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Abstract

The reliability of power information networks is paramount for smart grid security, yet incomplete data transmission paths
due to link failures or cyberattacks critically impair topology awareness and operational decision-making. To address the
limitations of existing methods in handling the dynamic and structurally complex nature of these networks, this paper
proposes a Topology-Enhanced Dynamic Perception Graph Neural Network (TEDP-GNN) for accurate path completion.
The core methodology revolves around three integrated innovations. First, we introduce a topological deep learning
framework that models high-order node interactions and network connectivity patterns beyond pairwise relationships. This
is achieved by employing simplicial complexes to capture multi-node dependencies inherent in power data routing structures.
Second, a novel dynamic perception mechanism is designed to continuously monitor link state changes. This mechanism
utilizes a temporal gating unit that ingests real-time network alert data, enabling the model to adaptively reweight message-
passing pathways in response to topological disturbances such as failures or attacks. Finally, the task is formulated as a
topology-constrained optimization problem. Within this framework, we deploy a hybrid attention module that
simultaneously computes both node-level and path-level attentions, alongside a multi-dimensional feature aggregation
strategy that synthesizes information from topological embeddings, dynamic states, and historical transmission patterns.
Preliminary validation on simulated power communication topologies demonstrates that TEDP-GNN significantly
outperforms baseline models in predicting missing links, showing marked improvements in precision and recall. The model
provides a robust, topology-aware solution for maintaining data path integrity, thereby enhancing the situational awareness
and resilience of power information infrastructures.
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1. Introduction transmission paths have emerged as a major threat to the
reliability and security of power information systems [2—
3]. Missing links distort the perception of the actual
network topology and impose multi-layer operational
challenges. On one hand, core applications—including
state estimation, fault diagnosis, and optimal dispatching—
experience degraded performance when reliable data
support is absent [4]. On the other hand, missing links
fundamentally  deteriorate the observability and
controllability of modern power systems. Real-time
operation relies on uninterrupted data exchanges among
control centers, substations, and field devices; topology
incompleteness disrupts these data streams, creating

With the rapid advancement of smart grids, power
information networks have become critical infrastructure
supporting power system production, dispatching,
operation, and management [1]. Leveraging high-capacity
communication technologies such as 5G, these networks
carry massive volumes of heterogencous power-service
data whose propagation behavior is strictly constrained by
the underlying topology. However, due to increasing
cyberattacks and communication failures, incomplete data-

"Corresponding author. Email: zhxj198708@126.com

EAI Endorsed Transactions on
w Energy Web
1 | Volume 13 | 2026



https://creativecommons.org/licenses/by-nc-sa/4.0/
https://creativecommons.org/licenses/by-nc-sa/4.0/
mailto:zhxj198708@126.com

X. Liu et al.

monitoring blind spots and degrading situational
awareness. As observability declines, the accuracy of
dispatching, protection coordination, and emergency
response is significantly reduced. The weakened
controllability further increases the system’s vulnerability
to disturbances, elevating the probability of misoperations
and cascading failures [5—6]. Therefore, developing robust
link-prediction methods for completing data-transmission
paths is crucial for maintaining secure and stable grid
operations.

Traditional statistical and classical machine learning
methods [7-9] generally overlook the structural constraints
imposed by network topology on data propagation,
resulting in predictions that poorly align with the actual
network structure. These limitations hinder their
applicability in large-scale, topologically complex power
systems. By contrast, Graph Neural Networks (GNNs)
have demonstrated strong relational-modeling capabilities
in structured domains such as communication and power
systems [10-11]. Among them, the Graph Attention
Network (GAT) enhances node representations by
assigning adaptive attention weights to neighbors and has
shown promising results in distribution-network topology
identification and communication-fault diagnosis [12—13].
Despite these strengths, existing GNN-based approaches
face challenges when dealing with the structural
complexity of power information networks. Most methods
rely primarily on first-order aggregation, whereas data
propagation exhibits multi-hop dependencies with
significantly varying feature distributions at different
topological distances (L-hop). Without an adaptive
mechanism to extract high-order relational patterns across
multiple L-hop neighborhoods, models fail to adequately
capture real data-flow structures, thereby limiting the
performance of link-completion tasks. Moreover, high-
order interaction patterns beyond simple pairwise relations
are common in complex networks, making topological
deep learning a promising direction for improving high-
order structural modeling [14—15]. Hence, models must
flexibly perceive multi-hop structural differences while
integrating global properties such as connectivity,
branching structures, and critical communication paths.

