
 

 
 

Copyright © IJCESEN 

 

International Journal of Computational and Experimental 

Science and ENgineering 

(IJCESEN) 
 

Vol. 11-No.4 (2025) pp. 4588-4595 
http://www.ijcesen.com 

ISSN: 2149-9144 

 Research Article  
 

 

Energy-Aware Training and Deployment of Large-Scale Machine Learning 

Models: A Review of Distributed Graph Data Science and Multi-Objective 

Resource Optimization 
 

Abhirami S1*, V.Anuratha2, M.Elamparithi3 

 
1Research Scholar, Department of Computer Science, Kamalam College of Arts and Science, Udumalpet, Affiliated to 

Bharathiar University, Coimbatore 
* Corresponding Author Email: abhiramisidharth09@gmail.com- ORCID: 0000-0002-5667-7850 

 

2Associate Professor, Department of Computer Science, Kamalam College of Arts and Science, Udumalpet, Affiliated to 

Bharathiar University, Coimbatore 

Email: profanuratha@gmail.com- ORCID: 0000-0002-5247-3350   
 

3Associate Professor, Department of Computer Science, Kamalam College of Arts and Science, Udumalpet, Affiliated to 

Bharathiar University, Coimbatore 

Email: profelamparithi@gmail.com - ORCID: 0000-0002-5247-1150   

 
Article Info: 

 
DOI: 10.22399/ijcesen.5204 

Received : 25 Octoer 2025 

Revised : 25 December 2025 

Accepted : 27 December 2025 

 

Keywords 

 
Machine learning 

Energy-Aware Training 

Resource Optimization 

Abstract:  
 

The exponential growth of large-scale Machine Learning (ML) models, particularly 

Transformers and Graph Neural Networks (GNNs), has catalyzed advancements across 

various domains, yet it imposes a substantial environmental and computational cost. 

This review paper investigates energy-aware strategies for the training and deployment 

phases of large-scale ML systems through the lens of Graph Data Science and 

Distributed Computing. By synthesizing recent literature on GNNs, Deep 

Reinforcement Learning (DRL), and bio-inspired optimization techniques, this study 

explores novel methods to minimize resource usage. We analyze frameworks that 

optimize computation graphs, implement dynamic cache scheduling, and employ game-

theoretic Nash equilibrium for task offloading in edge-cloud environments. The paper 

identifies critical research gaps in dynamic graph partitioning and energy profiling, 

proposing a multi-objective framework that balances accuracy, latency, and energy 

efficiency. Finally, we recommend a two-phase research trajectory to advance 

sustainable "Green AI," paving the way for scalable, environmentally responsible 

artificial intelligence. 

 

1. Introduction 
 

The advent of the "Big Data" era has been 

accompanied by a corresponding explosion in the 

size, complexity, and computational demands of 

Machine Learning (ML) models. From Natural 

Language Processing (NLP) transformers with 

hundreds of billions of parameters to massive 

Graph Neural Networks (GNNs) modelling 

biochemical and social networks, the capacity of AI 

has skyrocketed. However, this progress is 

underpinned by a hidden crisis: the exponential 

increase in energy consumption and carbon 

footprint [1]. A single training run of a large 

language model can emit over 626,000 pounds of 

CO2, equivalent to the lifetime emissions of five 

standard cars [2]. This phenomenon, termed "Red 

AI," defines the current paradigm where state-of-

the-art accuracy is bought through brute-force 

computational power. In stark contrast, "Green AI" 

is an emerging research field that seeks to decouple 

AI performance from energy consumption by 

treating "Efficiency" as a primary evaluation metric 

alongside accuracy [3].The figure 1 illustrates the 

conceptual line graph comparing "Red AI" which 

shows exponential growth in energy consumption 

to achieve accuracy, versus "Green AI" which 

shows a balanced, energy-aware trajectory where 

accuracy is maintained while energy consumption 

plateaus through graph optimization. 

