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ABSTRACT: The consideration of environmental impact and energy efficiency when developing artificial intelligence (AI) and 
machine learning (ML) models has received some traction recently as ML models get bigger. It has been shown to increase the 
energy efficiency of models without significantly affecting accuracy. We reviewed five recent studies that focus on investigating 
and refining the energy efficiency of ML systems through numerous models and methods with either software or hardware 
variations. The first article proposed using the total number of Floating-Point of Operations (FPO) to better measure efficiency 
without depending on hardware, location, and AI approaches used in the model. The second article evaluated and compared two 
deep learning frameworks, Pytorch and Tensorflow, and how each has its strengths and weaknesses regarding its efficiency in 
the training phase versus the inference phase. The third article analyzed energy-efficient architectures for ML, which includes 
utilizing more approximation to increase efficiency while having a minimal effect on accuracy significantly. The fourth article 
focused on holistic architecture solutions for creating efficient run times and energy consumption of neural networks. The last 
article developed a Java tool to help with increasing energy efficiency on edges with minimal decrease in accuracy. Lastly, we 
touched on foundation models and their energy efficiency considerations. 
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� Introduction
Artificial Intelligence (AI), especially Machine Learning 

(ML), has significantly increased in the last five years with the 
introduction of several common applications with widespread 
use by the general public. With the recent growth, research has 
been primarily focused on the capabilities and accuracy perfor-
mance of ML while neglecting its green aspects, such as energy 
consumption and its efficiency, and increased environmental 
impact.¹ As an example, for the increased environmental impact 
of machine learning, an ordinary car produces about 126,000 
pounds of carbon dioxide over the course of its lifespan, and a 
common GPU training neural network model produces about 
625,000 pounds of carbon dioxide.²

The popularity of Leaderboards³,⁴ can be seen as evidence of 
the strong focus on capabilities and accuracy performance us-
ing AI while omitting any mention of cost or efficiency. Even 
though there are obvious advantages to increasing model accu-
racy, concentrating solely on this statistic ignores the effects on 
the economy, environment, and society.

Furthermore, an important class of machine learning ap-
plications is mainly defined as “edge computing” devices - in 
autonomous cars, at the mobile edge, etc., where overall power 
consumption and energy efficiency are of prime importance 
due to dependence on rechargeable battery technology. There-
fore, system designs must support accelerated computation 
with improved energy efficiency and minimal compromise on 
computational accuracy or hardware costs. Currently, only 10% 
of the enterprise data is processed at the edge, and it is expected 
that it will rise to 75% by 2025.⁵

Internet of Things (IoT) devices are expected to generate 
over ten quintillions of data daily by 2025, with Connected 
and Autonomous Vehicles (CAVs) generating 8TB of data 
per hour.⁶ Edge computing is expected to handle these con-
straints by handling data locally,⁷ but energy-efficient software 
is crucial for avoiding hardware overheating.⁸ Achieving ener-
gy efficiency will increase the usage time of the battery. Edge 
devices like mobile phones and electric vehicles rely on batter-
ies, and their battery life significantly impacts user experience. 
Improving energy efficiency by 20% can increase an electric 
car's continuous driving distance from 500 to 600 kilometers. 
This enhances edge availability and extends the radius of life.⁹

The application of ML has improved several applications 
(e.g., in the medical, financial, and transportation sectors) 
that, for example, use speech and image recognition, machine 
translation, and natural language processing (NLP),¹⁰,¹¹ Clone 
detection,¹² de-obfuscation,¹³ language migration,¹⁴ code 
summarization,¹⁵ auto-correction,¹⁶ auto-completion,¹⁷ code 
generation,¹⁸ and program comprehension.¹⁹ these advance-
ments would not have been conceivable without the significant 
ML advancement. ML models consist of two processing 
phases: training and inference. Training is a phase to learn the 
pattern using selected training data. Inference is the phase to 
put a predicted outcome using a trained ML model.
� Discussion

