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In recent years, there has been a growing interest in graph convolutional networks (GCN). However, existing GCN and
variants are predominantly based on simple graph or hypergraph structures, which restricts their ability to handle complex
data correlations in practical applications. These limitations stem from the difficulty in establishing multiple hierarchies
and acquiring adaptive weights for each of them. To address this issue, this paper introduces the latest concept of complex
hypergraphs and constructs a versatile high-order multi-level data correlation model. This model is realized by establishing
a three-tier structure of complexes-hypergraphs-vertices. Specifically, we start by establishing hyperedge clusters on a
foundational network, utilizing a second-order hypergraph structure to depict potential correlations. For this second-order
structure, truncation methods are used to assess and generate a three-layer composite structure. During the construction
of the composite structure, an adaptive learning strategy is implemented to merge correlations across different levels. We
evaluate this model on several popular datasets and compare it with recent state-of-the-art methods. The comprehensive
assessment results demonstrate that the proposed model surpasses the existing methods, particularly in modeling implicit
data correlations (the classification accuracy of nodes on five public datasets Cora, Citeseer, Pubmed, Github Web ML,
and Facebook are 86.1£0.33, 79.240.35, 83.140.46, 83.8+0.23, and 80.1£0.37, respectively). This indicates that our

approach possesses advantages in handling datasets with implicit multi-level structures.

Keywords: raph convolutional network, complex modeling, complex hypergraph

PACS: 84.35.+1, 64.60.aq , 47.50.Cd , 07.05.Mh

1. Introduction

In the realm of natural data structures, graphs reveal in-
tricate relationships and interactions, whereas traditional neu-
ral networks face limitations when dealing with such struc-
tured data.l'l The introduction of graph convolutional net-
works (GCNs) can remedy this inadequacy.”*! Through re-
fined graph convolution operations, GCN’s parameters ef-
ficiently learn node representations, and GCNs comprehen-
sively consider the position and connections of nodes within
the entire graph.*! Consequently, GCN has become a robust
tool for processing graph data and is widely implemented in
the case such as social network node classification.!>! The sen-
sitivity of GCN to node relationship and its flexible capturing
capability have opened up new possibilities for deep learning
across various domains.!®! With continuous innovation in the
foundational aspects, the emergence of various variants has
driven the further development of GCN.

Throughout the evolution of GCN, various models have
emerged, collectively dedicated to enhancing the capability
of modeling graph structures. In the process of aggregat-
ing nodes in GCN, some node information may be averaged
or pooled, and this aggregation method leads some informa-
tion to lose.!”! GraphSAGE improves scalability by sampling
node neighbors and aggregating features.®! However, because
GraphSAGE fails to fully capture global information in certain
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cases, APPNP was developed.[®’ APPNP employs approxi-
mate personalized propagation to enhance efficiency but has
limitations in handling heterogeneous graphs. To better cap-
ture the structural information of heterogeneous graphs, HAN
introduced a multi-level attention mechanism by changing the
model structure.['%1 GIN solves the computational challenges
of massive graph data induced by the attention mechanism,
where the aggregation operation of features from neighbour-
ing nodes is defined as a summation, so that the information of
each node is retained in a more balanced way.!!!! For complex
graph structures and datasets with substantial noise, GIN is
prone to overfitting. GraphMix enhances model generalization
and heterogeneous data processing by blending nodes or edges
from different graphs.!'?) While GraphMix faces the challenge
of an overly large aggregation scale, GraphSAINT addresses
this by constructing subgraphs that are more representative of
the entire graph structure through hierarchical sampling. 3]
Despite these variations continuously addressing the prob-
lems in previous models, such as the GraphZoom’s introduc-
tion of hierarchical graph focusing mechanisms, ! MixHop’s
incorporation of mixed hop counts in graph convolution, !
and HGNN™’s introduction of more complex graph neural
network structures for different node types,['®! the demand
of modeling multi-layer and heterogeneous networks is still
rising.[!7]