As AI leaves the data center and enters the 

pervasive environment of the Internet of Things 

(IoT) and 6G networks, the energy crisis becomes a 
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bottleneck for deployment [4]. Edge devices—such 

as autonomous vehicles, smart city sensors, and 

mobile phones—are battery-constrained. They 

cannot run massive models locally. This limitation 

necessitates "Distributed Training" and "Task 

Offloading," where computation is divided among 

multiple devices or sent to the cloud. However, this 

introduces a new energy drain: Communication 

Overhead. The energy required to transmit data 

across a network often exceeds the energy required 

to compute it. This is particularly acute in Graph 

Neural Networks. GNNs aggregate information 

from neighboring nodes. In a distributed graph (like 

a billion-user social network spread across many 

servers), fetching data from "remote" neighbors 

creates massive bandwidth bottlenecks and energy 

spikes. As highlighted in recent studies, 

communication overhead can consume 50% to 90% 

of training time in distributed GNN settings [5]. 

To address these interconnected challenges, this 

research proposes a fundamental shift in how we 

view AI architecture. Instead of treating 

infrastructure (hardware) and ML models 

(software) as separate entities, we utilize Graph 

Databases and Graph Theory to unify them. By 

modeling both the computational network and the 

data dependencies as graphs, we can apply 

advanced graph algorithms to optimize the system. 

Specifically, this review investigates energy-aware 

strategies across two distinct phases of the ML 

lifecycle: 

1. The Training Phase: We examine how 

frameworks like RapidGNN [6] use 

deterministic sampling and graph caching 

to minimize the communication energy 

wasted when different GPUs talk to each 

other. We also explore Graph Partitioning 

[7], where large datasets are strategically 

cut into subgraphs to balance the load and 

minimize inter-server communication. 

2. The Deployment Phase: Once trained, 

how do we run these models efficiently? 

We review hybrid frameworks that 

combine GNNs with Deep Reinforcement 

Learning (DRL) [8] and Game Theory 

(Nash Equilibrium) [9]. These systems treat 

resource allocation as a multi-agent game, 

deciding in real-time whether a specific 

computation should be executed on a low-

power edge device or sent to a high-power 

cloud server to minimize overall system 

energy. 

Furthermore, this paper acknowledges that 

optimization is not limited to neural networks. Bio-

inspired meta-heuristic algorithms, such as the Grey 

Wolf Optimizer (GWO) [10], offer lightweight 

alternatives for path planning and routing in edge 

networks. Coupled with data cleaning techniques 

that utilize discrete optimization [11], we can 

ensure that computational cycles are not wasted on 

noisy, redundant data. By synthesizing these core 

base papers, this review establishes a foundation for 

a multi-objective optimization framework that 

paves the way for sustainable, energy-efficient, and 

highly scalable Artificial Intelligence. 

 

2. Related works along with literature survey 

 

The pursuit of energy efficiency in machine 

learning has bifurcated into two main streams: 

algorithmic optimization and system-level resource 

management. Early work in algorithmic 

optimization focused on model compression 

techniques, such as quantization and pruning, to 

reduce the memory footprint of neural networks 

[12]. However, as models scaled to graph datasets 

with billions of edges, system-level communication 

became the primary energy sink. 

In Graph Data Science, traditional sampling 

methods like GraphSAGE [13] alleviate 

computational loads but suffer from redundant data 

fetching in distributed settings. To address this, 

Niam et al. [6] introduced RapidGNN, a 

deterministic sampling framework that builds a 

steady cache for highly accessed "hub" nodes, 

significantly reducing CPU and GPU energy 

consumption by 44% and 32%, respectively. 

Parallel to this, Long [7] tackled the scalability of 

combinatorial optimization by combining the 

Louvain graph partitioning algorithm with 

distributed GNN training, allowing ultra-large 

graphs to be processed in parallel without 

exceeding single-node memory. 

The Figure 2: Taxonomy of Energy-Aware 

Distributed GNN Training Strategies describes a 

hierarchical tree diagram categorizing the current 

research methods. The root "Distributed GNN 

Training" branches into "Algorithmic 

Optimizations" (Sampling/Partitioning) and 

"System-Level Optimizations" (Caching/Pipeline). 

Terminal nodes highlight specific methods like 

Louvain Partitioning and RapidGNN Caching.) 

In the deployment phase, Cloud and Edge resource 

management has transitioned from static heuristics 

to predictive AI-driven frameworks. Kumar et al. 