This review is concentrated on five selected recent stud-
ies⁹,²⁰-²³ focusing on improving and analyzing the energy 
efficiency of machine learning systems through various meth-
ods and models with either hardware or software modifications. 
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Energy Efficiency and Environmental Impact: Green vs. Red 
AI:

As recently reported by Schwartz et al.,20 DL research in-
creased the computational costs of state-of-the-art AI research 
as big as 3000,000x between 2012 and 2018, as shown in Fig-
ure 1. This surge also increased Green Software Engineering 
research, which aims to decrease software environmental foot-
prints and support Green AI.²⁴

In the literature,²⁰ two terms have been used to describe the 
current trends: Green AI seeks sustainable and environmental-
ly friendly computing solutions by seeking to treat efficiency 
as a primary evaluation criterion alongside accuracy, while 
Red AI seeks to improve accuracy (or related measures) using 
massive computational power while disregarding the cost—es-
sentially “buying” more robust results.

To achieve a shift from Red AI to Green AI, efficiency must 
be a more common evaluation criterion for AI products along-
side accuracy and related measures. Despite the clear benefits 
of improving model accuracy, focusing on a single accuracy 
metric needs to pay attention to the economic, environmental, 
and social costs of reaching the reported results.

Schwartz et al.²⁰ propose making efficiency a more common 
evaluation criterion for AI research alongside accuracy and re-
lated measures to lead the practice in the field by proposing to 
reduce Red AI practices while increasing the use of Green AI 
practices.

Schwartz et al.²⁰ empirical analysis provides evidence that 
relatively little attention was paid to computational efficien-
cy by the AI research community in comparison to accuracy. 
They show that Red AI is on the rise despite the well-known 
diminishing returns of increased cost. As shown in Figure 2, 
taken from Mahajan et al.,²⁵ accuracy was increased linear-
ly and reached a plateau in some cases. In contrast, training 
examples increased exponentially, resulting in higher training 
costs.

 To move away from Red AI to Green AI, Schwartz et al.²⁰ 
identify “key factors that contribute to Red AI and advo-
cate the introduction of a simple, easy-to-compute efficiency 
metric that could help make some AI research greener, more 
inclusive, and perhaps more cognitively plausible.”

Figure 1: The amount of computing used to train deep learning models 
between 2012 and 2018, showing the 300,000 times increase, which is 
correlated to the cost and environmental impact.20

Figure 2: Linear increase of object detection top-1 accuracy in comparison to 
the exponential growth of training sample size (Instagram).20

To move away from Red AI to Green AI, Schwartz et al.²⁰ 
identify “key factors that contribute to Red AI and advo-
cate the introduction of a simple, easy-to-compute efficiency 
metric that could help make some AI research greener, more 
inclusive, and perhaps more cognitively plausible.” 

To demonstrate the prevalence of Red AI, Schwartz et al.²⁰ 
randomly sampled 60 papers from top AI conferences (ACL, 
NeurIPS, and CVPR).d Their results are summarized in 
Figure 3, and as shown, a large majority of the papers target 
accuracy (90% of ACL papers, 80% of NeurIPS papers, and 
75% of CVPR papers), while only a small portion (10% of 
AC, and 20% of CVPR) argue for a new efficiency result. Au-
thors20 state that the AI community focuses on performance 
measures, such as accuracy, at the expense of efficiency mea-
sures, such as speed or model size.

Figure 3: Number of papers, based on 60 randomly selected, presented at top 
AI conferences targeting accuracy, efficiency, both, or other. ACL: Association 
for Computational Linguistics, CVPR: Computer Vision and Pattern 
Recognition, NeurIPS: Neural Information Processing Systems.20

Authors²⁰ proposed to include the computational price tag 
of developing, training, and running models as a key Green AI 
practice. The proposed equation is Cost (R) a E · D · H where 
the cost of an AI (R)esult grows linearly with the cost of pro-
cessing a single (E)xample, the size of the training (D)ataset 
and the number of (H)yperparameter experiments.

