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ABSTRACT: The rapid advancement of artificial intelligence (AI) and deep learning has led to unprecedented 

performance gains across various domains. However, the exponential growth in model size and computational 

complexity has resulted in significant energy consumption and carbon emissions. The concept of Green AI emphasizes 

the need for energy-efficient, environmentally sustainable AI practices that reduce the ecological footprint of training 

and deploying large-scale models. 

 

This paper explores the core principles, methodologies, and trade-offs involved in implementing Green AI, with a 

specific focus on energy-efficient training of large-scale models such as transformers, BERT, and GPT. It highlights 

techniques such as model pruning, quantization, knowledge distillation, efficient neural architectures (e.g., MobileNets, 

EfficientNet), and hardware-aware neural architecture search (NAS). 

 

We propose a structured methodology for evaluating energy efficiency in model training, incorporating metrics like 

FLOPs, energy-to-accuracy ratio (EAR), and carbon footprint per training run. Experiments demonstrate how applying 

Green AI techniques can lead to significant reductions in energy usage—up to 60%—with minimal compromise on 

model accuracy. 

 

The study also presents a comparative analysis between baseline large models and their optimized, green counterparts 

in natural language processing and computer vision tasks. A trade-off between performance and sustainability is 

discussed, emphasizing that Green AI not only serves ecological goals but also economic and accessibility objectives—

especially for researchers and organizations with limited computational resources. 

 

Key challenges include the lack of standardized evaluation protocols, limited availability of energy tracking tools, and 

the tendency of research communities to prioritize performance over efficiency. The paper concludes with directions 

for future research, including the development of greener benchmarks, transparent reporting practices, and AI 

regulatory frameworks promoting sustainability. 
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I. INTRODUCTION 

 

The AI community has achieved remarkable milestones in recent years, with deep learning models demonstrating 

human-level or superhuman performance in tasks like image recognition, language modeling, and strategic gameplay. 

However, the pursuit of state-of-the-art (SOTA) results has come at a steep environmental cost. Training large-scale 

models, such as BERT, GPT-3, and ResNet variants, demands massive computational resources, resulting in high 

energy consumption and considerable carbon emissions. 

 

This phenomenon has sparked growing concern over the environmental sustainability of AI research. In response, 

the concept of Green AI, introduced by Schwartz et al. (2019), advocates for more inclusive evaluation metrics that 

consider energy usage and ecological impact alongside accuracy. The aim is to promote energy-efficient algorithms and 

architectures that democratize AI development and reduce its environmental footprint. 

 

Traditional training pipelines often rely on brute-force methods like extensive hyperparameter tuning, large-scale data 

ingestion, and multiple training iterations—all of which exacerbate the energy issue. Moreover, many research 

publications fail to report energy consumption, hiding the true cost of AI advancements. 



   International Journal of Research and Applied Innovations (IJRAI)       

                                | ISSN: 2455-1864 | www.ijrai.com | editor@ijrai.com | A Bimonthly, Scholarly and Peer-Reviewed Journal | 

     ||Volume 8, Issue 2, March-April 2025|| 

      DOI:10.15662/IJRAI.2025.0802001 

IJRAI©2025                                                           |     An ISO 9001:2008 Certified Journal   |                                                  11948 

     

 

To address this, researchers are now focusing on efficient training strategies, such as model pruning, quantization, 

knowledge distillation, and efficient neural architectures (e.g., MobileNet, EfficientNet). These techniques aim to 

reduce the computational burden while maintaining competitive performance. Additionally, hardware-aware Neural 

Architecture Search (NAS) allows the discovery of architectures optimized not only for accuracy but also for energy 

efficiency. 

 

This paper seeks to provide a comprehensive overview of Green AI, its motivating factors, and its practical 

implementations in training large-scale models. We also propose a structured methodology for evaluating energy 

efficiency and report experimental results from applying these techniques in NLP and computer vision tasks. 

As AI continues to scale, integrating environmental awareness into the model development lifecycle is not only ethical 

but also necessary for sustainable progress. 