http://iopscience.iop.org/cpb http://cpb.iphy.ac.cn
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When algorithms handle hierarchical relationships in
graph data, GCN and its variants encounter common chal-
lenges. The construction of graphs leads the information
to losing and blurring, thus the algorithm performs ineffec-
tively the graphs with complex hierarchies.!'8! Insufficient
hierarchical depth hinders the model from providing suffi-
ciently profound modeling capabilities for intricate multi-
level structures.!'”! Additionally, the lack of ability to com-
prehensively synthesize global context makes it difficult for
the model to fully understand the overall structure within
multi-level relationships.?°! Although some variants, such as
GraphSAGE and Cluster-GCN,?! attempt to address these
problems through techniques like sampling®! and hierarchi-

cal clustering, (211

modeling multi-level relationships is still a
pressing challenge. When dealing with more complex graph
structures, the designing of more flexible and deep composi-
tion models is needed in order to better capture multi-level
relationship and structural information.*?!

To cope with these challenges, we introduce the concept
of complex hypergraphs (Chygraphs) to extend graph con-
struction schemes.>3! We propose a more flexible and deep
learning representation model called Chygraph graph convo-
lutional network (ChyGCN). This model aims to effectively
handle the complex correlations and heterogeneity in systems
that are expressed in the form of Chygraphs. To achieve this
goal, we design strategies to construct Chygraphs from dis-
tance space, attribute space, and feature spectral space. Chy-
graph, as a unified representation of concepts such as simple
graphs, hypergraphs, multi-layer networks, simple complexes
(complexes are made of atoms and other complexes), and hy-
perstructures (high order structures defined using category the-
ory concepts),!>3] better describes the structure of complex
graphs. To evaluate the performance of the proposed method,
we conduct comparative experiments on five publicly avail-
able datasets. The results show that ChyGCN demonstrates
outstanding effectiveness in handling the complex correlations
and heterogeneity in systems. This research provides a new
way for modeling the information in complex systems, with
wide-ranging potential applications.

2. Methods

In this section, we discuss the definition and construction
methods of Chygraph. In Subsection 2.1, we will present the
definition of Chygraph’s constituent components, followed by
discussion on its transformation in relation to graph or hyper-
graph. After obtaining the transformation relationships among
three graph structures, we further demonstrate examples in the
real world. To further unveil its properties mathematically ,
Subsection 2.2 will delve into its network attributes, with no-
tations and definitions outlined in Table 1. In Subsection 2.3,

we will propose three parallel methods of constructing Chy-
graph. It is important to note that during usage, one of these
methods can be flexibly chosen based on the actual data sce-
nario. After constructing Chygraph, Subsection 2.4 elucidates
the method of adaptive layer-wise learning and highlights the
difference from traditional GCN.

Table 1. Notations and definitions.

Notation Definition
1% the set of vertices (node)
v/u vertex (node)
c Chygraph
H hypergraph
G graph
T vertex in complexes
pS network density of graphs
pH network density of hypergraphs
pC network density of Chygraphs
Hop(u,K) the nearest K neighboring vertices of vertex u
Cj.ﬁs complex j of distance space modeling method
Attr; I-th attribute
Rank; sort attributes with sequence number i
Qur the leachable threshold of attribute space modeling method
Cir"“‘“”re complex j of attribute space modeling method
ofeature the Jeachable threshold of feature spectral space modeling method
H‘-feature the i-th hypergraph of feature spectrum space modeling method
(€] learnable parameter matrix in ChyGCN

2.1. Definition of Chygraphs

2.1.1. Definitions of atoms and complexes

The smallest structural unit in Chygraphs is referred to as
an atom. Atoms are considered indivisible and cannot be fur-
ther divided, although they possess more intricate structures in
the realm of physics. Another structural unit is the complex,
which is comprised of atoms or other complexes. This ap-
proach yields a self-consistent definition of complex systems,
wherein a complex system comprises a set of atoms and com-
plexes.

2.1.2. Chygraph to graph or hypergraph

Building upon the foundational units of Chygraphs,
which consist of atoms and complexes, these structures un-
dergo a transformation into more general forms.

