W° s the matrix of learnable parameters.

At this point we get the embedding of the output of vertex i after polytope attention

integration { H{" ... H* }

After that the embedding that has gone through the multi-head attention integration output

goes through the semantic level of attention:



_ L sgr -tanh(W,,H" +b, )

vt

5 CXPW:,)
Y expWwy)

Br. represents the significance of the meta-path P to the vertex i. Finally weight the sum:

Zimp = iBCD 'hi‘bm
=1 "
6.3 Embedding in Network Mode View

First, for vertex i, associated with G types of vertices{ @, ,..., @ }, the neighbours of vertex

i of type @, aredefinedas N;*.

We begin by applying vertex-level attention to mixing neighbours of type @ :

h = o( Z(x;bf -h))
heN:DF
Where oc?} denotes the attention value of neighbour j to i of type @, calculated as
follows:

0 exp(LeakyReLU(ag,_-[h;[Ih;]))
" ) exp(LeakyReLU(ag_ -[h;[Ih;]))

F
leNy

After obtaining all types of embeddings {h .. h }, we then use hierarchical level of
attention to mix them. Then we get the final embedding z°, i.e., the embedding of vertex i

in network mode:

=— Y al -tanh(W,_h" +b_,)
o | V | xeV

exp(wW,, )

Po: =575 exp(wa)

Be, denotes the importance of type @ for vertex i



Finally the embedding of node i is obtained by summing the attention-weighted embeddings

of all types @ :

G
ZiSC =2 Bcp 'h;bF
F=1 F
6.4 Comparative Learning

We input Z™ and Z° into the two-layer MLP, mapping to the space for computing the

contrast loss:
Z° proj=WPs(W®z° +b®) +pb®

Zimp _ proj = W(Z)G(W(l)zimp + b(l)) +p?

In the network structure view, one is provided with a positive vertex, and he can directly
define the embedding in the meta-path view as a positive sample. Assuming that the vertices
are inter-connected with one another through edges, if two vertices are connected through a
lot of meta-paths, they will be defined as positive samples. Then, the positive samples are

chosen to accurately reflect the local structure of the target vertex.

For vertices i and j, the function C,(j) is defined as the count of meta-paths between them:

C() =2 1G=N)

Constructaset S, ={j|jeV andC,(j)= 0} and arrange it in descending order of the values

of C,(j).

After that, athreshold T, isset, if |S; [>T, thefirst T vertices from S; are chosen

as positive samples of vertex i, i.e., P,; otherwise all vertices in the retention naturally

consider all remaining vertices as negative samples of i, i.e., N, .

Using set of samples, the contrast loss function in the network mode view is:



D on €XP(SiM(z;° _proj,z{ _proj)/t)
D etron,y EXPEIM(Z5° _ proj, 2 _ proj) /1)

LY =—log

Here, sim(u,V) represents the cosine value and t denotes the temperature.
In this equation, the target vertex i's embedding comes from the network structure view,
while the embeddings of samples come from the meta-path view, encouraging cross-view

self-supervision.

We obtain the contrast loss in the metapath view:

Z e, exp(sim(z{™ _proj, z5° _proj)/t)

L™ =—lo
T expEIm(Z” _proj z_proj) /1)

The main objective function is:

= LS (-0 L]

J=
IvlieV

Since vertices of the target type directly participate in generating 2™, we use 2™ for

downstream tasks.



7 Experimental

7.1 Experimental Setup

Datasets: We utilize two open-source HIN datasets, with their basic information in Table 1.

Table 1. Datasets.

Data set Node Meta-path Target node Number of
class
ACM Paper(P):4,019 PAP paper 3
Author(A):7.167 PSP
Subject(S):60
AMiner Paper(P):6.564 PAP paper 4
Author(A):13.329 PRP
Reference(R):35,890

Baselines: We compare MultiHeCo with eleven baselines(Wang et al., 2021), which include
Mp2vec, HERec, HGCML, HetGNN, DMGI, HeCo, M2HGCL, HAN, GraphSAGE, GAE,
and DGI.

Implementation details: For MultiHeCo, we initialize with Glorot and use Adam as the
optimization algorithm. We searched for a learning rate between 1e-4 and 6e-3 and adjusted
patience for early stopping from 5 to 55, meaning if the contrast loss did not decrease in
several consecutive periods, we would stop training. The remaining details include testing
the dropout that was used for attention in both views from 0.1 to 0.5 with a step size of 0.05
and also tuned from 0.5 to 0.9 with the same step size of 0.05. For the meta-path perspective,
we employ a single-layer GCN. For the network structure view, we consider only one-hop
neighbors. The embedding dimension has been configured to 64. Only the input features of

the target vertex are used, and one-hot coding is used for other types of vertices.



