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Abstract

The evolution of sixth-generation (6G) wireless communication systems
demands intelligent, adaptive, and highly efficient mechanisms for
traffic prediction and resource allocation. Artificial Intelligence (Al),
particularly deep learning models such as Graph Neural Networks
(GNNs) and Convolutional Neural Networks (CNNs), has emerged as a
promising solution for handling complex spatio-temporal dependencies
in network trafficc GNNs effectively model non-Euclidean data
structures inherent in communication networks, while attention
mechanisms enhance their ability to capture dynamic relationships
among nodes. Additionally, long-range CNN architectures facilitate the
extraction of hierarchical temporal features, improving prediction
accuracy over extended time horizons. Recent research highlights that
integrating optimized attention mechanisms within GNNs significantly
improves traffic prediction by adaptively weighting node relationships.
These models are further enhanced by hybrid frameworks combining
GNNs, CNNs, and recurrent architectures to address latency, scalability,
and real-time processing challenges in 6G networks. Accurate traffic
prediction plays a crucial role in enabling efficient resource allocation,
network slicing, and quality of service (QoS) management. Despite these
advancements, several challenges remain, including model complexity,
data heterogeneity, scalability, and energy efficiency. This paper
reviews recent Al techniques, identifies key research trends, and
discusses future directions for intelligent traffic prediction and resource
optimization in 6G wireless systems.

Introduction
The  rapid

advancement
communication technologies has led to the

architectures and the exponential growth of data
traffic pose significant challenges in terms of
efficient traffic prediction and resource

of wireless

emergence of sixth-generation (6G) networks,
which are expected to provide ultra-low latency,
massive connectivity, and intelligent automation.
These networks will support advanced
applications such as autonomous vehicles, smart
cities, augmented reality, and industrial IoT.
However, the increasing complexity of network
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allocation. Traffic prediction is a fundamental
component of intelligent network management
systems. Accurate prediction enables proactive
decision-making, improves network utilization,
and ensures quality of service (QoS). Traditional
statistical and machine learning methods have
limitations in capturing the complex spatial and
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temporal dependencies inherent in network
traffic data. Recently, deep learning techniques
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have demonstrated superior performance in
handling such complexities.
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Figure 1. Al-Based Traffic Prediction and Resource Allocation Framework for 6G Networks

Graph Neural Networks (GNNs) have emerged as
a powerful tool for modelling network traffic due
to their ability to represent communication
systems as graphs, where nodes correspond to
base stations or devices and edges represent
connectivity relationships. GNN-based models
effectively capture spatial dependencies and
have been widely adopted in traffic forecasting
tasks. In addition to GNNs, Convolutional Neural
Networks (CNNs) are widely used for extracting
hierarchical features from structured data. CNNs
can efficiently process temporal traffic patterns
and identify long-range dependencies when
combined with advanced architectures.

Recent advancements incorporate attention
mechanisms into GNNs and CNNs to enhance
model performance. Attention allows models to
dynamically focus on important nodes and time
steps, thereby improving prediction accuracy.
For instance, attention-based spatio-temporal
models have shown superior capability in
capturing dynamic correlations in traffic data.
Moreover, hybrid architectures combining GNNs,
CNNs, and recurrent neural networks (RNNSs)
have been proposed to address both spatial and
temporal complexities simultaneously. In the
context of 6G networks, these models are further
extended to incorporate network-specific
features such as bandwidth, channel quality, and
network slicing parameters.

The integration of Al techniques into 6G
networks is not only limited to traffic prediction
but also plays a crucial role in resource
allocation. Efficient allocation of spectrum,
bandwidth, and computing resources is essential
for meeting the stringent requirements of 6G
applications. Al-driven models enable dynamic
and adaptive resource management, leading to
improved network performance and reduced
latency. Despite these advancements, several
challenges remain. These include high
computational complexity, lack of standardized
datasets, scalability issues, and difficulties in
real-time deployment. Furthermore, ensuring
energy efficiency and model interpretability are
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critical concerns in large-scale 6G systems. This
paper aims to provide a comprehensive review of
Al techniques, particularly GNNs with optimized
attention and long-range CNN architectures, for
traffic prediction and resource allocation in 6G
wireless systems. It also highlights emerging
trends, challenges, and future research
directions.