To address these challenges, this paper proposes a
Topology-Enhanced Dynamic Perception Graph Neural
Network (TEDP-GNN) for completing data-transmission
paths in power information networks. The core idea of the
proposed approach lies in learning expressive node
representations under global and multi-scale topological
constraints, and subsequently predicting the existence of
edges between arbitrary node pairs to reconstruct missing
paths. To achieve this, a topological deep learning
framework is first introduced to capture high-order
structural dependencies, enabling node embeddings to
more comprehensively reflect the network’s overall
connectivity patterns. Next, a dynamic perception
mechanism is designed to adaptively extract node-feature
variations across different topological distances (L-hop),
thereby equipping the model with multi-scale structural
awareness. Finally, link prediction is formulated as a

topology-constrained optimization problem in the learned
representation space, where the existence of edges is
inferred through similarity metrics or learnable scoring
functions. By jointly leveraging high-order topological
features, multi-hop structural information, and relational
dependencies, the proposed model achieves more robust
and accurate reconstruction of critical data-transmission
paths in power information networks.

2. Related Work

2.1. Graph Neural Networks

Graph Neural Networks (GNNs) have become a
cornerstone in processing graph-structured data, evolving
from early models to advanced architectures that handle
complex relational information. Comprehensive surveys
outline the foundational developments, categorizing GNN's
into recurrent, convolutional, and spatio-temporal types,
with key contributions like Graph Convolutional Networks
(GCN) for spectral filtering and Graph Attention Networks
(GAT) for attention-based aggregation [16]. These models
leverage message passing to propagate node features across
neighborhoods, enabling tasks such as node classification
and graph representation learning [17].

In the domain of link prediction, recent advancements
focus on enhancing GNNs with hybrid mechanisms and
addressing heterophily. Yan et al. [18] propose a hybrid
graph neural network framework for link prediction that
integrates Graph Convolutional Networks with dual
similarity metrics (cosine and dot product) to improve
prediction accuracy, demonstrating effectiveness on social
recommendation systems. Zhu et al. [19] investigate the
impact of feature heterophily on link prediction with
GNNs, analyzing how different encoders and decoders
adapt to varying homophily levels and introducing designs
for improved performance, with empirical validation on
synthetic and real-world datasets.

To address limitations of traditional GNNs relying
primarily on first-order neighborhoods, higher-order GNN
variants incorporate multi-hop dependencies. Besta et al.
[20] demystify higher-order graph neural networks by
providing a taxonomy and analyzing over 100 related
schemes, focusing on expressiveness, time complexities,
and applications using higher-order graph data models like
hypergraphs and simplicial complexes. Bailie et al. [21]
introduce a higher-order graph attention probabilistic walk
network that assigns weights to variable-length paths based
on feature diversity, reconstructing k-hop neighborhoods
with empirical improvements in graph tasks.

2.2. Persistent Homology

Persistent homology has become a central technique in
topological data analysis (TDA), offering a principled way
to capture multi-scale topological structures arising in
complex data. Building on algebraic-topology foundations
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and  progressively  evolving  toward  scalable
implementations, it characterizes connected components,
loops, and higher-dimensional cavities across filtration
scales while maintaining robustness to small perturbations.
Advances in computational methods introduce efficient
encoding schemes and reduction strategies that support
large-scale applications in data science and engineering
[22]. In parallel, persistent-homology-based machine
learning frameworks incorporate key computational tools
such as persistence diagrams, barcodes, and dedicated
software libraries, together with feature transformation
techniques that enable the integration of topological
descriptors into supervised and unsupervised learning tasks
[23].

