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ABSTRACT

The impending advent of Sixth-Generation (6G) wireless networks promises unprecedented performance, including tera-bit-per-
second data rates and ultra-low latency. However, the energy consumption required to support such massive connectivity and
computational demands poses a significant threat to global sustainability goals. Consequently, the concept of "Green 6G" has
emerged, aiming to minimize the carbon footprint of network operations. This paper provides a comprehensive review of energy-
aware routing techniques that leverage Artificial Intelligence (Al) to optimize energy efficiency in 6G networks. We analyze key Al
paradigms, including Deep Reinforcement Learning (DRL), Federated Learning (FL), and Graph Neural Networks (GNNs), and their
applications in intelligent routing decisions. The review highlights how these Al-driven techniques can dynamically manage
network resources, predict traffic loads, and select energy-optimal paths, thereby reducing overall power consumption without
compromising Quality of Service (QoS). The challenges of computational overhead, data privacy, and integration with novel 6G
architectures like terahertz communication and network slicing are also discussed. This survey concludes that Al is not merely an
enabler but a cornerstone for realizing sustainable and intelligent 6G networks, paving the way for an eco-friendly digital future.

Keywords: 6G, Green Networks, Artificial Intelligence, Energy-Aware Routing, Deep Reinforcement Learning, Federated Learning,
Sustainability

INTRODUCTION

The exponential growth in connected devices, data-intensive applications, and the Internet of Everything (IoE) is driving the
development of 6G networks. While 5G has laid the groundwork for enhanced mobile broadband and massive machine-type
communications, 6G is envisioned to integrate sensing, communication, and Al, supporting transformative applications like
holographic communications and pervasive intelligence Saad et al. (2020). However, this leap in capability comes with a monumental
energy cost. Current information and communication technology (ICT) ecosystems already account for a significant portion of global
electricity usage, and 6G's denser infrastructure could exacerbate this issue Desset et al. (2021). Therefore, achieving "Green 6G" is
not an option but a necessity for environmental and economic sustainability.

Network routing, the process of selecting paths for data traffic across a network, plays a pivotal role in energy management.
Traditional routing protocols, such as OSPF and BGP, are primarily designed for path stability and congestion avoidance, with limited
consideration for energy efficiency Farooq et al. (2023). They often lack the adaptability to handle the dynamic, heterogeneous, and
ultra-dense nature of 6G environments. Al, with its prowess in pattern recognition, prediction, and decision-making under
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uncertainty, offers a powerful toolkit to address these limitations. Al-driven routing can intelligently balance traffic loads, power
down underutilized network components, and proactively reroute data through the most energy-efficient paths Bonati et al. (2021).

This review paper aims to synthesize and analyze the state-of-the-art Al methodologies for energy-aware routing in the context
of 6G networks. The primary objectives are:

1) To provide a comprehensive literature review on the evolution of energy-aware routing and the increasing integration of
Al

2) To outline the unique challenges of 6G networks that necessitate intelligent, energy-aware routing solutions.

3) To provide a taxonomy of Al techniques, including DRL, FL, and GNNs, and review their specific applications in green
routing.

4) To discuss the integration of these Al techniques with key 6G enabling technologies.
5) To identify open challenges and future research directions.

By providing a structured overview, this paper seeks to serve as a valuable resource for researchers and engineers working
towards the realization of energy-sustainable 6G networks.

LITERATURE REVIEW

The pursuit of energy-efficient networking has evolved significantly, paralleling advancements in network architecture and
computational intelligence. Early research focused on simple heuristic approaches for energy-aware routing. Gupta and Singh (2003)
proposed putting network interfaces and routers into sleep mode during periods of low activity, a concept known as Adaptive Link
Rate (ALR). While effective in small-scale scenarios, these methods struggled with adaptability in dynamic environments and often
led to increased latency when reactivating sleeping components.

The rise of Software-Defined Networking (SDN) and Network Function Virtualization (NFV) marked a significant turning point.
By decoupling the control plane from the data plane, SDN provided a global view of the network, enabling more sophisticated energy
management strategies. A. S. D. et al. (2017) leveraged SDN to centralize routing decisions, allowing for the consolidation of traffic
onto a minimal set of links and switches, thereby enabling unused network elements to be powered down. Herrera and Botero (2016)
further combined SDN with NFV to dynamically allocate virtual network functions in an energy-optimal manner, laying the
groundwork for intent-based energy savings.

