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Appendix A Abstract
It is necessary to design an effective and fast computing resource scheduling scheme of ubiquitous computing power networks (UCPNs) for
smart distribution networks to meet the performance requirements of massive and diverse compute-intensive tasks. However, the computing
and communication resources are fragmented, scattered, and limited in UCPNs. The interdependence between UCPN nodes and power
infrastructure, as well as the mutual influences and constraints between resources, seriously affects the response speed and efficiency of resource
scheduling scheme. Therefore, we propose a computing power resource scheduling method of UCPNs for smart distribution networks in
this paper. Firstly, based on the topology and resource characteristics, we propose a unified UCPN hypergraph model, which is composed
of heterogeneous nodes with differentiated resources and hyperedges with multi-dimensional relationships. A hyperedge contains a group
of heterogeneous nodes with cyber-physical interdependence or similar resource provisioning capabilities, rather than a bilateral relationship
between two individuals, increasing the speed of node selection and resource mapping. Then, a hypergraph convolutional attention network
is proposed to complete the end-to-end data transmission path planning while scheduling compute nodes. Simulation results show that the
proposed method significantly outperforms the benchmarks in terms of compute efficient, task execution time, and resource utilization.

Appendix B Introduction
As the important parts of the intelligent digital information infrastructure of the new power system, the smart distribution networks (Smart
DNs) become more reliable, sustainable, and efficient by adding advanced metering and communication facilities to the DNs and deeply
cross-integrating with various modern technologies such as big data, Internet of Things, and artificial intelligence [1]. At present, with the
transformation and development of the economic society and the continuous improvement of energy efficiency, a high proportion of new energy
units and new power electronic devices are connected to DNs, resulting in the exponential increase in the scale of heterogeneous data to be
transmitted in Smart DNs [2]. In addition, the safety problems caused by large-scale integration of new energy into the grid, such as transformer
overload and voltage overrun, have given rise to a series of new distributed compute-intensive applications, which not only require real-time
and reliable data transmission, but also require abundant computing power to make right and timely decisions [3]. To meet the needs of
flexible, stable and safe operation of Smart DNs and ensure the continuous grid-connected consumption of new energy, it is urgent to expand the
computing, communication, and storage resources and capabilities of heterogeneous nodes to build the diversified and large-scale ubiquitous
computing power networks (UCPNs).

UCPNs for Smart DNs interconnect the heterogeneous nodes with different distances and resources, and dispatches computing power close to
the source of data to complete compute-intensive tasks on demand. Although UCPNs have many benefits, it is very challenging to realize flexible
scheduling of computing power resource under the performance requirements of massive and diverse compute-intensive tasks. Specifically:

• UCPNs in Smart DNs are the cyber-physical interdependent systems. In a practical situation, the sensing and actuator modules,
computing modules, and communication modules are all installed on the DN infrastructure and powered by the power grid [4]. Computing and
communication resource scheduling may occur between nodes that are on the same power line. These relationships of similar spatial distribution
and high position dependency need to be characterized in UCPNs to obtain accurate network state and accelerate the speed of node selection.

• The computing resources are distributed, fragmented, and finite. There are mutual influences and constraints between multi-dimensional
resources. Since the nodes are heterogeneous and geographically dispersed in UCPNs, the communication and computing resources provided
by nodes are quite different. To accomplish a certain computing task, communication and computing resources may exist in the form of groups.
However, these resources between nodes are independent of each other. It is easy to encounter nodes with appropriate computing power but
limited communication resources due to environmental impacts. Therefore, the resource scheduling scheme should point out the differences in
resource provisioning capacities and potential group relationships between heterogeneous nodes, so as to improve the effectiveness of resource
scheduling and achieve the purpose of rapid response.

Researches on computing resource scheduling in UCPNs for Smart DNs have made some progress, which are mainly divided into the
model-based and data-driven methods. The model-based methods usually need to establish optimization problems, which are solved by means
of meta-heuristic algorithms[5], graph matching [6], game theory [7][8], and so on. With the expansion of network and service scales, the
algorithms based on optimization or heuristics are extremely time-consuming. To solve the problem, the data-driven methods are proposed,
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which reduce the dependence on models. The state-of-the-art intelligent algorithms include GCN [9], GAT [10], deep reinforcement learning
[11-13], etc., which are used to design data-driven (model-free) resource scheduling schemes that rely only on the historical dataset. Both
methods essentially model the irregular topologies of the complex networks as graphs, including vertices and edges between vertex pairs.
Although the traditional graphs well capture the pairwise relationship between two nodes (i.e., first-order relationship), it cannot fully display
the unique topology of UCPNs and the differences and potential high-order group relationships in resource provisioning capacities between
heterogeneous nodes, which limits the flexibility and efficiency of the above methods applied to computing power resource scheduling for Smart
DNs.

More recently, hypergraph convolution networks (HGCNs) with hypergraph structures have been proven to be able to characterize the
complex high-order interactions of elements in networks and process multi-modal data [14][15]. A large number of real-world datasets are of
this form - for example, list of recipients of emails sent from an organization, users participating in a discussion thread or subject labels tagged
in an online question [16]. Due to complex representations and lack of adequate tools, little attention has been paid to exploring the underlying
patterns in these interactions [16]. Hypergraphs are the generalization of the traditional graphs, in which a hyperedge can connect any number
of vertices [17-19]. Multi-type hyperedges containing different information can be constructed according to specific application scenarios.
By aggregating features of the related hyperedges, HGCNs can naturally handle various higher-order relationships and have good scalability.
Therefore, hypergraphs can greatly enhance our modeling capabilities and help us understand and predict the dynamic behavior of higher-order
structures, showing promise in modeling systems such as complex systems[20], protein complexes and metabolic reactions [21][22].

Despite hypergraphs can well show the complex multivariate relationships between nodes, the approach of unified modeling of UCPNs
for Smart DNs using hypergraphs is still in the blank stage. How to establish a suitable hypergraph structure for UCPNs considering
the interdependence between cyber-physical networks and the group relationships between heterogeneous nodes with differentiated resource
provisioning capabilities is still a very meaningful topic. In addition, the joint scheduling of distributed communication and computing resources
needs to be effectively carried out under the cooperation of numerous heterogeneous nodes. All nodes with computing resources will be treated
as targets, and computing tasks will be allocated to many targets along the optimal paths, not just to the servers. Hence, how to dynamically match
and schedule the corresponding communication and computing resources according to the performance requirements of compute-intensive
tasks and the status of networks is a quite intractable problem.

To solve the above challenges, we propose an efficient and fast computing power resource scheduling method of UCPNs for Smart DNs in
this paper. We first explore a unified UCPN hypergraph modeling method. Based on the proposed UCPN hypergraph, we design a computing
power resource scheduling algorithm that combines hypergraph convolution and graph attention mechanism to finish the end-to-end data
transmission path planning while scheduling computing nodes. Hypergraph convolution fully extract the high-order features of vertices and
hyperedges, realizing the flexible scheduling of computing nodes and efficiently improving the utilization of computing resources. For graph
attention mechanism, the information of the whole UCPNs is not necessary. The optimal end-to-end paths is established by only obtaining
the characteristics of neighbor nodes. Therefore, graph attention mechanism has the advantages of fast response speed and high computing
efficiency. To our best knowledge, the proposed method is the first to model the higher-order relationships for Smart DNs using hypergraphs.
The main contributions of this paper are summarized as follows:

1) A novel and unified hypergraph modeling method is proposed for UCPNs in Smart DNs to capture the high-order relationships to accelerate
the speed of computing node selection and resource mapping. Specifically, hyperedge groups using cyber-physical interdependence, connectivity
feature, k-hop neighbors and multi-dimensional resource attributes are constructed. By pre-classifying and pre-grouping heterogeneous nodes,
it is conducive to the preliminary screening of complex resources.