Recent integrations of persistent homology with
machine learning and graph neural networks enhance
representation power by injecting topological invariants
that complement message-passing limitations in standard
GNNs. Xin et al. [24] propose TopInG, a topologically
interpretable graph learning framework using persistent
homology to identify persistent rationale subgraphs via
rationale filtration learning and topological discrepancy
constraints, improving interpretability and performance in
graph tasks. Ying et al. [25] develop a method for boosting
graph pooling with persistent homology, integrating PH
into GNNs to enrich expressive power and achieve superior
results on graph classification benchmarks. Buffelli et al.
[26] introduce CliquePH, which leverages persistent
homology on clique graphs to incorporate higher-order
information into GNNs, demonstrating enhanced ability to
capture complex structural patterns and outperforming
baselines on various graph learning tasks by enriching
representations with clique-based topological features.

3. System Model

The power information network data transmission path
completion method proposed in this paper enhances the
accuracy of edge existence inference by jointly modeling
dynamic node neighborhood features and global network

topological  characteristics, thereby enabling the
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reconstruction of a complete network topology. The overall
procedure consists of three main stages:

(1) Construction of the Dynamic Perception Graph
Neural Network: Using GATv2 as the backbone
architecture, a unified attention computation paradigm is
applied to the L-hop neighborhood of each node. Through
dynamic adjustment of inter-layer attention weights, the
model captures the influence of neighborhood feature
distributions at different topological distances on node
representations, thereby extracting dynamic local features
of nodes.

(2) Design of the Topology-Enhanced Module: Based
on persistent homology (PH) theory, multiple multilayer
perceptrons (MLPs) are designed as filtration functions to
screen topological information within the L-hop
neighborhoods of nodes. By computing key descriptors
such as persistence barcodes and topological invariants,
feature vectors that characterize the global topological
structure of the power information network are extracted.

(3) Feature Fusion and Edge Classification: A linear
layer is employed to align feature dimensions and perform
weighted fusion of the dynamic local features and
topology-enhanced features, yielding node representations
that jointly encode dynamic behavior and topological
constraints. Subsequently, node pairs are fed into an MLP
classifier to infer edge existence, ultimately completing the
power information network.

The proposed model comprises four main modules, and
its overall architecture is illustrated in Figure 1. The first is
the neighborhood graph sampling module, which
constructs L-layer neighborhood graphs for each node
under all relational settings. The second is the
neighborhood feature extraction module, which utilizes a
hierarchical dynamic multi-head attention mechanism to
extract features from the neighborhood graphs. The third is
the topological feature extraction module, where multiple
filtration functions are constructed via MLPs to extract
topological features from the neighborhood graphs.
Finally, the feature fusion and edge prediction module
integrates neighborhood and topological features through a
linear layer and employs an MLP classifier to predict the
existence of edges between each pair of nodes.

|
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Figure 1. TEDP-GNN Model Architecture
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3.1. Neighbourhood Graph Sampling

To address the requirement of capturing multi-scale
topological dependencies in the power information
network completion task, we consider an input power
information network G = (V,E,X) , where V=
{vi,vy,...,vy} denotes the set of nodes comprising
generators, transformers, load nodes, and other power
system components (N is the total number of nodes), E €
V X Vrepresents the set of edges formed by transmission
lines, distribution lines, and other physical or logical
connections, and X € R¥*P is the node feature matrix with
D denoting the feature dimension.

In power information networks, the topological scope of
an L-hop neighborhood is well aligned with the spatial
scale of data transmission. When L = 1, the neighborhood
subgraph contains only directly connected nodes,
corresponding to direct data interaction links. When L = 2,
the neighborhood expands to indirectly connected nodes,
corresponding to indirect data regulation links. For L > 3,
the neighborhood further covers global cooperative links.
To systematically capture multi-scale topological
dependencies ranging from local direct connections to
global indirect associations, and to extract discriminative
information embedded in neighborhood feature
distributions at different hierarchical levels, an L-hop
neighborhood graph GF = (V}, EF,X}') is sampled for
each target node v; € V.