It should be noted that in order to highlight the key points,
three simplified graphical structure representation methods are
used here. The operation of converting Chygraph (C (complex,
vertex)) into hypergraph (H (hyperedge, node)) is to break the
complex structure and generate a hyperedge. When a com-
plex contains only one hyperedge, it is equal to a hypergraph.
Similarly, the operation of converting Chygraph (C (complex,
vertex)) into graph (G (edge, node)) breaks both the com-
plex structure and the hyperedge structure, generating G (edge,
node). When the complex contains a case with only two nodes,
the complex is equal to a graph. For ease of presentation, we
illustratethem in Fig. 1(a) and Fig. 2 (Chygraph).
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2.1.3. Chygraph in real-world

In the system of scientific publications (Fig. 1(b)), au-
thors are represented as atoms (vertexes), while publications
are represented as complexes. The publications contain hyper-
edges formed by a set of authors as one hyperedge, and a set

of references as another hyperedge. Chygraphs offer a better
representation for the intricate structures of many real-world
scenarios. The flexible representation and interchangeability
of various graph structures through these methods enhance the

expressive power of Chygraph in complex systems.

(a) (b) I Scientific publications (complexes) ) H Authors (atoms)
o U I~
Chygraph ; s Author list (hyperedge) Reference list (hyperedge)
@ ) v —— Authorship (inclusion) —_ - Citation (inclusion)
e Pub. 2
Removing complexes
or
A complex contains only one hyperedge
V2
h ® v
Hypergraph Ve B
(I1) ? vs
hq
Vg v7 Ve
‘ Removing hyperedges
or
A hyperedge only includes two vertices
V2
€2 Vs
Graph v1
(I11) es
Ve

v7

Fig. 1. Chygraph and the realistic scenario. (a) Differences in different graphic structures. Chygraph degenerates into hypergraph or graph after removing
certain structures. The transition from Chygraph to hypergraph involves removing ¢; to obtain two sets of hyperedges (h; and /), or when the composite
body only contains one hyperedge (such as ¢7), it directly degenerates into a hyperedge (43). The operation of changing from Chygraph to graph is to remove
hyperedges (h; and h;) from the hypergraph, or to directly degenerate the hyperedge into a regular edge when it contains only two vertices. (b) In the
scientific publishing system, individual authors represent atoms (such as Aut. 1), and author lists or reference lists represent complexes (green dashed boxes,
such as Aut. 1.1 or Ref. 1.1). The publication represents Chygraph edges (blue dashed box, such as Pub. 1), black solid lines represent atomic membership
relationships (such as Inc. 1), and black dashed lines represent citation relationships (such as Inc. 2). It should be noted that solid and dashed lines are used

to represent two different relationships.

2.2. Properties of Chygraphs
2.2.1. Network degree

Chygraph (C) is comprised of multiple complexes. Given
a complex j, it contains a hypergraph H(v;,E ;’). Letic ANC
represent an atom or complex, where i = 1,2,...,n and n =
AUC. In other words, i € C;. The adjacency matrix of the
Chygraph is an n-order matrix, with matrix elements defined

0, i¢C;
is defined as stated in Degree® = }_ «t;. In real systems, higher-
J

as q;; = { LicG . The degree of the associated Chygraph

level complexes are often employed to describe lower-level
distinctions, such as population descriptions on location (city,
province, country). This hierarchical structure leads to the def-
inition of Chygraph length, denoted as L(C), which represents
the longest path in subpartitions in the graph, as defined in
T=mU---Umand ;;N7x; =0 fori# j.

2.2.2. Network density

Similarly, network density describes the density of social
relationships or network edges. An undirected graph consists

of ¢ vertices. Network density of graph pV = M/(1/2)t(t — 1)
is obtained, where M represents the actual number of edges.
Since the construction rules of both hypergraphs and Chy-
graphs are more complex than those of graphs, we consider
the following ideal cases. In a hypergraph, if only one type of
single hyperedge is formed,

is derived, with a maximum of N /2 types of hyperedges and
a minimum of N/s types (s being the number of nodes in-
cluded in a hyperedge). It is observed that when the number
of nodes included in a hyperedge is fixed at two, the equation
degenerates into a density formula of the graph. When the net-
work structure becomes more heterogeneous, we assume that
the nodes in Chygraph are uniformly distributed as S;,

M

= (N/h)si
igCOm(N/m '

058401-3
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is obtained, where S; = 1, ..., h and Com represents combina-
tion method in Mathematics.

2.2.3. Network-path-length

By introducing network density, average network-path-
length in L = W Yisj d{“j, k=G, H, C, network paths are
compared regardless of the order of magnitude of the vertices,
as exemplified by protein interaction networks or karate club

networks.