[14] modeled cloud infrastructure as a spatio-

temporal graph, using GNNs to proactively allocate 

resources based on predicted workloads. Huang [8] 

extended this to vehicular networks, utilizing a 

hybrid GNN-DRL approach. Advancing to 6G 

networks, Al-Qudah et al. [9] identified that multi-

agent DRL fails in highly competitive 

environments. They proposed a Heterogeneous 

Graph Transformer integrated with Nash 
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Equilibrium to coordinate task offloading among 

competing agents. 

Data integrity also plays a crucial role in energy 

awareness. Training on incomplete data wastes 

energy. Smith and Climer [11] applied discrete 

optimization to maximize data retention during 

cleaning. Additionally, for mobile robotic agents, 

Chen et al. [10] improved the bio-inspired Grey 

Wolf Optimization (GWO) algorithm using 

reinforcement learning for energy-efficient path 

planning. 

 

3. Methods incorporated 

 

The reviewed literature employs a sophisticated 

convergence of Graph Data Science, Reinforcement 

Learning, and Heuristic Optimization to achieve 

energy efficiency. 

 

3.1 Graph Neural Networks (GNNs) and 

Transformers for System Modeling 
 

Traditional resource allocation methods rely on 

time-series forecasting (e.g., ARIMA) to predict 

server loads. However, cloud-edge infrastructures 

are inherently relational. To capture this, recent 

methods employ GNNs to model the physical 

infrastructure as a topological graph [8][14]. 

Hardware devices are nodes, and bandwidth 

connections are edges. Spatio-temporal GNNs 

propagate feature vectors across this graph, 

predicting energy spikes. Furthermore, Al-Qudah et 

al. [9] advance this by integrating Heterogeneous 

Graph Transformers. Unlike standard GNNs, 

Transformers use "Attention Mechanisms" to 

dynamically weigh the importance of different 

edges, allowing the model to focus on critical 

bottlenecks in 6G networks. 

 

3.2 Distributed Graph Partitioning and 

Deterministic Sampling 
 

Handling ultra-large-scale graphs requires 

sophisticated division mechanisms [17]. Paper [7] 

utilizes the Louvain algorithm, a well-known 

heuristic in graph theory, for structural partitioning. 

By maximizing the "modularity" of the graph, the 

algorithm divides the data such that nodes within a 

cluster are densely connected, while connections 

between different clusters are minimized. 

Complementing this, Niam et al. [6] introduce 

Deterministic Sampling. Instead of randomly 

fetching neighbor data for GNN aggregation—

which causes unpredictable network traffic—this 

method pre-calculates the necessary "remote" nodes 

and loads them into a two-level cache system, 

reducing remote feature fetches by up to 15.39x. 

3.3 Deep Reinforcement Learning (DRL) and 

Game Theory Control 
Once the graph infrastructure is modeled, dynamic 

control is required to make offloading decisions. 

Deep Q-Networks (DQN) and Proximal Policy 

Optimization (PPO) are widely used [8][18]. The 

DRL agent observes the "state" of the system 

(battery levels, network latency) and takes an 

"action" (execute locally, offload to edge/cloud). 

The reward balances latency with minimal energy. 

In highly competitive environments, [9] 

incorporates Nash Equilibrium from non-

cooperative Game Theory [19]. It ensures that the 

resource allocation reaches a stable state where no 

single device can improve its energy efficiency by 

unilaterally changing its strategy. 

 

3.4 Discrete Optimization and Bio-Inspired 

Heuristics 
 

Smith & Climer [11] apply Integer Linear 

Programming (ILP) to the problem of missing 

data. Instead of arbitrarily deleting rows with 

missing values, their algorithm mathematically 

maximizes data retention. For dynamic deployment, 

Chen et al. [10] utilize the Multi-Strategy 

Improved Grey Wolf Optimization (MSIAR-

GWO) algorithm. Mimicking the social hierarchy 

of wolves [20], this algorithm performs global 

searches for the most energy-efficient routing paths, 

modified with RL to avoid local optima. 

The Figure 3: Architecture of the Multi-Objective 

Edge-Cloud Offloading Framework point up a  

technical block diagram showing component 

interaction. Graph A (ML Task Flow) and Graph B 

(Physical Infrastructure) feed into a GNN Predictor. 