3.2. Neighbourhood Feature Extraction

To address the structural and semantic heterogeneity
embedded in different topological levels within a node’s L-
hop neighborhood, and to enable adaptive modeling of
multi-scale features in power information networks, this
paper proposes a hierarchical dynamic multi-head attention
mechanism for extracting layered feature representations
from node neighborhood graphs. This mechanism
introduces structurally consistent dynamic multi-head
attention units at different topological levels, where
neighbor features are aggregated independently for each
level, and attention coefficients are computed separately
along the hierarchical dimension. Specifically, all levels
follow a unified attention computation paradigm; however,
independently parameterized attention weights are
employed to learn level-specific node interaction patterns
corresponding to different topological distances, thereby
characterizing  the  differentiated  influence  of
neighborhoods at various levels on the central node. By
assigning exclusive dynamic attention distributions to each
level, the proposed mechanism effectively captures multi-
level structural characteristics and relational patterns
across multi-hop neighborhoods in power information
networks.

The neighborhood feature extraction process is
illustrated in Figure 2 and adopts a bottom-up hierarchical

aggregation strategy. First, nodes at the penultimate level
(level 1) aggregate feature representations h]-2 from their
directly connected neighbors (level 2 nodes) through the
dynamic multi-head attention mechanism, yielding node
features hjl atlevel 1. Subsequently, the level-1 features are
further aggregated to obtain the final neighborhood
representation of the level-0 central node v;. Specifically,
during the processing of an L-layer neighborhood, for each
node v;rat level (I = L — 1, ...,0), N, attention heads are
employed to dynamically learn neighborhood features
hzzfrom its neighboring nodes v;. The computation of each
attention head is given in Eq. (1):

(1
W= > alpon?
ij ]

l V]'E}!i!
where P, € R(@/Na)xd' hj*! denotes the feature
representation of node v;, and hJ’-“ € X . Here, k;7; =
(v, vir) € EF, and the attention coefficient a;s jiis

computed as shown in Eq. (2):
agy) 2)

exp (a(l)a (W(l) [hgf) | |h]@]))

Y e, €XP (a(l)a (W(l) [hg,”llh;?]))
where || denotes vector concatenation, W, € R4 *24" and
a € R® are the learnable linear transformation matrix and
attention weight vector in the level-l dynamic multi-head
attention unit, respectively, o(-) represents the ReLU
activation function, and d’ denotes the dimensionality of
the transformed features.
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Figure 2. Neighbourhood Feature Extraction

To integrate neighborhood information from multiple
perspectives, the outputs of the N, attention heads are
concatenated, yielding the hierarchical neighborhood
feature representation hff e R?.

By incorporating the proposed hierarchical dynamic
multi-head attention mechanism, the model can adaptively
adjust neighborhood aggregation strategies across different
topological levels, thereby capturing differentiated
influence patterns of nodes within  multi-hop
neighborhoods in power information networks and forming
more fine-grained and discriminative neighborhood feature
representations. Such hierarchical feature modeling
provides stable and structurally informative feature support
for subsequent data transmission path completion tasks.
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3.3. Topological Feature Extraction

To mine deep structural information beyond local
connectivity patterns from power information network
data, it is necessary to systematically model the underlying
topological characteristics. To this end, this study
introduces persistent homology (PH), a fundamental tool in
topological data analysis, to capture topological features
that persist stably across multi-scale filtration processes.
As a core technique in algebraic topology, persistent
homology enables precise characterization of the global
network topology by quantifying topological invariants
such as network holes and connected components. When
integrated with machine learning, PH has been successfully
applied to tasks including community detection in social
networks and traffic flow prediction in transportation
networks. However, when transferring persistent
homology to the link prediction task in power information
networks, two critical challenges remain. The first lies in
how to design filtration functions that are well aligned with
the data transmission characteristics of power information
networks, so as to effectively screen and extract topological
information from node L-hop neighborhoods, for example,
by distinguishing meaningful topological associations
from redundant connections. The second challenge
concerns how to construct an effective fusion mechanism
between topological features and node operational features,
in order to generate node representation vectors that
simultaneously encode global topological constraints and
local information perception, thereby providing robust
support for edge existence inference.