7.2 Node Classification

We perform model evaluation by performing the classification task on comparatively learned
embedding under the meta-path view. When dividing the datasets, 30% and 60% of labeled
nodes are randomly chosen, with 1000 nodes set aside for validation and another 1000 for
testing. We assess the model using three evaluation metrics: Macro-F1, Micro-F1, and AUC.
The results of 30% marked nodes are shown in Table 2, and the results of 60% marked nodes

are shown in Table 3.

Table 2. Classification outcomes of 30% labeled nodes

Methods Data ACM AMiner
Ma-F1 Mi-F1 AUC Ma-F1 Mi-F1 AUC
HAN XAY 87.46 87.41 94.83 63.88 76.85 80.77
+1.1 =12 =*09 £1.5 X£16 =21
GraphSAGE XA 55.97 60.95 71.12 4577 52.11 74.39
+6.8 3.5 £5.2 =15 £22 =13
GAE XA 62.12 66.38 79.14 65.66 71.34 88.28
+32 =19 =25 +1.4 =x1.5 x=1.3
Mp2vec XA 62.31 o64.44 80.48 64.76 69.66 88.81
0.6 0.6 =04 =04 £0.5 =*0.2
HERec XA 61.22 62.62 79.83 64.50 71.57 88.70
+0.8 0.9 =*0.5 0.7 £0.7 =04
HetGNN XA 72.02 7446 85.01 58.91 68.49 R83.14
+04 *0.8 =*0.5 0.9 +£2.1 =*1.6
DGI XA 80.34 80.42 90.77 54.72 63.890 77.86
£33 +£3.0 =23 £26 £29 =21
DMGI XA 87.01 86.11 96.49 61.96 63.61 88.03
0.8 =08 =0.3 =1.1 £1.2 =0.9
HGCML XA 90.36 90.30 96.29 74.12 85.11 92.87
0.1 =03 =0.2 =0.6 =02 =0.1
HeCo XA 87.46 87.41 96.33 73.74 80.52 92.01
+0.1 =03 =03 0.6 £0.7 *0.6
M2HGCL XA 91.46 90.4196.43 76.04 86.74 94.11
+0.2 +0.2 04 +0.5 *0.6 0.6
MultiHeCo XA 80.46 88.81 96.76 74.22 82.20 93.03
+0.4 +0.5 0.5 0.3 £02 =0.3




Table 3. Classification outcomes of 60% labeled nodes

Methods Data ACM AMiner
Ma-F1 Mi-F1 AUC Ma-F1 Mi-F1 AUC
HAN XAY 88.41 88.10 94.68 60.02 74.73 80.39
£1.1 1.2 =*14 £1.2 =14 =*1.5
GraphSAGE XA 56.59 60.72 70.45 4419 51.36 74.16
+£5.7 £43 +6.2 £2.0 =22 =*13
GAE XA 61.67 65.71 77.90 63.74 67.70 89.92
£29 +£22 +28 £1.6 +1.9 0.8
Mp2vec XA 61.13 62.72 79.33 60.65 63.82 B85.57
=04 £03 *04 0.3 =05 =$0.2
HERec XA 64.35 65.15 B8l.64 65.53 69.79 B87.74
0.8 *£09 =*0.7 0.7 =08 =*0.5
HetGNN XA 74.33 76.08 B87.64 57.34 65.61 87.44
0.6 *£0.7 *0.7 £1.1 =22 $0.9
DGI XA 80.03 80.15 91.41 55.45 63.10 77.21
£33 £32 =*1.9 £24 +30 *14
DMGI XA 8§7.97 87.82 96.79 61.15 62.51 B86.20
=04 £05 $0.2 £25 *£26 =*1.7
HGCML XA 91.02 91.10 97.49 76.26 86.10 93.41
0.2 =04 $04 0.7 =08 =*0.6
HeCo XA 89.04 88.71 96.55 75.80 82.46 92.40
0.5 £05 0.3 1.8 =14 =$0.7
M2HGCL XA 91.41 91.29 98.43 77.56 87.17 94.88
+0.1 *0.2 +0.3 +0.7 *0.6 0.3
MultiHeCo XA 89.46 88.81 96.76 74,22 82.20 93.03
04 *05 =*05 0.3 =02 =03

Based on the data in the table, we can see that our model metrics outperform most
benchmarks and even the semi-supervised method Han in 30% and 60% of the labelled node
classification tasks, which proves the effectiveness of our model. We can also see that the
model is not as effective as M2HGCL using the multiscale approach, which indicates that
the introduction of a multiscale approach to the two view node embedding might continue

to enhance the model's information capturing ability and node classification effectiveness.