2.2.4. Global efficiency

Global efficiency GE = 1/L with node strength NS; =
Y.; aij were employed to describe the network’s information
transmission or routing capabilities. For example, the effi-
ciency of traffic flow or the identification of critical intersec-

tions in a transportation network is assessed by GE.

2.3. Methods of Chygraph construction

In this subsection, we describe how to construct a com-
plete Chygraph from raw data, both when the data naturally
exhibits a Chygraph structure or when it does not. To bet-
ter modeling the higher-order representation, it is important
It should

be noted that in most cases, there is no explicit Chygraph

to generate a well-defined hypergraph structure.
structure present. Therefore, three generation strategies of
Chygraph are proposed, which are formed on distance-space
(Fig. 2(I)), attribute-space (Fig. 2(II)), and feature-spectrum-
space (Fig. 2(IIT)). These strategies complement each other,
and model various complex real-world scenarios.

AL Basic graph . .
LS grap V11 (IT) Attribute space modeling
PESESES
Q' Q@ QQJ Q' ;
} (1) } 8 . E::m Attr 1
v

00 1 1 1 N Attr 2 Attr 2
1 010
01 00 . rANER T
1o 11 v A
1 01 0 i 2 Y

1
Cgeatur\e/ = {v|veVluster}

U1
(III) Feature spectrum v V13
space modeling ..

Chygraph

V13
Cdis = {(u,v)|u|eVveHop(v,K)}
(I) Distance space modeling

Similarity

b
v N
g

Cotr = { (u,0) [u,veV, Sim Q)

Rank

Fig. 2. Construction process of Chygraph involving three key approaches: distance space modeling (I), attribute space modeling (II), and feature spectrum
space modeling (III). Panel (I) shows a composite graph created by using distance learning parameters with K = 1. A specified distance target set (v2, v3, v4,
v, and v7) is retrieved by sequentially searching each node based on the target node v;. Panel (II) displays the attribute vectors of each node are mapped to
Euclidean space, with cosine similarity calculated, and cosine similarity sequence is truncated based on a threshold to create the composite graph. Panel (I1I)
exhibits and models vertex 0—1 feature data based on similarity affinity. Through different data structure representations, Chygraph is ultimately obtained. For
Chygraph in panels, the difference among three types of graphs: graph, hypergraph, and Chygraph, are elucidated. For example, ¢| and /1 denote equivalence
in the containment relationship with vertices when the composite structure contains only one hyperedge. Similarly, 4, and e; represent equivalence between
hyperedges and ordinary edges when the hyperedge contains only two vertices. Furthermore, when the composite structure contains only one hyperedge and
the hyperedge includes only two vertices, the composite structure is equivalent to an ordinary edge in terms of representation.

2.3.1. Distance-space modeling

When data is represented as a graph structure, each data
element serves as a vertex in the graph, and the relationships
between elements are represented by edges. The construction
of Chygraph relies on the reachable distances of each vertex,
determined by calculating these distances to establish the cor-
relation between vertices. Based on this correlation, we ob-
tain the K-nearest neighbors for each vertex, integrating them

into a first-layer complex. Further recombination, guided by

a learnable threshold, results in a different set from the first
layer, constructing the second-layer hypergraph.

First, we perform the first step of obtaining the K-nearest
neighbors for each vertex Hop (u,k) = {ve Vv ¢ u,(u,V) €
E}, v is one of the K vertices closest to u. By considering
the distance and similarity between vertices, we identify the
K-nearest neighboring nodes for each vertex. The collection
of neighboring vertices C%8 = {(u,v)|u € V,v € Hop (u,K)}

is referred to as the first-layer complex, where each vertex

058401-4
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forms a complex relationship with its corresponding neigh-
bors. Next, we further construct the second-layer hypergraph
by thresholds. In the first-layer complex, vertices are grouped
into different sets on whether degree of association meets the
threshold criteria. If the degree of association between ver-
tices exceeds the threshold, they are considered to be part of
the second-layer hypergraph. Through this construction pro-
cess, we can represent the data as a multilevel complex-graph-
structure, i.e., a Chygraph. The construction of the Chygraph
is relied on the reachable distance with degree of association
between vertices. This manipulation can model the complex
relationships or patterns among data elements (such as social
networks).

