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Abstract - Indeed, the energy consumption behind Machine Learning (ML) models and applications is 
surpassing at an astonishing rate as the demand for said Machine Learning (ML) models and applications 
increases exponentially. Such a growth is troubling, given the ecological costs of training large-scale 
models like GPT, BERT and ResNet. The goal of this paper is to describe a systematic methodology that we 
have developed to design energy-efficient ML pipelines, maximizing performance and minimizing energy 
consumption. In this paper, we introduce Green ML, which provides such a methodology. We discuss major 
principles of design, optimization, and those interventions that could be performed at the system level to 
enforce sustainability throughout the ML lifecycle, including data preprocessing and training, deployment, 
and inference. The paper involves energy-aware sampling of data and Quantization-Aware Training (QAT) 
data, Neural Architecture Search (NAS), and hardware information, as well as model pruning. We also 
examine the effect of different training frameworks and hardware accelerators on energy efficiency. We 
benchmark conventional and optimized pipelines, using a complete benchmarking suite regarding energy 
consumption, carbon footprint, and precision. We develop a modular framework that enables the creation 
of energy-efficient ML architectures and facilitates empirical studies, demonstrating that up to a 60% 
energy reduction can be achieved with a less than 5% decrease in model accuracy. A detailed overview of 
recent sustainable ML techniques, their comparative effectiveness, and recommendations for developing a 
green ML pipeline for the future are also included in the paper. What we do is a push towards introducing 
energy-efficient ideas at the industry level and assisting policymakers in developing green AI policies. 
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I. INTRODUCTION 
Machine learning (ML) has quickly become a foundational technology in many fields, including medicine, 

financial applications, robotic transportation, and language translation. Today, ML models have been integrated 
into modern infrastructures in a number of ways, most notably in the diagnosis of disease and in the operation of 
smart chatbots, through predicting how financial markets will perform in real-time. Nevertheless, as they have 
become more complex and large, namely, with the emergence of deep learning and transformer architectures 
and formats, the energy requirements of these models have skyrocketed. This development has given rise to 
significant environmental concerns. [1-3] As an example, training a single large transformer (like GPT or BERT 
variants) was claimed to produce more than 626,000 pounds of CO2 2 which is close to 5 times the amount 
emitted during the lifetime of an average car. These mind-blowing amounts testify to the price of state-of-the-art 
performance in the field of AI on the environment. The carbon footprint is also due to the long training times, but 
also due to the large requirements of computational resources, both the power-intensive GPUs themselves as 
well as the data centers they operate in, often over weeks or months. With the increasing global response to curb 
climate change, there has been a need to reimagine the design, training, and deployment of ML models. The 
increasing energy footprint of AI raises further questions regarding sustainability, prompting researchers and 
practitioners to consider ways in which performance can be balanced with existing environmental 
responsibility. 

 
A. Importance of Sustainable ML 

Sustainability in the development and implementation of machine learning is more dire than ever before, 
due to the increased popularity of the technology, as well as its heavy computational demands. Sustainable ML 
refers to the design and operation of machine learning systems to produce desired models and solutions at a 
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significantly lower energy cost and smaller carbon footprint, considering both performance and environmental 
impact. 

 Environmental Impact of AI: The eco-impact of training ML models is no longer insignificant. Data 
storage, learning, and deployment consume a significant amount of energy, accounting for a major 
chunk of carbon emissions. As AI technologies open their doors in all sectors of society, the aggregate 
effect of training thousands of models in various industries is a major sustainability issue. Minimizing 
the ML energy impact is needed to aid in achieving the global carbon neutrality status and preventing 
the overall effect of digital technologies on climate change. 

 Economic and Operational Efficiency: Energy-efficient ML is good business, besides being good to the 
planet. Decreased energy usage directly correlates with decreased operational expenses, particularly 
within cloud-based and high-volume ML training architecture. They can also be efficiently implemented 
on edge devices, which are also battery-powered and have limited computational resources. Here, 
sustainable ML practices can result in a more scalable and cost-effective AI solution. 