2) A hypergraph convolutional attention network for computing resource scheduling is proposed. Hypergraph convolution embeds four
high-order relationships into nodes via convolution operators to generate node computing power evaluation values, and the top 𝑄 nodes are
selected as the target computing node set. Graph attention mechanism estimates the importance of neighboring nodes according to transmission
rate, delay, and reliability of the links, and selects the most important one as the optimal next hop. By repeating this process, the end-to-end
paths from source to the target set are found.

3) Extensive experiments are conducted on UCPNs with different network scales. The simulation results show that the proposed method is
better than three benchmarks in terms of average accuracy, task execution time and resource utilization. Comparison with the existing baselines
verifies the potential versatility and practicability of the proposed method.

The rest of this article is organized as follows. Appendix C describes the related work. Appendix D introduces the UCPNs for Smart DNs.
In Appendix E, the overall framework for implementing computing power resource scheduling is proposed, and the specific idea of hypergraph
convolutional attention network to realize the computing power resource scheduling of UCPNs is described. Numerical results and analysis are
presented in Appendix F. Finally, the paper is summarized in Appendix G.

Appendix C Related work
The research content and proposed methods involve ubiquitous computing power networks, hypergraph convolution networks and Graph
attention netwoks.

Appendix C.1 Ubiquitous computing power networks

In the 6G era, the proliferation of data and compute-intensive applications poses unprecedented challenges to existing communication and
computing networks. To process such massive amounts of data and ultimately achieve ubiquitous computing and intelligence, collaboration
among cloud, edge, and end is imperative. As a new type of network architecture, UCPNs aim to combine ubiquitous computing power with
network to fulfill intelligent scheduling and efficient allocation of heterogeneous resources to satisfy the diverse requirements of compute-
intensive services [23]. Tang et al. [23] discussed the research background, key technologies, and main application scenarios of computing
power networks. It was concluded that the technical solution of CPNs could effectively meet the multi-level deployment and flexible scheduling
requirements of 6G services for computing resources, storage resources, and network resources in the future. In [24], drawing on the idea
of Intent-based Networking (IBN), a service intent-aware task scheduling framework for CPNs was proposed. And An auction-based task
scheduling algorithm was developed to achieve the optimal matching of task intent and CPN resources. Huang et al. [25] adopted a macroscopic
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perspective to establish an effective mapping between computational resources and demands. They modeled the resource allocation problem
in CPNs as the demand response problem in the smart grid and solved the above problem using game theory. In [26], a task-aware and
resource-aware federated learning model was designed in the wireless CPNs, which completed specific computing tasks by orchestrating the
computing and network resources of heterogeneous nodes. Moreover, a Wireless CPNs model was introduced to unify the computing resources
of terminals and MEC servers, and a multi-agent Deep Reinforcement Learning (DRL) algorithm was proposed to find the optimal task transfer
and resource allocation strategies [11]. To leverage ubiquitous and heterogeneous computing power to satisfy the diverse resource demands
of Metaverse applications, [27] presented an energy-efficient framework and formulated the problem of optimal service placement, which they
solved using the deep reinforcement learning algorithm and proximal policy optimization.

To sum up, different resource scheduling methods for UPCNs have been proposed, which are divided into two categories: model-based and
data-driven. However, the UCPNs in Smart DNs are the cyber-physical interdependent systems. The computing resources provided by nodes
are quite different, and the resources between nodes are mutually restricted and influenced. These two types of methods do not consider the
high-order relationships in UCPNs for Smart DNs.

Appendix C.2 Hypergraph convolution network

In recent years, hypergraph and hypergraph convolution networks have made great progress in learning multimodal structures and data
correlations, and gradually used in complex network modeling and network optimization. Feng et al. [21] compiled a novel data set of
transcriptional host response to pathogenic viral infections and formulated relationships between genes as a hypergraph where hyperedges
represent significantly perturbed genes, and vertices represent individual biological samples with specific experimental conditions. Zhang et
al. [28] proposed a satellite-aerial integrated computing (SAIC) architecture in disasters. With the SAIC architecture, the problem of joint
two-tier user association and offloading decision was studied and a 3D hypergraph matching algorithm using the local search was developed.
[29] analyzed the idea of applying hypergraph theory to solve the network resource optimization problem in four typical 5G heterogeneous
ultra-dense network scenarios (cloud radio access networks, terminal dual connection, D2D communication, and active caching). In [30], a
multi-aspect expanded hypergraph (MAEH) was proposed to accurately describe the spatio-temporal features of resources in various domains
as well as functional property in satellite networks.

Furthermore, hypergraph convolution networks are used for many optimization tasks such as session-based recommendation[15], node
classification [31], traffic prediction [32], and fault diagnosis [33]. [15] modeled session-based data as a hypergraph and then proposed a
hypergraph convolutional network to improve session-based recommendation. To learn the rich role representations of nodes to improve the
accuracy of node classification tasks, [31] reorganized the graph into a hypergraph and proposed a Role-Aware Hypergraph Neural Network
(RAHG), which used the hypergraph and attention mechanism to fuse the role and adjacency representations of nodes. A dynamic spatio-
temporal hypergraph convolution network to forecast passenger flow was proposed in [32]. In the prediction framework, the primary hypergraph
was constructed from metro system topology and then extended with advanced hyperedges discovered from pedestrian travel patterns of multiple
time spans [32]. Yan et al. [33] designed a multiresolution hypergraph neural network, a novel algorithm that could discover higher-order
complex relationships between samples and mine the structure hidden in data by establishing and fusing hypergraph structures at multiple
resolutions.

The previous studies have shown that hypergraphs can model the relationships between multiple objects more accurately than the traditional
graphs, which prevents the loss of original information caused by the cast conversion of multi-node interactions to connection relationships
between node pairs. Hence, we plan to use hypergraphs to construct the UCPN cyber-physical topology and depict the high-order relationships
between heterogeneous nodes with differentiated resources. On this basis, we will realize the effective and fast computing power resource
scheduling of UCPNs for Smart DNs via hypergraph convolution networks.

Appendix C.3 Graph attention netwoks

The graph attention mechanism is widely used to address path planning problems in fields such as recommendation systems [34][35], intelligent
transportation [36][37], and the Internet of Things (IoT) [38-40]. In [34], a model named Multi-View Attention neural network with high-quality
paths was proposed to address the issues of low-quality paths and suboptimal performance caused by random path selection, by considering
the length and inner details of the path. [35] presented the Personalized Neuro-MLR (PNMLR) model, which uses Graph Attention Networks
to integrate user-specific preferences such as user ID, time of day, and transport mode into the prediction process to enhance personalized
route recommendations by capturing user behavior variability and predicting the most likely route. Due to existing GNN-based solutions
only converting heterogeneous graph data to homogeneous while ignoring the effects of different node and edge types and facing the over-
smoothing problem that reduces recommendation accuracy, Xu et al. [37] proposed a multi-modal Transportation recommendation algorithm
with Heterogeneous graph Attention Networks. To address the challenges in decentralized methods where efficient communication hinges on
discerning beneficial task information and prioritizing neighbor input, [40] designed a novel combination model that consists primarily of a
Convolutional Neural Network and an enhanced Graph Attention Network. This model overcomes the limitation of existing approaches that
overly simplify the aggregation of neighbor information, thereby restricting the ability of robots to measure the importance of information.