The proposed²⁰ equation illustrates three major quantities 
related to the cost of generating a result while ignoring data 
augmentation. It can be applied for calculating either training 
or inference costs. According to this equation, models using 
large parameters will incur high costs. As an example,²⁰ for 
such large models which have high costs for processing each 
example, which leads to large training costs, Google’s BERT-
large contains roughly 350 million parameters, Grover contains 
1.5 billion parameters, NVIDIA’s Megatron-LM contains 
over 8 billion parameters, Google’s T5-11B contains 11 billion 
parameters, and openAI’s openGPT-3,4 contains 175 billion 
parameters. In comparison, open GPT-2 contained only 1.5 
billion parameters. This shows the current trend of making 
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models larger, which increases faster than the model perfor-
mance. 

Several measures have been reported to assess the efficiency 
of different models, such as carbon dioxide emissions, elec-
tricity usage, elapsed real time, and the number of parameters. 
According to Schwartz et al.²⁰ each of these suffers from a 
deficiency; carbon dioxide emissions highly depend on local 
electrical structures and location dependent; electricity usage 
is hardware dependent and does not allow fair comparison be-
tween different models and machines, elapsed in real-time is 
highly hardware dependent, and also influenced by other pro-
grams running on the device. 

Schwartz et al.,20 suggest using the total number of Float-
ing-Point of Operations (FPO) to better measure efficiency 
without depending on the model's hardware, location, and AI 
approach. In addition, FPO directly computes the amount 
of work done and is tied to the amount of energy consumed. 
FPO is often correlated with the running time of the model 
and the amount of work done at each time step.

The authors²⁰ also discussed the limitations of FPO. FPO 
does not capture the difference in work based on model im-
plementation, as two different implementations of the same 
model could result in very different amounts of processing 
work. Also, FPO ignores the memory used by the model, 
which has additional energy and monetary costs.

The authors demonstrated the use of FPO compared to 
various models with different parameters and their top-1 ac-
curacy levels. As shown in Figure 4a (top), the increase in FPO 
and the number of parameters of ResNet to SENet increases 
around 90-95%, and top-1 accuracy increases only 3.9%. Sim-
ilarly, as shown in Figure 4b (bottom), when the number of 
layers in a model is increased from 50 to 152 (300% increase 
for different versions of ResNet for single object 
recognition), the number of parameters and FPO increased 
significantly. In comparison, top-1 accuracy increased only 
2.4%. The energy efficiency of DL frameworks:

Figure 4: Plots of Parameters (in Millions), FPO (in Billions, and 
top- 1 accuracy (in percent): 4a-top: Comparison of different 
leading object recognition models. 4b-bottom: Comparison of various 
sizes, measured by the number of layers, of the ResNet Model.20

Georgiou et al.’s²¹ paper on Green AI looked into two DL 
frameworks, in particular, PyTorch³⁸ and TensorFlow39, to 
see whether they have different costs. The authors²¹ 
performed an in-depth empirical analysis to investigate and 
compare the energy consumption and run-time performance 
of the frame-works by using six large models for DL from 
different AI domains, as listed in Table 1. 

and the most accurate among the two tested DL frameworks. 
The results of their empirical study showed that there is a sig-
nificant cost difference between the two DL frameworks in 
94% of the cases tested. TensorFlow achieves better energy 
and run-time performance in the training phase for 100% of 
the cases, and PyTorch shows better energy and run-time per-
formance in the inference phase for 66% of the cases. 

The author’s²¹ energy and run-time performance test re-
sults, both in the training and inference phases, were shown in 
Tables 2 and 3, respectively. 