This data passes to a DRL Agent which calculates 

the Nash Equilibrium to make the final energy-

efficient task placement decision.) 

 

4: Discussion 

Advantages & problems 
 

The integration of GNNs into resource allocation 

offers a significant advantage: topology 

awareness. Unlike traditional forecasting, GNN-

based methods [14] understand that server loads are 

spatially correlated. Distributed training 

frameworks like RapidGNN [6] provide the 

advantage of scalability, allowing massive datasets 

to be trained on commodity hardware by optimizing 

memory access. 

However, problems persist. Complexity is a major 

issue; implementing a distributed GNN training 

pipeline requires intricate synchronization between 

workers. Furthermore, "Graph Partitioning" [7] is 

an NP-hard problem; heuristics like Louvain are 
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fast but may cut critical edges, resulting in 

information loss and reduced model accuracy. 

 

Challenges 
A primary challenge is Heterogeneity. In 6G and 

IoT networks [9], devices have vastly different 

compute capabilities and energy constraints. 

Designing a single "Energy-Aware" framework that 

works for a high-power GPU server and a low-

power edge sensor is difficult. 

Data Dependency is another challenge. 

Techniques like those in [6] rely on "static" graphs 

where the structure is known. In dynamic networks 

(e.g., vehicular networks [8]), the graph topology 

changes millisecond-to-millisecond. Re-training or 

re-partitioning the graph in real-time incurs a high 

computational penalty, potentially negating the 

energy savings. 

 

Limitations 
Current approaches often suffer from Simulation-

to-Reality gaps. Many of the reviewed papers 

[8][10] validate their energy savings in simulated 

environments (MATLAB/Python). Real-world 

hardware exhibits non-linear energy behaviors 

(leakage current, cooling overhead) that idealized 

models miss. 

Additionally, Over-Smoothing in GNNs remains a 

limitation [21]. As GNNs go deeper to capture 

long-range dependencies in large networks, node 

representations tend to become indistinguishable, 

degrading performance. This limits the depth of 

reasoning possible in complex resource allocation 

graphs. 

 

Research gap and future directions 
There is a clear gap in Unified Holistic Energy 

Profiling. While papers address energy in specific 

niches (training [6], offloading [8]), there is no 

holistic framework that tracks energy from "Data 

Collection" to "Deployment." 

A significant future direction is Dynamic Graph 

Partitioning for Green AI. Existing partitioning 

[7] is static. Future work should develop "Learning-

to-Partition" algorithms that dynamically adjust 

graph cuts based on real-time network bandwidth 

and energy availability. 

Another gap is the integration of Knowledge 

Graphs (KGs). Current methods use structural 

graphs; augmenting these with semantic KGs could 

allow the system to "reason" about compatibility 

and security constraints. 

 

Recommendations 
Based on the synthesized literature, to effectively 

proceed with the proposed Ph.D. research titled 

"Energy-Aware Training and Deployment of Large-

Scale Machine Learning Models," a Two-Phase 

Research Trajectory is recommended: 

Research Phase 1: Energy-Efficient Dynamic 

Graph Partitioning (Training Focus) 
The research should extend the concept of 

RapidGNN [6] and distributed partitioning [7]. The 

goal is to develop an AI-driven Energy Profiling 

Tool and a dynamic Graph Database partitioner 

using RL. The agent will dynamically move graph 

nodes between workers during training to balance 

load and minimize communication energy.  

The Figure 4: Workflow of the Proposed Two-

Phase Ph.D. Research Trajectory points the  

flowchart illustrating the transition of the PhD 

project. It starts with Phase 1 (Dynamic Graph 

Partitioning to optimize training energy) and 

outputs a trained model. This model moves into 

Phase 2 (Game-Theoretic Edge-Cloud Allocation), 

which dynamically deploys the model to the 

physical world while minimizing carbon footprint.) 

Research Phase 2: Green-MEC Game-Theoretic 

Resource Allocation (Deployment Focus) 
Building on Huang [8] and Al-Qudah [9], the 

research focus the development of  the "Multi-

Objective Framework" for deployment. This phase 

will model the edge-cloud infrastructure as a 

Resource Graph. A Nash-regularized DRL agent 

will make real-time offloading decisions for 

deployed ML models, balancing latency, accuracy, 

and carbon footprint metrics across heterogeneous 

hardware. 
 