Therefore, graph attention mechanism can use the network performance indicators to reflect the importance of different neighbors to the
central node, without any expensive matrix operation (such as inversion) or relying on prior knowledge of the graph structure [41]. This makes
it highly suitable for developing a routing algorithm that is lightweight for UCPNs.

Appendix D System model
UCPNs for Smart DNs integrate cloud, edge, and terminal nodes to provide on-demand, precise, flexible services for compute-intensive tasks
via deep integration of communication, computing, and network resources [28]. Users specify requirements, and UCPNs automatically locate
optimal resources, assign tasks to suitable nodes for collaborative computing via real-time and reliable communication. As shown in Figure
D1, the UCPNs for Smart DNs proposed in this paper include service domain and physical domain.
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Figure D1 Ubiquitous computing power networks for smart distribution networks.

The service domain involves the abstract modeling of types and performance requirements of various compute-intensive tasks generated
by diverse scenarios in Smart DNs. There are abundant applications in Smart DNs, each of which not only includes traditional intelligence
tasks, but also more emerging computing tasks, such as on-site consumption of new energy, peak shaving and valley filling assisted by charging
piles [42]. These tasks vary in data volume, importance, and resource demands, requiring multi-granular subtask decomposition to adapt
to heterogeneous resources. We assume tasks are already multi-granularity divided based on based on scenario characteristics, performance
requirements, and so on. The tasks mentioned below refer to the subtasks that have already been divided, and the set of subtasks is denoted as
L = {1, 2, ..., 𝐿}.

The physical domain involves the abstract modeling of nodes and links that run network functions and have multi-dimensional resources in
UCPNs. The computing modules, communication modules, storage modules, and control modules installed on the same power infrastructure
are combined to form a computing node in UCPNs. We use the location and distribution of the power nodes to represent the location and
distribution of the computing nodes, as shown in Figure D1, avoiding the need to introduce additional graphs. The physical domain of UCPNs
for Smart DNs is divided into three parts: cloud, edge, and terminal. The cloud includes servers with rich communication and computing
resources. The base stations, power gateways, and other devices with differentiated resources are distributed on the edge side. The terminal side
includes electric vehicles, units of new energy generation and storage, and other facilities with limited resources. All computing nodes on the
edge and terminal sides can generate compute-intensive tasks. Different types of computing nodes integrate different communication modes
according to actual scenarios to achieve the best coverage and communication performance.

Appendix E Methodology
In this section, we introduce the overall framework for computing power resource scheduling of UCPNs and detail the proposed method, which
is mainly divided into three parts: UCPN hypergraph construction, and hypergraph convolution and graph attention mechanism.

Appendix E.1 Overview of the framework for computing power resource scheduling of UCPNs

Designing an efficient and fast computing power resource scheduling method of UCPNs for Smart DNs aims to accurately allocate multi-granular
computing tasks to fragmented computing nodes to ensure the effective utilization of multi-dimensional resources and the high-quality execution
of tasks. The proposed method needs to comprehensively consider the network state and the distribution of computing and communication
resources. Figure E1 shows the framework of the computing power resource scheduling of UCPNs, which implements end-to-end data
transmission path planning while scheduling computing nodes. In this architecture, we first abstract the UCPN physical domain in Figure D1
into a graph structure Gpr = (Vpr , Epr ) , where Vpr is the set of computing nodes, and Epr is the link set. Relevant data are collected, including
end-to-end shortest paths, connectivity, resource distribution, service requirements, and network performance indicators. Based on this physical
graph and the multi-dimensional resource distribution of nodes, we construct a UCPN hypergraph G = (V , E,H) , where V is the vertex set,
V = Vpr, E is the hyperedge set, and H is the incidence matrix. H reveals the relationships between vertices and hyperedges, and is expressed
as [14]:

H =

{
1, if 𝑣 ∈ 𝑒
0, otherwise.

(1)

As shown in Figure E1, four types of relationships among UCPN vertices are extracted to construct hyperedge groups, namely cyber-physical
interdependence (Eind), connectivity feature (Econ), k-hop neighbors (Ehop), and multi-dimensional resource attributes (Eres). These four
types of hyperedge groups are fused to form the hyperedge set E. The construction details are provided in Appendix E.2. Then, based on
the proposed UCPN hypergraph structure, we design a computing power resource scheduling algorithm, hypergraph convolutional attention
network (HGcov-atten), which consists of hypergraph convolution and graph attention mechanism. Hypergraph convolution aims to select some
nodes with better resource supply capacities as the target set Y′ , while the graph attention mechanism seeks to determine the optimal end-to-end
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Figure E1 Framework of computing power resource scheduling of UCPNs for Smart DNs.

paths P from sources to targets. We select the computing node and optimal end-to-end path in Y′ and P that minimize the task execution time
𝑇𝑙 of the 𝑙th computing task as the final output of UCPN computing power resource scheduling. The task execution time 𝑇𝑙 is equal to the
sum of the data transmission time from source to target and the computing time on the target of the 𝑙th computing task. Next, we introduce the
specific implementation processes of each part in detail.

Appendix E.2 UCPN hypergraph construction

As described in Appendix E.1, the UCPN physical domain is modeled as a hypergraph structure G = (V , E,H) , where the set of computing
nodes Vpr is the vertex set V. Given the diverse higher-order relationships between UCPN vertices, Multiple hyperedge groups can be
constructed based on these relationships to represent diverse information features. From the perspective of cyber-physical structure and resource
supply, we extract four types of relationships between UCPN vertices to generate hyperedge groups, as follows:

• Hyperedge group using cyber-physical interdependence (Eind).
Since the computing nodes and the power nodes are installed in the same location and the computing nodes are supplied by the power nodes,

the cascading effect of the power nodes can easily influence the stable operation of the resource scheduling scheme. This cascading effect usually
occurs at computing nodes that are located on the same power line. Therefore, we attribute computing nodes located on different power lines to
the hyperedge group Eind in order to model the spatial distribution relationships and high position dependencies of UCPN nodes. The specific
method is to assume that the node degree is𝐷, representing the number of power lines (i.e., HPLC) on a node. The sequential connection nodes
after a node with 𝐷 greater than or equal to 3 are grouped together to form interdependent hyperedges. As shown in Figure E2(a), the nodes on
four power lines (i.e., red, purple, yellow, and blue) form four hyperedges 𝑒1, 𝑒2, 𝑒3, 𝑒4. Supposing the HPLC set with interdependence is C, the
binary variable 𝜌𝑐,𝑣 indicates whether node 𝑣 is on the HPLC 𝑐, and the vertex set on HPLC 𝑐 is defined as 𝑁ind (𝑐) = {𝑣 |𝜌𝑐,𝑣 = 1, 𝑣 ∈ V}.
Then the hyperedge group using cyber-physical interdependence Eind is expressed as:

Eind = {𝑁ind (𝑐) |𝑐 ∈ C} (2)

• Hyperedge group using connectivity feature (Econ).
The communication methods between heterogeneous nodes include not only HPLCs but also optical fiber, 4G/5G, Wi-Fi, Lora, etc., as

shown in Figure D1. Econ is constructed to characterize the the communication method between node pairs, reflecting whether a vertex has
more next-hop options. The connectivity matrix of UCPNs is defined as CN, which represents the number of communication methods at each
nodes. As shown in Figure E2(b), the connectivity values of vertices are 2, 3, 4, 5, and 6, which correspond to the hyperedges 𝑒5, 𝑒6, 𝑒7, 𝑒8, 𝑒9,
respectively. Assuming that the vertex set with connectivity 𝛽 is defined as 𝑁con (𝛽) = {𝑣 |𝑐𝑛𝑣 = 𝛽, 𝑣 ∈ V}, where 𝛽 ∈ [𝛽min, 𝛽max ], 𝛽min
and 𝛽max are the minimum and maximum values in CN. Then the hyperedge group using connectivity feature Econ is represented as:

Econ = {𝑁con (𝛽) |𝛽 ∈ [𝛽min, 𝛽max ] } (3)

• Hyperedge group using k-hop neighbors (Ehop).
To meet computing task latency requirements, the hops of route are usually limited in Smart DNs. Ehop targets finding the relevant vertices

of a central computing node through the k-hop reachable positions in the graph. As shown in Figure E2(c), the hyperedges 𝑒10, 𝑒11, 𝑒12 are
formed by the 3-hop reachable positions from the source. The k-hop reachable position set for all vertices, Pshortest, is obtained via the shortest
path algorithm. The k-hop neighbors of a vertex 𝑣 are defined as 𝑁hop𝑘 (𝑣) = {𝑢 | (Pshortest )𝑘𝑢𝑣 ≠ 0, 𝑢 ∈ V, where 𝑘 ∈ [1, |V | ] }, (Pshortest )𝑘𝑢𝑣
indicates whether vertex 𝑣 has a k-hop neighbor 𝑢. The hyperedge group using k-hop neighbors Ehop is defined as:

Ehop = {𝑁hop𝑘 (𝑣) |𝑣 ∈ V , 𝑘 ∈ [1, |V | ] } (4)

• Hyperedge group using multi-dimensional resource attributes (Eres).
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The computing and communication resources of distributed nodes may exist in groups to complete a computing task, thus resulting in
non-pairwise relationships between nodes. Eres aims to model the correlation between heterogeneous nodes with differentiated resource
provisioning capabilities at the group level, as shown in Figure E2(d). Let 𝜑 = {cp, cm} represent the two types of resources (computing
and communication), and 𝑅𝜑max represents the maximum value of resource 𝜑 provided by vertices. Computing nodes with different resource
provisioning capabilities are distinguished. For example, the computing resources of all vertices are divided into 𝑤cp intervals. The vertex set
belonging to [𝜁cp · 𝑅cp

max, (𝜁cp + 1/𝑤cp ) · 𝑅cp
max ] is expressed as 𝑁cp (𝑤cp ) = {𝑣 |𝑐𝑝𝑣 ∈ [𝜁cp · 𝑅cp

max, (𝜁cp + 1/𝑤cp ) · 𝑅cp
max ], 𝑣 ∈ V}, where

𝜁cp ∈ {0, 1/𝑤cp, ..., (𝑤cp − 1)/𝑤cp}, 𝜁cp and 𝑤cp are adjustable positive parameters. The hyperedge group using multi-dimensional resource
attributes Eres is denoted as:

Eres = {𝑁𝜑 (𝑤𝜑 ) |𝜑 = {cp, cm}} (5)

It is worth noting that hyperedge group using cyber-physical interdependence is only available to nodes that communicate via HPLCs. The
remaining three types of hyperedge groups apply to nodes in the entire UCPNs. We further combine the above hyperedge groups to generate
the final hyperedge set E = Eind ∪ Econ ∪ Ehop ∪ Eres. The four types of hyperedge groups are associated with four incidence matrices
Hind ∈ {0, 1} |V|×|Eind | , Hcon ∈ {0, 1} |V|×|Econ | , Hhop ∈ {0, 1} |V|×|Ehop | , Hres ∈ {0, 1} |V|×|Eres | , where | Eind |, | Econ |, | Ehop | and | Eres | are
the sizes of the four hyperedge groups. Since all hyperedge groups have common vertices, the simplest way to construct the incidence matrix
H for hypergraph G is to directly concatenate all hyperedge groups as: H = Hind | |Hcon | |Hhop | |Hres, where · | | · is a matrix concatenation
operation [14].

Appendix E.3 Hypergraph convolution in HGcov-atten

Hypergraph convolution is derived from hypergraph learning theory and graph convolution, in which the spectral partitioning with normalized
hypergraph segmentation is a fundamental problem and hypergraph Laplacian was put forward [43]. The hypergraph Laplace operator Δ

is the key to hypergraph convolution. Δ is a square semidefinite matrix with only real eigenvalues, and the minimum eigenvalue of Δ is
0. Based on these properties, we obtain a non-negative eigenvalue matrix 𝚲 = 𝑑𝑖𝑎𝑔 (𝜆1, ..., 𝜆𝑛 ) and a standard orthogonal eigenvector
Φ = 𝑑𝑖𝑎𝑔 (Φ1, ...,Φ𝑛 ) by eigendecomposition Δ = Φ𝚲ΦT. Using the continuous eigenvector as the Fourier basis of the spectral sequence
signal 𝑥 = {𝑥1, ..., 𝑥𝑛 }, the Fourier transform is defined as 𝑥̂ = ΦT𝑥 and the Fourier inverse transform is 𝑥 = Φ𝑥̂. Hence, the spectral
convolution and convolution kernel of the hypergraph signal 𝑥 can be expressed as:

(𝑥 ∗ 𝑔)𝐻𝐺 = Φ( (ΦT𝑔) ⊙ (ΦT𝑥 ) ) = Φ𝑔𝜃 (𝚲)ΦT𝑥 (6)

where ⊙ is the elemental Hadama product of two matrices. ΦT𝑔 is considered to be a trainable filter with eigenvalues, denoted by 𝑔𝜃 (𝚲) , which
is also a Fourier coefficient. Due to the time complexity of (6) is O(𝑛2 ) and the feature decomposition of hypergraphs is very time-consuming,
the efficient calculation method of 1stChebNet proposed by [32] is adopted:

(𝑥 ∗ 𝑔)𝐻𝐺 ≈
∑︁𝐾−1

𝑘=0
Φ𝜃𝑘𝑇𝑘 (𝚲̂)ΦT𝑥 ≈

∑︁𝐾−1
𝑘=0

𝜃𝑘𝑇𝑘 (Δ̂)𝑥 (7)

where Δ̂ = (2/𝜆max )Δ − I𝑁 is the scaled eigenvector matrix with the range of [-1,1]. The purpose of scaling is to satisfy the conditions for the
𝐾𝑡ℎ truncated expansion of Chebyshev polynomial 𝑇𝑘 (𝑥 ) . 𝜆max is the spectral radius and 𝜃𝑘 is the coefficient of the Chebyshev polynomial.
The recursion of Chebyshev polynomial is defined as 𝑇𝑘 (𝑥 ) = 2𝑥𝑇𝑘−1 (𝑥 ) − 𝑇𝑘−2 (𝑥 ) , where 𝑇0 (𝑥 ) = 1 and 𝑇1 (𝑥 ) = 𝑥. According to the
parameters suggested by 1srChebNet, 𝐾 = 1, 𝜆max = 2.

Given the UCPN hypergraph G = (V , E,H,W) , the degree of a vertex 𝑣 is defined as 𝑑 (𝑣) = ∑
𝑒∈E 𝑤 (𝑒)H(𝑣, 𝑒) , 𝑣 ∈ V and the degree

of a hyperedge 𝑒 is defined as 𝛿 (𝑒) = ∑
𝑣∈V H(𝑣, 𝑒) , 𝑒 ∈ E. The spatial characteristics of hypergraph G with 𝑁 vertices form the Laplace
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Figure E3 Detailed structure of HGcov-atten.

matrix Δ = I − D−1/2
𝑣 HWD−1

𝑒 HTD−1/2
𝑣 , where I is the identity matrix, D𝑣 is the vertex degree matrix, D𝑒 is the hyperedge degree matrix, and

W is initialized as the identity matrix. Substituting the Laplace matrix Δ into (7), the hypergraph convolution operation is obtained:

(𝑥 ∗ 𝑔)𝐻𝐺 ≈ 𝜃0𝑥 − 𝜃1D−1/2
𝑣 HWD−1

𝑒 HTD−1/2
𝑣 𝑥 (8)

To constrain the number of parameters and prevent overfitting, the parameter 𝜃 is defined as 𝜃 = −2𝜃1 = 2𝜃0D−1/2
𝑣 H−1W−1D−1

𝑒 (HT )−1D−1/2
𝑣 .