Authors²¹ found that the cheapest DL framework chang-

Table 1: Selected models used in the study of Georgiou et al. and their 
descriptions.21 

Table 2: Training Phase: Mean values for the energy consumption (in Joules) 
and run-time performance (in seconds) of training. The Wilcoxon statistical 
significance test results (p-value) and effect size (𝐴ˆ₁₂) are also reported. PKG 
is the core and non-core components of the processor, RAM is the main 
memory, and GPU is the graphics card.21 

Table 3: Inference Phase: Mean values for the energy consumption (in Joules) 
and run-time performance (in seconds) of training. The Wilcoxon statistical 
significance test results (p-value) and effect size (𝐴ˆ12) are also reported. PKG 
is the core and non-core components of the processor, RAM is the main 
memory, and GPU is the graphics card.21 
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The authors²¹ studied the most energy and run-time efficient 

es, either in the training or inference phase, depending on the 
model's domain, such as recommender, vision, or NLP. The 
statistical tests (see Table 2) confirm that the results in the 
training phase are statistically different, with a large effect size 
in 24 out of 24 cases (100%), with TensorFlow significantly 
outperforming PyTorch in 16 out of 24 cases (76%). The sta-
tistical test (Table 3) in the inference phase favors PyTorch in 
16 out of these 21 cases (76%).  Overall, the authors concluded 
that the cheapest framework for the training phase is Tensor-
Flow, while PyTorch is the least costly for the inference phase. 



	

The authors²¹ used the combined results of training and 
inference from Tables 2 and 3. They graphed it as shown in 
Figure 5 because obtaining the final accuracy involves both the 
training and inference steps. Authors²¹ concluded that better 
energy consumption and run-time performance—in most cas-
es—yield better accuracy results as well. This outcome suggests 
that Green AI efforts should be increased in AI research and 
application for better environmental outcomes while obtaining 
a similar accuracy performance. 

Figure 5: Comparison of energy consumption, run-time performance (Rt), 
and accuracy (Acc) between TensorFlow and PyTorch. The size of a circle 
represents the run-time performance (i.e., the bigger the process, the lower 
the run-time), and color represents the value of the accuracy metric (i.e., the 
darker the circle, the higher the accuracy); the interpretation depends on the 
metric of the model. Accuracy has been computed with Hit Rate (NFC), 
Perplexity (Transformer-XL), BLEU (GNMT), Top-5 error rate (ResNet-50), 
Avg. Precision (Mask R-CNN) and Precision (SSD).21

The authors²¹ concluded that DL developers should choose 
the most appropriate framework for the model at hand while 
optimizing accuracy, run-time performance, and energy con-
sumption. They also found that the training phase is more 
expensive than the inference one, thus resulting in a higher 
carbon footprint impact. Therefore, both researchers and 
developers should take appropriate steps to reduce its environ-
mental impact.

Several research studies introduced practices on how to use 
traditional ML efficiently to reduce energy consumption. Ac-
cording to McIntosh et al.,²⁶ empirical studies showed that 
J48, SMO, and MLP are the algorithms using less energy in 
training ML models for Android devices, delivering more en-
ergy efficiency, better accuracy, and a correlation to algorithms’ 
complexity. Wang et al.²⁷ achieved energy savings ranging from 
60% to 90%, with an accuracy loss of 1.2% to 2% by dropping 
unnecessary computations from Convolutional Neural Net-
work (CNN) models running on FPGAs. In addition, several 
other studies on energy estimation or measurements for ML 
studies exist.²⁸ 

Energy efficient architectures for machine learning:
Shafique and his coworkers’²² study focuses on creating 

adaptive and energy-efficient machine learning architectures. 
They showed that building an energy-efficient architecture us-
ing approximate computing and multi-objective evolutionary 
algorithms may result in high accuracy performances (92-
94%) while being energy-efficient systems. There are several 
existing ways of increasing energy efficiency in ML, such as 
using FPGAs, ASICs, and other specialized compute fabrics 
like Application-Specific Instruction Set Processors (ASIPs) 
and Coarse-Grained Reconfigurable Processors (CGRAs) 
for CNN acceleration. Shafique et al.’s²² study would like to 
further the energy consumption by “systematic development 
of energy-efficient accelerators for Machine Learning, spe-
cifically in the context of Deep Neural Networks (DNNs), 
where a high degree of adaptivity can be realized by employing 
quality-/energy-configurable approximate modules inside the 
accelerator datapath.” 

