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Abstract  As a generalization of traditional graph structures, hypergraphs provide a powerful mathematical
framework for modeling complex, high-order, and many-to-many relationships among entities. With the rapid ad-
vancement of artificial intelligence (AI) and machine learning (ML), research on hypergraph algorithms has
gained increasing momentum, spanning both theoretical foundations and practical applications. Motivated by
this trend, this survey offers a systematic and comprehensive overview of hypergraph algorithms, along with
cloud computing scenarios in which hypergraph modeling can be effectively applied. The paper begins by intro-
ducing the fundamentals of hypergraphs and analyzing the structural distinctions between hypergraphs and tra-
ditional graphs, highlighting their practical implications for cloud computing tasks. We then review theoretical
advances, with particular attention to partitioning, coloring, and isomorphism, followed by a comprehensive
overview of hypergraph learning methods, including spectral methods and neural network based techniques. In
addition, we analyze the types of scenarios in cloud computing where hypergraph methods can be effectively ap-
plied, with emphasis on data center networking, traffic prediction, resource scheduling, data management,
anomaly detection, and cloud security. With the advancement of Al-driven learning methods, hypergraph-based
models are increasingly capable of capturing high-order dependencies, enabling more timely and accurate deci-
sion making in complex cloud environments. Last but not least, we outline the major challenges and opportuni-
ties for future research. This paper provides critical insights into the role of hypergraphs in addressing complex
computational and organizational challenges across multidisciplinary fields.

Keywords  hypergraph, hypergraph learning, cloud computing, artificial intelligence (AI), machine learning (ML)

1 Introduction become particularly apparent in domains such as

telecommunication networks, social media interac-

Graphs have long served as fundamental tools for
representing pairwise relationships among entities in
various domainsl!l, particularly in social network anal-
ysis. This ubiquity stems from their intuitive struc-
ture, which effectively maps connections between enti-
ties, simplifying complex relational data into manage-
able forms. However, traditional graph models, con-
strained by their focus on pairwise interactions, often
fail to represent the intricate, multi-entity relation-
ships inherent in real-world data. These limitations

tions, and biological systems(? 3], where relationships
frequently extend beyond simple pairwise connections.
In some cloud computing applications, such limita-
tions are especially evident. For example, virtual ma-
chine (VM) placement scenarios require concurrent al-
location of various resources, including CPU, memory,
and storage. Modeling these interdependencies as in-
dependent pairwise relations oversimplifies the prob-
lem. By contrast, a hypergraph can represent these
multiresource dependencies as a single hyperedge, nat-
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urally capturing the many-to-many relationship be-
tween resources and VMs. Similarly, in relational
databases, a single transaction often involves multi-
ple tables, forming a hyperedge that captures the
complex inter-table dependencies. To address such
challenges, hypergraphs offer a more expressive data
structure for modeling systems exhibiting multi-way
relationships among their componentsl4. Unlike tradi-
tional graphs, hypergraphs natively preserve group-
level interactions without artificially decomposing
them into pairwise links. This property is particular-
ly advantageous in some cloud computing applica-
tions, where scenarios such as data center network
topology, resource scheduling, and traffic engineering
(TE) inherently involve higher-order dependencies.
The era of big data has driven advancements in
artificial intelligence (AI) and machine learning (ML).
However, as input data expands, the time complexity
of classic algorithms increases, affecting their efficien-
cy. Modeling multi-way relationships as pairwise in-
teractions often leads to network expansion, slowing
down algorithm performance. This limitation has mo-
tivated researchers to explore more efficient modeling
methods that better represent multivariate relation-
ships. The theoretical foundations of hypergraphs
have evolved significantly over the past few decadesl.
This evolution has been driven by both theoretical
advances and practical demands across diverse do-
mains, including social network analysis, and comput-
er visionl®l. These algorithms extend traditional graph
algorithms to the hypergraph setting, addressing
unique computational challenges and leveraging the
richer structural information provided by hyperedges.
For example, this translates into more accurate repre-
sentations of service dependencies, multi-statement
queries, and multi-resource management. Recent inte-
gration of ML with hypergraph modeling has further
expanded hypergraph’s applicability. Hypergraph em-
beddings reduce high-dimensional data into lower-di-
mensional latent spaces, thereby improving scalabili-
ty for classification, prediction, clustering, and anomaly
detection tasks. For example, hypergraph neural net-
works (HGNNs), as a generalization of graph neural
networks (GNNs), are particularly effective at learn-
ing higher-order dependencies among virtualized re-
sources, applications, and network entities. These ad-
vances demonstrate the growing importance of hyper-
graphs as a modeling paradigm for modern cloud in-
frastructures. Furthermore, in TE, hypergraphs im-

prove prediction accuracy by capturing the complex
relationships among network topology, routing paths,
and application traffic.

Existing surveys closely related to this work differ
significantly in both their scopes of topics and the
ranges of literature they examine. Hu et alll ex-
plored classifications of hypergraph learning algo-
rithms, contributing to a better understanding of hy-
pergraph-based methods across various domains. Sim-
ilarly, Gao et al.l¥l investigated hypergraph genera-
tion and learning methods, while Catalyurek et al.l]
emphasized advancements in hypergraph partitioning
algorithms. Antelmi et al.l!0 reviewed the hypergraph
representation learning problem. This paper reviews
the latest advancements in hypergraph algorithms,
emphasizing future challenges. It summarizes and syn-
thesizes existing studies that primarily focus on iden-
tifying cloud computing scenarios suitable for hyper-
graph modeling, while also highlighting the opportuni-
ties and obstacles in their implementation.

Our contributions can be summarized as follows.

o [nherent Challenges. Hypergraphs, as exten-
sions of traditional graphs, inherit several challenges,
but their higher-order characteristics introduce addi-
tional complexity. This study explores both classical
and unique difficulties in hypergraph algorithms.

o Comprehensive Review. This work offers a sys-
tematic review of hypergraph theory and learning. It
highlights key innovations in classical hypergraph al-
gorithms and categorizes hypergraph learning meth-
ods into spectral analysis based methods and neural
network based methods.

o Application in Some Cloud Computing Applica-
tions. Hypergraphs excel at modeling high-order rela-
tionships, making them suitable for some cloud com-
puting problems. We summarize and synthesize exist-
ing studies primarily focusing on identifying cloud
computing scenarios suitable for hypergraph modeling.

e Future Directions. We propose potential future
directions focusing on problem setting, modeling tech-
niques, and scalability.

The organization of this survey is depicted in
Fig.1, and the paper is structured as follows. Section 2
introduces the essential concepts and foundations of
hypergraphs, discussing the types of hypergraphs and
matrix representation, connectivity, and comparisons
between hypergraphs and traditional graphs. Section 3
explores the theoretical advancements in hypergraphs,
including hypergraph partitioning, coloring, and iso-
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Fig.1. Overview of this survey.

morphism, thereby providing the groundwork for ad-
vanced computations. Section 4 focuses on hyper-
graph learning frameworks, covering two significant
paradigms: spectral analysis based methods and neu-
ral network based methods. Section 5 examines the
application of hypergraphs in cloud computing, cover-
ing areas such as data center networks, data manage-
ment, databases, anomaly detection, and cloud securi-
ty. Section 6 highlights the challenges and opportuni-
ties in hypergraph applications, and Section 7 discusses
the future of hypergraphs, outlining key trends, and

research directions. Finally, Section 8 concludes this
paper.

2  Preliminary

This section presents the foundational concepts of
hypergraphs and the relationship between graphs and
hypergraphs in detail, focusing on high-order interac-
tions, matrix representation, and hypergraph transfor-
mation. Please refer to the appendix® for compiling
the mathematical symbols and related concepts.

Dhttps:/ /jcst.ict.ac.cn/en/supplement /6eb6cObc-ab17-4afc-899f-2130f8¢996cd, Nov. 2025.
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2.1 Hypergraph Analytics

2.1.1  Undirected Hypergraph

We first briefly introduce the preliminary defini-
tion of an undirected hypergraphlll. An undirected
hypergraph H = (V, E) is formally described by a set

of nodes V = {v, vy, ..., vy} and a set of hyper-

edges E = {e,, €, ..., €}, where each hyperedge e¢;
is a non-empty subset of V, ensuring e; #( and
e; C V. The incidence relationship between nodes and
hyperedges is represented using the incidence matrix

H = {h(v;, e;)} € {0, 1}IVI¥I¥l, defined as

1, if v; € €y,

h(vi,e;) = {07 ifv; ¢ e,

where h(v;, e;) =1 if node v; is a member of the hy-
peredge e; and h(v;, e;) =0 otherwise. Let W de-
note the diagonal matrix of the hyperedge weights in
a hypergraph, ie., diag(W) = (w(e), w(ey), ...,
w(ep))- Hyperedge weights indicate the relative im-
portance of each hyperedge in a hypergraph, while
node weights reflect the varying importance of indi-
vidual nodes. Let U denote the diagonal matrix of
the node weights in a hypergraph, i.e., diag(U) =
(u(er), ulea), -, ulew))-

The degree of a node v,;, denoted as d(v;), is the
sum of the weights of hyperedges incident to v,. The
degree of a hyperedge e;, denoted as d(e;), is the
number of nodes contained in e;. Let diag(D,) =
(d (Ul)v d(UQ)v R d(UIVI)) and dlag(De) = (d(€1>,
d(es), ..., d(eg)) be the diagonal matrix of the node
degrees and the hyperedge degrees, respectively.

Let A = {a; ,} denote the adjacency matrix of a
hypergraph H, where a; ; = 1, if there exists a hyper-
edge e € I/ such that v;, v, €e and i #j, a; ; =0
otherwise. The matrix A is a square matrix of size
|[V| x |V]. This matrix is symmetric and has only re-
al eigenvalues. This property plays a critical role in
numerous graph-related algorithms and analyses, par-
ticularly in spectral methods. For a simple graph, the
Laplacian matrix is given by A = D — A, where D is
the degree matrix (a diagonal matrix containing the
degrees of the nodes) and A is the adjacency matrix.
For hypergraphs, the Laplacian matrix becomes more
complex, with its definition adjusted to account for
the multidimensional relationships inherent in hyper-
graphs[12l. Let A denote the Laplacian matrix in a hy-
pergraph, i.e.,

A=D,—-HWD, 'H",

where D,, D,, and H are the node degree matrix,
hyperedge degree matrix, and incidence matrix, re-
spectively.

The adjacency tensor of hypergraph H is defined
as a three-order tensor, where A = {A4,;,} € R,
The element is:

{1, ifi # jand {v;,v,;} C ey,
Aijh =

0, otherwise.

A;, indicates whether nodes v; and v; are connected
within the hyperedge e,. By using different slices
A®™ | the node relationships within the hyperedge e,
can be represented.