Table 1: Literature Survey of Recent Articles 

Authors and 

Year 

Focus Area / 

Methodology 

Key Findings / Contribution 

Niam et al. 

(2025) [6] 

Distributed GNN Training / 

Caching 

RapidGNN reduces remote feature fetches by up to 15.39x; 

improves energy efficiency by 44% in large-scale graph training. 

Long (2025) [7] Combinatorial 

Optimization / GNN + RL 

Integrates Louvain partitioning with distributed GNNs to solve 

Maximum Independent Set on million-node graphs. 

Kumar et al. 

(2025) [14] 

Cloud Resource Allocation 

/ GNN 

Models cloud infrastructure as graphs; proactive scaling reduces 

operational costs and SLA violations. 

Huang (2025) [8] Vehicular Task Offloading 

/ GNN + DRL 

Captures inter-task dependencies using Graph-to-Sequence models; 

minimizes expected system energy in Edge computing. 

Al-Qudah et al. 

(2026) [9] 

6G Edge Computing / 

Graph Transformers 

Uses Nash Equilibrium to coordinate 1000+ agents; reduces latency 

by 23.4% and improves energy efficiency by 31.7%. 
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Chen et al. (2025) 
[10] 

Mobile Path Planning / 

MSIAR-GWO 

Combines Reinforcement Learning with Grey Wolf Optimization 

for adaptive, energy-efficient robotic routing. 

Smith & Climer 

(2024) [11] 

Data Cleaning / Discrete 

Optimization 

Formulates data deletion as an Integer Linear Program, maximizing 

valid element retention for downstream ML. 

Ganesan et al. 

(2024) [15] 

Hierarchical Edge-Fog-

Cloud / RL 

Optimizes task offloading in 6G architectures, demonstrating sub-

10ms latency capabilities. 

Shao et al. (2024) 
[5] 

Distributed GNN Survey Identifies communication overhead as taking 50-90% of total 

training time, highlighting the need for efficient graph databases. 

Ma et al. (2024) 
[16] 

Scalable RL Network 

Control 

Achieves large-scale network control using distributed 

reinforcement learning with minimal communication overhead. 

 

 
Figure 1: Evolution of Machine Learning: Transitioning from Red AI to Green AI. 
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5. Conclusions 

 
The exponential growth of large-scale machine 

learning models has precipitated a critical need for 

sustainable, energy-efficient AI systems. This 

review paper has systematically analyzed the 

intersection of Graph Data Science, Distributed 

Computing, and Advanced Optimization to address 

the dual challenges of performance and 

environmental responsibility. By synthesizing 

recent core base papers, we have established that 

the transition from accuracy-centric "Red AI" to 

efficiency-centric "Green AI" requires a multi-

layered approach. 

During the training phase, the communication 

bottleneck in distributed Graph Neural Networks 

can be effectively mitigated through deterministic 

sampling, advanced graph partitioning algorithms, 

and intelligent two-level caching systems. Methods 

such as RapidGNN demonstrate that significant 

energy reductions—up to 44% in CPU and 32% in 

GPU usage—are achievable without sacrificing 

model accuracy [6]. 

In the deployment phase, the Edge-Cloud 

continuum presents a highly dynamic environment. 

The reviewed literature confirms that hybrid 

frameworks combining GNNs for topology 

modeling with Deep Reinforcement Learning for 

decision-making offer superior task offloading 

performance [8]. Furthermore, the integration of 

Game Theory, specifically Nash Equilibrium, is 

essential for coordinating resource allocation 

among thousands of competing agents in emerging 

6G networks [9]. 

The proposed Ph.D. research on "Energy-Aware 

Training and Deployment of Large-Scale Machine 

Learning Models" is both timely and essential. By 

implementing the recommended two-phase 

research trajectory—focusing on dynamic graph 

partitioning for training and game-theoretic 

resource allocation for deployment—this research 

will directly contribute to the realization of Green 

AI, paving the way for cost-effective, scalable, and 

environmentally responsible artificial intelligence. 
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