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Abstract— Graph learning is a challenge for large
dynamic sparse networks due to low levels of
connectivity and changing network structure. To
represent more accurately, this study created an
Optimization-based External Graph Learning (OEGL)
framework, which integrates the original network
topology with external graph data to improve the
effectiveness of representation learning. The OEGL
framework comprises three keys: (1) optimization of the
graph, (2) temporal encoding of the graph, and (3)
adaptive message aggregation in order to enhance the
performance of learning. The OEGL framework
demonstrated 94% accuracy on node classification and
0.95 AUC for link prediction, exhibiting superior
performance relative to existing methods of learning
from graphs. Additionally, the OEGL framework
illustrated its scalability for networks having between 1
and 5 million nodes, making it a powerful tool for
conducting analysis of large-scale dynamic networks.

Index Terms— Optimization-Based Graph Learning,
Dynamic and Sparse Networks, External Graph
Integration, Node Classification and Link Prediction

[. INTRODUCTION

Large-scale networks are playing an ever more
important role in today's applications like social
network  systems, communication  systems,
transportation systems, biological systems, e-
commerce systems, and recommendation systems. In
general, these networks are expressed in the form of
graphs, in which the nodes represent entities and the
edges relate them to each other [1]. The networks are
growing in size, dynamism, and significant sparseness,
which makes efficient analysis and learning
challenging because of the growing amount of data.
Graph learning has become a very effective way to
derive meaningful information from graph-structured
data [2]. It enables various tasks such as node
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classification, link prediction, community detection,
recommendation, and anomaly detection. Most of the
existing graph learning methods are based on the
observed network structure to learn node
representations and to reason about the underlying
patterns. But in large scale dynamic and sparse
networks, these techniques are sometimes restricted by
the lack of connectivity and the absence of some links,
and the graph structures are constantly changing [3-5].
When there are sparse networks, there are few or none
of the connections that could be present and thus it's
difficult to accurately represent underlying
relationships and structural dependencies. Likewise,
dynamic networks are constantly changing over time,
and learning models must be capable of adapting
efficiently to the ever-changing topologies [6].

To overcome these challenges, the concept of external
graph learning has been introduced which adds extra
information from external sources to the original graph
structure [7] . Graphs can be built externally from the
nodes, based on node attributes, semantic similarity,
temporal interaction, contextual knowledge, or
domain knowledge. The use of external graph
information can enhance network representations,
facilitate the discovery of unseen information within
networks, and help reveal relationships that may not
be evident in the original graph [8]. While it has its
benefits, the integration of external graphs does come
with its own set of challenges, such as scalability,
computational complexity, noise reduction, and
adaptive learning [9].

Optimization-based methods are suitable methods to
overcome these problems, using some mathematical
optimization methods to choose the relevant external
connections, reduce redundant connections and
enhance the quality of representation [10]. Techniques
like graph regularization, sparse optimization, graph
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scarification, and adaptive embedding learning

enhance the learning efficiency and retain the essential

structural properties [11] Optimization-based
external graph learning is a powerful approach to the
analysis of large-scale dynamic and sparse networks

[12] The method is effective to integrate the internal

network structure with the external graph information,

and thus boost the prediction accuracy, representation
learning and scalability. This study aims to create an
optimized graph learning framework that can cope
with dynamic changes and sparsity, while remaining
efficient and performing well on different graph

analytics tasks [13-15].

The paper is organized as in Section 2, which reviews

related work in the fields of graph learning, dynamic

networks, sparse graph  representation and
optimization-based approaches. In Section 3, the
optimization based external graph learning is
described, including the external graph construction
process, the optimization strategy and methodology.

The experimental setup, datasets, evaluation metrics

and implementation procedures are explained in

section 4. The experimental results and comparative

performance analysis are presented followed by a

discussion of the results in Section 5. Lastly, Section 6

summarizes the contributions and suggests directions

for future research. The objectives of the study are as
follows:

e To develop an optimization-based external graph
learning framework for large-scale dynamic and
sparse networks.

e To integrate external graph information with
network  structures to  improve  graph
representations.

e To enhance learning efficiency and scalability
through optimization techniques.

e To evaluate the proposed framework using node
classification, link prediction, and community
detection tasks.