In Fig.2, we present an example of an unweighted,
undirected hypergraph. This hypergraph consists of
four hyperedges, denoted as e,, e,, e;, and e,, respec-
tively, and includes seven nodes. The degree of the
hyperedge e, is 3, containing nodes v, v,, and wv;.
Similarly, other elements of the hyperedge degree ma-
trix D, can be inferred. Node v; belongs to hyper-
edges e, and e,, and its degree is 2. Other elements of
the node degree matrix D, can be inferred. The inci-
dence matrix H of the hypergraph can be obtained.

/o TR
e409 DC_0020’
o © 0 o 000 2
e2
1 0 0 0 1 00 0 0 0O
1 100 02000 0O
1 100 00 2 00 00O
H:OOOl’DV=0001000
0101 000 0 2 00
0110 0 00 0 O0 20
0 0 10 0 00 0 0 O01

Fig.2. Example of an undirected hypergraph.

Special types of hypergraphs can be defined based
on degree. A k-regular hypergraph is a hypergraph
where the degree of all the nodes is equal to k. A k-
uniform hypergraph is a hypergraph where the de-
gree of all hyperedges is equal to k. The number of
nodes in a hyperedge is called the cardinality. The
rank r(H) of H is the maximum cardinality of a hy-
peredge in the hypergraph and the minimum cardinal-
ity of a hyperedge is the co-rank cr(H) of H. It can
also be stated that r(H) = cr(H) = k.

2.1.2  Directed Hypergraph

Traditional undirected hypergraph representa-



568

tions do not fully capture real-world scenarios be-
cause hyperedges often exhibit directionality. There-
fore, the representation of directed hypergraph struc-
tures becomes crucialll3l. In this context, each hyper-
edge can be further partitioned into two sets: the
source node set S(e;) and the target node set T'(e;),
where T'(e;) and S(e;) are the target and the source
nodes for hyperedge ¢;, respectively. The incidence re-
lationship between nodes and hyperedges can be rep-
resented using the incidence matrix H = {h(v;, e;)} €
{_17 0, 1}IV\X\E\;

-1, ifv; € T(ey),
h(vi,e;) =<1, ifu; € S(ey),
0, otherwise.

As depicted in Fig.3, a directed hypergraph exam-
ple is provided, accompanied by its mathematical rep-
resentations: the incidence matrix H, the source inci-
dence matrix H,, and the target incidence matrix H,.

The generated sub-hypergraph can be defined as
follows. The induced sub-hypergraph of a given hy-
pergraph consists of the node set of the original hy-
pergraph H, and its hyperedges either contain one
node or have an intersection with the node set con-
taining at least two elements. A sub-hypergraph of a
given hypergraph H is a hypergraph whose node set
and hyperedge set are both subsets of the given hy-
pergraph. A partial hypergraph is a hypergraph whose
hyperedge set is a subset of the given hypergraph.

2.2 Comparison Between Graph and
Hypergraph

In real-world scenarios, interactions among multi-
ple individuals can be represented by nodes, such as
co-authors of a scientific paper. These interactions are
defined by their order: a Oth order interaction is a
node interacting with itself, a 1st order interaction in-

1 9 7 1 0 0 0
1 0 0 0

-1 0 -1 0

-1 0 -1 0

-1 1 0 1

H— 0 1 0 1
0 -1 0 0

0 -1 0 O

0 0 1 0

0 0 1 0

0o 0 0 -1

0o 0 0 -1

Fig.3.
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volves two nodes, and a 2nd order interaction in-
volves three nodes. While traditional graphs can only
represent 1st order interactions, hypergraphs can rep-
resent any k-order interaction using flexible hyper-
edges. This ability makes hypergraphs more effective
in modeling high-order correlations. In cloud comput-
ing, this structural flexibility translates into signifi-
cant practical benefits. For example, hypergraphs pro-
vide a natural representation for datacenter network
topologies where multiple servers, switches, and appli-
cations interact simultaneously. In TE, hypergraphs
can model complex relationships between datacenter
network nodes, such as routers and switches, captur-
ing the interactions among multiple paths and flows.
This capability allows for more efficient routing and
load balancing. Similarly, hypergraphs can model
complex resource requirements, such as CPU, memo-
ry, and storage. This allows for more efficient alloca-
tion strategies that consider the interdependencies of
multiple resources.
query optimization, hypergraphs encode multi-table
transactions and enable higher-order query planning.

In database management and

Hypergraphs also model complex dependencies among
logs or events to enhance anomaly detection, task al-
location, and etc.

3 Hypergraph Theory
3.1 Hypergraph Partitioning

Hypergraph partitioning often serves as a key
technique for enabling the scalability of various algo-
rithms. Specifically, scalable algorithms across di-
verse applications frequently require a subroutine to
partition a hypergraph into k& blocks of approximate-
ly equal size, minimizing the number of edges that
span across blocks. This process is typically guided by
a balance constraint, which ensures that the weights

10 00 00 00
10 00 0 000
00 0O 1010
0000 1010
0101 1000
H.— 0101 i 00 0O
0 000 0100
0 000 0100
0010 0 000
0010 0 0 00
0 00O 00 01
0 00O 0 0 01

Example of a directed hypergraph.
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of all blocks remain below a specified upper bound.
Hypergraph partitioning algorithms are used to
achieve load balancing in data center networks, ensur-
ing low response time at service nodes. Similarly, sci-
entific simulations on supercomputers utilize hyper-
graph partitioning to evenly distribute workloads and
minimize interprocessor communication overhead.
Furthermore, partitioning (graph) neural networks
significantly accelerates the training process!4l. How-
NP-hard

problem[!%, and no constant-factor approximation al-

ever, hypergraph partitioning is an

gorithm exists[!6l. Consequently, heuristic algorithms
are commonly adopted in practical implementations.
In sequential hypergraph partitioning algorithms,
the multilevel paradigm is widely considered the most
effectivell7). Tt strikes a balance between execution
time and the quality of the partitioning solution. Hy-
pergraph partitioning algorithms use two strategies:
node-based and net-based partitioning. Hyperedge
partitioning has the advantage of replicating nodes,
eliminating the need for auxiliary node modeling re-
quired in node-based methods. In hyperedge partition-
ing, each hyperedge belongs to a single block, while
nodes can belong to multiple blocks. In contrast,
node-based partitioning assigns each node to a single
block, and hyperedges can span multiple blocks. Most
existing algorithms are based on net-cut partitioning.
Specifically, Heuer et al.l'8] proposed a network
flow based refinement framework for multilevel hyper-
graph partitioning, extending the flow-based improve-
ment algorithm KaFFPa to hypergraphs. Gottesbiiren
et al.l9 improved the flow-based refinement frame-
work of KaHyPar-MF[8 by enhancing the Hyper-
FlowCutter algorithm to handle weighted hyper-
graphs, enabling more efficient multilevel k-way parti-
tioning. Andre et al.29 developed the first multilevel
memetic algorithm for hypergraph partitioning, incor-
porating multilevel recombination and mutation oper-
ations to enhance diversity. Schlag et al.l2!l proposed
an open-source hypergraph partitioner based on two
objectives: the cut-net metric and the connectivity
matrix. This algorithm[! proposes two preprocessing
techniques: locality-sensitive hashing (LSH) and com-
munity detection based on the Louvain algorithm.
Sybrandt et al.22] proposed a hypergraph partitioning
method leveraging graph embeddings to enhance
coarsening strategies within the multilevel paradigm.
By embedding the initial hypergraph, the method en-
sures that coarsened instances retain key structural
features, prioritizing coarsening in self-similar regions.

Theoretical and practical evidence suggests that node-
cut partitioning is more effective than net-cut parti-
tioning for power-law graph processing(23].

Distributed memory partitioning algorithms typi-
cally lack access to the global view of the entire
graph; instead, they rely on local graph data to make
partitioning decisions. Maleki et al.?4 proposed Bi-
Part, the first deterministic and parallel hypergraph
Unlike
which lack determinism and are unsuitable for do-

partitioner. existing parallel partitioners,
mains like VLSI design, BiPart ensures consistent
partitioning results for the same input. Kabiljo et al.l
proposed the social hash partitioner (SHP), a dis-
tributed algorithm for balanced k-way hypergraph
partitioning. SHP minimizes fanout by optimizing a
novel objective function called probabilistic fanout,
which simultaneously reduces the communication vol-
ume and the cut metric (k — 1).

However, challenges remain in optimizing parti-
tioning for dynamic hypergraphs, improving scalabili-
ty for irregular structures, and integrating real-time
processing for large-scale distributed systems.

3.2 Hypergraph Coloring

Since the 20th century, hypergraph coloring has
emerged as an important problem in combinatorics
and has attracted significant scholarly attention[25).
This task is foundational not only to the field of com-
binatorics but also to various applications in areas
such as optimization and scheduling. Hypergraph col-
oring, which assigns distinct colors to nodes within
hyperedges to avoid conflicts, is effective in tasks in-
volving resource allocation and scheduling. Unlike the
graph coloring problem, which allows testing for two-
colorability in linear time, determining whether a giv-
en hypergraph can be two-colored is NP-hard, even
for 3-uniform hypergraphs.

In general graphs, we can test whether a graph is
two-colorable in linear timel2l. However, in hyper-
graphs, testing whether a given hypergraph is two-
colored is NP-hard even for a 3-uniform hypergraph.

Recent advancements in hypergraph coloring have
significantly expanded both the theoretical under-
standing and practical applications of this field. Re-
searchers have addressed diverse problems, ranging
from LO (linearly ordered) coloring and conflict-free
coloring to distributed and directed hypergraph color-
ings. Kierstead et al.27 determined bounds for the
chromatic number of some hypergraphs. Anand et
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al.?8 addressed the LO coloring problem for 3-uni-
improved SDP
rounding algo-

form hypergraphs, providing an
(semidefinite

rithm that produces an LO coloring with O(n'/%) col-

programming)-based

ors. Prasad et al.l? proposed a hypergraph-based
method to index coding problems in information theo-
ry, which derives new upper bounds for the optimal
index coding length by leveraging conflict-free color-
ings of the hypergraphs.

In distributed algorithms, Manuela et al.3% pre-
sented a deterministic distributed algorithm for com-
puting a (2A — 1)-edge-coloring or list-edge-coloring
in any n-node graph with maximum degree A,
achieving a polylogarithmic-time complexity of
O(logsAlog n), resolving a long-standing open ques-
tion in distributed graph algorithms. Nate et al.l3!
studied the approximability of clustering edge-col-
ored hypergraphs based on linear programming, and
proposed a linear-time approximation algorithm for
clustering edge-colored hypergraphs.

For directed hypergraphs, Keszeghl3?l investigated
the coloring of directed hypergraphs, proving a con-
jecture that 3-uniform directed hypergraphs, subject
to specific intersection conditions, are properly 2-col-
ored.

However, many algorithms rely on simplifying as-
sumptions or specific conditions, such as uniformity or
bounded degree, which may limit their applicability
to real-world scenarios involving highly irregular and
dynamic hypergraphs. The integration of hypergraph
coloring into large-scale distributed systems and ML
frameworks presents significant computational and
scalability challenges.