7.3 Node Clustering

We also use the clustering task to assess the model's embedding effectiveness.When
performing clustering, we use K-means to cluster the embeddings. For clustering evaluation,
we use two metrics: normalized mutual information and adjusted Rand index. We repeated
this process 10 times to reduce instability from varying initial values. The average outcomes
are presented in Table 4.



Table 4. Quantitative outcomes on node clustering.

Datasets ACM AMiner
Metrics NMI ARI NMI ARI
GraphSage 29.21 27.72 15.73 10.09

GAE 27.72 24.49 28.58 20.90
Mp2vec 48.43 34.65 30.80 25.26
HERec 47.54 35.67 27.82 20.16
HetGNN 41.53 34.81 21.46 26.60

DGI 51.73 41.16 22.06 15.93
DMGI 51.66 46.64 19.06 20.00
HGCML 65.13 62.77 36.10 35.29

HeCo 56.87 56.94 32.26 28.64

M2HGCL 59.19 58.11 39.14 37.00
MultiHeCo 60.29 63.42 37.66 37.79

The data indicate that our model outperforms most benchmarks, including the semi-
supervised method Han, proving the effectiveness of our strategy and design. The same
model is not as effective as M2HGCL which uses a multi-scale approach, which indicates
that introducing a multi-scale approach to the two view node embedding may continue to
improve the model's information capturing ability and improve the node clustering effect.

7.4 Ablation Experiments

We performed ablation experiments to analyze the effectiveness of our model's components.
We removed the structure based on multi-head self-attention and semantic-level attention
from the compiler of the metapath view and performed direct feature embedding. We call

this variant MultiHeCo . We show the experimental results of the variant with MultiHeCo

in Table 5.

Table 5. Evaluate models and variants of models



Task 1 MultiHeCo _, MultiHeCo
Ma 88.46+0.8 89.46 0.4
89.03 =05 90.11 0.2
Mi 87.41 +0.9 88.81 +0.5
88.71 =0.5 89.87 +0.3
AUC 96.43 =04 96.76 +0.5
96.55 =0.3 96.60 0.3
Task 2 MultiHeCo _, MultiHeCo
NMI 56.87 62.29
ARI 56.94 63.42

The results tells us that MultiHeCo outperforms the variant that removes multi-head self-
attention and semantic-level attention structures. This proves that the structure is

indispensable for the MultiHeCo model.

8 Conclusion

8.1 Model Summary

We investigate the incorporation of a multi-head self-attention mechanism into contrastive
learning within the heterogeneous graph neural network framework. Our proposed model is
the first of its kind that implements a multi-head self-attention approach within the self-
supervised learning framework for a heterogeneous graph. Large-scale experimental results
will clearly indicate that our MultiHeCo is better in treating heterogeneous graph data in

comparison with other baselines across a number of benchmark datasets.

Through empirical analysis, we have demonstrated that incorporating multi-head self-
attention significantly enhances the model's ability to represent intricate graph structures. In
other words, MultiHeCo is relatively advanced in both accuracy and efficiency. Our ablation

studies further highlight the crucial role of multi-head self-attention together with a



semantic-level attention structure. These factors perform a vital role in the model, and

therefore the inclusion of a multi-head attention mechanism would mean a great gain.

Results show how MultiHeCo outperforms, regardless of the task, and, for sure, that is really
dependent on the great performance of the architecture and new attention mechanisms that
have been implemented on the model. Finally, the third is its flexibility, with respect to
different forms of heterogenous graphs, which also cements its applicability to explicit

complicated data settings.

8.2 Future Research Directions

Currently, the MultiHeCo model has shown strong performance in several tasks, however,
we believe that there are multiple directions that can be further explored to enhance the

model's capabilities and applications.

Introducing the concept of multi-scale is a good research direction. By sampling the signal
at various granularities during node embedding, the vectors capture more features during

generation, thus enhancing the effect of contrastive learning.

Second, given that nodes and edges in heterogeneous graphs may possess distinct semantics
and functions, future research could investigate the introduction of more sophisticated
attention mechanisms to further enhance the model's ability in capturing information about

different hierarchical structures.