  Equitable Access and Inclusion: Sustainable ML democratizes the usage of AI by reducing its 
computational barrier of entry. Access to sophisticated AI is restricted to properly financed 
organizations and companies due to the energy and hardware requirements of AI. Sustainable methods 
enable the involvement of more researchers and developers in low-resource environments by reducing 
the demands on training and deploying models, thereby broadening innovation and representation. 

 Regulatory and Ethical Considerations: Because governments and regulatory agencies are beginning 
to understand the environmental impacts of technology, it is not unlikely that AI systems will also be 
regulated and will require reporting on their sustainability soon. Implementation of sustainable ML will 
make organizations ready for this future. Ethically, it is also the responsibility of developers to consider 
the long-term environmental impact of their systems; this is further reinforced by the request regarding 
the transparency and accountability of model development. 

 

 
Figure 1. Importance of Sustainable ML 

 
B.  The Energy Challenge in ML 

At this time, more than ever, machine learning models are becoming increasingly complex and popular, and 
the training and deployment of such systems are becoming energy-intensive at an exponential rate. This increase 
in computing demand poses a significant energy challenge that cannot be ignored. The drastic difference 
between carbon emissions emitted by various ML tasks, with an advanced model of a large-scale image classifier 
or language model generating a few times more emissions than a simpler model in convergence tasks like 
regression or a small-scale classification model. [4,5] The causes of these disparities are the number of 
parameters, the volume of training data sets, the duration of training cycles and the hardware beneath. 
Transformer-based models and deep neural networks necessitate heavy consumption of GPUs or TPUs in 
general, and distributed systems in large data centers in particular. Every single forward and backwards pass 
uses electricity, and when you multiply this over millions of passes and tests, the cost of environmental impact is 
high. Training such a state-of-the-art NLP model may consume hundreds of GPU hours, which equates to 
significant amounts of electricity that could be taken from resources that are often non-renewable.  

 
Once these models have been trained, they still need to continue consuming energy during inference in 

order to be deployed in large quantities (real-time recommendation engines, voice assistants, or autonomous 
systems). This increasing carbon footprint contradicts the traditional paradigm of accuracy at any cost that has 
been rampant in AI research. It requires a basic re-organization of our perspective on model design, selection 
and optimization. The developers can no longer simply concentrate on such performance-related metrics as 
accuracy and F1 score; they also have to think about energy consumption and sustainability. The way to achieve 
this is to incorporate energy-aware design principles, which include lightweight architectures, model 
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compression, and energy profiling, to create ML systems that perform well while incurring minimal 
environmental impact. The need to find solutions to the energy problem is becoming a necessity not only 
regarding the technical sustainability of ML significantly integrating into our daily lives but also regarding the 
ethical and ecological accountability of the AI community. 

 

II. LITERATURE SURVEY 
A. Energy Consumption in ML 

The amount of energy required by Machine Learning (ML), especially in the context of Natural Language 
Processing (NLP), has become an issue that has escalated in recent years. [6-9] The relevant study conducted by 
Strubell et al. further popularized this problem because it measurably calculated the carbon footprint of training 
large-scale models. They have discovered that training a single BERT model can produce as much carbon dioxide 
as a round-trip transcontinental flight. The fact that this discovery is about ML illustrates the necessity of more 
sustainable practices in the field, given that both model sizes and data requirements are increasing. The price in 
terms of environmental impact has stirred the desire to create options that will lead to energy-efficient 
performance, leading, at the same time, to no decrease in precision. 