3.3 Hypergraph Isomorphism

In graph structure analysis, comparing the simi-
larities between graph structures is essential. When
dealing with the above applications, one of the most
important issues in graph theory is to compare the
similarity of substructures in graphs and do so in
polynomial time. This is typically achieved through
graph isomorphism. The study of graph kernels has
garnered significant attention because of their analyti-
cal utility. However, the application of hypergraph
isomorphism for comparative purposes is hindered by
the following two major challenges.

1) No efficient algorithm exists to determine if

J. Comput. Sci. & Technol., Mar. 2026, Vol.41, No.2

two hypergraphs are isomorphic.

2) Isomorphism is a rigid comparison methods,
limited to exact comparisons of hypergraph similari-
ties.

With the emergence of hypergraph structures, re-
searchers have developed diverse methodologies to
tackle the challenge of measuring isomorphism in
high-order structures. Wachman et al.33] explored iso-
morphism algorithms for hypergraphs, identifying
challenges related to the unreliability of random walk-
based algorithms. Building on this, Laszl’o et al.[34
examined the computational aspects of hypergraph
isomorphism and proposed algorithms that efficiently
handle low-rank hypergraphs within a feasible compu-
tational timeframe. Arvind et alB% introduced a
fixed-parameter tractable algorithm for colored hyper-
graph isomorphism. Feng et al.3% proposed a general-
ized Weisfeiler-Lehman (WL) test algorithm for hy-
pergraph isomorphism, extending its application from
graphs to hypergraphs. They introduced two hyper-
graph kernel frameworks: the hypergraph WL sub-
tree kernel and the hypergraph WL hyperedge kernel.

While significant advancements have been made
in hypergraph isomorphism testing, challenges re-
main in achieving computational efficiency and scala-
bility, particularly for large, irregular, or high-rank
hypergraphs. Existing methods either suffer from
computational bottlenecks, such as increased dataset
size, or rely on assumptions like low-rank structures
or specific hypergraph properties.

4 Hypergraph Learning

There are many types of hypergraph learning
methods. Hypergraph generations techniques support
efficient anomaly detection, resource usage prediction,
and service recommendation by capturing complex
correlations across heterogeneous cloud resources or
physical topology (please see Appendix®). Spectral
analysis based methods and HGNNs extend to higher-
order structures, enabling more accurate modeling of
multi-resource (such as jobs, data tables) dependen-
cies, workflow scheduling, network traffic optimiza-
tion, and etc. From a methodological perspective,
spectral analysis methods, long regarded as the tradi-
tional cornerstone of graph learning, have also domi-
nated hypergraph learning. Most studies were ground-
ed in spectral theory before the advent of neural net-
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works in this domain. These methods, which are char-
acterized by rigorous mathematical formulations, pro-
vide analytical precision but are often constrained by
inherent limitations.

At the same time, the emergence of neural net-
works has injected new vitality into the research on
hypergraph learning. How to use neural network
structures for hypergraph learning has become a new
research hotspot. In recent years, many excellent
methods in this area have been proposed.

The spectral theory of hypergraphs serves as a
foundational theoretical framework that significantly
enhances the representation, understanding, and de-
velopment of spectral-based hypergraph learning
methods. The spectral properties of hypergraphs pro-
vide profound insights into their structural character-
istics, connectivity, and clustering capabilities, en-
abling more effective analysis and learning. Readers
seeking a deeper understanding of the spectral theory
and properties of hypergraphs, including matrix/ten-
sor representations and sparsification methods, are re-
ferred to the Appendix®), which offers a comprehen-
sive discussion of theoretical foundations, recent
progress, and open challenges. This supplementary
material comprehensively elaborates on the theoreti-
cal foundations, recent advancements, and critical
open challenges in the spectral analysis of hyper-
graphs.

Therefore, in this section, we provide a compre-
hensive overview of hypergraph learning methods,
categorizing them into spectral analysis based meth-
ods and neural network based methods.

4.1 Spectral Analysis Based Methods

4.1.1 Expansion-Based Spectral Analysis

Methods

Spectral analysis methods are the traditional men-
thods in hypergraph learning, based on matrix analy-
sis and spectral theory. These methods involve opti-
mizing an objective function, with solutions derived
through rigorous mathematical reasoning. The star
expansion (SE) and clique expansion (CE) methods
are two classical expansion techniques for hyper-
graphsB37. The foundational concepts of standard star
and clique expansions have been proposed within the
framework of spectral theory. Fig.4 illustrates an ex-

ample of converting a hypergraph into a graph using

the star and clique expansion methods.
Hypergraph Graph

e/ @ Star Expansion

@
. e © —> el
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Fig.4. Example of converting a hypergraph into a graph using
the (a) star and (b) clique expansion methods.

In the SE algorithm, a new graph, denoted as
G*(V*, E*), is constructed from the original hyper-
graph H(V, F). In this expanded representation, a
new node is introduced for each hyperedge in the
original hypergraph, resulting in the set of nodes V*
being the union of the original nodes V' and the hy-
peredges E. Each newly introduced node is then con-
nected to all the nodes within its corresponding hy-
peredge, thereby forming a star-like structure. The SE
algorithm redistributes the weight of each hyperedge
to the corresponding pairwise graph edges. The nor-
malized Laplacian matrix of the new pairwise graph
G* is computed. This matrix encapsulates the struc-
tural relationships within the expanded graph and is
derived from a formula involving both the adjacency
matrix and the degree matrix of the expanded graph.

The CE algorithm constructs a new graph from
the original hypergraph by replacing each hyperedge
with a fully connected structure, where all nodes
within the hyperedge are pairwise connected®8]. In the
expanded graph, the edges represent the connections
between the nodes of each hyperedge in the original
graph. The weight of each edge in the expanded
graph is determined by minimizing the difference be-
tween the weight of the corresponding hyperedge in
the original graph and that in the expanded structure.
After obtaining the expanded graph, the normalized
Laplacian matrix is computed®, which involves the
degree matrix of the expanded graph, the incidence
matrix of the original hypergraph, and the weight ma-
trix of the expanded graph. The resulting Laplacian
matrix is then used to solve a traditional graph parti-
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tioning problem, which is formulated as a least
squares objective function.

The star and clique expansion methods, while ef-
fective, have notable drawbacks, particularly the sig-
nificant increase in edge count in the expanded graph,
which limits their applicability to higher-order hyper-
graphs. To address this challenge, several sampling-
based expansion methods have been introduced. In
the context of the Markov -clustering algorithm,
Louisl ) proposed the Breaking Ties Randomly
(BTR) method, which replaces each hyperedge with
an edge connecting the two most distant nodes with-
in the hyperedge, assigning the new edge the same
weight as the original hyperedge. However, BTR pri-
marily considers the relationship between the two
most distant nodes, neglecting the contributions of
other nodes within the hyperedge, which leads to a
loss of important intermediate information, particu-
larly in hypergraphs with significant node feature
variability. In contrast, Chan et al.l*l] proposed an ex-
pansion method based on diffusion theory, addressing
a limitation where information flow is restricted to
high- and low-density nodes, ignoring intermediate
nodes.

The expanding hypergraph learning method trans-
forms hypergraphs into traditional pairwise graph
networks by decomposing their structures. This de-
composition enables the use of standard graph-based
learning algorithms. However, this transformation of-
ten leads to information loss, as the inherent higher-
order relationships and structural intricacies of the
original hypergraphs are not fully preserved.

4.1.2 Non-Expansion Based Spectral Analysis
Methods

Unlike expansion-based methods, non-expansion
based spectral analysis methods model a hypergraph
directly, constructing the Laplacian matrix of the hy-
pergraph itself. This modeling method ensures the in-
tegrity of the hypergraph’s information. Carletti et
al.¥2, in their exploration of Random Walks on Hy-
pergraphs (RWH), demonstrated that the random
walk method they proposed, which directly models
the hypergraph, yields results that significantly differ
from traditional random walk algorithms applied to
results’ projected graph. Bolla’s Laplacian method[43]
represents one of the earlier methods to non-unfolded
matrix factorization. The primary objective of this

J. Comput. Sci. & Technol., Mar. 2026, Vol.41, No.2

method is to partition the nodes of a uniform hyper-
graph into k clusters, minimizing the number of edges
in the corresponding cut set. Bolla demonstrated that
this matrix decomposition technique effectively solved
the hypergraph minimum cut problem. Zhou et al.[44]
extended traditional matrix factorization methods
from undirected graphs to hypergraphs, introducing
the N-cut algorithm for hypergraph partitioning.
Huang et al%] addressed the image segmentation
problem by applying their N-cut algorithm[4 to a hy-
pergraph, where the nodes correspond to over-seg-
mented image patches, ultimately resolving the issue
of image over-segmentation. Similarly, Purkait et
al.146l employed the N-cut algorithm to partition clus-
ters on large-scale hyperedges after constructing a
clustered hypergraph. Huang et al.[l combined the
propagation inference theory proposed by Zhou et
al.* with probabilistic matrices on hypergraphs, in-
troducing a probability-based non-expansion spectral
hypergraph ranking matrix factorization algorithm.
Ma et al.47l proposed a nonlinear extension of their
standard Laplacian operator#4, known as the hyper-
graph p-Laplacian regularization (HpLapR), to pre-
serve the geometric probability distribution of data.

Non-expanded hypergraph learning focuses on in-
decomposable hypergraphs, modeling their structure
directly without decomposition. In these hypergraphs,
nodes within a hyperedge are strongly correlated, but
subsets of nodes often lack such relationships. For in-
stance, in recommendation systems, hyperedges con-
necting users, movies, and tags do not show strong
correlations between users and tags. Applying ex-
panded hypergraph methods to such structures can
cause information loss or introduce noise, reducing
model accuracy and efficiency.

Please refer to the supplemental material® for a
discussion of the summary of spectral analysis hyper-
graph learning methods in this survey.

4.2 Neural Network Based Methods

Spectral analysis methods, though celebrated for
their mathematical rigor, often lack the flexibility and
scalability required for complex applications, which
has prompted the rise of neural network algorithms as
adaptive and computationally efficient alternatives.
Leveraging the transformative advancements of deep
learning (DL) in domains such as speech recognition,
natural language processingl48l, and computer vision,
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researchers have developed specialized neural archi-
tectures for graph and hypergraph data. HGNNs, as
an extension of GNNs, excel in capturing high-order,
non-linear relationships while eliminating the need for
manual feature engineering.

4.2.1 Hypergraph Convolutional Networks

Hypergraph convolutional networks (HCNs) ex-
tend the principles of graph convolutional networks
(GCNs) to hypergraphs, enabling the direct modeling
of complex multi-way relationships that go beyond
pairwise connections. Spectral graph convolutions
leverage the Fourier transform to shift graph signals
to the spectral domain to perform convolution opera-
tions, while spatial graph convolutions aggregate node
features directly in the spatial domain*9. Generally,
hypergraph convolutional neural networks can be di-
vided into two categories: spectral-based methods and
spatial-based methods.