II. LITERATURE REVIEW

Recent study has been dedicated to building scalable
and efficient graph learning algorithms for large,
dynamic and sparse networks. Several optimization-
based methods, dynamic graph neural networks and
graph representation methods have been suggested to
improve the learning performance, scalability and
prediction accuracy. Some of the salient contributions
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in this line of study are pointed out below. In order to
enhance computational efficiency, Wu et al. (2026)
[16] introduced ScaDyG, a scalable dynamic graph
learning framework that combines time-aware
topology reformulation and hypernetwork-based
message aggregation, which enabled the framework to
achieve about 15-20% more efficient than the baseline
model. Qiu et al. (2026) [17] proposed the SSML-Net
for traffic flow prediction, achieving nearly 8.7%
higher prediction accuracy than the existing methods
by a self-supervised meta-learning approach. Sheng et
al. (2026) [18] created a low-parameter lightweight
Mamba-Graph architecture that achieved effective
capture of spatiotemporal information regarding
sparse events with less than 18% of the complexity of
previous models. Duan et al. (2026) [19] proposed
BayesG, a reinforcement learning framework which
uses a Bayesian graph to enhance the scalability and
decision-making performance by 13.5%. Hao et al.
(2025) [20] presented DynST, a dynamic sparse
training algorithm for sensor networks that speeds up
the inference speed by nearly 35%, while maintaining
similar prediction accuracy. In contrast, Kneifl et al.
2025 [21] proposed a multi-hierarchical graph
convolutional surrogate framework which achieves
28% reduction in computational cost by leveraging
transfer learning at various resolutions.

Improvements of 4.45 in accuracy and 2.93 in FI-
score over existing methods were reported by Xiaotian
et al. (2025) [22] in their GLD*-GNN method for
dynamic gait analysis (DGA). Sattar et al. (2025) [23]
presented DyG-DPCD — a distributed community
detection algorithm that achieved 25X-30X speedup
on large scale dynamic networks. In their study Wen
et al. (2025) [24] created an adaptable spatio-temporal
graph convolutional network that decreased the
amount of sensors required to deploy by 82% while
maintaining a mean absolute error of 0.34 °C, and root
mean square error of 0.36 °C. Ntayagabiri et al. (2025)
[25] proposed OMIC model for IoT intrusion detection
that achieved 99.26% classification accuracy when
evaluated on the CICIoT2023 dataset, while reducing
sensor deployment needs by 82%. Zhuang et al. (2025)
[26] introduced a hierarchical graph structure with no
relations, called LinearRAG, to enhance the retrieval
effectiveness and scalability.
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ITII. RESEARCH METHODOLOGY

The proposed Optimization-Based External Graph
Learning (OEGL) framework tackles the issues
associated with the large amounts of data in dynamic
and sparse networks by combining additional graph
data with an original network’s topology. The OEGL
technique wuses similarity-based graph structure
algorithms, methods of temporal encoding, and
optimization methods to generate improved
representations of nodes while decreasing sparsity
within the network. Graph learning and the use of
adaptive message aggregation are applied to establish
structural and temporal relationships among nodes in
the network. Figure 1 represents the framework of
research methodology.

Dynamic Optimization-

Network i 3 Based Graph . e
Representation Learning
ﬁ::f;:
Metrics 5
Aggregation

Figure 1: Framework of Proposed Methodology

3.1 Dynamic Network Representation

A huge-scale dynamic sparse networks can be
represented as follows:

G=(V,ETX) (1)
Where V is the collection of nodes inside the network,
and E is the collection of edges between those nodes.
T refers to the temporal information associated with
events that occur on the edges of each of the nodes in
the network [27]. Finally, X is the feature matrix
associated with all the nodes in the network (node
features):

A € RN*N 2)

The structure/network connections to the nodes would
be represented in an adjacency matrix as follows,
where N is the total number of nodes in the dynamic
network, and all temporal connectivity is therefore
stored inside the adjacency matrix [28].

3.2 External Graph Construction

To solve the sparsity problem for large-scale dynamic
networks, we create an external network (edge
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connection graph) that uses similarities between node
attributes to obtain the similarity between the two
nodes i and j based on their features (creating an
adjacency matrix):

CN XX
S(lﬂ ]) - ”Xl" "X]" (3)

Where X; and X; are the feature vectors associated

with node i and node j, and where the similarity values
are calculated using the cosine technique:

Aext = S(L]) (4)
The original and the external graph are then merged to
form a denser graph structure:

Afinal = QA + (1 - O()Aext (5)
Where a is a balancing constant, A is the original
adjacency matrix and A.y; is the adjacency matrix
associated with the external graph. The combination of
these two graphs increases the overall connectivity of
the resulting graph and provides a more complete
representation of the data [29].