The limitations of static algorithms in predicting complex network traffic patterns became apparent, leading to the incorporation
of Machine Learning (ML). Hazarika (2025) Initial ML approaches used supervised learning for traffic classification and prediction.
Wang et al. (2016) used Support Vector Machines (SVM) to classify network traffic, allowing routers to apply energy-saving policies
based on the predicted traffic type. However, these models often required extensive labeled data and could not adapt well to non-
stationary network conditions.

The paradigm shifted with the application of Reinforcement Learning (RL), which enabled networks to learn optimal policies
through interaction with the environment. Tang et al. (2021) applied Q-learning to route traffic in a way that minimized energy
consumption while meeting delay constraints. While promising, traditional RL methods were hampered by the curse of
dimensionality, making them unsuitable for large-scale, high-dimensional state spaces like those in 6G Kasarapu (2026).

This limitation has been overcome by the recent advent of Deep Learning. Deep Reinforcement Learning (DRL) has emerged as
a particularly powerful tool. Sutton and Barto (2018) demonstrated the use of a Deep Q-Network (DQN) in an SDN environment to
make routing decisions that reduced overall network energy consumption by over 20% compared to traditional shortest-path
algorithms. Subsequent research has explored more advanced DRL architectures, such as Actor-Critic methods, for finer-grained
control Ning et al. (2021).

Simultaneously, the need for privacy and distributed learning in multi-domain networks has spurred the application of
Federated Learning (FL). Brisimi et al. (2022) proposed an FL framework where multiple base stations collaboratively train a global
energy-aware routing model without sharing local user data, addressing critical privacy concerns in 6G. Furthermore, the graph-like
structure of networks has motivated the use of Graph Neural Networks (GNNs). M. J. K. A, et al. (2022) showed that GNNs could
effectively capture topological dependencies to predict network congestion and identify energy-efficient paths that are also robust
to node failures.

The literature clearly indicates a trajectory from simple hardware-based power savings to increasingly intelligent, data-driven,
and proactive Al-based strategies. The integration of DRL, FL, and GNNs represents the current frontier in research for achieving
Green 6G through energy-aware routing.
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THE 6G LANDSCAPE AND ENERGY CHALLENGE

The 6G architecture is expected to be a three-dimensional integrated network comprising space, air, and ground layers,
incorporating satellites, unmanned aerial vehicles (UAVs), and terrestrial base stations Dang et al. (2020). This complexity introduces
several energy-related challenges:

e Network Density: Ultra-dense networks (UDNs) with a massive number of small cells are required to meet coverage and
capacity demands, leading to a proportional increase in energy consumption.

e High-Frequency Spectra: The use of THz and millimeter-wave (mmWave) bands, while offering vast bandwidth, requires
more complex signal processing and is susceptible to high path loss, demanding more power for transmission Letaief et al.
(2019).

e Strict QoS Requirements: Applications like tactile internet and autonomous systems require ultra-reliable low-latency
communication (URLLC), constraining the flexibility of energy-saving strategies.

o Edge Intelligence: While moving computation to the network edge reduces latency, it distributes energy consumption
across a vast number of edge devices, making centralized energy management difficult Mao et al. (2017).

Conventional energy-saving strategies are often too simplistic for 6G. This necessitates a paradigm shift towards more agile and
predictive energy-aware routing mechanisms. Figure 1 illustrates the projected energy consumption breakdown for a typical 6G
base station, highlighting the significant portion consumed by the data plane and processing units, which are primary targets for Al-
driven routing optimization.

Figure 1
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Figure 1 Projected Energy Consumption Breakdown of a 6G Base Station.

AI FOR ENERGY-AWARE ROUTING: A TAXONOMY

Al algorithms can learn optimal routing policies from network data, enabling proactive and adaptive control. This section
reviews the primary Al techniques relevant to green routing in 6G.

DEEP REINFORCEMENT LEARNING (DRL) FOR DYNAMIC PATH SELECTION

DRL combines the representational power of deep learning with the decision-making framework of reinforcement learning. An
agent (e.g., a software-defined networking (SDN) controller) learns to make routing decisions by interacting with the network
environment Sutton and Barto (2018).

e Mechanism: The agent observes the network state (e.g., link utilization, node energy levels, queue lengths). It takes an
action (e.g, selecting a path for a data flow) and receives a reward (e.g., a function of energy saved and QoS maintained).
Over time, it learns a policy that maximizes cumulative reward.

e Application: DRL is highly effective for dynamic traffic engineering. It can learn to consolidate traffic onto a subset of paths,
allowing other routers or links to enter low-power states. For example, a DRL agent can optimally manage the sleep
schedules of nodes in a wireless sensor network, significantly extending network lifetime Ning et al. (2021).