For the spectral-based methods, Feng et al.l’0 in-
troduced HGNN, grounded in the principles of hyper-
graph Laplacians and Chebyshev polynomial approxi-
mations, to effectively capture high-order, non-pair-
wise relationships in complex data. Unlike convention-
al GNNs, which rely on pairwise node interactions,
HGNN employs a vertex-hyperedge-vertex propaga-
tion mechanism for iterative representation learning.
To enhance computational efficiency, the hypergraph
Laplacian is approximated and seamlessly integrated
into the deep learning framework. Fig.5 illustrates the
details of the hypergraph neural networks.

Yi et al.5Y further advanced this line of research
by integrating HGNN with recurrent neural networks

(RNNs), resulting in the HGC-RNN framework. In
this method, graph convolutional operations are first
applied to temporal slices of a sequential hypergraph
to extract structural features, which are then pro-
cessed by an RNN for final time series prediction.
Compared with existing GNN-based models for struc-
tured temporal data, HGC-RNN requires fewer pa-
rameters and exhibits enhanced robustness. However,
its applicability is limited to unweighted temporal hy-
pergraphs. Yadati et al.l’2 proposed HyperGCN to re-
duce noise introduced by HGNNs during information
aggregation in semi-supervised learning. By selective-
ly sampling binary edges from expanded hypergraphs,
HyperGCN improves robustness. However, it may
miss useful information and require more iterations to
converge. Bai et al.1’3 proposed hypergraph attention
(Hyper-Atten), a method that integrates graph atten-
tion mechanisms with hypergraph convolution struc-
tures. By recalculating the incidence matrix H using
attention scores and feeding it into a convolutional
neural network, the model becomes trainable during
backpropagation. Compared with conventional hyper-
graph convolutional networks, this method offers
greater flexibility and adaptability. Jiang et al.[54 pro-
posed the DHGNN model by integrating dynamic hy-
pergraph generation (DHG) with hypergraph convolu-
tion (HGC), enabling the reconstruction of hyper-
graph structures to capture latent node relationships
in the original data. However, because the model re-
quires clustering-based hypergraph reconstruction at
each iteration, it suffers from low computational effi-
ciency, limiting its scalability to large scale hyper-
graph networks.

Spatial-based methods directly aggregate features
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in the local neighborhood of nodes. For the spatial-
based methods, Atwood et al.l?] proposed diffusion-
convolutional neural networks (DCNNs), which make
use of transition matrices to determine where nodes
are located. The generalization of convolution in the
spatial domain is achieved using Gaussian mixture
models based on local path operators. Feng et al.l%]
proposed dynamic hypergraph neural networks, which
model evolving hypergraph structures through two
key modules: dynamic hypergraph construction and
hypergraph convolution. The hypergraph is updated
at each layer based on feature embeddings, using a
combination of k-NN and k-means clustering to cap-
ture both local and global relationships. The convolu-
tion module captures high order correlations through
two stages: node convolution, which aggregates node
features into hyperedges, and hyperedge convolution,
which aggregates hyperedge features back to nodes.
Gao et al.Pfl extended the original conference version
HGNN, and proposed general hypergraph neural net-
works (HGNN+). This framework consists of two
main components: hypergraph modeling and hyper-
graph convolution. In the modeling stage, multi-
modal or multi-type data is structured into hyper-
graphs by generating hyperedge groups via pairwise,
k-hop, or feature-space neighbors. The convolution
stage employs a spatial hypergraph convolution with
a two-step message passing mechanism that aggre-
gates features from vertices and hyperedges using
learnable functions. In the context of heterogeneous
cloud data, HGNN+ holds strong potential for multi-
modal fusion across diverse data types, such as log
text, traffic time series, and system metrics. However,
real-world cloud data is often incomplete or imbal-
anced across modalities. For example, log data may
be sparse or missing altogether, while metric series are
dense but noisy. Addressing such challenges requires
additional mechanisms beyond standard convolution.
One promising research direction is the incorporation
of modality-aware weighting strategies during hyper-
edge construction, which assign adaptive importance
to different input features based on confidence or
quality. Another is the use of hypergraph-based impu-
tation, where missing associations can be inferred via
transitive paths or high-order connectivity, allowing
robust learning even under partial observation. While
HGNN+ lays the foundation for such tasks, detailed
algorithmic designs and experimental validation re-
main open challenges that merit future research.
Please refer to Table A3 in the supplementary

J. Comput. Sci. & Technol., Mar. 2026, Vol.41, No.2

material® for the methods for hypergraph convolu-
tional models in this survey. We have included a sum-
mary table that categorizes representative studies ac-
cording to their convolution types, key techniques,
strengths, and limitations.

4.2.2 Encoder-Based Methods

In the realm of ML, encoder-decoder architec-
tures are widely recognized for their efficacy in learn-
ing low-dimensional embeddings, capturing intricate
patterns within data. However, their applicability is
challenged when dealing with hypergraph-like struc-
tured data, which encapsulates complex structural in-
formation through hyperedges connecting multiple
nodes. Consequently, these architectures are often em-
ployed as submodules within broader network frame-
works to address the unique demands of hypergraph
data.

The encoder-based method in Hyper-SAGNNI7 is
a sophisticated method for generating node features in
hypergraphs, leveraging the structural information en-
coded in the adjacency matrix. DHNEPS! addresses
the challenge of embedding hyper-networks with inde-
composable hyperedges, prevalent in heterogeneous
networks. HeteHG-VAEPY was proposed for link pre-
diction in heterogeneous information networks
(HINs). It maps HINs into heterogeneous hyper-
graphs to effectively capture both high-order seman-
tics among multiple entities and low-order pairwise
relationships, thereby preserving the rich relational
structure of the original network. Paynel6® leveraged
both contextual and permutation-invariant node
membership properties of hyperedges to jointly mod-
el hyperedge and node embeddings, enabling classifi-
cation and regression tasks in both transductive and
inductive learning settings. Notably, encoder-based
methods, while powerful, may struggle with the com-
putational demands of large-scale hypergraphs. There-
fore, optimizations and scalable solutions are impera-
tive for practical applications.

4.2.3 Generative Adversarial Network Based
Methods

Generative adversarial networks (GANs) have
emerged as a powerful framework for generative mod-
eling, characterized by their ability to learn complex
data distributions through adversarial training(6ll. The
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adversarial nature of GANs, which involves a genera-
tor network competing against a discriminator net-
work, has proven effective in capturing intricate pat-
terns and generating high-quality synthetic datal62].
HGGAND! integrates resting-state fMRI (rs-fMRI)
and diffusion tensor imaging (DTI) by employing an
interactive hyperedge neurons (IHEN) module, which
enhances feature learning by capturing the high-or-
der relationships within hypergraph structures. The
MRL-AHF framework leverages the complementari-
ties between modalities and the interactions within
modalities to enhance representation learning capabil-
ity and multimodal fusion performance.

Several challenges arise in the context of GAN-
based hypergraph learning, including mode collapsel63],
scalability, and the lack of standardized evaluation
metrics. Mode collapse occurs when the generator fails
to capture the diversity of the real data distribution,
resulting in synthetic hypergraphs that are overly
similar to each other. Techniques such as feature
matchingl®4, minibatch discrimination65], and Wasser-
stein GANs[66 have been proposed to mitigate this is-
sue. Scalability to large hypergraphs is another criti-
cal challenge, as the computational complexity of hy-
pergraph operations can be prohibitive.

4.2.4 Random Walk Based Methods

Random walks (RWs) serve as a versatile alterna-
tive to convolutional methods for encoding the con-
cept of closeness in hypergraphs. In hypergraphs, ran-
dom walks can traverse hyperedges that connect mul-
tiple nodes, offering a unique perspective on node sim-
ilarity and proximity. Huang et al.l67 presented two
models, Hyper2vec and NHNE, for embedding hyper-
graphs, focusing on their non-uniform and dual prop-
erties. Hyper2vec employs a biased second-order ran-
dom walk strategy within the skip-gram framework to
capture the structural context of nodes in hyper-net-
works. NHNE uses 1D (one-dimensional) convolution-
al neural networks to combine hyperedge features and
trains a tuple-wise similarity function to address
nonuniform relationships in hypergraphs. Huang et
al.1%8] introduced a novel method to hypergraph repre-
sentation learning, addressing the limitations of tradi-
tional methods that simplify hyperedges into pairwise
interactions. The DHHE framework[9 integrates visu-
al content and social context through a heteroge-
neous hypergraph, embedding them into a low-dimen-
sional space.

5 Hypergraph for Cloud Computing

Over the past decade, cloud computing has wit-
nessed rapid advancements and achieved remarkable
success. Cloud computing data centers serve as essen-
tial hubs for hosting a wide range of critical business
services that are integral to modern life. In these da-
ta centers, hardware resources are systematically or-
ganized into resource pools comprising physical
servers, storage systems, and network devices[™.
Through cloud orchestration systems, these resources
are virtualized and efficiently managed to deliver in-
frastructure services to users. Cloud providers typical-
ly offer a variety of infrastructure service types for
users to select based on their needs[”]. Numerous
commercial cloud service providers have emerged, of-
fering diverse public cloud services. An increasing
number of enterprises and organizations have started
either to build their cloud computing infrastructures
or to adopt hybrid cloud solutions. Therefore, effi-
cient resource management not only enhances service
quality but also minimizes resource consumption(™!.

Hypergraphs, extensions of traditional graphs ca-
pable of modeling multiway relationships, have
emerged as promising computational frameworks for
solving complex problems in modern data-intensive
domains. Researchers can model dependencies among
virtual machines, data blocks, or user requests with
greater precision using hypergraphs, leading to im-
proved system performance, energy efficiency, and
cost effectiveness.

In this section, our discussion is structured accord-
ing to the categories of problems in cloud computing
applications that are suited to hypergraph-based mod-
eling. As depicted in Fig.6, our analysis spans five key
data center operations, data management
strategies, database optimization, anomaly detection
mechanisms, and measures to enhance cloud security.

areas:

5.1 Data Center Network

5.1.1 Data Center Network Topology

Effective data center network topologies are de-
fined by their ability to achieve high scalability, effi-
cient switch utilization, and exceptional reliability, all
while meeting the demands of modern cloud and en-
terprise environments. Traditional Fat-Treel™! archi-
tectures, while widely used, face limitations scalabili-
ty, and flexibility. To address these challenges, re-
searchers have explored novel designs leveraging hy-
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Fig.6. Types of scenarios and problems in cloud computing where hypergraph methods can be effectively applied.

pergraph and combinatorial block design theory.

As reported by the work of Zhang et al.[™, the
hypergraph-based data center network structures ex-
hibit substantial improvements over traditional Fat-
Tree architectures.
evaluations demonstrate that hypergraph-based de-
signs, such as the indirect hypernetworks (H,,q,(M1),
Hyaie(M2,1), and H,.;(M3)), achieve significantly
higher scalability. For example, H;(M1) with
switch size 64 connects approximately 47 times more
nodes compared with a 3-level Fat-Tree using switch-
es of the same size, while requiring about 12 times
switches. Similarly, for switch size 128,
Hiqw(M1) connects 50 times more nodes than the

Specifically, their experimental

more

Fat-Tree while requiring approximately 11 times
more switches, indicating a clear advantage in scala-
bility and network density. These findings highlight
the inherent flexibility of hypergraphs in modeling
multi-way relationships and optimizing inter-cluster
communication, which are critical for modern cloud
computing infrastructures.