To address these challenges, this paper introduces an
MLP-based learnable filtration mechanism, in which
k independently parameterized filtration functions are
constructed to perform multi-view filtering on node
neighborhood subgraphs. Each filtration function consists
of a multilayer fully connected network that models high-
order interaction features between node pairs through
layer-wise nonlinear mappings, thereby adaptively
generating filtration values for persistent homology
computation. Specifically, for a node v; € VE, each
filtration function is formulated as shown in Eq. (3):

E, = tanh(W,ReLU(Wyx; + b,) + b, ) (3)
where W, € R"% and W, € RP*" denote the weight
matrices of the hidden and output layers, respectively; x; €
X is the node feature vector; b; and b, are bias terms;
hrepresents the hidden layer dimension; D denotes the
output dimension of each filtration function; and E,j €

RP is the resulting filtration value.

Each filtration function captures distinct topological
attributes of node v; within the neighborhood subgraph and
determines its activation time during the filtration process,
thereby characterizing the importance of the node across
multi-scale topological structures. By replacing traditional
non-differentiable filtration strategies based on sorting or
thresholding with parameterized filtration functions,
topological feature computation can be seamlessly
embedded into an end-to-end training framework.

Meanwhile, while preserving the sensitivity of persistent
homology to structural variations, the proposed approach
significantly reduces computational complexity from
0(n®) to linear order, enabling efficient scalability to
large-scale graph data.

Subsequently, the maximum filtration value among the
neighbors of node v;is computed as shown in Eq. (4):

FvTax = MAXuEuj () 4)

If E,'}‘ax > F{,}., node v; is considered to have been assigned

to another connected component. The persistence
difference is then computed according to Eq. (5):

dv]- = FvTax_ij (%)
This difference approximates the birth—death interval in
classical persistent homology, where d,,]. € RP reflects the

stability of the connected component.

To construct more discriminative topological features,
four categories of embedding functions ¢ are employed to
map d,,). into a tensor of size M =d'/4 : linear

transformation, triangular transformation, Gaussian
transformation, and rational hat transformation [27]. The
combination of these four embedding functions equips the
model with multi-level topological representation
capabilities.

(1) Linear transformation, serving as a basic operator,
ensures efficient propagation of simple topological features
and is computed as shown in Eq. (6):

Dline (E/Tax' dvj) = W[E}jr}ax, dv]-]T +b (6)
€ RDXM
where W € RM*2 and b € RM are the parameters of the
linear layer.

(2) Triangular transformation captures salient band
structures in persistence diagrams through learnable peak
position parameters, making it particularly effective for
identifying critical topological structures. Its computation
is given in Eq. (7):

$eri (F,dy,) = ReLU(dy, Q)
_ |E}1;r_lax _ T|) € ]RDXM
where 7 € RM denotes the learnable peak location
parameters.

(3) Gaussian transformation leverages the smoothness
of radial basis functions to robustly model multi-scale
topological densities, as shown in Eq. (8):

Bgauss (B, d) ®)
B (R = 1)? + (d,,, — v)?

= exp 202

€ ]RDXM

where u,v € RM are center parameters and o €
R* denotes the bandwidth.

(4) Rational hat transformation enhances sensitivity to
complex topological critical points through rational

function compositions, as defined in Eq. (9):
-1
e (53.,) = (131 (5.0, - 1)
— (140 (Fres,dy) = c = 1) € ROSH

)
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where ¢ € R?*M represents the center and 7 € RM denotes
the radius.