 
B. Sustainable AI Techniques 

Several sustainable AI methods have been proposed to mitigate the environmental costs of ML. The idea 
behind these techniques is to reduce computational expenses, energy usage, and carbon footprint while 
maintaining model performance. 

 
a. Quantization 

Quantization is an instantiation that minimizes energy consumption, which is based on the lower accuracy of 
model weights. Rather than using 32-bit floating-point representations, the models are converted to lower-
precision formats, such as 8-bit integers. This reduces the usage of memory and speeds up the computation, 
offering up to 60 percent energy savings. Nonetheless, quantized models can be frequently, though not always, 
on the same level of accuracy as a full-precision model, which is why this is an efficient approach to distributing 
ML models to resource-limited hardware. 

 
b. Pruning 

Pruning reduces the model's efficiency by trimming redundant or non-contributing weights and neurons. 
The consequence of this is smaller models, which are less demanding in terms of training and usage. Showed that 
pruning may be used to cut model parameters by as much as 90 percent with little performance change. This 
method would not only speed up the calculations but also decrease the energy requirements, making it an 
efficient method for scaling ML solutions sustainably. 

 
c. Distillation 

Knowledge distillation entails teaching a smaller, more efficient model (the student) to replicate the 
behaviour of a larger, more complex model (the teacher). The student model trains to perfectly mimic the output 
of the teacher. As a result, it will be able to perform comparably with a smaller number of parameters and fewer 
computational processes. The method is particularly useful when large models cannot be used due to hardware 
or energy constraints. Distillation is halfway between very precise and economical in terms of resources. 

 
C. Tools for Measuring Energy 

To manage and minimise energy consumption in ML workflows, multiple tools and libraries have been 
developed. CodeCarbon is a Python environment that tracks carbon emissions when using models to train them, 
in conjunction with platforms such as OpenAI. EnergyVis offers more detailed energy profiling features, 
primarily intended as a research tool that allows software developers to capture energy usage patterns of 
various parts of ML pipelines. MLPerf, a standard benchmarking tool, has energy testing as part of the standard 
tool, which enables one to compare the energy efficiency of ML models in various systems. It is these tools that 
make assessments and facilitate the sustainable development of ML. 

 
D. Existing Green ML Frameworks 

A number of organizations have actively led structures and initiatives that hope to bring about green 
machine learning. As an example, Google TPUv4 was designed with energy efficiency in mind, offering greater 
performance per watt compared to previous hardware generations. Microsoft has developed the Green Software 
Foundation, which advocates for carbon-sensitive software development and promotes breakthroughs in 
computing-related practices that benefit the environment. IBM has announced an Energy-Aware Scheduling 
system that optimizes AI job execution on energy consumption so as to perform low-power consumption work 
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without the compromise of performance. Such approaches are the basis of developing an environmentally 
responsible AI. 

 
E. Gaps in Current Research 

Notwithstanding the surge in the number of individuals who have become aware, the discipline of 
sustainable ML still has a lot of holes. Absence of end-to-end pipelines that treat energy efficiency as an ML 
process at all stages of the ML lifecycle, including data preprocessing, model storage, and model serving, 
constitutes one of the key weaknesses. Additionally, reproducibility and comparison are not yet possible due to 
the limited availability of general-purpose and directly relevant benchmarks and datasets. The other gap is that 
there is no consistency in the measurement of the sustainability of ML models, and hence, it is not easy to 
determine and compare the energy efficiency of solutions. The following gaps are important in determining best 
practices in green AI research and development processes. 

 

III. METHODOLOGY 
A. Proposed Green ML Pipeline Architecture 

The proposed Green ML pipeline aims to incorporate energy efficiency into all parts of the machine learning 
pipeline. [10-13] the architecture takes sustainability into account so that it is a fundamental design thinking 
instead of just an afterthought of the development pipeline, such as the data collection, to the model deployment. 

 Data Collection: The initial phase is gathering raw data, applicable to the target task. It is attempted at 
this step to make the data representative and minimal and clean so that much redundant preprocessing 
and storage can be avoided. This will reduce the footprint of energy upfront and provides a base of 
efficient downstream processing. 