Literature Review

Zhu et al. (2020) proposed the Attention
Temporal Graph Convolutional Network (A3T-
GCN) for traffic forecasting. The model integrates
graph convolution with temporal attention to
capture both spatial dependencies and long-term
temporal patterns. The attention mechanism
dynamically assigns importance to different time
steps, significantly improving prediction
accuracy in real-world traffic datasets. This work
demonstrated the effectiveness of combining
GNN with attention for complex traffic systems.
Ye et al. (2020) presented a comprehensive
survey on graph-based deep learning
architectures for traffic applications. The study
highlighted  that  traditional = CNN-based
approaches fail to capture graph structures
effectively, whereas GNNs provide superior
performance by modeling non-Euclidean data.
The authors emphasized the importance of
integrating spatial and temporal modeling
techniques to address traffic prediction
challenges. Jiang and Luo (2021) reviewed
various GNN-based traffic forecasting models
and concluded that graph convolutional and
graph  attention  networks outperform
conventional deep learning approaches. Their
study also identified key research gaps, including
scalability and dynamic graph modeling, which
are critical for future 6G networks.

Qi et al. (2022) introduced a Graph Attentive
Multi-path Convolutional Network (GAMCN),
combining GNN and multi-path CNN with
attention mechanisms. The model captures both
spatial relationships and temporal variations
using convolutional paths, leading to improved
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prediction accuracy and efficiency compared to
traditional models. Jin et al. (2023) proposed a
Dynamic Graph Attention Spatio-Temporal
Network (DGASTN) for network traffic
prediction. The model integrates spatial
attention and temporal attention mechanisms to
dynamically learn node relationships and
temporal dependencies. Experimental results
showed superior performance in long-term
prediction tasks, making it suitable for 5G and 6G
environments. Wu et al. (2020) introduced the
Spatio-Temporal Graph Convolutional Network
(STGCN), which integrates graph convolution
with temporal convolution for traffic forecasting.
The model eliminates the need for recurrent
structures by using fully convolutional layers,
significantly improving computational efficiency.
STGCN effectively captures spatial correlations
among nodes and temporal dynamics, making it
suitable for real-time traffic prediction in large-
scale networks. However, the model lacks
adaptive attention mechanisms, limiting its
ability to dynamically adjust to changing traffic
patterns.

Bai et al. (2021) proposed an Adaptive Graph
Convolutional Recurrent Network (AGCRN) that
learns dynamic node embeddings automatically.
The model adapts to varying traffic conditions by
learning hidden correlations between nodes
without requiring predefined graph structures.
This adaptability is particularly beneficial for 6G
environments, where network topology changes
frequently. The study highlighted improved
scalability and robustness compared to static
graph-based models. Li et al. (2021) developed a

Diffusion Convolutional Recurrent Neural
Network (DCRNN) for traffic forecasting. The
model captures bidirectional spatial

dependencies using diffusion convolution and
models temporal dynamics through recurrent
units. It demonstrated high accuracy in
predicting traffic flow over complex networks.
However, the reliance on recurrent structures
increases computational overhead, which may
limit its applicability in ultra-low latency 6G
systems.

Guo et al. (2021) proposed an Attention-Based
Spatial-Temporal Graph Convolutional Network
(ASTGCN). The model integrates both spatial and
temporal attention mechanisms, enabling it to
dynamically focus on important nodes and time
intervals. This approach significantly improves
prediction performance under varying traffic
conditions. The study emphasized the
importance of attention mechanisms in
enhancing GNN-based traffic models. Zhang et al.
(2022) introduced a Long-Range Temporal
Convolutional Network (LTCN) combined with
graph neural networks for traffic prediction. The
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model leverages dilated convolutions to capture
long-term temporal dependencies while using
GNNs to model spatial relationships. This hybrid
architecture improves prediction accuracy over
extended time horizons and reduces
computational complexity = compared to
recurrent models.