33 Optimization-Based Graph Learning
The optimization of a graph learning process seeks to
generate high quality representations of nodes with
minimal errors in classes while maintaining the
important structural properties of networks. The
overall form of the objective function can be formally
expressed as:

Ltotal = Lcls + )\Lreg + BLsparse (6)
Where L is the loss from a classification process,
Lyeg (denotes the loss from a regularity process) and
Lsparse represents the constraint of sparsity in the
structure of the resulting graph. The parameters A
and 3 control the effect of the regularization and
sparsity components respectively. The sparse form of
regularization can be defined as:

Lsparse = lAfinall1 (7

The approach to optimizing a graph learning method
would lead to the elimination of redundant
connections, the reduction of computational
complexity, and an increase in the scalability and
efficiency of the graph learning process.

34 Temporal Encoding

In order to more accurately represent the dynamic
characteristics of a large-scale network, temporal
encoding is incorporated so that the effect of time can
be captured when developing a model of how the
nodes have interacted over time:
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TE(At) = e YAt ®)
Where At indicates the time between interactions and
yis the temporal decay constant governing how
quickly information declines over time; thus, the
temporal node representation is found using:

H=H,_; X TE(At) ©)
Where H; being the current node embedding and H;_4
is the prior node embedding. Therefore, this
representation allows the model to keep hold of
historical data while weighting recent interactions
higher; thereby allowing the representation to better
capture developing network structures and temporal
dependencies.

3.5 Graph Representation Learning
Graph representation learning provides low-
dimensional embeddings of nodes while maintaining
structural and contextual relationships from the
graph/network. These embeddings are generated
through graph convolutional operations:

Hl+1 - O.(D—I/ZAfinalD—l/ZH(l)W(l) (10)
where H® is the node's embedding at layer I, W® is
the weight to be learned at layer [, and o is the
activation function. As a result of these operations, the
high-dimensional input data from neighbors and
others on the graph/network have been compressed
into more manageable sized representations for future
use.

3.6 Adaptive Message Aggregation

Adaptive message aggregation has been implemented
to adaptively aggregate information from adjacent
nodes to create a node's representation which contains
as much information about the original graph/network
as possible. The neighbourhood function which
performs the adaptive aggregation of messages is
defined mathematically as:

M, = ZueN(v) Ay Hy (11)
Where N (v) is the set of neighbouring nodes of node
v, we represent the embedding of a neighbouring node
uas H, and a,, is the adaptive attention weight [29].

3.7 Prediction Layer

. Node classification

In order to classify nodes, we can assign labels to
nodes based on their trained representation. The way
we compute the probability of assigning any label to
node v is with the SoftMax function:
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P(y | v) = Softmax W.Z, (12)

W, is the classification weight matrix, Z, is the final
node embedding (after passing through the activation
function o), and the full classification would be
calculated as follows:

Las = —Xy log (P(y)) (13)

To train the model, it would minimize classification
error and, thus, improve prediction accuracy using the
cross-entropy loss function:

. Link prediction

Link prediction is used to compute how likely it is that
two nodes are connected in a network. The prediction
of a score between nodes u and v can be given by the
equation:

Score(u,v) = o(Z1Z,) (14)
where Z,and Z, denote the representation (or
embedding) of nodes u and v, respectively, and o is
the sigmoid activation function.

3.8 Evaluation Metrics
~ TP+TN
Accuracy: Accuracy—irrwm+FP+FN (15)
Precision: Precision = —— (16)
TP+FP
Recall: Recall = —— (17)
TP+FN N
Fl-Score: F1-Score = 2X(PrecisionxRecall) (18)

Precision+Recall

AUC-ROC: AUC = [ TPR(FPR)A(FPR)  (19)
IV. RESULT AND ANALYSIS

The results of the proposed OEGL framework show an
increase in performance over large-scale dynamic
networks that have a sparse structure. The figures
below illustrate analyses, and results. Figure 2
illustrates the node classification accuracies for five
different graph learning model types. Of the baseline
techniques used, GCN has the highest accuracy at
82%, followed by GAT and 85% accuracy, TGN at
87%, and Graph Mixer at 89%. The OEGL proposed
algorithm achieved the highest classification accuracy
reported at 94% which was significantly higher than
any of the other algorithms. The OEGL provided a
12% improvement in accuracy compared to GCN,
with improvements of 9%, 7% and 5% compared to
GAT, TGN and Graph Mixer respectively.
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Node Classification Accuracy
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GCN GAT TGN GraphMixer OEGL
Figure 2: Comparison of node classification
accuracy.