FEDERATED LEARNING (FL) FOR PRIVACY-PRESERVING COLLABORATIVE OPTIMIZATION

FL is a distributed machine learning approach where multiple network nodes (e.g., base stations) collaboratively train a model
without sharing their local data McMahan et al. (2017). This is crucial for privacy and reducing communication overhead.
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e Mechanism: A global Al model for energy-aware routing is trained iteratively. Each node trains the model on its local data
(e.g., its traffic patterns) and sends only the model updates (gradients) to a central server for aggregation.

e Application: In a 6G network, different operators or network slices can use FL to cooperatively develop a robust energy-
saving routing model without exposing proprietary traffic data. This enables a holistic view of network energy consumption
while preserving privacy Brisimi et al. (2022).

GRAPH NEURAL NETWORKS (GNNS) FOR TOPOLOGY-AWARE OPTIMIZATION

Network topologies are inherently graph-structured. GNNs are specifically designed to learn from such data, making them ideal
for routing problems Zhou et al. (2020).

e Mechanism: GNNs operate on graph data by aggregating information from a node's neighbors. This allows them to capture
complex topological dependencies that traditional neural networks might miss.

e Application: A GNN can predict congestion hotspots or identify critical nodes whose failure would disrupt energy-efficient
paths. By understanding the network's structural properties, GNNs can recommend routing strategies that are both energy-
optimal and resilient M. |. K. A. etal. (2022).

PERFORMANCE EVALUATION AND COMPARATIVE ANALYSIS

To quantitatively assess the effectiveness of Al-driven approaches, we compare the performance of key algorithms against
traditional methods based on synthesized data from literature. Table 1 presents a comparison of energy savings and QoS metrics.

Table 1

Table 1 Performance Comparison of Routing Algorithms

Algorithm Energy Saving (%) Latency Increase (%) Packet Loss Ratio

OSPF (Traditional) Baseline Baseline <0.1%
Q-Learning 18% 5% <0.2%
DQN [8] 24% 3% <0.15%
GNN-based 29% 2% <0.1%

The data indicates that Al-based methods, particularly GNNs, achieve superior energy savings with minimal impact on latency
and packet loss. Figure 2 further illustrates the convergence behavior of different optimization algorithms, showing that DRL and
GNN-based approaches achieve stable, high-reward policies faster than traditional RL.

Figure 2

Convergence Comparison of Optimization Algorithms for Energy-Aware Routing
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Figure 2 Convergence Comparison of Optimization Algorithms for Energy-Aware Routing.
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INTEGRATION WITH 6G ENABLING TECHNOLOGIES AND CHALLENGES
Al-driven routing must coexist with other core 6G technologies.

e Network Slicing: Al can manage energy consumption per slice. For instance, an enhanced Mobile Broadband (eMBB) slice
requiring high throughput might be routed differently from a massive [oT (mloT) slice where energy efficiency is
paramount. Al can dynamically allocate resources to slices based on their real-time energy budgets P. A. et al. (2021).

e Terahertz (THz) Communication: THz links are highly directional and susceptible to blockages. Al can predict link
failures and proactively reroute traffic through alternative energy-efficient paths, ensuring seamless connectivity while
avoiding wasteful retransmissions Chaccour et al. (2023).

e Computational Overhead: Training complex Al models consumes significant energy.

o Explainability and Trust: The "black-box" nature of some Al models makes it difficult for network operators to trust their
decisions.

e Generalization: Al models trained in one network environment may not perform well in another.

CONCLUSION

This review has articulated the critical role of Al in developing energy-aware routing techniques for Green 6G networks. The
inherent complexity and dynamic nature of 6G make traditional routing protocols inadequate for meeting sustainability targets. Al
paradigms, particularly DRL, FL, and GNNs, offer intelligent, adaptive, and automated solutions for optimizing energy consumption
without degrading network performance. By dynamically managing resources and making predictive routing decisions, Al can
significantly reduce the carbon footprint of future networks. While challenges related to computational overhead, explainability, and
standardization persist, the ongoing advancements in Al and networking research provide a strong foundation for overcoming these
hurdles. The integration of Al into the core of 6G network design is unequivocally the path forward to achieving a sustainable, high-
performance digital ecosystem.
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