 Energy-Aware Sampling: The pipeline was used during this phase to apply intelligent energy-aware 
sampling strategies to ensure that only subsets of the entire data are chosen that are both most 
informative and highly related, and at the same time, there are very limited computational components 
involved. It minimizes the amount of data that will be consumed by the training without sacrificing the 
performance of the model, thus saving energy in the training. 

 Quantisation-Aware Training (QAT) / Pruning: This phase involves model optimization that includes 
QAT and pruning. In order to achieve a reduction in both the accuracy and precision, QAT mimics the 
quantization effects during training to preserve accuracy, but to lower precision to lower bit-widths, 
usually 8-bit. Pruning removes unnecessary weights and neurons, resulting in a simpler and more 
energy-efficient model. The techniques are complementary in reducing the size of models and inference 
power requirements. 

 Neural Architecture Search (NAS): Model architectures that are optimized for energy and 
performance can be discovered automatically with Neural Architecture Search (NAS). In contrast to 
classical trial-and-error design, NAS does not leave the design space around the model arbitrarily; 
instead, it learns how to search it, focusing on architectures that satisfy the performance bounds and 
keep the training and inference costs low. 

 Energy Measurement + Deployment: During the last phase, it is estimated how much energy and CO2 
a model trained with it consumes with the help of measuring tools such as CodeCarbon or MLPerf. This 
brings openness and responsibility. Depending on the energy measures, the model is accordingly 
implemented on the most appropriate platform (e.g., edge device or cloud) such that it has energy-
aware execution in the real-life scenario. 

 

 
Figure 2. Proposed Green ML Pipeline Architecture 
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B. Key Components 
The Green ML pipeline is a number of interconnected components, which collaboratively help decrease the 

energy demands of machine learning pipelines. All the parts are meant to address particular inefficiencies and 
keep the model accuracy and robustness either unchanged or improve it. 

 

 
Figure 3. Key Components 

 
 Energy-Aware Data Sampling: The energy-aware data sampling concentrates on choosing a subsample 

of a small size but with high representation of the initial data set. This technique will decrease the 
amount of training samples yet maintain the diversity and quality of the data, reducing the number of 
training iterations needed. This makes less work and less energy consumption, and all the above 
without compromising the effectiveness of the model to generalize well on unobserved data. 

 Quantization-Aware Training (QAT): Quantization-Aware Training trains the model so that it is ready 
to use quantized weights and activations in the course of training itself. In contrast to post-training 
quantization, QAT allows the model to be adapted to lower-precision modes (e.g. 8-bit integers) without 
accuracy loss. This enables better performance to be achieved when used in low-power devices, as the 
quantised models require significantly less memory and computation. 

 Model Pruning: Model pruning helps simplify the network by eliminating redundant and unnecessary 
parameters. This may either be performed by earmarked pruning (getting rid of complete neurons or 
filters) or unstructured pruning (discarding particular weights). Pruning minimizes the number of 
redundant components and consequently simplifies the model with a smaller amount of calculation and 
less energy to achieve a faster inference. 

 Hardware-Aware NAS: Hardware-Aware Neural Architecture Search (NAS) is the use of reinforcement 
learning and related methods to automatically search model architectures that are adapted to a given 
hardware setting. NAS takes into consideration various factors (latency, power usage, memory 
availability)an approach which finds the best architectures to use in low-energy devices (examples 
include Raspberry Pi or Nvidia Jetson). This guarantees the last model works effectively not only in 
theory, but in the real world with limited resources. 