For a node v; in the neighborhood subgraph, the outputs
of the four transformations are concatenated to form ¢; €

R%' . Finally, a pooling layer is applied to compute the
topological representation of the relational subgraph, as
shown in Eq. (10):

1 il 10
.= _ZVJ " (10)
|vjl &=j=1

Through the above process, the proposed method preserves
the overall topological patterns of neighborhood subgraphs
while effectively suppressing local noise and maintaining
computational efficiency, which is consistent with the
theoretical essence of persistent homology in emphasizing
global structural stability.

3.4. Feature Fusion and Edge Prediction

In this paper, a linear layer is employed to linearly
transform the topological feature t; into t; = Wyt; + b,
which is then concatenated with the relational features to
obtain the node representation, as shown in Eq. (11):

h©® = h® + Wy, + b) (1D
After obtaining the representations h?, for all nodes, a
candidate set containing all possible node pairs is
constructed as P = {(u,v) | Vu,v € V,u # v}. For each
candidate node pair (u, v), their feature representations are
fused via concatenation, as defined in Eq. (12):

Z,, = [hl’fo) ” h;(O)] (12)

The fused features are then fed into an MLP classifier for
decision making. The output layer adopts a Sigmoid
activation function to produce a prediction probability
Yur € [0,1], which indicates the likelihood of a connection
existing between the node pair. When y,,,, > 0.5, an edge
is inferred to exist between the nodes and the label is set to
1; otherwise, no connection is predicted and the label is set
to 0.

4. Experiments and Analysis of Results

4.1. Experimental Setup

All experiments were conducted on a Linux platform using
the PyTorch framework, with an NVIDIA A40 GPU (48
GB memory) and 25 vCPUs based on the Intel(R) Xeon(R)
Platinum 8481C processor. To evaluate the effectiveness of
the proposed method, two publicly available datasets of
different scales were employed in the experiments to
simulate power information networks of varying sizes,
including a small-scale network with 300 communication
nodes and 878 links, and a medium-to-large-scale network
with 5,715 communication nodes and 19,794 links.

4.1.1. Baseline Model

To evaluate the effectiveness of TEDP-GNN in the
network completion task, it is compared with four baseline
models in the experiments, as described below:
MLP: A multilayer perceptron composed of two
stacked linear layers and nonlinear activation functions.
GAT [28]: A graph attention network that aggregates
neighborhood information using an attention mechanism.
CN_NN: The number of common neighbors is a
classical metric in link prediction, based on the core
assumption that the more common neighbors two nodes
share, the more likely a link exists between them [29-30].
In this study, this idea is transferred to the network
completion task to construct the baseline method CN_NN.
PA_NN: The preferential attachment (PA) link
prediction method based on node similarity [31-32] is
adapted to the network completion task to form the baseline
algorithm PA NN. The underlying rationale of this method
is that nodes in a network are more likely to have missing
connections with nodes that are topologically closer and
have higher degrees.

4.1.2. Evaluation Indicators
In this paper, Precision, Recall, and F1-score are adopted
as evaluation metrics, and their definitions are given in Egs.

(13)(15):

n
Precision = ! (13)
n, +n,
Recall = e’ (14)
n, +ny
2
1 n, (15)

- 2ny + ny+n,

where n; denotes the number of missing edges that are
correctly predicted, n, represents the number of non-
missing edges that are incorrectly predicted as missing, and
ns denotes the number of missing edges that are incorrectly
predicted.

4.2. Experiment

4.2.1. Comparative Experiment

First, in the first group of experiments, the performance of
TEDP-GNN and the baseline models is compared on two
power information network datasets of different scales, and
the experimental results are reported in Tables 1 and 2.