To enhance the effect of contrast learning, future researchers can also try to use harder
negative samples during model training. In the existing contrast learning framework, the
selection of negative samples is still relatively simple and fails to adequately challenge the

model's discrimination ability. By introducing more difficult negative samples, the difficulty



of contrastive learning to distinguish positive and negative samples can be reduced, thereby

obtaining better embedding.

Exploring new perspectives beyond the meta-path and network pattern views to enrich the
model's input is another potential research direction. Providing more perspectives on node
embeddings through views based on other node attributes, edge types, or external
information can help the model capture more complex and hidden data features. However,
researchers also need to carefully design the view structure to prevent capturing too little

information or being too similar to other views to affect the comparative learning effect.

From a more practical perspective, we think the most exciting work will be extending the
MultiHeCo model to other application scenarios, such as recommender systems, knowledge
graph supplementation, and bioinformatics. Common application domains introduce
complex and heterogeneous graph structures; therefore, the model's processing and storage
capabilities are more limited. It is very important to tune and fully optimize the MultiHeCo
model for such specific applications in order to obtain better results on real-world problems.

The powerful recommendation system information capture capability of the MultiHeCo
model helps analyze the complex relationships between user behaviors and items, thereby
achieving further accuracy and personalized recommendation services. This is very different
from the old and simple traditional recommendation systems based on relationships between
users and items. This captures multi-level and multi-angle interactive information, greatly
improving the recommendation effect. For example, e-commerce platforms can do this by
letting models understand purchasing preferences as well as potential demand to provide
more accurate recommendations for products. They increase user satisfaction and platform

revenue.

Here, the MultiHeCo model can also be used to process and supplement the knowledge graph
of heterogeneous distributed sources, so that it can be combined into a more cohesive and
homogeneous multi-heterogeneous information source. Generally speaking, knowledge



graphs contain many heterogeneous nodes and edges. Due to this multi-head self-attention
mechanism, the MultiHeCo model can more effectively capture the correlation between
complex structures, improve the quality of the knowledge graph, and ultimately improve the
application effect. For example, in a search engine, an enhanced knowledge graph should
provide a large number of additional search results so that users can find the information

they need faster.

The structure of the MultiHeCo model has great potential to analyze and understand complex
relationships in biological networks in a wide range of bioinformatics fields, such as gene
regulatory networks and protein interaction networks. Through more detailed interpretation
of biological data, the model may reveal underlying biological laws and mechanisms,
thereby providing new perspectives and methods for disease research and drug development.
For example, the MultiHeCo model can use gene expression data to identify important genes
and pathways associated with specific diseases, supporting precision medicine and targeted
therapies.

Moreover, the structure of the MultiHeCo model holds great application potential while
dealing with social network analysis. Typically, nodes and edges in social networks
represent users and the interaction among the users, with these data heterogeneously and
complexly represented. Using the MultiHeCo model will better capture the complex
relationship between users, identify key nodes, community structures, and hence make a
breakthrough in social network analysis, information dissemination, and community
discovery. For instance, models can be used for social network influential people to carry
out the optimization of marketing strategies, thus realizing increased engagement of users

and satisfaction in social media platforms.

The MultiHeCo model can be helpful in determining and quantifying risk factors in financial
markets regarding the management of financial risk. In fact, financial networks generally
include different types of nodes, such as banks, firms, investors, and so on, and multiple
relationships among them. Thus, the proposed MultiHeCo model, which analyzes a complex

and heterogeneous financial network, might learn possible correlations and paths of risk



propagation between different entities within a financial network and thus further enhance
the accuracy of financial risk prediction. The model is applied in the modeling and analysis
of interbank lending networks in search of possible systemic risks or in helping the
development of more effective risk management strategies for financial intermediaries and

regulators.

The MultiHeCo model, on the other hand, would be realized in intelligent transportation to
optimize and analyze the mode of transportation, transportation networks, and the
transportation system. The nodes and edges denote different modes of transportation, roads,
and other factors, such as traffic signals, regarding the transportation network. Models
realize effective improvement in predicting optimized traffic flow and management
efficiency by capturing the complex relationships among the elements in a transportation
network. For instance, the model may be applied to real-time monitoring and prediction of
urban traffic flows in regard to the dynamic adjustment of the control of traffic signals in a
bid to reduce traffic jams and enhance the road's capacity. The model may also be used on
the public transportation network to analyze and optimize the route, thus increasing the

efficiency and service quality of the public transportation system.

We hope that through the efforts of all researchers, we can further promote the development
of heterogeneous graph neural network technology and provide effective solutions for
dealing with more complex graph data problems.
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