(8) is further simplified to:

(𝑥 ∗ 𝑔)𝐻𝐺 ≈ 𝜃D−1/2
𝑣 HWD−1

𝑒 HTD−1/2
𝑣 𝑥 (9)

The inputs of the hypergraph convolution consist of attributes and resource requirements of tasks Xser1 = {xser1
1 , ..., xser1

𝐿
} ∈ R𝐿×𝐶0 and

vertex resource features Xres = {xres
1 , ..., x

res
|V| } ∈ R|V|×𝐶1 , where 𝐶0 and 𝐶1 are the dimension of task attributes and requirements and vertex

resource features, xser1
𝑙

= {𝑠𝑟𝑙 , 𝑑𝑎𝑙 , 𝑝𝑡𝑙 }, 𝑠𝑟𝑙 is the source of the 𝑙th task, 𝑑𝑎𝑙 is the task size (in bits), 𝑝𝑡𝑙 is the computing resources required
for one bit, xres

𝑛 = {𝑐𝑝𝑛 , 𝑐𝑚𝑛 }, 𝑐𝑝𝑛 and 𝑐𝑚𝑛 are the amount of computing and communication resources provided by node 𝑛. Substituting
Xser1 and Xres into (9) to obtain the final hypergraph convolution:

Y(𝑡+1) = 𝜎sigmoid (D−1/2
𝑣 HWD−1

𝑒 HTD−1/2
𝑣 X(𝑡 )𝚯(𝑡 ) ) (10)

where X(𝑡 ) is the input of hypergraph convolution layer 𝑡 , Y(𝑡+1) is the output of layer 𝑡 , and the sigmoid activation function is denoted as
𝜎sigmoid ( ·) .

The output of the last layer of hypergraph convolution is the evaluation values of the computing nodes Y = {Y1,Y2, ...,Y𝐿 }, where
Y𝑙 = {𝑦1, 𝑦2, ..., 𝑦𝑁𝑙

𝑘

} ∈ R𝑁
𝑙
𝑘 , 𝐶4 = max 𝑁 𝑙

𝑘
𝑙∈L

represents the maximum number of computing nodes within 𝑘 hops from the source of the 𝑙th

computing task. The values reflect the resource provisioning capacities of different computing nodes. If only the computing node with the largest
value is selected as the target based on Y, the dynamic matching between the task and the network performance during the transmission process
from source to target will be ignored, potentially leading to nodes with suitable computing resources but limited communication resources.
Therefore, we sort the elements in Y in descending order, select the top𝑄 computing nodes with the highest values as the target set, and finally
output matrix Y′

= {Y′
1,Y

′
2, ...,Y

′
𝐿
} ∈ R𝐿×𝑄 .

Appendix E.4 Graph attention mechanism in HGcov-atten

The end-to-end path from source 𝑣0 to destination 𝑣𝐼 is defined as 𝑃{𝑣0, 𝑣𝐼 } = {𝑣0, 𝑣1, ..., 𝑣𝐼 }, which is a sequence of vertices. The main idea
of using graph attention mechanism for routing is to leverage the performance indicators of UCPNs (i.e., transmission rate, delay and reliability)
to assign different weights to the first-order neighbors of the central node and select the node with the largest weight as the optimal next hop.
The optimal next hop serves as the central node for the next graph attention layer. By applying this procedure to different central nodes multiple
times, we obtain the optimal end-to-end path. Therefore, the primary function of graph attention mechanism is mainly to construct an optimal
next-hop selector.

As shown in Figure E3, the orange node represents the central node and the blue nodes represent the first-order neighbors of the
central nodes in attention layers. The inputs of graph attention mechanism are target set Y′ , communication requirements of tasks
Xser2 = {xser2

1 , xser2
2 , ..., xser2

𝐿
} ∈ R𝐿×𝐶2 and network performance features Xper = {xper

1 , xper
2 , ..., xper

|V| } ∈ R|V|×𝐶3 , where 𝐶2 and 𝐶3

are the dimension of task communication features and network performance features, xser2
𝑙

= {𝑠𝑟𝑙 , 𝑡𝑟𝑙 , 𝑑𝑙𝑙 , 𝑟𝑙𝑙 }, 𝑡𝑟𝑙 is the transmission rate
requirement of the 𝑙th task, 𝑑𝑙𝑙 is the delay requirement, and 𝑟𝑙𝑙 is the reliability requirement, xper

𝑒𝑚𝑛 = {𝑚𝑟𝑒𝑚𝑛 , 𝑝𝑙𝑒𝑚𝑛 }, 𝑚𝑟𝑒𝑚𝑛 is the
transmission rate of the link 𝑒𝑚𝑛, and 𝑝𝑙𝑒𝑚𝑛 is the reliability. The source 𝑣0 will be regarded as the central node of the first attention layer. A
shared weight matrix Watt for all computing nodes in UCPNs is trained to map the features of the first-order neighbors of the central node. The
results of the feature mapping of each node are stitched together and input into a feedforward neural network. Then, through the LeakyReLU
activation function, the absolute attention coefficient of node to the source is obtained:

𝜇𝑣0 ,𝑛 = 𝜎LeakyReLU (−→a [Wattx
per
𝑣0 | |Wattx

per
𝑛 ] ) (11)

where | | is the matrix concatenation operation, 𝜇𝑣0 ,𝑛 is the importance of node 𝑛 to source 𝑣0, −→a is the weight matrix of the feedforward neural
network.

In order to make it easy to compare the coefficients between different computing nodes, the softmax function is used to normalize the
absolute attention coefficients, and the relative attention coefficient of node 𝑛 to the source 𝑣0 is expressed as:

𝜏𝑣0 ,𝑛 = 𝜎softmax (𝜇𝑣0 ,𝑛 ) =
exp(𝜇𝑣0 ,𝑛 )∑

𝑣0≠𝑣,𝑣∈N𝑣0
exp(𝜇𝑣0 ,𝑣 )

(12)
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Figure F1 Instantiation of node distribution at different network topologies of UCPNs. (a) |V | = 50, (b) |V | = 100, (c) |V | = 150.

where 𝑛 ∈ N𝑣0 , N𝑣0 is the set of first-order neighbors of the source 𝑣0 (including 𝑣0). The relative attention coefficients τ𝑣0 =

{𝜏𝑣0 ,1, ..., 𝜏𝑣0 ,𝑛 , ...} ∈ R|N𝑣0 | are the final output of each node in the neighborhoods.
The relative attention coefficient 𝜏𝑣0 ,𝑛 is actually the probability that the neighbor node 𝑛 of the source 𝑣0 belongs to the optimal next

hop. We select the neighbor node with the highest probability from τ𝑣0 as the optimal next hop. Our goal is to find the end-to-end path that
minimizes the task execution time 𝑇𝑙 of the 𝑙th computing task in Y′ . The task execution time 𝑇𝑙 is equal to the sum of the data transmission
time from source to target and the computing time on the target of the 𝑙th computing task. Therefore, we regard the optimal next hop as the
central node of the next attention layer, and (11)(12) are recalculated for this new central node. This process is repeated until the first-order
neighbors of the central node contain the destination. Therefore, we take the output of each attention layer as the intermediate result and mainly
focus on the establishment of the optimal end-to-end path P = {P1, P2, ..., P𝐿 }, where P𝑙 = {𝑃𝑙,1, 𝑃𝑙,2, ..., 𝑃𝑙,𝑄 }.