 
C. Algorithmic Formulation 
When referencing green machine learning, it is important to realize the need to leverage and limit the use of 
energy in training models. [14-17] the overall energy that is consumed in the training process, as E total, can be 
written as the summation of energy consumed by one computational operation of the pipeline. In mathematical 
terms, we can put it this way: 

         ∑     

 

   

 

 
P raises the operation power consumption in this case, the time period during which that operation will stay 

in operation, and 𝑡. Each of these operations 𝑖may be a forward, back propagation, or gradient update, a data 
loading operation, or any other lengthy constituent of the training procedure. This expression reflects the rich 
interaction between efficient hardware (in terms of power) and efficient algorithmic (in terms of time), and both 
are important to evaluate the sustainability of the machine learning procedure. The optimization goal of a green 
ML pipeline does not necessarily aim at finding high model accuracy or low loss, but reducing    . This 
optimization in terms of energy has to be holistic, and it has to be on many levels, such as the data sampling level, 
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the architecture level of the models, the precision format, and the efficiency of the hardware. As an example, 
employing energy-aware data sampling will result in decreasing the quantities of information ingested into the 
track, thus decreasing the sum 𝑧 2 2 / 2. The same applies to methods such as quantization and pruning, which 
modify both 𝑃𝑖 and 𝑡𝑖 directly because they optimize the computing cost and the overhead required to perform 
computation.  

 
In addition, Hardware-Aware Neural Architecture Search (NAS) is incorporated to guarantee that the model 

architecture is also optimized to operate on low-power environments execution environments, and, by 
extension, further reduces 𝐸𝑜 Also, this formulation promotes the application of real-time energy profiling 
instruments to approximate or determine 𝑃𝑜 and 𝑡𝑜 of several components during training. Instruments such as 
CodeCarbon or Energy inform of energy-intensive phases of the pipeline and allow making a competent call to 
trade off performance and sustainability. In a multi-objective optimization context, one can design a weighted 
loss function that considers both model performance (e.g., accuracy or F1 score) and the energy intake, 
promoting the creation of efficient and powerful models. Finally, it serves as both a structure for forming 
sustainable AI systems and, as such, an energy-based formulation. In terms of energy optimization, as a primary 
optimization objective besides accuracy and speed, the proposed pipeline contributes to the needs of the world 
to make AI development environmentally efficient and responsible. 

 

IV. RESULTS AND DISCUSSION 
A. Experimental Setup 

A detailed experimental structure was chosen to conduct the rigorous evaluation of the proposed Green ML 
pipeline that encompasses the employment of various datasets, up-to-date DL frameworks, and diverse 
hardware systems. To address various machine learning tasks, two benchmark datasets were chosen: the CIFAR-
10 is a well-known image classification dataset consisting of 60,000 32x32 colour images divided into 10 classes, 
and the IMDB Reviews dataset, commonly used to assign a binary sentiment class to movie reviews. This choice 
ensures that the performance of a pipeline is tested in both the vision and Natural Language Processing (NLP) 
aspects. The PyTorch was used to develop models and train them as this flexible and widely adopted deep 
learning framework lets these methods be easily integrated, including optimization techniques, such as pruning 
and quantization-aware training. As a deployment tool, especially for running on low-power devices, 
TensorFlow Lite was used because it is efficient and well-suited for edge hardware. A set of tools was applied to 
optimize the models, i.e. to minimize their size and power consumption in addition to accuracy: Quantization-
Aware Training (QAT), structured and unstructured pruning and Hardware-Aware Neural Architecture Search 
(NAS).  

 
Training was completed using an Nvidia T4 GPU hosted on cloud computing, which was selected based on its 

energy-performance ratio, specifically its computing performance. The models were then tested on the Nvidia 
Jetson Nano, a low-power, small-form-factor edge device optimized to run AI workloads, to test the performance 
in limited environments in the real world. To separately assess the sustainability performance, the use of the 
open-source tool CodeCarbon (which can be used to monitor energy consumption and approximate carbon 
emissions) was incorporated as part of the training workflow. Graphical real-time information on energy 
consumption, in addition to CO2 equivalent emissions, was also available due to the regional energy profiles 
presented by CodeCarbon. This arrangement made it possible to perform an extensive comparison between the 
baseline and green models regarding the energy efficiency, carbon footprint, and operational performance, 
which eventually confirmed the practical usefulness of the proposed pipeline. 