However, challenges remain. One major issue is
the practical deployment of hypergraph-based de-
signs in real-world data centers, where integration
with existing hardware and protocols may be com-
plex. Additionally, as data center networks scale fur-
ther, ensuring low-latency communication and fault
tolerance across highly interconnected nodes will re-
quire more sophisticated optimization techniques.

5.1.2  Traffic Engineering

TE is a critical mechanism for optimizing net-

work performance, particularly in dynamic and com-
plex modern networking environments. Traditional
TE methods often rely on static traffic allocation,
mapping flows to predefined paths without consider-
ing real-time network utilization or traffic load. While
heuristic algorithms based on precise mathematical
models offer improvements, their adaptability to
rapidly changing network conditions is limited. To ad-
dress the limitations of static traffic allocation and
adapting to the dynamic and complex of modern net-
works, Cai et al.[”¥l proposed a multi-agent reinforce-
ment learning (MARL) framework with hypergraph
attention mechanisms (MA3C-routing) for TE. In the
NSFNET topology, at a demand ratio of 0.7, the pro-
posed method reduces flow completion time (FCT) to
5.6, outperforming shortest path (7.45) and load bal-
ancing (557.21). This indicates approximately a
24.8% FCT reduction compared with the next-best
method (shortest path). In terms of throughput, the
proposed method maintains a high level of 145.84,
surpassing all the other baseline methods. Specifically,
it achieves 1.4% more throughput than MADDPG
(143.83), and far exceeds load balancing (114.83).
Accurate traffic prediction is essential for effec-
tive TE. To solve the network traffic prediction prob-
lem, Tong et al."l addressed the problem by intro-
ducing a spatio-temporal link hypergraph convolu-
tional network model. They captured the intricate re-
lationships between network topology, routing paths,
and application-specific traffic flows. Multicast is es-
sential in data center networks to meet the demand
for distributed data-parallel applications. The recon-
figurable circuit technology enables faster multicast
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by connecting switches, offering a promising solution.
To investigate the optimization of multicast perfor-
mance through splittable multicasting in reconfig-
urable data center networks, Luo et all" trans-
formed the problem into a hypergraph matching
problem, focusing on dynamically configuring circuit
switches to minimize multicast flow times. To ex-
plore efficient acceleration of non-preemptive multi-
cast flows in reconfigurable datacenter networks,
Zhang et al.["8 proposed a two-round matching algo-
rithm based on a connection-based hypergraph model
to address the conflicts between different multicast
flows under the bandwidth constraint.

5.2 Database
5.2.1 Database Management

Databases are distributed across multiple physi-
cal machines, known as hosts. Distributed databases
achieve scalability primarily through horizontal parti-
tioning of tables into shards, which are then assigned
to hosts within the cluster(". Compared with non-dis-
tributed databases, distributed systems offer greater
scalability, reliability, and availability. However, they
require more sophisticated mechanisms to ensure da-
ta integrity and incur communication overhead dur-
ing query processing, as inter-host communication is
required for queries involving data from multiple
hosts. There are online analytical processing (OLAP)
and online transaction processing (OLTP) workloads
in distributed databases. OLAP workloads involve
long-running analytical queries, where distributed
queries are beneficial for load distribution of the
load[8l. Furthermore, it should aim to balance the load
to avoid overloaded or idling hosts. OLTP workloads
consist of short, fast-running queries. Distributed
queries in OLTP increase communication overhead
and duplicate processing across hosts, thereby reduc-
ing system performance. Therefore, we can improve
the system performance by reducing the overhead in-
troduced by distributed queries. In graph partition-
ing for table partitioning in distributed databases,
graphs lack the ability to accurately model executed
transactions. For example, it is not possible to distin-
guish if two edges belong to the same transaction or
whether they represent two separate edges; whereas,
in the context of a hypergraph, a hyperedge clearly
represents a single transaction®. Quamar et al.B! in-
troduced SWORD, a scalable and workload-aware da-
ta partitioning and placement strategy tailored for

OLTP workloads. SWORD optimizes partitioning by
minimizing the cut metric, effectively reducing intern-
ode communication costs, and improving data locali-
ty. The algorithm leverages a hypergraph representa-
tion of the workload, denoted as H = (V, E, ¢, w),
where V represents the virtual nodes (data tuples), £
represents transactions spanning multiple nodes, ¢ in-
dicates node capacities, and w reflects transaction fre-
quencies. The core objective function minimizes the
total weight of cut hyperedges, i.e., the sum of trans-
action frequencies crossing partition boundaries, to
minimize internode communication and distributed
transaction overhead. In this model, the weight of
each node corresponds to its access frequency, while
the weight of each hyperedge represents the transac-
tion frequency. SWORD introduces an incremental
repartitioning mechanism to dynamically adjust data
placement as workloads shift, thereby preventing the
need for complete data migrations during runtime.
Additionally, SWORD employs a hypergraph com-
pression technique to further enhance partitioning ef-
ficiency, which optimizes the partitioning process by
reducing associated overheads. This method distin-
guishes between tuple-based and compressed-node
based workload models, allowing for more efficient re-
source utilization and minimizing latency during
query execution. Overall, the innovative use of hyper-
graph modeling and incremental adjustments allows
SWORD to achieve high scalability and low commu-
nication overhead, making it an effective solution for
distributed OLTP environments.

Yang et al.B2 proposed HEPart, which uses hy-
peredge partitioning for the context of NoSQL
database systems. In HEPart, nodes correspond to
database tuples, and their weights reflect the associat-
ed loads. The gain g,,(e) of a hyperedge e denotes the
reduction in the cut when e is moved from block p to
block ¢. Key results demonstrate that HEPart
achieves significant improvements in operation span
degree (OSD), storage variance (SV), and average op-
eration response time (AORT) compared with round-
robin partitioning. Fig.7 presents a comparison of the
partitioning strategies employed by Schism, Clay,
SWORD, and HEPart. While Schism and Clay rely
on graph-based models for workload representation,
SWORD and HEPart adopt hypergraph-based model-
ing methods®. In the example, optimal partitioning
aims to minimize the number of distributed queries.
For example, nodes p, and p, should ideally be placed
within the same block to avoid cross-partition com-
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Workload
Node ={p1,p2,p3, 4, D5, Do, P15 P8 }
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Fig.7. Comparison of the partition of Schism, Clay, SWORD, and HEPArt[,

munication. However, Schism assigns p, and p, to
separate blocks, resulting in 50% more distributed
queries compared with SWORD. This discrepancy
arises because the graph model finds its minimal cut
at 3 by severing the edge between p, and p,, whereas
the hypergraph model achieves a minimal cut of 2 by
partitioning the hyperedge containing p,, ps, and p,.

In addition, Chen et al.33 proposed a fragment re-
allocation strategy for NoSQL database systems based
on weighted hypergraph partitioning. The hyper-
graph represents fragment access patterns in opera-
tions, and the partitioning algorithm clusters frag-
ments to optimize communication costs while main-
taining a high degree of parallelism.

5.2.2 Database Query

In graph database querying, use cases are divided
into real-time queries and offline analysis. Real-time
queries primarily use graph traversal and pathfinding
algorithms (e.g., shortest-path, minimum-spanning
tree), and may include subgraph mining, subgraph
matching, community search, maximum k-edge con-
nectivity, and keyword-based searches. Most graph
databases incorporate complex network analysis for
enhanced insights. Offline analysis typically involves
pathfinding, centrality analysis, link prediction, and
community detection. As an extension of traditional
graphs, hypergraphs require similar query capabilities
in hypergraph database systems. Zhang et al.B4 pro-
posed HyperISO to efficiently search subgraph match-
ing at low costs in hypergraphs. HyperISO consists of
three key components: 1) a filtering technique that
leverages hyperedge properties and connections to
eliminate unpromising candidates, reducing matching

costs; 2) an optimized ordering strategy that consid-
ers hyperedge candidate sizes and unmatched nodes
to enhance the matching process; and 3) a dual enu-
meration algorithm for listing node and hyperedge
mappings. Alam et al.35 proposed a flexible frame-
work for frequent pattern mining in hypergraph
databases, addressing the limitations of existing men-
thods that inadequately decompose
among data entities. Their developed algorithm, Fre-
quent HyperGraph Miner (FHGM), employs a depth-
first search strategy and a canonical labeling tech-

associations

nique to efficiently identify isomorphic subhyper-
graphs and prune the search space. For the empirical
evaluation on the “Data Mining” dataset with
0 =0.6%, FHGM with pruning reduced the number
of candidates from 34 968 to 17 243 and substantially
decreased runtime. Besides, FHGM yielded a classifi-
cation accuracy of 51.55%+1.57%, a significant im-
provement over the 33.15%+1.80% accuracy achieved
using patterns from a traditional framework. This em-
pirically substantiates the proposed framework’s en-
hanced capability to discover more meaningful pat-
terns.

Preti et al.86] proposed HYPED, a landmark-
based oracle framework for estimating s-distance in
hypergraphs, where s defines the overlap required for
two hyperedges to be adjacent. Unlike traditional
methods relying on the line graph, HYPED operates
directly on the hypergraph to answer s-distance
queries. Wang et all’7) proposed the (k, a, j3)-truss
model for computing cohesive subgraphs in hyper-
graphs. Kim et al.®% proposed the (k, g)-core model
to identify cohesive subgraphs in hypergraphs by in-
corporating both neighborhood connectivity and cooc-
currence frequency.
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5.3 Data Management

5.3.1 Data Provisioning

Hypergraph-based data placement schemes have
significantly advanced the efficient distribution of da-
ta items in geographically distributed storage systems.
These methods optimize key objectives such as inter-
action locality, communication cost, and load balanc-
ing, offering innovative solutions for data-intensive
applications. A growing challenge lies in effectively
provisioning resources to meet the requirements of
quality of service (QoS). Data-intensive applications
must tackle the challenge of efficiently placing data
items across geodistributed storage nodes. Inefficien-
cies become pronounced when multiple data items
need to be accessed as part of a single transaction,
particularly when request origins are dispersed across
different locations. To address the challenge, Zhou et
al.lZl proposed a hypergraph-based data placement
scheme for online social networks, aiming to reduce
intra-data center communication while maintaining
load balance. The scheme utilizes round-robin hyper-
graph partitioning to maximize the preservation of in-
teraction locality and distance locality. However, it
has a limited scope of applications. Yu et al.t9 pro-
posed a general hypergraph-based data placement
framework, which integrates performance metrics re-
lated to the colocation of associated data and the spe-
cific location of requested data items in geodistribut-
ed environments. Yu et al® employed hypergraph
partitioning to effectively distribute data items across
storage nodes by converting complex optimization ob-
jectives encompassing data colocation, access latency,
inter-datacenter traffic, and storage costs into hyper-
graph models. The framework’s efficacy was evaluat-
ed using trace-based workloads from a location-based
online social network (comprising 196 591 data items
and 60 948 request patterns), reflecting Amazon Web
Services (AWS) regions and their characteristics. By
comparing the results reported in this paper with the
best performance among the other three methods, we
identify a cost-reduction improvement ranging from
0.11 to 0.38. Atrey et all® proposed a scalable
method that utilizes spectral clustering on hyper-
graphs to partition data items for distributing data-
intensive services across geographically distributed
cloud data centers. To improve scalability, the pro-
posed algorithm leverages randomized techniques for
low-rank approximations of the hypergraph Lapla-
cian matrix.