Chen et al. (2022) proposed a Spatio-Temporal
Graph Attention Network (STGAT) that
integrates graph attention mechanisms with
temporal convolutional layers. The model
dynamically assigns weights to neighboring
nodes, improving the representation of spatial
dependencies in traffic data. The inclusion of
temporal convolution enables efficient modeling
of time-series patterns without relying on
recurrent structures. Experimental results
demonstrated improved prediction accuracy and
reduced computational latency, making the
model suitable for real-time applications in 6G
systems. Yu et al. (2020) developed a Graph
WaveNet model that combines graph
convolution with dilated causal convolution to
capture long-range temporal dependencies. The
model introduces adaptive adjacency matrix
learning, allowing it to discover hidden
relationships between nodes. This approach
significantly enhances prediction accuracy and
flexibility, especially in dynamic network
environments such as 6G wireless systems.
Wang et al. (2021) introduced a hybrid deep
learning model combining CNN, LSTM, and GNN
for traffic prediction. The model leverages CNN
for feature extraction, LSTM for temporal
dependency modeling, and GNN for spatial
relationship learning. This multi-component
architecture improves prediction performance
but increases computational complexity, which
may limit scalability in large-scale 6G
deployments. Liu et al. (2022) proposed a Multi-
Head Attention Graph Neural Network
(MHAGNN) that enhances traffic prediction by
employing multiple attention heads to capture
diverse node interactions. The model improves
robustness and generalization by learning
different aspects of spatial relationships
simultaneously. It shows superior performance
in handling heterogeneous traffic data in smart
city environments.

Sun etal. (2023) developed a Hybrid Long-Range
CNN and Graph Neural Network model for traffic
prediction in next-generation networks. The
model uses dilated CNN layers to capture long-
term temporal dependencies and GNN to model
spatial correlations. The integration of attention
mechanisms further improves prediction
accuracy. The study highlights the importance of
combining CNN and GNN for efficient traffic
management in 6G systems. Zhao et al. (2021)
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proposed a Temporal Graph Attention Network
(TGAT) for dynamic traffic prediction. The model
incorporates time encoding techniques with
graph attention to capture evolving temporal
patterns in traffic networks. Unlike static graph
models, TGAT effectively models continuous-
time dynamics, making it highly suitable for real-
time traffic prediction in rapidly changing 6G
environments. However, the model requires high
computational resources due to its complex
attention mechanisms.

Lin et al. (2022) introduced a Spatial-Temporal
Fusion Graph Neural Network (STFGNN) that
integrates spatial and temporal features through
a fusion mechanism. The model constructs a
unified framework to simultaneously learn
spatial dependencies and temporal variations.
This approach improves prediction accuracy and
reduces error accumulation over long prediction
horizons. It is particularly effective in dense
network scenarios such as urban 6G
deployments. Huang et al. (2020) developed a
Dynamic Graph Convolutional Network (DGCN)
that adapts graph structures over time. The
model updates adjacency matrices dynamically
based on traffic conditions, enabling better
representation of changing network topologies.
This adaptability enhances prediction
performance in environments with fluctuating
traffic patterns, a key requirement for intelligent
6G systems.

Xu et al. (2022) proposed a Transformer-based
Graph Neural Network (TGNN) for traffic
prediction. By  integrating  transformer
architectures with GNNs, the model captures

long-range temporal dependencies more
effectively  than  traditional = RNN-based
approaches. The attention-based transformer
mechanism enables parallel computation,

reducing latency and improving scalability for
large-scale networks. Park et al. (2023)
introduced a Reinforcement Learning-based
GNN framework for joint traffic prediction and
resource allocation. The model leverages deep
reinforcement learning to optimize network
resource utilization based on predicted traffic
patterns. This approach enables adaptive and
intelligent decision-making, which is essential for
autonomous 6G network management.

Zhang et al. (2021) proposed a Multi-Scale Graph
Convolutional Network (MSGCN) for traffic
prediction. The model -captures spatial
dependencies at different scales by applying
graph convolution across multiple neighborhood
ranges. This multi-scale approach enhances the
ability to model both local and global traffic
patterns. The study demonstrated improved
accuracy in large-scale traffic networks, making
it suitable for complex 6G infrastructures. Li et al.
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(2022) introduced a Spatial-Temporal Graph
Transformer Network (STGTN) that combines
graph neural networks with transformer-based
attention mechanisms. The model effectively
captures long-range dependencies and dynamic
interactions among nodes. Its ability to process
data in parallel reduces latency, making it a

promising solution for real-time traffic
prediction in 6G systems.
Kim et al. (2023) developed a Deep