2.3.2. Attribute-space modeling

There exists a class of real-world data which possesses
multiple attributes but does not exhibit an obvious graph struc-
ture, such as various parameters during vehicle operation. For
this kind of data, we attempt to model its correlations with pat-
terns within the attribute-space. First, the cosine similarity is
calculated between different attributes, namely,

n
Y. (Attr; X Attr;)
i,j=1

L 2 L 2 .
Z Attl‘l * AttI‘j
i=1 j=1

The cosine similarity between attributes provides the foun-

Sim,-j =

dation for modeling. After calculating the cosine similarity
for all attribute- pairs, similarities are sorted, identify the in-
flection point of the sorted data, Q™" = (rank; + rank;)/2,
f(Arank; + (1 —A)ranky) < Af(rank;) + (1 —A) f(ranky).
The inflection point is considered as the threshold for estab-
lishing connections. We designate the inflection point as a
similarity threshold. This threshold aids in identifying strong
correlations between attributes, thereby constructing the first
layer of complexes, C*" = {(u,v)|u,veV,Sim; > Q*""}. Next,
the intersections are examined between the first-layer com-
plexes whether they exceed a predefined threshold or not. If
the intersection between certain complexes exceeds the thresh-
old (Z), H*"" = {(ci,c})|ci,cjeC,ciNcj > Z}, those complexes
are considered part of the second-layer hypergraph. Through
the above process, data with multiple attributes is transformed
into a multilevel complex-graph-structure. This modeling ap-
proach, which relies on similarity with intersection relation-
ships between attributes, helps uncover hidden patterns or cor-
relations within the data. This method is used in various do-

mains, including the mining of vehicle operation data.

2.3.3. Feature-spectrum-space modeling

In the data collection process, the data subject often has a
complex-spatial-structure that is not directly reflected in the

collected data, especially when Chygraph deals with graph
data. To reconstruct the data’s complex structure as accurately
as possible, a feature-spectrum-space approach is used. The
core of the feature-spectrum-space methodlies in the analysis
of both attraction and attribution information to reveal the in-
trinsic patterns. In this process, the affinity propagation (AP)
algorithm is used to partition the features. This clustering
algorithm, known for uncovering clustering structures in the
data, facilitates the identification of patterns within the parti-
tioned features.

First, AP algorithm is used to cluster the data, thereby
obtaining the first-layer complexes Cfeatre = {y|y g yeluster},
These complexes are seen as subsets or clusters. Next, we
calculate the ratio of the number of vertices in each set

to the total number of vertices in the first-layer complex,

ratio®®* — |V (C;) |/|V|. By comparing the ratio with a pre-
defined threshold, a set is determined, whether it exceeds the
threshold in terms of its size or not. Due to this determi-
nation, the second-layer hypergraph is generated, Hl-feature =
{vi|ratiofeature > pfeawrel “among sets that surpass the thresh-
old, with each hyperedge representing the relationship be-
tween first-layer complexes. Through the above steps, the data
is represented as a multilevel complex structure, where the
first-layer complexes represent clusters within the data, and
the second-layer hypergraph models the associations between

different clusters.

2.4. Constraction of ChyGCN

This subsection focuses on the details of ChyGCN
(Fig. 3). Dataset is divided into training, validation and test-
ing vertices, where each data entry contains multiple inher-
ent attributes or features of vertices. The Chygraph struc-
ture is constructed by correlations to form the association ma-
trix H. The corresponding adjacency matrix is obtained from
A=HWHT — D, where D or W represents the degree matrix or
weight matrix of vertices or complexes, respectively. It should
be noted that the process of generating the Chygraph in this
step involves learnable parameters (the thresholds which are
mentioned in different methods). The introduction of learn-
able parameters aims to enhance the ability of algorithm to
model complex information. The adjacency matrix of Chy-
graph A with the features (attributes) of vertex are inputted into
the ChyGCN to produce the output labels. As described in the
previous section, the ChyGCN convolutional layer f(XW®) is
built on the following equation X'*! = ¢(D~/2AD~'/2x'®),
where X! represents the signal of the I-th layer of ChyGCN

and © denotes the learnable parameter.
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Fig. 3. Algorithm flowchart of ChyGCN built on the basis of graph structure of Chygraph.