 
B. Performance Measures 

When evaluating models in terms of their performance, three key metrics were considered: model accuracy, 
energy consumption, and model size. These measures offer insight into the predictive and environmental 
performance of the models. 

 
Table 1. Performance Measures 

Model Accuracy (%) Energy Consumption (%) Model Size (%) 

Baseline CNN 100% 100% 100% 

Green CNN 97.8% 48% 25% 
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Figure 4. Graph representing Performance Measures 

 
 Accuracy (%): Accuracy is the capacity of the model to successfully estimate the instances of data in the 

test set. Green CNN got 97.8 percent of the predicted accuracy of the base model, which shows that, 
compared to not applying aggressive optimizations such as pruning and quantization, the performance 
only declined by 2.2 percent. It is a small trade-off that can be admitted in most real-world deployments, 
where energy efficiency and feasibility of deployment are being favored as much as performance. 

 Energy Consumption (%): The primary metric that determines the environmental impact of machine 
learning models is energy consumption. It was quantified with the help of tools such as CodeCarbon, 
which approximates the overall energy consumed during training. The Green CNN used a reduced 
amount of energy compared to the baseline model of 48 percent, reflecting a reduction in energy 
demand by 52 percent. Such a large decrease shows the efficiency of energy-aware sampling, pruning, 
and lightweight architecture in decreasing the computational overhead. 

 Model Size (%): Model size is the size of the model (usually in megabytes (MB)) in memory overall due 
to the trained model. The Green CNN was a quarter of the volume of the basin CNN, which means a 75 
percent saving in space required. Not only does a smaller model load faster and is simpler to roll out, but 
it also uses less energy at inference time, which is highly relevant to low-power edge computers such as 
the Jetson Nano or Raspberry Pi. 

 
C. Carbon Footprint Reduction 

One of the main goals in the quest for environmentally friendly machine learning is to improve the model 
training and deployment carbon footprint. To measure this effect, we incorporated the CodeCarbon tool into the 
training process. CodeCarbon uses the total energy consumption, analyzes it and attributes it to the energy mix 
of the place where the calculation is made. These factors include the share of renewable energy resources, 
dependence on fossil fuels and grid efficiency. These parameters reflecting the location are used to offer 
CodeCarbon a realistic estimation of the CO 2 equivalent emissions (kg CO 2 -eq) within each course demanding 
process. The comparison of the experiment outcomes showed that carbon emissions were reduced significantly 
with the use of the Green ML pipeline. The training of the baseline CNN model showed the estimated carbon 
footprint at 1.2 kg CO2 per training cycle.  

 
On the contrary, the Green CNN model that restricted energy-efficient strategies like quantization-aware 

training, structured pruning, and energy-aware data sampling only consumed 0.48 kg CO2. It is a reduction in 
emissions by 60 percent and is done with relatively no significant trade-off to model accuracy. The magnitude of 
the improvement in the optimization techniques demonstrates the efficiency of the approach, not only related to 
minimization of the computer cost but also associated with a wider concept of environmental protection. This is 
a significant enhancement, particularly in cases where scaled models are used in production or in large-scale 
training programs, where redundant training is common. Moreover, when it comes to deploying these models to 
thousands of devices or data centres, the overall carbon savings may be resounding. The incorporation of tools 
such as CodeCarbon will also promote the principles of transparency and accountability in AI development 
through informed decision-making by researchers or practitioners using sustainability metrics. Altogether, the 
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green ML pipeline demonstrates that it is feasible and effective to create carbon-conscious machine learning, 
which can serve as an example of responsible AI in both science and industry practice. 

 
D. Deployment Results 

In order to assess the applicability of the Green ML pipeline in practice, the baseline and optimized Green 
CNN models were also implemented on the Nvidia Jetson Nano, a low-power and Raspberry Pi-sized edge 
computing board. It simulates a working environment where there is resource scarcity in terms of processing 
power, memory, and energy. The deployment outcomes focus not only on the performance of the model but also 
on the efficiency of its implementation, especially in mobile and embedded AI use cases. 