Reinforcement Learning-based Traffic Prediction
and Resource Allocation framework using GNNs.
The model integrates traffic forecasting with
decision-making processes, enabling adaptive
allocation of network resources. The approach
significantly improves network efficiency and
reduces congestion in dynamic environments.
Gao et al. (2020) proposed a Hierarchical Graph
Neural Network (HGNN) for traffic prediction.
The model organizes nodes into hierarchical
structures, allowing it to capture both micro-
level and macro-level traffic patterns. This
hierarchical representation enhances prediction
accuracy and scalability, particularly in large
urban networks.

Tang et al. (2022) introduced a Dual Attention-
Based Graph Neural Network (DAGNN) that
incorporates both spatial and temporal attention
mechanisms. The model dynamically adjusts the
importance of nodes and time steps, improving
prediction accuracy under varying traffic
conditions. The dual attention framework
enhances the model’s ability to handle complex
and dynamic network scenarios. He et al. (2021)
proposed a Spatio-Temporal Residual Graph
Neural Network (STRGNN) that integrates
residual connections into GNN architectures to
address vanishing gradient problems. The model
improves deep feature extraction and enhances
prediction accuracy in long-term traffic
forecasting tasks.

Deng et al. (2022) introduced a Knowledge-
Driven Graph Neural Network (KD-GNN) that
incorporates domain knowledge into graph
learning. By embedding prior traffic patterns, the
model improves interpretability and prediction
robustness in complex network environments.
Zhou et al. (2023) proposed a Federated Graph
Neural Network (FedGNN) for distributed traffic
prediction. The model enables collaborative
learning across multiple edge devices without

sharing raw  data, ensuring privacy
preservation—an essential requirement in 6G
systems.

Yang et al. (2022) developed an Edge-Intelligent
GNN framework combined with long-range CNN
for ultra-low latency traffic prediction. The
model performs computation at the network
edge, reducing delay and improving
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responsiveness for real-time applications. Kumar
et al. (2023) proposed an Optimized Attention-
Based Hybrid GNN-CNN model for joint traffic

networks. The model uses optimized attention
mechanisms to enhance feature selection and
improve overall network efficiency.

prediction and resource allocation in 6G
Comparative Table

No | Author Model Technique Used Key Contribution Limitation
(Year)

1 Zhu A3T-GCN GNN + Attention Temporal attention | High complexity
(2020) improves accuracy

2 Ye (2020) | Survey GNN Highlights GNN | No

advantages implementation

3 Jiang Review GNN Identifies research gaps Limited
(2021) experiments

4 | Qi(2022) | GAMCN GNN + CNN Multi-path learning Complex design

5 Jin (2023) | DGASTN GNN + Attention Dynamic relationships Training cost

6 Wu STGCN GNN + CNN Fast computation No attention
(2020)

7 Bai AGCRN Adaptive GNN Dynamic embedding Training
(2021) complexity

8 Li (2021) | DCRNN GNN + RNN High accuracy Slow training

9 Guo ASTGCN GNN + Attention Dual attention Overfitting risk
(2021)

10 | Zhang LTCN CNN + GNN Long-range dependency | Data dependency
(2022)

11 | Chen STGAT GNN + Attention Efficient modeling Complexity
(2022)

12 | Yu (2020) | Graph GNN + CNN Adaptive adjacency Memory usage

WaveNet

13 | Wang Hybrid CNN+LSTM+GNN High performance High cost
(2021)

14 | Liu MHAGNN Multi-head attention | Robustlearning Heavy model
(2022)

15 | Sun Hybrid CNN- | CNN+GNN Long-term prediction Complexity
(2023) GNN

16 | Zhao TGAT Temporal GNN Continuous modeling Resource heavy
(2021)

17 | Lin STFGNN Fusion GNN Integrated learning Scalability
(2022)

18 | Huang DGCN Dynamic GNN Adaptive topology Complex training
(2020)

19 | Xu (2022) | TGNN GNN+Transformer Parallel processing Data requirement

20 | Park RL-GNN RL+GNN Resource optimization Training difficulty
(2023)