5.3.2 Storage

Distributed storage systems need to balance data
availability and energy efficiency. Yang et al.0l pro-
posed an energy-efficient storage strategy for cloud
data centers using a variable k-coverage hypergraph
model. This method considers varying data availabi-
lity requirements across applications. The algorithm
determines the minimum set of active data nodes
through hypergraph coverage, enabling unused nodes
to be powered down for energy savings. Cheng et al.[%?]
introduced the HyperPart framework, which employs
a hypergraph-based abstraction for deduplicated stor-
demonstrating
ments in both storage space optimization and re-
trieval throughput. HyperPart models file-block affili-
ations and multivariate data correlations as a weight-
ed hypergraph, transforming block allocation into a
hypergraph partition problem. Cheng et al.%2] also pro-
posed a two-phase incremental repartition scheme to
handle dynamic file updates. Experimental results on
two real-world datasets indicated that HyperPart
achieved around 50% reduction in storage space and
an approximate 30% improvement in retrieval through-
put compared with the state-of-the-art methods.

age systems, substantial improve-

5.3.3  Virtualization

Efficient placement of VMs and resource alloca-
tion is essential for optimizing performance and re-
ducing energy consumption in modern computing en-
vironments like mobile edge computing (MEC), net-
work function virtualization (NFV), and cloud data
centers. Hypergraph-based methods are increasingly
used to address these challenges due to their ability to
model complex, high-dimensional relationships effec-
tively. To address energy-efficient VM placement and
resource allocation in mobile edge computing, Zhang
et al.¥ proposed a hypergraph matching method.
They modeled the problem as a nonuniform weighted
hypergraph, where the weight of each hyperedge re-
flects the negative accumulated energy consumption
of VMs on a physical machine. Their algorithm seeks
the maximum weight subset of node-disjoint hyper-
edges, achieving optimal VM placement. To address
the challenge of deploying multitenant service func-
tion chains (SFCs) in NFV environments while con-
sidering both resource consumption and security con-
straints, Gao et al.’¥ proposed a hypergraph match-
ing method to optimize SFC placement. By defining
hyperedge weights to represent resource consumption,
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the algorithm aims to find the maximum weight sub-
set of hypergraphs that satisfy security constraints.
Energy efficiency in data centers has also gained sig-
nificant attention due to the rapid growth of cloud
services. Su et al.%! proposed an efficient virtual net-
work embedding algorithm based on hypergraph
matching to address energy consumption challenges in
data centers. The algorithm transforms the optimiza-
tion of energy consumption into a weighted hyper-
graph model, where the goal is to find a perfect
match with the maximum total weight. VM migra-
tion is a vital technique for improving resource uti-
lization and load balancing in cloud data centers. To
address the challenges of nonlinear data growth and
unpredictable workloads, Subramanian et al.%! pro-
posed a novel hypergraph-based convolutional deep
bidirectional long short term memory (CDB-LSTM)
model for load-aware VM migration in cloud data
centers. Minimizing network overhead in edge com-
puting systems is another pressing issue, particularly
when jointly considering data replication and VM mi-
gration. Tziritas et all®” introduced a hypergraph-
based partitioning algorithm tailored for VM place-
ment and data replication in edge computing environ-
ments. In their method, a hypergraph is constructed
where vertices represent VMs and data objects, and
hyperedges capture dependencies and communication
patterns between them. The objective function focus-
es on minimizing network communication cost under
capacity constraints, specifically by reducing the to-
tal volume of inter-datacenter traffic resulting from
remote data access and inter-VM communication.
The model integrates storage and computational ca-
pacity constraints, ensuring feasible assignments
across distributed edge sites. By dynamically reassign-
ing VMs and replicating data based on demand locali-
ty, the algorithm effectively reduces bandwidth con-
sumption and latency. The empirical validation was
performed on diverse network topologies (10 to 50
datacenters) with workloads involving approximately
20000 VMs and 100000 data objects. Incapacitated
settings with high inter-VM communication, HPA
achieved substantial network overhead reductions of
53% compared with the distributed bartering algo-
rithm (DBA), 47% against a greedy replication
heuristic, and 32% relative to the distributed reassign-
ment algorithm (DRA).

5.3.4  Scheduling

The growing complexity of workflow applications
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in distributed data centers introduces inefficiencies in
task scheduling and execution. The scheduling and
execution of tasks in geographically distributed data
centers face inefficiencies due to the increasing com-
plexity of workflow applications. To address this chal-
lenge, Li et all% proposed an effective scheduling
strategy based on hypergraph partitioning for work-
flow applications in distributed cloud environments.
Furthermore, the optimal scheduling path is deter-
mined using a Dijkstra-based algorithm with a Fi-
bonacci heap. There is an increasing need for schedul-
ing algorithms to place tasks across geo-distributed
data centers, jointly considering WAN traffic and
computation. Zhao et al.l% proposed a novel resource
allocation algorithm called HPS+, which models task
data and datacenter data dependencies as an aug-
mented hypergraph. By employing an improved hy-
pergraph partitioning algorithm, HPS+ minimizes
WAN traffic and optimizes resource allocation to re-
duce makespan. To address the challenge of schedul-
ing data-sharing tasks across geo-distributed cloud
systems and minimize completion time, Yin et al.[100]
proposed a two-phase scheduling algorithm. They pro-
posed a hypergraph partitioning method used to
group tasks based on data and task dependencies, as
well as load balancing considerations. Then, tasks are
assigned to data centers with high data locality.
Overloaded data centers are selectively relieved by re-
assigning tasks, considering dependencies and comple-
tion time. To address the challenges of joint schedul-
ing in geographically distributed computing environ-
ments, Song et al.'01 proposed a hypergraph parti-
tioning based online scheduling method. The method
constructs a hypergraph to model the correlations
among tasks, data, and resources, dynamically updat-
ing it to reflect variations in resource states. A hyper-
graph partition optimization mechanism is intro-
duced to minimize task completion time and waiting
time. The dependency relationship between tasks is
generally used to determine the execution order in de-
pendent task offloading. However, the assignment
phase often overlooks the relevance and sharing be-
tween tasks, leading to a waste of system resources in
computing power networks for computing power net-
works (CPNs). Wang et al.'02 proposed a novel de-
pendent task offloading method called HP-ICM for
CPNs. HP-ICM leverages hypergraph partitioning to
group tasks with similar resource requirements or de-
pendencies into the same partition. On directed
acyclic graphs (DAGs) derived from an Alibaba



Wen-Xuan Wang et al.: Survey on Hypergraph Algorithms for Cloud Computing 581

Cloud dataset, spanning task scales of 100, 200, and
500, it reduces latency by 21%, 22.8%, and 17.4% at
the respective task scales, respectively, while simulta-
neously achieving energy consumption reductions of
27.3%, 25.7%, and 49.8%, respectively.

5.4 Anomaly Detection

5.4.1 Time Series Anomaly Detection

Existing fault diagnosis methods struggle with
complex dependencies, noise interference, and limited
training data. Yan et al.l19] proposed a novel mul-
tiresolution hypergraph neural network (MrHGNN).
This method constructs hypergraphs at multiple reso-
lutions from raw signal samples to model intricate de-
pendencies and subsequently employs an HGNN for
fault classification. On the challenging Paderborn-cl
dataset (using current signals), MrHGNN achieved an
average accuracy of 89.25% =+ 4.43%, outperforming
HGNN (85.32% + 5.73%) by approximately 4%, and
also surpassing GCN (81.92% + 1.96%) and CNN
(82.52% + 4.74%).

To address fault diagnosis under strong noise in-
terference, Lei et al.l1% proposed a novel method
called AHFormer, which leverages hypergraph embed-
ding and Transformer to effectively extract and inte-
grate both local and global features from noisy sig-
nals. By utilizing hypergraph convolution for denois-
ing and message passing for feature aggregation, AH-
Former enhances the robustness and accuracy of fault
diagnosis.

5.4.2  Microservice Anomaly Detection

The intricate service invocation paths and interde-
pendencies in enterprise-level microservice systems
present significant challenges for promptly identify-
ing anomalies during service executions, often leading
to severe disruptions in system operations and main-
tenance. Zhao et al.ll%] proposed CHASE, a causal
heterogeneous graph based framework for root cause
analysis in multimodal microservice systems. The
framework models multimodal data, including traces,
logs, and monitoring metrics, as a hypergraph where
hyperedges capture causal relationships. The hetero-
geneous nature of data and the continuous evolution
of technology make it difficult to analyze anomaly sig-
natures. Borse et al.l19] proposed URCD, an unsuper-
vised root cause detection solution that leverages a
hyperGraph attention network (HGAN) to process

heterogeneous data logs generated by microservices.
indicate that URCD
achieved an average anomaly detection accuracy of
99.4% in the library application and 94.1% in the
ecom application. While URCD demonstrates the
practical feasibility of hypergraph neural networks in

The experimental results

anomaly detection, the broader application of hyper-
graph-based models in cloud security, such as hyper
attack graphs for modeling complex multistage and
cross-tenant attacks, remains largely conceptual. Fu-
ture work is needed to design and validate such mod-
els through empirical studies, including attack simula-
tions, path identification efficiency metrics, and zero-
day vulnerability prediction strategies leveraging hy-
pergraph isomorphism.

To solve root cause analysis in complex microser-
vice systems with multimodal data (traces, logs, met-
rics), Zhao et al.l%! proposed CHASE, a novel frame-
work that leverages a causal heterogeneous graph to
model service dependencies and anomalies. CHASE
employs attentive heterogeneous message passing to
detect anomalies and learns from the hypergraph
structure to pinpoint the root cause of issues. To ad-
dress functional holes (FHs) in microservice systems,
where missing functionalities prevent the system from
satisfying user requirements, Zhao et al.195 formally
defined FHs and proposed a novel three-phase algo-
rithm to address the detection and filling problem of
FH (DFPFH)107. They leveraged hypergraphs ARH
(API relationship hypergraph) to describe the calling
relationship between services, which is a forward-di-
rected hypergraph.