Appendix F Experiments and discussions
In this section, the experimental setup is introduced, including the experimental environment, dataset generation, and comparison algorithms.
The performance of the proposed method is evaluated in terms of average accuracy, task execution time (TET) and computing resource
utilization. In addition, we perform the ablation experiments and parameter sensitivity experiments.

Appendix F.1 Experiments setup

1) Datasets Generation: We use MATLAB to simulate the 50-node, 100-node, and 150-node network topologies for UCPNs, as shown in Figure
F1, and the hypergraph construction and data generation are based on these topologies. Since there is no information about the distribution and
demands of the original computing resources in UCPNs, we assume that the computing resources on the cloud side are relatively abundant.
And the computing resources of nodes on the edge and terminal sides conform to a normal distribution, with the means set to 20 GHz and 10
GHz, respectively. Computing tasks are randomly generated at any nodes on the edge and terminal sides and divided into 3 to 5 subtasks. The
computing resource requirements of subtasks also follow a normal distribution, and the mean is set to 3 GHz. Wired is used between the nodes
on the cloud and edge sides. Nodes on the edge side communicate with each other via HPLC and RF. The communication mode between nodes
on the edge and terminal sides is WiFi. The signal-to-noise ratio of HPLC links between nodes 𝑛 and 𝑚 is denoted as [44]:

𝛾PL
𝑒𝑚𝑛

=
𝐸 · |ℎPL

𝑒𝑚𝑛
|2

𝜎2 · (1 + 𝜂)
(13)

where 𝐸 is the average energy of the signal, ℎPL
𝑒𝑚𝑛

is the HPLC channel fading gain, and 𝜂 = 𝜎2
𝑛/𝜎2 is the ratio of impulse noise to background

noise. The signal-to-interference-to-noise ratio of RF and WiFi links is expressed as [44]:

𝛾Ω𝑒𝑚𝑛 =
𝑃𝑚 · 𝑑−𝛼Ω𝑚,𝑛 · |ℎΩ𝑒𝑚𝑛 |

2∑
𝑗≠𝑚, 𝑗∈N𝑛 𝑃𝑗 · 𝑑

−𝛼Ω
𝑗,𝑛

· |ℎΩ𝑒 𝑗𝑛 |2 + 𝑁
Ω
0

(14)

where Ω = {RF,WiFi} is the set of link type, 𝑃𝑚 is the transmit power of node 𝑚, 𝑑𝑚,𝑛 is the distance between nodes 𝑚 and 𝑛, 𝛼Ω is the
channel fading coefficient of Ω link, ℎΩ𝑒𝑚𝑛 is the channel fading gain of Ω link, N𝑛 is the first-order neighbor set of node 𝑛, and 𝑁Ω

0 is the
Gaussian white noise of Ω link. The transmission rate for HPLC links and other links are expressed as:

𝑅PL
𝑒𝑚𝑛

= 𝐵PL · log2 (1 + 𝛾PL
𝑒𝑚𝑛

) (15)

𝑅Ω
𝑒𝑚𝑛

= 𝐵Ω · log2 (1 + 𝛾Ω𝑒𝑚𝑛 ) (16)

where 𝐵PL is the HPLC channel bandwidth and 𝐵Ω is the channel bandwidth of Ω link. Table F1 lists the major simulation parameters. The
parameters are either derived from industry standards such as IEEE [45][46], or validated by existing researches on smart grid [44][47].

Three kinds of hypergraphs are constructed for three different network topologies, and the specific parameters of hypergraphs are shown in
Table F2. The HGcov-atten operates in a supervised manner, and we use the suboptimal constrained cross-entropy (CCE) algorithm proposed
by [48] to generate sample data. The data generation process encompasses two parts: the generation of target computing node sets and the
establishment of end-to-end paths from sources to target nodes. For both parts, the CCE algorithm follows the general flow depicted in the
pseudocode of Algorithm 1 from [48]. Regarding the generation of target computing node sets, the optimization objective is to minimize the
overall computing time for all tasks. Node allocation serves as the optimization variable, and the following constraints apply:
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Table F1 System and HGcov-atten Parameters

Parameter Value

Delay of wired links [1, 5]ms

Reliability of wired links [0.99, 1]

Maximum bandwidth of HPLC links (𝐵PL) 1.1Mbps

Signal average energy of HPLC links (𝐸) 1.5

Channel fading gain of HPLC links (ℎPL
𝑒𝑚𝑛

) [-0.8, 0.23]dB

Ratio of IMN to BGN (𝜂) 2

Maximum transmission distance of HPLC links 1km

Node transmit power (𝑃𝑚) (0.03, 0.06]

Channel fading coefficient of RF and WiFi links (𝛼Ω) 2, 3

Maximum transmission distance of RF and WiFi links (𝑑𝑚,𝑛) 300m,300m

Channel fading gain of RF links (ℎRF
𝑒𝑚𝑛

) 1

Rayleigh distribution parameter of WiFi links 1/
√

2
Channel bandwidth of RF and WiFi links (𝐵Ω) 200kbps,1MHz

Hops in hyperedge group using k-hop neighbors (𝑘) 3,4,5

Interval in hyperedge group using multi-dimensional resource attributes (𝑤𝜑 ) 4

Size of target set (𝑄) 2

Dimention of task attributes and resource requirements (𝐶0) 3

Dimention of vertex resource features (𝐶1) 62,116,185

Dimention of task communication features (𝐶2) 4

Dimention of network performance features (𝐶3) 3

Batch size 128

Epochs 200

Table F2 The Hypergraphs Statistics Used in The Experiments

Hypergraphs Vertices
Hyperedges

Eind Econ Ehop Eres

50-node 50 10 17 250 4

100-node 100 14 14 500 4

150-node 150 33 22 750 4

• Computing resource requirements of individual task must be met;
• Node computing capacity limits should not be exceeded.
Due to varying application scenarios, the specific implementation details of the CCE algorithm for solving this optimization problem present

several key differences. These differences are as follows:
• Sample size. For topology sizes of 50, 100, and 150 nodes, the number of random samples is set to 400, 600, and 1000, respectively, with

elite proportions set to 0.1, 0.08, and 0.065, respectively;
• Infeasible sample projection. Due to violations of constraints, infeasible samples may exist. The projection method regenerates feasible

samples via probability-based sampling. When feasible samples cannot be obtained, the algorithm selects elite samples from existing feasible
sample set (if available);

• Sample sorting. The samples are sorted in descending order by the computation time of tasks. If the computation times are equal,
preference is given to samples that are located on the same power line as the source, exhibit higher connectivity, and have fewer hops from the
source;

• Probability update rules. Each node has an equal initial probability. After each iteration, the new probability is calculated as the number
of occurrences of the node in elite samples divided by the total number of elite samples;

• Other details. The algorithm stops when the change between the old and new probability matrices is less than the convergence threshold or
reaches the maximum number of iterations. For the three topology sizes, the convergence thresholds are set to 0.0001, 0.00005, and 0.00001,
respectively. The maximum number of iterations is set to 50, 70, 100, respectively.