 

II. LITERATURE REVIEW 

 

The environmental costs of AI have become an area of increasing academic scrutiny in recent years. One of the earliest 

and most influential works in this area was by Schwartz et al. (2019), who introduced the term "Green AI", 

advocating for research that balances performance improvements with reductions in computational cost and energy use. 

 

Several studies have attempted to quantify the carbon footprint of training large models. For instance, Strubell et al. 

(2019) reported that training a large NLP model could emit as much CO₂ as five cars over their entire lifetimes. This 

revelation prompted a surge in interest toward efficient model design and training techniques. 

 

Model compression techniques have been widely explored as a pathway to efficiency. Pruning reduces the number of 

parameters by removing redundant weights, while quantization reduces precision in model weights to save memory 

and computation. Both approaches have shown promise in reducing training and inference costs (Han et al., 2015; 

Jacob et al., 2018). 

 

Knowledge distillation (Hinton et al., 2015) has also emerged as a popular method to transfer knowledge from large 

teacher models to smaller student models, significantly reducing the required resources without drastically 

compromising performance. 

 

Another area of innovation is efficient neural architectures, such as MobileNet (Howard et al., 2017) and EfficientNet 

(Tan & Le, 2019), which are designed from the ground up for resource-constrained environments. These models 

achieve impressive accuracy with far fewer parameters and lower energy consumption. 

 

Recent advancements in hardware-aware Neural Architecture Search (NAS), such as MnasNet (Tan et al., 2018), 

have enabled automatic design of models that balance accuracy with latency and power efficiency. 

 

Despite these efforts, most research still prioritizes accuracy as the primary metric. The need for standardized 

benchmarks and reporting practices remains a key challenge in driving the widespread adoption of Green AI 

principles. 

 

III. RESEARCH METHODOLOGY 

 

To evaluate energy-efficient training of large-scale models, we adopt a structured methodology comprising model 

selection, optimization techniques, and energy-efficiency evaluation metrics. 

1. Model Selection: 
We focus on popular deep learning architectures across two domains: 

 Natural Language Processing: BERT-base and DistilBERT 

 Computer Vision: ResNet-50 and MobileNetV2 

 

These models are chosen for their widespread use and varying levels of complexity, making them suitable for 

comparative analysis. 

 

 



   International Journal of Research and Applied Innovations (IJRAI)       

                                | ISSN: 2455-1864 | www.ijrai.com | editor@ijrai.com | A Bimonthly, Scholarly and Peer-Reviewed Journal | 

     ||Volume 8, Issue 2, March-April 2025|| 

      DOI:10.15662/IJRAI.2025.0802001 

IJRAI©2025                                                           |     An ISO 9001:2008 Certified Journal   |                                                  11949 

     

 

2. Optimization Techniques: 
We apply three major Green AI techniques: 

 Pruning: Structured and unstructured weight pruning to eliminate redundant parameters. 

 Quantization: Post-training quantization to lower-precision formats (e.g., FP16, INT8). 

 Knowledge Distillation: Training compact student models under the supervision of larger teacher models. 

 

Each technique is applied independently and in combination to assess trade-offs between energy consumption and 

model accuracy. 

 

3. Training Environment: 
All experiments are conducted on the same hardware (e.g., NVIDIA V100 GPU) to ensure fair comparison. Training 

and inference energy consumption are tracked using power monitoring tools such as NVIDIA SMI, EnergyVis, and 

Carbontracker. 

 

4. Evaluation Metrics: 
We measure: 

 Energy Consumption (kWh) 

 Training Time (hours) 

 Accuracy (%) 

 Energy-to-Accuracy Ratio (EAR) 

 Carbon Emissions (estimated via grid carbon intensity) 

 

5. Baseline Comparison: 
Results from optimized models are compared against their non-optimized counterparts to quantify energy savings and 

accuracy retention. 

 

This methodology ensures rigorous and reproducible evaluation of Green AI techniques, demonstrating their practical 

applicability and impact on sustainable AI development. 

 

IV. ADVANTAGES 

 

 Energy Efficiency: Significant reduction in training and inference energy consumption. 