Table 1. The performance of a prefectural-level
electric power communication network

Model Precision  Recall F1
MLP 0.130 0.200 0.158
GAT 0.309 0.257 0.281

CN_NN 0.082 0.116 0.096
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PA NN 0.113 0.132 0.122
TEDP-GNN 0.612 0.306 0.412

Table 2. The performance of a provincial-level
electric power communication network

Model Precision  Recall F1
MLP 0.110 0.125 0.116
GAT 0.266 0.222 0.242
CN NN 0.014 0.064 0.023
PA NN 0.125 0.069 0.089
TEDP-GNN 0.562 0.267 0.362

The experimental results indicate that traditional
statistical methods (CN_NN and PA NN) exhibit clear
performance limitations. In small-scale networks with
relatively few nodes and edges, CN_NN, which is based on
the assumption of common neighbors, performs reasonably
well in simple network structures; however, under complex
topologies, its performance degrades significantly,
achieving a Precision of only 0.096, a Recall of 0.116, and
an Fl-score of 0.082. These results demonstrate its
inability to effectively capture the complex connection
patterns present in real-world networks. PA NN
incorporates node degree and distance information and
shows a slight performance improvement, but its
underlying assumptions are overly simplified and fail to
adequately account for the dynamic characteristics of data
transmission networks, resulting in limited generalization
capability.

In contrast, deep learning—based methods (MLP and
GAT) demonstrate stronger adaptability. By extracting
features through multiple nonlinear transformations, MLP
achieves an Fl-score of 0.158; however, it does not
effectively exploit network topological information. GAT
further — improves  performance by  aggregating
neighborhood information via an attention mechanism,
increasing the F1-score to 0.281. Nevertheless, its attention
mechanism struggles to adaptively capture fine-grained
features across different topological levels in dynamically
evolving network scenarios, leading to evident
performance bottlenecks.

By integrating the dynamic attention mechanism of
GATv2 with a persistent homology—based topological
feature extraction module, TEDP-GNN is able to
efficiently model complex network topologies. On the
small-scale dataset, TEDP-GNN achieves an F1-score of
0.400, with a Precision of 0.612 and a Recall of 0.297,
significantly outperforming both traditional statistical
methods and deep learning—based approaches. The
dynamic perception capability enables the model to capture
fine-grained features at different hierarchical levels, while

the topology-enhanced module effectively extracts high-
order topological patterns, such as cyclic structures and
critical paths, thereby compensating for the deficiencies of
conventional methods. These results provide a reliable
solution for link prediction in complex networks and
highlight the importance of dynamic perception and
topological enhancement in such tasks.

Furthermore, the same experiments are conducted on a
larger-scale network dataset. The results show that as the
network scale increases, the performance of all methods
declines to varying degrees. The Fl-scores of the
traditional statistical methods (CN_NN and PA_NN) drop
to 24% and 72% of their respective values on the small-
scale dataset, indicating high sensitivity to data scale. The
performance of the deep learning methods (MLP and GAT)
also decreases, with F1-scores reduced to 73% and 86%,
respectively, which can be attributed to overfitting caused
by increased model complexity. In contrast, TEDP-GNN
maintains relatively strong performance on the large-scale
dataset, with its F1-score decreasing only to 91% of that
obtained on the small-scale dataset. These results clearly
demonstrate the superior scalability and robustness of the
proposed TEDP-GNN model on large-scale graphs.

4.2.2. Reliability Analysis Experiment

The proportion of missing edges in a network is one of the
key factors affecting the reliability of the TEDP-GNN
model. To verify the robustness of the proposed model, this
section systematically adjusts the number of missing edges
in the dataset, thereby controlling the missing-edge ratio in
the network, and evaluates the performance of TEDP-GNN
on the network completion task under different missing-
edge settings. This experimental design aims to
comprehensively assess the model’s performance across
varying levels of edge sparsity and to validate its reliability.
On the small-scale network, the experimental results of
TEDP-GNN under different missing-edge ratios are
illustrated in Figures 3, 4 and 5. As shown in the figures,
with an increasing proportion of missing edges, Precision
decreases significantly from 0.85 to 0.38. This degradation
is mainly attributed to the loss of local structural
information caused by missing edges, which reduces the
amount of effective features that the model can learn and
consequently lowers prediction confidence. Notably,
however, the F1-score only declines gradually from 0.422
to 0.348, demonstrating strong stability.