For the establishment of end-to-end paths from sources to target nodes, the optimization objective is to minimize the transmission time
of all tasks. Relay node allocation serves as the optimization variable, with the primary constraint that the link capacity upper limits must
not be exceeded. Similarly, the CCE algorithm is employed to generate solutions, and the specific implementation details exhibit several key
differences as follows:

• Sample size. For each relay node, samples are generated from its neighbors. The number of samples is set to 400, with the elite ratio set
at 0.1;

• Sample Processing. When the number of randomly generated samples is less than 40, all these samples are sorted as elite samples. If the
number is greater than 40 but less than 400, the samples are directly sorted, and the top 40 are selected as elite samples;

• Sample sorting and selection. Samples are sorted in descending order of transmission time. If transmission times are identical, they are
sorted in descending order of reliability. Only the first node satisfying the constraint is selected as the next hop.
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Figure F2 Computing resource utilization varying with the number of computing tasks under different UCPN network topologies.(a) |V | = 50, (b) |V | = 100,
(c) |V | = 150. Regardless of the network topologies, HGcov-atten has higher resource utilization. HGcov-atten generates target set rather than a single computing
node. Tasks are assigned to idle compute nodes in the set.

Table F3 Performance Comparisons of Different Methods on three network topologies

Methods
|V | = 50 |V | = 100 |V | = 150

Accuracy (%) TET (s) Accuracy (%) TET (s) Accuracy (%) TET (s)
GSP 69.28 5.57 61.50 6.19 50.06 7.68

MDRL 70.40 5.36 63.42 5.81 52.30 7.17
GCN 76.92 4.51 71.23 4.76 62.68 5.92

k-hop GNN 78.45 3.95 73.15 4.11 65.99 5.34
HGcov-atten 82.97 3.28 78.36 3.61 72.54 4.46

To obtain enough training samples for hypergraph convolution, 200 tasks are randomly generated each time under the three network
topologies. 100,000 pieces of data are collected, including task features and vertex features. The task features consist of the source number,
the task size (in bits), and the computing resources required for one bit. Vertex features are composed of which HPLC the nodes are located
on, connectivity, hops to other nodes, and the remaining computing resources. The dimensions of node features in the three network topologies
are 100, 000 × 62, 100, 000 × 116, and 100, 000 × 185, respectively. To obtain sufficient training samples for graph attention mechanism,
200 routing schemes are generated at each time under three network topologies, and there are a total of 500 times. Each routing scheme
corresponds to different combinations of node pairs and the number of tasks sent, which are obtained after generating the target computing node
sets. The maximum packet size is 1024 bytes. For each combination, task attributes and performance requirements are collected, i.e., task size,
the demands for transmission rate, transmission delay, and reliability. Meanwhile, three network performance indicators are collected: link
transmission rate, transmission delay, and reliability. The dataset dimensions in the three network topologies are 100, 000 × 7. All datasets are
divided into training sets and test sets with a ratio of 9:1.

2) Compared Methods: We compare the proposed algorithm with the state-of-the-art methods, including GCN [9], k-hop graph neural
network (k-hop GNN) [49], multiagent deep reinforcement learning (MDRL) [11], and genetic simulated annealing-based particle swarm
optimization (GSP) [50].

GCN[9]. As an efficient spectral network, it takes the connection relationships between node pairs (i.e., adjacency matrix) as the input, and
completes the convolution of irregular data through the spectral representation of the graphs.

k-hop GNN[49]. It is based on the shortest path distance of 𝑘, extending 1-hop message passing to k-hop message passing by aggregating
information from k-hop neighbors of nodes simultaneously [49]. The value of 𝑘 is set the same as in this article.

MDRL[11]. Each agent interacts with its neighbors to obtain the status of the task queue, node resources and link performance, and takes
action (i.e., targe computing nodes, the optimal end-to-end paths) for computing power resource scheduling.

GSP [50]. It integrates the genetic operations of genetic algorithm and the Metropolis acceptance rule of simulated annealing into particle
swarm optimization [50]. And it minimizes the task execution time by jointly optimizing the target node set and the end-to-end paths.

The performance of the proposed method and comparison schemes is measured by three metrics: average accuracy, TET, and resource
utilization.

3) Parameters Setting: All methods are implemented on an Intel(R) Core(TM) i5-10210U CPU @ 1.60GHz using PyTorch. In hypergraph
convolution, two hypergraph convolution layers and a fully connected layer are set. The number of neurons in the middle layers is 128. The
dropout is set as 0.5. To compare all the methods, we update the parameters with an Adam optimizer to minimize the cross-entropy loss between
the predicted and true values on the datasets of three network topologies. The dimension of the output feature is 𝑄. The initial learning rate is
set as 0.001. And the weight decay is set to 0.0005. We set up two attention layers in the process of finding the optimal next hop. The number
of attention heads in the first layer is 3, the activation function is ELU, and the dimension of the output feature is 3. The number of attention
heads in the second layer is 3, the activation function is RELU, and the dimension of the output feature is 1. The learning rate is 0.005, the loss
rate is 0.5, and the RELU parameter is 0.00025. The rest of the detailed hyperparameter settings are shown in Table F1.

Appendix F.2 Performance evaluation

1) Algorithm Performance: Table F3 shows the average accuracy and TET of the five methods in three network topologies. In the 50-node
network topologies, the average accuracy of HGcov-atten is improved by 4.52%, 6.05%, 12.57% and 13.69% compared with the four comparison
algorithms. In the 100-node network topologies, the average increments of the accuracy of HGcov-atten compared with the four benchmarks are
5.21%, 7.13%, 14.94% and 16.86%, respectively. In the 150-node network topologies, the average increments of the accuracy are 6.55%, 9.86%,
20.24% and 22.48%, respectively. The excellent performance of the HGcov-atten model in the accuracy index explains that the hypergraph
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Table F4 Results of Ablation Experiments About the Four Types of Hyperedge Groups

Selected Hyperedges |V | = 50 |V | = 100 |V | = 150
Eind Econ Ehop Eres Accuracy (%) TET (s) Accuracy (%) TET (s) Accuracy (%) TET (s)

✓ 80.40 5.22 76.52 6.14 69.45 7.43
✓ ✓ 81.16 4.44 77.02 5.01 70.58 6.09

✓ ✓ 80.55 5.08 76.66 5.87 69.69 7.12
✓ ✓ 80.83 4.79 76.89 5.59 70.27 6.75

✓ ✓ ✓ 81.77 3.82 77.58 4.35 71.40 5.24
✓ ✓ ✓ 82.05 3.66 77.77 4.10 71.72 4.91

✓ ✓ ✓ 81.41 4.01 77.31 4.62 70.87 5.58
✓ ✓ ✓ ✓ 82.97 3.28 78.36 3.61 72.54 4.46
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Figure F3 The execution time of computing tasks varying with the number of computing tasks under different UCPN network topologies. (a) |V | = 50, (b)
|V | = 100, (c) |V | = 150. Regardless of the network size or task number, the TET of HGcov-atten is lower than that of three benchmarks, which proves the
advantages of the proposed scheme. Hypergraph convolution pre-categorize and pre-group heterogeneous nodes using hypergraphs so that it can more accurately
find the target compute nodes. Graph attention mechanism is used to establish the end-to-end paths considering three performance indicators of transmission rate,
delay, and reliability, which avoids the congestion phenomenon that may occur in the shortest path algorithm in a way.

convolution neural network can capture the more complex higher-order relationships such as cyber-physical graph structure information and
multi-dimensional resource group attributes in UCPNs. The k-hop GNN takes advantage of high-order relationships with graph structures,
such as connectivity features and k-hop neighbors. However, the multi-dimensional resource attributes have group relationships and there
is no available graph structure, resulting in the deviations between the target set and the actual labels. GCN only captures the features of
neighbors, and the information related to cyber-physical dependencies and multi-dimensional resources in the dataset is ignored. The overly
simple first-order relationship leads to a decrease in the accuracy. MDRL and GSP are non-graph methods and time-consuming. With few
epochs, the accuracy of MDRL and GSP is relatively low.