 
Table 2. Deployment Results 

Metric Improvement 

Inference Time (ms) 50% 

Memory Usage (MB) 70% 

 

 
Figure 5. Graph representing Deployment Results 

 
 Inference Time: The inference time refers to the duration required for the model to predict new data. 

The Green CNN was able to reduce inference time by 50% compared to the standard model. It is 
explained by the fact that the pruning and quantization enhance this improvement by decreasing the 
number of modeled computations and complexity. It is essential in real-time tasks, such as real-time 
image analysis or automatic speech recognition on a device, where its latency can have a direct impact 
on the experience or system responsiveness. 

 Memory Usage: The size of the memory used establishes the amount of RAM used to load and run the 
model in a device. A Greening of CNN significantly reduced memory consumption by 70 per cent; 
therefore, Green CNN is quite well-suited to run on devices with limited memory, such as the Jetson 
Nano. Such a radical performance increase can be attributed to dramatically reduced model size 
(assisted by weight pruning and quantized weights with lower bits). Effective memory management 
permits easier multitasking, reduced thermal power, and results in an opportunity to execute more 
models or applications simultaneously on a single device. 

 

V. Conclusion 
This paper introduces a consistent and modular approach to constructing energy-optimised Machine 

Learning (ML) pipelines that address the current environmental issues related to large-scale Artificial 
Intelligence (AI) systems. Our suggested Green ML pipeline makes sustainability the binding focus during each of 
the phases--data collection and energy-conscious sampling, energy-sustainable model compression methods 
such as Quantization-Aware Training (QAT), pruning, and hardware-informed Neural Architecture Search (NAS). 
Image and text experiments showed that large energy savings and carbon emissions can be attained with 
virtually no loss in accuracy. Importantly, the Green CNN consumed 50+ percent less energy, consumed 75+ 
percent less training models and emitted 60+ percent fewer carbon emissions (per training cycle) and still 
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outperformed the baseline (> 97 percent accuracy) on many problems. Such results highlight the feasibility and 
significance of implementing environmentally responsible design within the machine learning lifecycle, 
especially since AI systems are becoming broadly implemented at scale into cloud and edge infrastructures. 

 
In the future, there are a number of potential directions that will make the effects of sustainable AI even 

stronger and more applicable in the course of time. A large domain is the unification of energy efficiency 
standards. Although tools like CodeCarbon can provide an idea of energy consumption and emissions in ML 
production processes, there are no generally recognised benchmarking practices or reporting templates. The 
setting of common assessment procedures will enhance transparency, replicability and cross-comparisons of 
studies. Moreover, the suggested framework can be applied to federated and distributed learning environments, 
in which the consumption of energy at the decentralized nodes has to be optimized in coordination. This will be 
of special concern to the spheres of healthcare, finance, and IoT due to the combination of data privacy and 
energy requirements. Another interesting path is the cross-integration of carbon-aware cloud scheduling, in 
which training tasks are dynamically scheduled based on the green energy sources supplied at specific data 
centres. This would enable smart work and load sharing, allowing Artificial Intelligence (AI) computing and 
renewable energy production to adjust accordingly. 

 
The final step is to offer a call to action to AI practitioners, researchers, and industry stakeholders. The need 

for AI is growing increasingly, and its impact on the environment is also growing. The integration of 
sustainability as a key consideration in ML design must be foremost, and it cannot be an add-on. The community 
should adopt energy-friendly behaviours, support green AI principles, and contribute to open instruments and 
datasets on the topic of sustainability to collectively move toward responsible AI. Designing environmentally 
sustainable machine learning systems is no longer a choice, but will critically shape the future of ethical 
technology, technology at scale, and inclusive technology. 
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