5.5 Cloud Security

5.5.1 Data Security

There are multiple relations among security enti-
ties within cyber threat intelligence, a feature often
overlooked in extracting and presenting attack infor-
mation from cyber threat intelligence. Jia et al.[108]
proposed the Hyper Attack Graph (HAG) framework,
leveraging hypergraph data structures for analyzing
cyber threat intelligence. HAG employs a joint extrac-
tion model with a multi-head selection mechanism to
capture multiple relations among security entities. To
enhance the precision and efficiency of network intru-
sion detection systems, Pu et al.ll9 proposed a CNN-
based hypergraph feature reduction method. The op-
timal feature subset is determined using the mini-
mum distance measurement of the hypergraph struc-
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ture and the Helly feature recursion method. Intru-
sion detection is classified via a residual error-based
CNN. Payne and Kundul!l% proposed a hierarchical
malware detection method using ML on graphs, hy-
pergraphs, and natural languages. The method ana-
lyzes system behaviors through attentional sequence
models and attributed networks, applying inductive
graph and hypergraph learning models. It enables
multi-cloud malware cooperation while ensuring pri-
vacy via federated learning.

5.5.2  Network Security

Fog computing is a new paradigm supporting the
stringent requirements of mobility applications by
bridging cloud computing and smart devices. To ad-
dress the security challenges in fog computing envi-
ronments, Li et al.ll'll proposed a key management
scheme based on hypergraphs. The scheme divides the
fog computing architecture into two subnetworks and
designs key management processes for each subnet-
work to ensure confidentiality and integrity. Dis-
tributed denial of service (DDoS) attacks by intrud-
ers on fog nodes will cause system resources to be ille-
gally appropriated. To analyze and model the DDoS
attacks, An et al.l''2l proposed a hypergraph cluster-
ing model based on the Apriori algorithm to model
DDoS attacks within the framework of a fog comput-
ing intrusion detection system (FC-IDS). The model
identifies associations between fog nodes affected by
DDoS, thereby promoting system resource utilization
through DDoS association analysis. To address limita-
tions in existing secure schemes, Ramya et al.l'!3] pro-
posed a hypergraph-based hashing technique to en-
hance authentication between Internet of Things
(IoT) edge devices in cyber-physical systems.

6 Hypergraph Applications: Challenges and
Opportunities

Hypergraph algorithms in cloud computing show
promise in applications like TE, resource allocation,
anomaly detection, and security. Hypergraphs are ef-
fective for modeling high-order relationships and mul-
ti-dimensional dependencies, providing a powerful
framework for complex computational tasks. The rise
of ML has led to advancements in hypergraph analy-
sis, with HGNNs, as an extension of GNNs, excelling
at capturing complex relationships between nodes and
hyperedges. These networks are valuable for multi-
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modal data and optimization in cloud computing.
However, challenges remain in fully exploiting hyper-
graph-based methods for scalable and efficient cloud
computing solutions. This section highlights these key
challenges and opportunities.

6.1 Graph and Matrix Algorithms

Current AI/ML research primarily focuses on bi-
nary relationships between two entities, which are
typically represented and analyzed using class graph
models and matrix analysis. With the advancement of
multimodal data capture and representation, hyper-
graphs are becoming increasingly important for cap-
turing higher-order relationships. Despite these ad-
vancements, several open and fundamental issues re-
main. Classic graph algorithms have long served as
foundational tools in network analysis, optimization,
and data modeling. Many of these algorithms, de-
signed for pairwise relationships, can be applied di-
rectly to hypergraphs or modified to accommodate
the higher-order relationships inherent in hypergraph
structures. Techniques such as spectral methods and
bipartite transformations can be readily extended to
hypergraphs, either through direct application or with
appropriate methodological Spectral
methods (e.g., clustering, dimensionality reduction)

adjustments.

can often be applied to hypergraph incidence matri-
ces with minor adjustments. For example, hyper-
graph Laplacians (derived via normalized incidence
matrices) enable spectral clustering analogous to
graphs. Hypergraph algorithms that convert hyper-
graphs to standard graphs using star or clique expan-
sions can be directly applied to hypergraphs. These
methods allow direct use of graph algorithms for
traversal, matching, or community detection. This
mainly requires research aimed at improving the effec-
tiveness and performance of hypergraph expansion
methods. However, Designing algorithms to address
more sophisticated tasks, including hypergraph con-
nectivity, coloring, spectral techniques, and random
walk-based
methodological adjustments.

algorithms, necessitates considerable
Since these methods
were initially designed for binary relational structures,
they must be redefined to effectively capture the
properties of multi-node hyperedges and the in-
creased computational challenges they introduce. Hy-
pergraph connectivity requires redefining paths as se-
quences of hyperedges sharing nodes. Modified

BFS/DFS algorithms can traverse hyperedges, but
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shortest-path metrics must account for group transi-
tions. Hyperedge cuts involve partitioning nodes
across hyperedges. Solutions may require auxiliary
graph constructions (e.g., adding meta-nodes for hy-
peredges) or approximation algorithms. Hypergraph
matching and coloring become more complex because
hyperedges require that at least two nodes have dif-
ferent colors, and in strong coloring, all nodes in a hy-
peredge must be uniquely colored. Classical coloring
algorithms such as greedy coloring must be signifi-
cantly adjusted to handle these constraints. Hyper-
graphs necessitate redefining the Laplacian matrix to
accommodate multi-node hyperedges. This leads to
more complex matrix or tensor formulations, which
require adaptations of traditional spectral algorithms.

e Opportunity. Hypergraph algorithms offer signif-
icant potential for addressing complex computational
problems that extend beyond the capabilities of tradi-
tional graph-based methods. While some classic graph
problems can be adapted to hypergraphs in a
tractable manner, such as through bipartite transfor-
mations or clique expansions, these adaptations often
come with increased computational overhead due to
the expansion of problem size. However, many hyper-
graph-specific problems, such as hypergraph coloring
or exact min-cut computations, are inherently NP-
hard, posing significant challenges to traditional algo-
rithmic methods. To overcome these difficulties, re-
searchers have been developing novel solutions, in-
cluding parameterized algorithms that exploit specific
hypergraph properties like rank or treewidth, approxi-
mation schemes that relax problem constraints to
achieve near-optimal solutions efficiently, and heuris-
tic methods that take advantage of hyperedge sparsi-
ty or modular structures to simplify computations.
These innovative methods not only make previously
intractable problems more manageable but also open
new avenues for applying hypergraph algorithms in
fields such as cloud computing, data science, and net-
work optimization.

6.2 Workload Balance

The main goal of load balancing is to ensure the
efficient utilization of computing resources and sys-
tem stability. Load balancing improves overall perfor-
mance by reasonably distributing tasks and traffic
across multiple servers, nodes, or resource pools to
avoid overloading some nodes or idle resources. We
found that a large amount of existing research focus-

es on effectively balancing workloads. It primarily fo-
cuses on computing power scheduling, virtual ma-
chine resource scheduling, distributed database man-
agement, and microservice load distribution.

o Opportunity. Hypergraph algorithms offer a
promising avenue for addressing workload balancing
by modeling multi-task dependencies and resource
utilization more accurately. Most existing methods
adopt static partitioning strategies. However, cloud
computing environments are characterized by high
dynamism. User requests and traffic patterns can fluc-
tuate dramatically within short timeframes, leading to
sudden surges in the load on certain nodes. Further-
more, due to the virtualization of resources and the
multi-tenant nature of cloud systems, accurately pre-
dicting the resource demands of different users is in-
herently challenging. This unpredictability imposes
stringent requirements on load-balancing algorithms,
which must rapidly reallocate resources to adapt to
these changes. In addition, cloud computing infras-
tructures are typically composed of heterogeneous
hardware components, such as CPUs, GPUs, and
storage devices, as well as various types of virtual ma-
chines. This heterogeneity further complicates load
balancing, as simple allocation strategies may fail to
fully utilize system capabilities. Addressing this chal-
lenge requires precise task allocation that considers
the performance characteristics of individual nodes
and the specific demands of tasks. Hypergraph-based
methods can efficiently handle the inherent hetero-
geneity of cloud systems, including diverse hardware
components and varying virtual machine configura-
tions, thereby enabling precise resource allocation and
improving overall system performance.

6.3 Parallelization and Distributed
Computing

In cloud environments, parallelization and dis-
tributed computing are key technologies for achieving
both efficiency and reliability. Parallelization involves
decomposing computational tasks into multiple sub-
tasks and executing them simultaneously on different
computing units, such as multi-core CPUs or GPUs,
which reduces overall execution time. Distributed
computing entails the collaboration of multiple inde-
pendent nodes, often located in different geographical
regions, to accomplish a single task, such as computa-
tional or storage operations. In graph computation
tasks within databases, certain tasks exhibit sequen-
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tial dependencies, such as centrality measures, cohe-
sive subgraph analysis (e.g., k-core and k-truss), and
graph traversal. Furthermore, tasks requiring global
information, such as graph partitioning or graph col-
oring, often face significant challenges in managing
data resources. In these tasks, the state of each node
at a given step depends on the results of previous
steps or the global structure of the graph must be
considered. This makes it particularly challenging to
avoid conflicts and ensure the accuracy of algorithms
under parallel computation. In contrast, for tasks that
focus on locality, such as isomorphism and subgraph
matching, parallelism is not a major concern.

o Opportunity. Hypergraph algorithms can en-
hance parallelism by enabling more accurate parti-
tioning of data and tasks, particularly in workflows
with complex dependencies. Unlike traditional graph-
based methods, hypergraphs allow for more fine-
grained modeling and reduce redundancy in the mod-
eling process, thereby improving computational effi-
ciency. While current methods enhance algorithm par-
allelism, they also introduce new challenges. In hyper-
graph partitioning and hypergraph coloring tasks, im-
plementing these algorithms in distributed environ-
ments incurs additional computational costs to main-
tain accuracy. Efficiently allocating computational re-
sources also requires the use of complex optimization
algorithms. Moreover, for hypergraph database com-
putations such as k-core and k-truss analyses, paral-
lel computation may increase the number of itera-
tions required for algorithm convergence, posing fur-
ther challenges for optimizing performance.