In terms of task execution time, HGcov-atten still outperforms other algorithms, where the number of tasks are 150, 250, 350, respectively.
Due to the addition of four kinds of hyperedges, the feature fusion between heterogeneous computing nodes is more orderly, which reduces the
time consumption of HGcov-atten to explore the potential high-oder interaction relationships between data, and then improves the accuracy
and finds the computing resource scheduling strategies that minimize TET. MDRL and GSP blindly look for computing resource scheduling
strategies. To get good results, both algorithms must have enough training time.

Figure F2 compares the resource utilization of the five methods varying with the number of tasks. It can be seen that when the number of
computing tasks is small, the resource utilization is low. As the number of computing tasks increases, the resource utilization of all methods
gradually improves. Regardless of the network topologies, HGcov-atten has better performance. The reason is that HGcov-atten generates target
set rather than a single computing node. Tasks are assigned to idle compute nodes in the set, which prevents most tasks from being queued at an
important compute node to a certain extent. MDRL and GSP cannot effectively use either the connection relationship or the complex high-order
relationships when generating the computing resource scheduling strategies. In addition, the convergence speed of the two algorithms is very
slow, and they are not suitable for real-time computing-intensive tasks.

2) Ablation Experiments: To verify the effectiveness of different parts of the proposed algorithm, we implement ablation experiments by
changing different components, including hyperedge types, hypergraph convolution module, and graph attention mechanism module.

Table F4 shows the performance of the proposed algorithm under different types of hyperedge combinations in three network topologies. It
can be concluded that HGcov-atten has the best performance when four types of hyperedge groups are input to the hypergraph convolution module
at the same time. Specifically, HGcov-atten may find the suitable computing resource scheduling schemes only by inputting the hyperedge
groups using multi-dimensional resource attributes. However, it does not deal with higher-order interactive information with the cyber-physical
structure, resulting in the possibility that the found nodes may be unstable, which affects the performance of the algorithm. Moreover, if the
computing power nodes have fewer communication links, or the distance from the source to the destination is too long, the end-to-end delay is
significantly affected. By combining any one or two of the remaining three hyperedge groups with hyperedge groups using multi-dimensional
resource attributes, the accuracy of HGcov-atten increases and the TET decreases. The hyperedge groups using cyber-physical interdependence,
k-hop neighbors, and multi-dimensional resource attributes improves the performance of the proposed algorithm more obviously. When all
types of hyperedge groups are input into the hypergraph convolution module, the proposed algorithm cannot only process the cyber-physical
structure information of UCPNs for Smart DNs, but also capture the differences in resource provisioning capacities between heterogeneous
nodes.

In addition, HGcov-atten is composed of two parts: hypergraph convolution and graph attention mechanism, which mainly realize the
scheduling of computing nodes and the establishment of end-to-end paths. We use the two functions as a guide to employ different comparison
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Figure F4 Hyper-parameter study on different topologies. (a) 𝑘 in hyperedge group using k-hop neighbors. (b) Intervals 𝑤𝜑 in hyperedge group using multi-
dimensional resource attributes. (c) Target set size 𝑄 in hypergraph convolution.

algorithms, i.e., HGcov-shortest, Gcov-atten, and Gcov-shortest, to verify the rationality of the HGcov-atten structure. Figure F3 compares the
TET of the proposed method with three benchmarks as the number of tasks changes. It can be observed that regardless of the network size or
task number, the TET of HGcov-atten is lower than that of three benchmarks, which proves the advantages of the proposed scheme. The reason
is that when assigning computing nodes for different tasks, we first pre-categorize and pre-group heterogeneous nodes using hypergraphs so
that HGcov-atten more accurately find the target compute nodes. Furthermore, graph attention mechanism is used to establish the end-to-end
paths considering three performance indicators of transmission rate, delay, and reliability, which avoids the congestion phenomenon that may
occur in the shortest path algorithm in a way.

3) Parameter Sensitivity: The main hyperparameters of the algorithm proposed in this paper include 𝑘 in hyperedge group using k-hop
neighbors, 𝑤𝜑 in hyperedge group using multi-dimensional resource attributes, and 𝑄 in hypergraph convolution.

• 𝑘 in hyperedge group using k-hop neighbors: The value of 𝑘 determines the set of target computing nodes that can be selected for tasks
when scheduling computing resources, and the distance from the source to the destination. The larger the 𝑘, the more computing nodes are
selected. Meanwhile, the farther away the destination is from the source. As shown in Figure F4(a), with the increase of 𝑘, the search range of
HGcov-atten becomes larger. It is easier to find computing nodes that better match the computing power requirements of the tasks. The average
accuracy of the proposed algorithm gradually increases. With the further increase of 𝑘, it is possible to find some more matching target compute
nodes. However, these target nodes are getting farther and farther away from the source, which are equivalent to noise, resulting in a decrease
in the accuracy of the proposed algorithm. Hence, we set 𝑘 = 3, 4, 5 in the 50-node, 100-node, and 150-node network topologies, respectively.

• 𝑤𝜑 in hyperedge group using multi-dimensional resource attributes: The fineness of 𝑤𝜑 partitioning affects the ability of HGcov-atten
to distinguish the differentiated resource provisioning capabilities of heterogeneous nodes. As shown in Figure F4(b), 𝑤𝜑 = 1 indicates
that the multidimensional resources in UCPNs are not divided. For HGcov-atten, all nodes have the same abilities to provide computing
and communications resources, resulting in finding nodes with mismatched resources. With the increase of 𝑤𝜑 , HGcov-atten identifies the
multi-dimensional resource supply capacities of computing nodes and finds the target nodes that best match the resource requirements of tasks.
The accuracy of the algorithm gradually increases. However, too detailed partitioning of the interval 𝑤𝜑 will increase the complexity of the
algorithm. Therefore, 𝑤𝜑 is set to 4.

• 𝑄 in hypergraph convolution: The target set size 𝑄 affects the dynamic matching between the task and the network performance during
the transmission process from source to target. As shown in Figure F4(c), as the𝑄 increases, HGcov-atten needs to find more target computing
nodes at the same time. The complexity of the algorithm rises, and the accuracy gradually decreases. However, there are more target computing
nodes that can be selected for tasks, which greatly alleviate network congestion, thereby reducing the end-to-end transmission delay and TET.
With the further increase of 𝑄, too much noise is introduced, which will misleads the model and brings too much computational burden.
Therefore, we set 𝑄 = 2.

Appendix G Conclusion
In this paper, a hypergraph modeling method of UCPNs for Smart DNs is proposed for the first time. By constructing hyperedge groups using
cyber-physical interdependence, connectivity feature, k-hop neighbors and multi-dimensional resource attributes, the high-order topological
connection and differentiated resource provisioning capabilities in UCPNs are captured. The proposed hypergraph structure not only considers
the topology characteristics of UCPNs for Smart DNs, but also condenses the same type of resources, improving the speed of node selection and
resource mapping. Based on the proposed UCPN hypergraph structure, we design an efficient computing power resource scheduling algorithm
combining hypergraph convolution and graph attention mechanism, which enhances the computing resource utilization by orchestrating the
computing and communication resources of heterogeneous nodes. Numerical results show that the proposed method improve computation
efficiency, reduce task execution time, and enhance computing resource utilization. In the future, we will explore wide-area resource collaborative
scheduling in UCPNs integrating communication, sensing, computing, and intelligence. In such scenarios, effectively leveraging the complex
non-linear coupling relationships among multi-dimensional resources while balancing model complexity and computational overhead pose
significant challenges.
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