Figure 3 presents different models of graph learning to
predict links are evaluated. The results indicate a
gradual progression from the least effective model
(GCN) to the one that is the most effective (Graph
Mixer). This indicates an increasing ability to predict
potential links in the network. The proposed OEGL
model produced the highest AUC value among all of
the models evaluated. Therefore, it is evident that this
model learns relationships between nodes extremely
well, while also being able to capture structural
behavior in large dynamic and sparse networks. The
improvements seen in performance further
demonstrate the advantages of combining knowledge
from external graphs with a learning algorithm based
on optimization methods.

Link Prediction AUC

0.8 1

0.6 1

AUC

0.4 1

0.2 1

0.0 -
GCN GAT TGN GraphMixer OEGL

Figure 3: Link prediction AUC comparison

Figure 4 depicts how network size and run-time relate
to one another in the proposed framework. Run-time
increases with increasing numbers of nodes, from 1
million to 5 million nodes. For smaller networks there
is a moderate increase in run-time, but for the larger
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networks there is a much larger increase in the amount
of time it takes to process them. Even though both run-
times keep increasing, both continue to be linear;
therefore, the framework would continue to handle

more data.
Scalability vs Network Size
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Figure 4: Scalability analysis with varying network
sizes

The Figure 5 displays the training loss convergence of
the proposed framework OEGL as it went through
multiple training epochs. There was a considerable
decline in the loss function during the first few epochs,
indicating rapid learning and effective optimization of
parameters. As training progressed, the rate of decline
was reduced, until the loss reached a near stable final
value. Thus, it can be inferred that the model learned
the underlying patterns of the entire network, and
achieved convergence, without excessive fluctuations.
The gradual decline of the loss function emphasises
the stability of the optimisation process, and
demonstrates that the proposed framework is capable
of providing reliable predictions while performing
effectively on dynamic and sparse network data on a
large-scale.

Training Loss Convergence

0.9
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0.1

2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0
Epoch

Figure 5: Training loss convergence of the OEGL
framework.
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Figure 6 shows the relationship between precision and
recall across different threshold values. As the
threshold was increased, precision improved steadily,
indicating that the model is becoming increasingly
selective in identifying (predicting) positive instances.
On the other hand, recall has decreased gradually,
indicating that fewer positive instances are being
correctly identified by the model. Both curves
displayed within this figure, where it intersects,
illustrate a balanced trade-off between precision and
recall. This behaviour demonstrates the effectiveness
of the proposed OEGL framework to reliably provide
predictions during the use of dynamic and sparse
network dataset on a large-scale.

Precision-Recall Trend

0.95 1
0.90
0.85 1
0.80 1
0.75 1

—— Precision

Recall
0.2 0.4 0.6 0.8 1.0

Figure 6: Precision and recall performance trend

Figure 7 shows how the number of dimensions affects
the ability of the OEGL framework to classify
correctly. As you increase the number of dimensions
of the embedding in your model, performance is
initially improved; so richer feature representations
provide a better way to represent the structural and
temporal patterns contained in the data. After reaching
some maximum value for the Fl-score at the
intermediate number of dimensions, there is a small
decrease in performance. This indicates that very large
dimensions of the embedding may add unnecessary
redundancy or do not provide enough additional
information to justify the increase in size of the
embedding.
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Embedding Dimension vs F1-Score

5’0 160 150 2(‘]0 25‘0
Embedding Dimension
Figure 7: Impact of embedding dimension on F1-

score.
V. CONCLUSION

The study describes a new approach to large amount
(millions) of real-world data using a process known as
Optimization-Based  External ~Graph Learning
(OEGL) Methodology which combines external graph
feature information with the original dataset to provide
an enhanced way of learning the structure of the
graphs within the original datasets. The results
indicate that the OEGL Method outperforms previous
graph  learning techniques such as Gated
Convolutional Networks (GCN), Graph Attention
Networks (GAT), Temporal Graph Networks (TGN),
and GraphMixers on Node Classification with an
overall average accuracy of approximately 94%, or
12% more (GCN), 9% more (GAT), 7% more (TGN),
and 5% more (GraphMixer). The OEGL Method
achieved the highest area under curve (AUC) link
prediction score of approximately 0.95, showing
excellent predictive performance. In terms of
scalability, the OEGL method appropriately handled
networks ranging from 1 million nodes to 5 million
nodes while showing an acceptable level of stability
through a consistent decrease in loss over time
indicating a stable pattern of learning. Ultimately,
these results reinforce the ability of OEGL to improve
accuracy, scalability and representation of data,
making OEGL an effective technique for evaluating
and analyzing dynamic and sparse networks.
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