The main distinction between ChyGCN and GCN lies
in their graph construction approaches. ChyGCN, as previ-
ously stated, delves more in depth into the relationships be-
tween features by adopting a three-tier hierarchical structure,
namely, complex-hyperedge-vertex. Additionally, during the
training phase, ChyGCN introduces learning parameters that
can be utilized to adjust the graph structure. This innovation
makes ChyGCN more flexible and tunable in the process of
graph construction. In other aspects, ChyGCN remains con-
sistent with the GCN algorithm, such as in message propa-
gation. These features collectively endow ChyGCN with en-
hanced expressive capabilities and performance advantages in
the application of GCN.

3. Experiment and discussion

The classification task of ChyGCN is evaluated by
comparing other existing techniques. Five widely tested
public datasets are used as target datasets for this task.
Datasets are divided into two categories: public-citation-
networks (Cora,!'¥l Citeseer, and Pubmed!!!) and social-
media-networks (Github Web ML and Facebook!!o]), as
shown in Table 2. These five datasets represent intricate rela-
tional networks across diverse domains, i.e., researchers have
opportunities to explore academic, technological, and social
landscapes. The academic citation networks of Cora and Cite-
seer facilitate both the analysis and the comprehension of ci-
tation relationships among papers. The incorporation of ad-
ditional text features, such as keywords and abstracts, en-
hances the context for tasks like topic modeling and infor-

mation retrieval. Pubmed, focusing on the biomedical field,

furnishes valuable resources for biomedical informatics, liter-
ature mining, and disease network research. Github Web ML
reflects collaboration and project interactions within the ma-
chine learning community, offering robust support for under-
standing machine learning engineering practices, technologi-
cal trends, and collaborative innovation within the community.
Additionally, Facebook’s social network dataset serves as a
foundation for research on social relationships. This dataset
enables sociologists and computational social scientists to in
depth investigate users’ interactions, information propagation,
and social network dynamics.

Table 2. Detailed information of five datasets with graph structure.

Cora Citeseer Pubmed Github Web ML Facebook

Nodes 2708 3327 19717 37700 22470
Edges 5429 4732 44338 289003 171002
Classes 7 6 3 2 4
Features 1433 3703 500 4005 4714
Training node 300 350 450 300 900
Validation node 500 500 1000 2000 3500
Testing node 1000 2000 5000 10000 9000

The diversity of these five datasets provides researchers
with extensive experimental scenarios and prompts cutting-
edge research in graph neural networks, machine learning,
and social network analysis. Whether exploring academic co-
operation, medical research, technological innovation or un-
derstanding social behavior, these datasets provide a rich and
comprehensive perspective for in-depth understanding of com-
plex network structures and features.

In the experiments, a two-layer ChyGCN is constructed
with a hidden layer feature dimension set to 32. The dropout
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strategy (p = 0.5) is adopted to prevent overfitting. Relu is
selected as an activation function. In the training processes
of ChyGCN, the Adam optimizer is adopted to minimize the
cross-entropy loss function, with a learning rate set to 0.001.

The comparison methods all use default parameters for com-
parisons. The experiments are conducted 100 times, and the
results of each run are averaged, as shown in the following
Table 3.

Table 3. Experimental results with mean (%) and standard deviation (%) over the trials. The best results are displayed in bold, the second-best

ones are underlined, and the third-best scores are displayed in italics.

Cora Citeseer Pubmed Github Web ML Facebook

GCN[23] 72.4+40.51 63.8+0.33 68.9+0.41 73.5+0.82 62.7+0.54
GraphSAGE!®! 78.34+0.64 65.240.38 75.74+0.54 79.34+0.74 65.240.46
APPNPP! 80.1+0.35 71.4+0.43 78.5+0.62 78.6+0.64 65.6+0.39
HANLOI 79.8+0.34 75.1+£0.52 77.4+0.45 80.240.57 68.3+0.22
GIN[!H 81.4+0.37 76.24+0.47 80.5+0.53 81.7+£0.42 71.84+0.42
GraphMix[1?) 83.34+0.72 76.8+0.52 78.4+0.35 81.840.12 73.4+0.36
GraphSAINT!!3] 82.7+£0.62 75.440.58 79.340.32 79.540.31 74.34+0.42
GraphZoom!4] 73.240.12 70.140.51 75.34+0.39 75.940.27 69.4+0.55
MixHop!!3! 83.940.51 77.5+0.33 80.3+0.52 77.5+0.46 78.6+0.48
HGNN 0] 84.240.26 72.840.62 78.4+0.36 82.84+0.3 75.1+0.31
Ours 86.1+0.33 792+0.35 83.1+0.46 83.8+0.23 80.1+0.37