21 | Zhang MSGCN Multi-scale GNN Multi-scale features High cost
(2021)

22 | Li(2022) | STGTN Transformer+GNN Long-range capture Complexity

23 | Kim DRL-GNN RL+GNN Adaptive allocation Convergence
(2023) issues

24 | Gao HGNN Hierarchical GNN Multi-level learning Structure design
(2020)

25 | Tang DAGNN Dual attention Dynamic learning Overhead
(2022)

26 | He (2021) | STRGNN Residual GNN Deep learning stability Model depth

27 | Deng KD-GNN Knowledge GNN Interpretability Data dependency
(2022)

28 | Zhou FedGNN Federated GNN Privacy preservation Communication
(2023) cost
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29 | Yang Edge-GNN Edge + CNN Low latency Limited resources
(2022)

30 | Kumar Hybrid GNN+CNN+Attention | Optimized performance | Complexity
(2023)

Comparative Analysis
The comparative evaluation of 30 studies reveals
that hybrid Al models integrating GNN, CNN,

attention, and reinforcement learning
outperform traditional models in traffic
prediction and resource allocation tasks.

Attention-based GNN models (e.g, ASTGCN,
STGAT, DGASTN) consistently show improved
accuracy by dynamically weighting node
relationships.  Similarly, transformer-based
models enhance long-range dependency
learning, which is crucial for 6G networks. CNN-
based architectures, particularly long-range
CNNs, improve temporal feature extraction
without relying on recurrent networks, thus
reducing latency. Reinforcement learning
approaches further extend these models by
enabling intelligent decision-making for resource
allocation. However, most advanced models
suffer from high computational complexity,
scalability issues, and energy inefficiency, which

remain critical challenges for real-world
deployment in 6G systems.

Discussion

The integration of artificial intelligence

techniques, particularly Graph Neural Networks
and long-range CNN architectures, has
significantly advanced traffic prediction and
resource allocation in 6G wireless systems. The
reviewed studies highlight the importance of
modelling both  spatial and temporal
dependencies to achieve high prediction
accuracy. Attention mechanisms have emerged
as a key component, enabling models to
dynamically focus on relevant nodes and time
steps, thereby improving performance under
dynamic network conditions.

Hybrid models combining GNN, CNN, and
transformer architectures demonstrate superior
capability in handling complex traffic patterns
and large-scale data. These models also facilitate
real-time decision-making, which is essential for
6G applications such as autonomous systems and

smart cities. Furthermore, reinforcement
learning-based approaches enable adaptive
resource  allocation, enhancing network

efficiency and reducing congestion.

Despite these advancements, several challenges
remain. High computational complexity and
energy consumption limit the deployment of
deep learning models in resource-constrained
environments. Additionally, data heterogeneity
and lack of standardized datasets hinder model
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generalization. Privacy concerns also arise in
distributed learning scenarios, although
federated learning approaches offer promising
solutions. Future research should focus on
lightweight model design, energy-efficient
algorithms, and scalable architectures to enable
practical implementation in next-generation
wireless networks.

Conclusion

The emergence of sixth-generation (6G) wireless
systems has created significant challenges in
traffic prediction and intelligent resource
allocation due to massive connectivity and
rapidly increasing data traffic. Artificial
intelligence techniques, particularly Graph
Neural Networks (GNNs) and Convolutional
Neural Networks (CNNs), have shown strong
potential in addressing these issues by capturing
complex spatial and temporal dependencies in
network data. This review highlights recent
advancements in Al-driven traffic prediction

models  integrating optimized attention
mechanisms and long-range CNN architectures.
GNNs  effectively model communication

networks as graph structures, while CNNs and
transformer-based models improve temporal
feature extraction and prediction accuracy.
Hybrid architectures combining multiple Al
techniques demonstrate superior performance
in network optimization, latency reduction, and
Quality of Service enhancement. Attention
mechanisms further improve adaptive learning
and intelligent resource allocation. Despite these
advancements, challenges such as computational
complexity, scalability, energy consumption,
privacy concerns, and lack of standardized
datasets remain significant barriers to practical
deployment. Future research should focus on
lightweight, secure, and energy-efficient Al
frameworks integrated with edge computing,
federated learning, and explainable Al for
intelligent 6G wireless networks.
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