6.4 Overhead

In cloud computing environments, overhead is a
key challenge affecting system performance, resource
utilization efficiency, and cost optimization. Over-
head primarily arises in computing, storage, network-
ing, and management. Data is transmitted between
different physical nodes or data centers frequently in
cloud computing. Such network communication in-
curs significant bandwidth and latency overhead, par-
ticularly in scenarios involving large-scale data ana-
lytics, real-time streaming, or cross-regional services.
Additionally, frequent data synchronization and repli-
cation further exacerbate network overhead and im-
pose additional storage burdens. Cloud computing al-
so demands efficient storage management to accom-
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modate vast amounts of data and ensure rapid access,
which leads to considerable operational overhead. For
instance, distributed storage systems require redun-
dancy and data block partitioning to ensure high reli-
ability and fault tolerance, thus increasing storage
costs and access latency. Additionally, to enable fast
data retrieval, cloud storage systems frequently em-
ploy multi-layer caching or indexing strategies, fur-
ther amplifying storage overhead. Moreover, energy
consumption has become a critical concern in cloud
computing as data centers grow in scale. High-densi-
ty servers, cooling systems, and uninterruptible pow-
er supply (UPS) systems demand substantial electrici-
ty, thereby increasing operational costs and raising
sustainability and environmental challenges. Address-
ing these issues requires optimizing scheduling and re-
ducing equipment power consumption to mitigate en-
ergy overhead.

e Opportunity. Minimizing overhead remains a
critical challenge in various tasks within cloud com-
puting systems. Existing methods typically employ
one or two strategies for optimizing communication
overhead. For instance, hypergraphs excel at model-
ing dependencies among multiple data items, reduc-
ing communication overhead by grouping related da-
ta or tasks onto the same physical node, thereby min-
imizing cross-node data exchange. This strategy effec-
tively reduces the volume of data transferred be-
tween physical nodes, mitigating bandwidth usage
and latency. To optimize storage overhead, current
research focuses on using hypergraphs to model the
dependencies of multiple file blocks and manage data
replication strategies to avoid redundant storage. For
example, space overhead is minimized by rationally
allocating redundant data blocks across large-scale
servers in data centers. In terms of energy consump-
tion, various strategies have been proposed, such as
migrating cold and hot data, switching to low-power
modes, or temporarily shutting down unused nodes to
conserve energy. For instance, identifying the mini-
mal set of active data nodes in a distributed storage
system can achieve energy savings by powering down
idle nodes. These methods demonstrate broad applica-
bility and can be further refined through integrating
multiple optimization techniques. However, while op-
timizing overhead, it is equally important to ensure
computational and retrieval performance, as well as
data availability. Additionally, increasing attention is
being directed toward integrating deep learning tech-



Wen-Xuan Wang et al.: Survey on Hypergraph Algorithms for Cloud Computing 585

nologies to predict and dynamically adjust computa-
tion and storage patterns based on real-time network
states and workload distribution.

6.5 Dynamism Real-Time Responsiveness

In cloud computing environments, dynamism and
real-time responsiveness present critical challenges to
system stability, resource allocation efficiency, and
service quality optimization. Dynamism manifests in
various domains, including TE, resource scheduling,
anomaly detection, and cloud security. Unpredictable
fluctuations in user requests and traffic patterns are
common in cloud systems, leading to significant varia-
tions in resource demands over short periods. For in-
stance, e-commerce platforms experience traffic surges
during promotional events, while traffic remains rela-
tively stable during regular periods. Modern data cen-
ter networks must adapt to dynamic workloads and
traffic patterns, presenting substantial challenges to
real-time resource allocation and scheduling algo-
rithms. As the scale of cloud computing expands, dy-
namism further complicates anomaly detection. Hard-
ware failures, network disruptions, or node overloads
may cause task failures, requiring rapid anomaly de-
tection and dynamic task reassignment to ensure ser-
vice continuity. Similarly, dynamic access control and
security policies require real-time updates to address
changes in user permissions and mitigate potential se-
curity threats.

e Opportunity. Addressing dynamism remains a
crucial challenge in cloud systems. Hypergraphs can
effectively model the dynamic multi-relations among
tasks, resources, and data. Existing methods often
leverage elastic scaling and load-balancing strategies
to address this issue. For example, task scheduling
based on dynamic load-balancing algorithms can au-
tomatically adjust resource allocation according to re-
al-time traffic and workload distributions, thereby
preventing single-point overloads. Additionally, dy-
namic resource scheduling, enabled by real-time moni-
toring and predictive analysis of user behavior, allo-
cates resources to critical tasks, improving system re-
sponsiveness and efficiency. Integrating hypergraph-
based modeling with neural network technologies can
fully leverage the advantages of hypergraph learning
algorithms, particularly in terms of timely prediction
capabilities. However, optimizing dynamism must
consider service quality, real-time performance, and
computational overhead to achieve global optimization.

6.6 Hypergraph-Enhanced Processing in
LLMs

Hypergraphs offer a robust framework for repre-
senting and processing structured knowledge in large
language models (LLMs), surpassing the capabilities
of traditional graph-based methods. Unlike conven-
tional graphs that model binary relationships, hyper-
graphs efficiently capture high-order dependencies
among multiple data entities simultaneously. This al-
lows LLMs to better understand and navigate com-
plex data structures such as tables, knowledge graphs,
and multi-relational databases. Hypergraphs also sup-
port unified handling of diverse structured formats,
enabling seamless integration and reasoning over het-
erogeneous data sources with enhanced interpretabili-
ty. Hypergraph-based architectures enhance mixed-
type data imputation in LLMs by leveraging high-or-
der message-passing mechanisms to infer missing val-
ues across numerical, categorical, and textual data.
This not only improves data completeness and consis-
tency but also strengthens the reliability of LLM-driv-
en analytics and decision making. Furthermore, hy-
pergraph-based architectures enhance mixed-type da-
ta imputation in LLMs by leveraging high-order mes-
sage-passing mechanisms to infer missing values
across numerical, categorical, and textual data. This
not only improves data completeness and consistency
but also strengthens the reliability of LLM-driven an-
alytics and decision making. Recent studies have also
highlighted the inherent semantic gap between hyper-
graph structural representations (e.g., incidence ma-
trices) and the pretrained embedding spaces of LLMs,
prompting the development of alignment techniques,
benchmarks to bridge this discrepancyl114-116],

o Opportunity. Hypergraph-enhanced LLMs un-
lock new opportunities for structured data representa-
tion, multi-relational reasoning, and cross-domain
knowledge integration. Unlike traditional graph-based
models, hypergraphs allow for more granular parti-
tioning of data relationships, reducing redundancy
and improving interpretability. However, this expand-
ed representational power introduces new challenges,
particularly in hypergraph traversal and computation-
al storage complexity in distributed environments.
Future research can explore efficient hypergraph-
based architectures to enhance LLM performance in
complex data landscapes, extending its applicability
in domains such as heterogeneous structured knowl-
edge representation and interpretability.
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7  Future Directions

This work systematically examines the current
progress in hypergraphs, emphasizing key areas such
as hypergraph theory, hypergraph generation, learn-
ing methodologies, and their applications in cloud
computing. Based on our analysis, several critical in-
sights and future directions emerge.

1) High-order relationships are prevalent in real-
world scenarios but are often overlooked due to the
limitations of traditional modeling methods. Com-
pared with conventional graphs, hypergraphs repre-
sent high-order structural relationships within com-
plex systems more precisely. By leveraging hyper-
graph modeling, algorithms can achieve greater accu-
racy and effectiveness, thereby offering deeper in-
sights into the intricacies of these systems. However,
much data in real-world scenarios only have node in-
formation and pairwise relationships between nodes,
but no hyperedge information. For the hypergraph
structure to be further applied and promoted, it is
first necessary to establish how to establish hyper-
edge relationships based on the target tasks of such
data, to use hypergraph algorithms to process these
tasks and obtain better performance. Therefore, how
to obtain hyperedge relationships based on node infor-
mation and pairwise relationships to generate hyper-
graphs is an important research direction for hyper-
graphs in the future.

2) Although transforming hypergraphs into stan-
dard graphs is theoretically viable, this method often
significantly increases graph size, leading to computa-
tional inefficiencies when applied directly to hyper-
graph datasets. Additionally, this method can lead to
the loss of topological information, compromising ac-
curacy. Consequently, how to strike a balance be-
tween direct hypergraph modeling and expansion
techniques, carefully considering the trade-offs be-
tween computational efficiency and accuracy, is an
important research direction for hypergraphs in the
future.

3) The field of hypergraph sparsification presents
significant potential and necessity, particularly in the
context of exponentially increasing data volumes.
How to achieve hypergraph sparsification to reduce
computational costs and improve processing efficien-
cy while maintaining the integrity of structural infor-
mation is an important research direction for han-
dling large-scale datasets in the future.

4) Research in hypergraph theory includes hyper-
graph partitioning, coloring, and isomorphism. While
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significant progress has been made in developing algo-
rithms capable of addressing these problems under di-
verse target conditions, reducing the computational
time and space complexity of such algorithms re-
mains a persistent challenge. Therefore, how to de-
sign an efficient hypergraph analysis algorithm that
meets specific target requirements remains a key re-
search direction for the future.

5) While spectral analysis methods in hypergraph
learning are grounded in rigorous mathematical prin-
ciples, their applicability is predominantly restricted
to low-order, uniform hypergraphs. With the expo-
nential growth of graph-structured data and the swift
advancements in neural network architectures, there
is an increasing focus on exploring heterogeneous,
high-order, and non-uniform hypergraphs. This
paradigm shift is driving the development of hyper-
graph neural network models, which hold the poten-
tial to address the intricate complexities inherent in
modern data structures more effectively. How to build
hypergraph learning algorithms to accommodate het-
erogeneous, high-order, and non-uniform hypergraphs
is an important research direction for the future.

6) Most existing hypergraph algorithms are limit-
ed to specific types of hypergraphs, such as uniform
hypergraphs, making them unsuitable for large-scale
real-world network data. This limitation arises be-
cause real-world application scenarios typically in-
volve numerous heterogeneous nodes and complex re-
lational structures, which substantially increase com-
putational challenges. While certain algorithms can
process heterogeneous hypergraphs, their practical
utility is constrained by the high computational com-
plexity of the models. An important research direc-
tion in the future of hypergraph algorithms is to de-
velop methods that not only efficiently process nodes
and hyperedges but also integrate the unique require-
ments of specific application scenarios, such as cloud
computing. In these cases, it is essential to align hy-
pergraph methods with the characteristics of the tar-
get domain by incorporating task-specific designs,
thereby ensuring that hypergraph mechanisms are ef-
fectively tailored to the demands of the application.

7) While the proposed hypergraph methods are
theoretically grounded, practical deployment in cloud
computing environments introduces additional chal-
lenges. Scalability remains a primary concern, as
modeling high-order relationships will lead to in-
creased computational and memory overhead. Fur-
thermore, integrating hypergraph representations with
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existing cloud-native frameworks (e.g., Spark, Flink)
may require significant preprocessing and data con-
version pipelines. Performance optimization strate-
gies such as efficient scheduling, memory usage, and
parallelization are essential to achieve competitive
runtime performance in real applications. Future work
should emphasize the development of efficient, modu-
lar, and scalable hypergraph algorithms that are tai-
lored to the architectural and operational constraints
of modern cloud infrastructures.

8 Conclusions

Hypergraphs provide a robust and versatile frame-
work for capturing complex, high-order relationships
that extend beyond the expressive capacity of tradi-
tional graph models. By enabling the representation
of multi-way interactions, hypergraph has become a
natural modeling tool for key tasks in cloud comput-
ing, including data center network topology, traffic
engineering (TE), database, and data management.
This survey investigates the foundational principles,
algorithmic developments, and representative applica-
tions of hypergraph-based methods,
their dual significance: mathematically rigorous in
theory and practically impactful in addressing the in-
herent complexity of distributed and large-scale com-
puting environments.
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