In comparisons with state-of-the-art methods, our pro-
posed ChyGCN has demonstrated optimal performance across
five datasets, achieving accuracies of 86.1%, 79.2%, 83.1%,
83.8%, and 80.1% respectively. The exceptional performance
Unlike ba-
sic graphs that establish only pairwise associations or higher-

of our model stems from several key factors.

order hypergraphs representing the coexistence of multiple
nodes, the Chygraph contains more comprehensive structural
information. It encompasses both types of information men-
tioned above and provides the more precise modeling of het-
erogeneity within system components. Experimental results
show that MixHop outperforms models using conventional
sampling by adopting long-distance sampling to comprehen-
sively capture both local and global contexts of nodes. In
contrast, HGNN™ constructs a hypergraph model, and its hi-
erarchical structure aids in capturing features at different ab-
straction levels, resulting in superior performance compared
to MixHop and conventional sampling models. Moreover, our
proposed ChyGCN goes beyond these, with more in-depth ex-
ploring the relational structure information in graph data. For
example, in scientific publication systems like Cora, Citeseer,
and Pubmed, our model treats publications as complexes and
makes a distinction between author lists and reference lists.
As demonstrated by the construction methods employed
in Chygraph, the three complementary approaches signifi-
cantly enhance the effective representation of complex mod-
eling relationships within both graph structure and non-graph
structure. In the distance-space modeling approach, the multi-
hop reachable neighbors and their interrelationships are taken
into consideration, thus enabling the flexible handling of po-
tential relationships, which surpasses traditional block con-
cepts. The attribute-space modeling method involves mapping
the vertex set to a multi-dimensional space. After a compre-

hensive assessment of the interdependence strength between
vertex attributes, the differences among divided vertex sets are
further taken into account. In the feature-spectral-space mod-
eling approach, attraction and ownership information on the
graph are utilized to partition vertices.

Additionally, our observations indicate that social media
networks exhibit a higher level of complexity. This complex-
ity is evident in the simplicity of feature or attribute coding
observed in scientific citation networks, especially when com-
pared with the inclusion of location, interests, etc., in social
media networks. The latter contains much richer latent infor-
mation than the word coding information present in the for-
mer. It is essential to note that the proposed Chygraph gener-
ation method represents a forward-looking technology. There
may be even more effective and convenient methods for future
practical applications that surpass the current approach.

4. Conclusions

In this study, we introduced ChyGCN, an innovative
graph-structured adaptive learning method based on Chy-
graph. The Chygraph, encompassing the concepts of hyper-
graph and graph in its definition, provides ChyGCN with a
remarkable advantage in modeling high-order data correla-
tions. In the method section, we elaborate three adaptive fu-
sion strategies related to graph data structures, collectively
forming a Chygraph generation approach. The definition of
Chygraph adopts a three-tier structure of complex-hyperedge-
vertex, effectively modeling a multi-level graph structure and
using ChyGCN. By integrating hierarchical adaptive learning
methods with GCN, the ChyGCN enhances its ability to com-
prehensively capture complex relationships within the data.

Through experiments on five diverse datasets and com-
parisons with state-of-the-art methods, we validate the effec-
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tiveness of the proposed approach. The results indicate that
our framework achieves new state-of-the-art performance, par-
ticularly in datasets with known multi-level structures. The
ChyGCN is compared with existing GCN models and their
variants, particularly emphasizing its advantages in graph
This
work not only introduces a novel method into the field of

construction and handling complex data correlations.

graph representation learning but also demonstrates substan-
tial prospects for practical applications, particularly in scenar-
ios involving multi-level structured data.
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