This differentiated performance trend can be primarily
attributed to two key design components of the proposed
model. First, the neighborhood feature extraction module
adaptively adjusts the attention weights of neighborhood
features at different layers, enabling the model to
intelligently  reallocate feature importance when
information is missing, thereby effectively mitigating the
impact of incomplete local structures. Second, the high-
order topological features extracted by the topological
feature module exhibit stronger robustness and provide
stable structural prior knowledge for the model, further
enhancing its resilience under high missing-edge ratios.
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4.2.3. Ablation Study

To verify the effectiveness of topological features and
neighborhood features in node representation learning, this
section conducts ablation experiments on a small-scale data
flow network by separately removing the neighborhood
feature module and the topological feature module. TE-
GNN and DP-GNN denote the variants obtained by
removing the neighborhood feature module and the
topological feature module, respectively, and the
corresponding performance variations are summarized in
Table 3.

Table 3. The influence of neighbourhood features
and node features

Model Precision ~ Recall F1
TEDP-GNN 0.612 0.297 0.400
TE-GNN 0.230 0.205 0.217
DP-GNN 0.312 0.269 0.289

The experimental results demonstrate that both the
topological enhancement module and the dynamic
perception module make indispensable contributions to the
performance improvement of the TEDP-GNN model.
When the topological enhancement module is removed, the
F1-score decreases significantly from 0.400 to 0.289, with
a noticeably larger drop in Precision than in Recall. This
phenomenon indicates that this module primarily improves
prediction accuracy by enhancing the extraction of high-
order topological features. In contrast, removing the
dynamic perception module leads to more severe
performance degradation, with the F1-score decreasing by
0.183, Precision dropping by 0.382, and Recall decreasing
by 0.092. These results clearly validate the critical role of
this module as a core component of the model in capturing
the dynamic characteristics of the network.

Further analysis reveals that the two modules exhibit
strong functional complementarity. The topological
enhancement module extracts topological invariants—such
as those derived from persistent homology—that
effectively identify key structural patterns in the network,
thereby significantly improving prediction precision.
Meanwhile, the dynamic perception module leverages the
attention mechanism of GATv2 to dynamically capture
variations in  inter-node  association  strengths,
simultaneously optimizing both Precision and Recall. This
multi-level collaborative mechanism not only explains the
superior performance of TEDP-GNN but also provides
valuable insights for the design of graph neural networks
targeting dynamic and complex networks. In particular, for
application  scenarios that require simultaneous
consideration of topological structure and dynamic
evolution, this dual-module collaborative design offers an
important and practical reference.
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5. Conclusions

This paper addresses the problem of incomplete
topological awareness caused by missing link association
data in power information networks and proposes a graph
neural network—based network completion method that
integrates  dynamic  perception and  topological
enhancement. The proposed approach leverages GATV2 to
capture feature correlations among nodes across multiple
topological distances, while global topological information
is extracted using persistent homology. Link prediction is
then performed through feature fusion and MLP-based
classification. Experimental results on two network
datasets of different scales demonstrate that the proposed
method achieves significantly higher completion accuracy
and robustness than traditional approaches, effectively
overcoming the limitations of existing techniques in
adapting to the topology of power data flow networks.

Nevertheless, several limitations remain. The proposed
model does not fully account for the heterogeneous
topological characteristics of multi-energy coupled
networks, and its computational efficiency in ultra-large-
scale power grid scenarios still requires improvement.
Future work will focus on enhancing the adaptability of the
topological enhancement module, introducing lightweight
network architectures to improve inference efficiency, and
exploring privacy-preserving completion schemes under
federated learning frameworks, in order to better meet the
complex and security-critical operational requirements of
next-generation power systems.
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