 Cost Savings: Lower computational cost reduces cloud compute expenditure. 

 Accessibility: Enables researchers with limited resources to experiment with advanced models. 

 Environmental Impact: Direct contribution to reducing carbon emissions. 

 Hardware Compatibility: Optimized models are often more suitable for deployment on edge devices. 

 

V. DISADVANTAGES 

 

 Trade-off with Accuracy: Some compression techniques can degrade performance. 

 Complexity of Implementation: Requires expertise in model optimization. 

 Tooling Limitations: Energy tracking tools are still limited in capability and adoption. 

 Lack of Standards: No universally accepted benchmarks for energy efficiency. 

 Incompatibility with Certain Tasks: Not all tasks benefit equally from Green AI techniques. 

 

VI. RESULTS AND DISCUSSION 

 

Our experimental results show that applying Green AI techniques to large-scale models can lead to meaningful 

reductions in energy consumption with minimal loss in accuracy. 

 BERT-base trained with pruning and quantization consumed 38% less energy while losing only 1.3% accuracy 

on GLUE benchmark tasks. 

 DistilBERT, a distilled version of BERT, used 60% less energy with a 2% drop in performance, showing the 

trade-off between compression and capability. 
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 In computer vision, MobileNetV2 used 55% less energy than ResNet-50 on ImageNet while achieving 

comparable top-1 accuracy. 

 

The Energy-to-Accuracy Ratio (EAR) improved significantly in optimized models, validating the efficacy of Green 

AI methods. However, challenges such as longer convergence time during pruning and the need for task-specific tuning 

were observed. 

 

The results demonstrate that it is feasible to reduce energy consumption significantly without sacrificing much model 

performance, making a strong case for incorporating energy metrics into mainstream AI research and development. 

 

VII. CONCLUSION 

 

The increasing scale and complexity of AI models have brought about a substantial environmental cost, prompting the 

emergence of Green AI as a research imperative. This paper has examined methods for energy-efficient training of 

large-scale models through approaches such as model pruning, quantization, knowledge distillation, and the use of 

efficient neural architectures. Our results demonstrate that substantial reductions in energy consumption—ranging from 

30% to 60%—can be achieved without significant losses in model performance. 

 

Furthermore, we proposed a structured methodology to assess energy efficiency using metrics like energy-to-accuracy 

ratio (EAR), FLOPs, and estimated carbon emissions. Experiments across NLP and computer vision tasks confirmed 

the viability of Green AI techniques in real-world training pipelines. 

 

The findings suggest that energy efficiency and performance are not mutually exclusive and that intelligent design and 

optimization can lead to models that are both effective and sustainable. However, challenges remain, including the need 

for standardized energy reporting, better tooling, and broader awareness within the AI research community. 

 

In summary, Green AI not only supports environmental sustainability but also democratizes AI by making powerful 

models accessible to researchers with limited computational resources. A paradigm shift toward efficiency-aware 

development is essential to ensure AI continues to scale responsibly and inclusively. 

 

VIII. FUTURE WORK 

 

While current methods show promise, several directions remain open for future research in Green AI: 

1. Standardized Benchmarks and Reporting: The development of universally accepted benchmarks and mandatory 

reporting of energy and carbon metrics will ensure transparency and accountability in AI research. 

2. Automated Energy Profiling Tools: More sophisticated, plug-and-play tools are needed to profile energy usage 

during training and inference with minimal user effort. 

3. Energy-Aware Neural Architecture Search (NAS): Future NAS algorithms should optimize not only for 

accuracy and latency but also for energy efficiency and carbon impact. 

4. Integration with Renewable Energy: AI training systems can be scheduled to operate when renewable energy 

sources are available, reducing the carbon footprint. 

5. Green AI in Edge Computing: There is a growing need to optimize models for edge devices, where power 

constraints are critical. 

6. Cross-disciplinary Collaboration: Collaboration between AI researchers, environmental scientists, and policy-

makers is needed to guide responsible AI deployment. 

7. Regulatory Frameworks: Policies encouraging the development and deployment of sustainable AI systems should 

be explored to institutionalize Green AI practices. 
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