The authors²² developed a systematic methodology for re-
alizing energy-efficient accelerators, specifically for CNN and 
DNN-based AI systems, as shown in Figure 6. 

In the literature, there are several examples of energy-ef-
ficient and high-performance hardware accelerators using 
approximate arithmetic modules, which sometimes result in 
loss of accuracy and, therefore, require selective approximate 
arithmetic configuration.²⁹,³⁰

In a study³¹ where the use of low-power imprecise multipli-
ers using the UCI Machine Learning repository is studied, it 
has been shown that the loss of accuracy could be overcome by 
retraining the network by an energy savings of up to 62.49% 
over accurate face recognition. In a similar study,³² constrained 
re-training of the neural network is done to get rid of unde-
sired combinations due to approximation, which resulted in 
only an accuracy loss of 2.83% for 8-bit and ~0.25% for 12-
bit implementations for handwritten digit recognition on the 
MNIST dataset, as shown in Figure 7.

Shafique et al.²² showed that a careful analysis of data dis-
tribution across various data-paths of neural networks can aid 
in selecting an approximate circuit that provides minimum 
loss to classification accuracy. As shown in Figure 8, the au-
thors²² demonstrated that due to the fixed architectural design 
of DNN, each datapath has a particular data distribution. The 
highest classification accuracy was achieved when datapaths 
comprising FM5 and FM6 were approximated compared 

Figure 6: Shafique et al. developed the methodology for designing energy-
efficient and adaptive neural network accelerator-based architectures for 
Machine Learning and AI systems.22
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Energy efficiency of DNN implementations:
DNNs have achieved high accuracy in AI tasks, but their 

computation produces high energy costs.³³ According to 
Ganguly et al.,²³ scaling hardware architectures for higher per-
formance in deep learning can worsen energy costs, increasing 
dataset sizes and network layers. Neuromorphic workloads, 
which result from a paradigm shift, change processing from 
compute-centric to data-centric, requiring emerging mem-
ory technologies like 3D-stacked DRAMs,³⁴ NVMs,³⁵ and 
near-data processing (NDP).³⁶ However, determining the best 
architecture for specific end-user scenarios and devices is chal-
lenging due to different tradeoffs.

Ganguly and coworkers²³ state that the energy efficiency of 
deep neural networks (DNN) implementations is challenging 
to evaluate using standard models, benchmarks, frameworks, 
and tools. Using a large number of GPUs in parallel works, but 
power consumption is a drawback. Accelerators and ASICs 
can operate in low-power envelopes but are inflexible. FPGAs 
are flexible but large, hard to program, and not cost-effective. 
Runtimes and energy efficiency of CNNs, used in services 
like image recognition, are critical for users and cloud service 
providers. Quantifying, measuring, modeling, and predicting 
energy consumption is crucial for system designers to deter-
mine whether to keep DNN computations locally or offload 
them to a cloud or data center.

DL frameworks like Caffe,³⁷ Torch,³⁸ and Tensorflow³⁹ pro-
vide tools for benchmarking applications’ performance. Still, 
there is no support for runtime power/energy measurements 
across all system components, including CPU, GPU, memo-

 


Figure 8: Classification accuracy of Neural Networks (NN) with approximate 
multipliers for MNIST and SVHN datasets and 8/12 bit precision.22

ry subsystem, fabrics/interconnects, FPGAs, and accelerator/
ASIC. Ganguly et al.²³ ask the following important questions 
regarding energy efficiency from a system architecture point of 
view: How much energy is consumed for an inference made by 
a neural network, and can we predict the energy consumption 
of a neural network on a specific implementation for a giv-
en set of parameters/constraints? The authors²³ suggest that 
based on the answers to these questions, a holistic approach is 
needed to evaluate the energy consumption of neural networks 
for specific usage scenarios and target devices.

Recently proposed Paleo's model⁴⁰ for predicting CNN 
runtime is limited to real-world performance. NeuralPower41 
developed a predictive framework for the power, runtime, and 
energy of CNNs without running them on a target platform. 
The framework provides a breakdown of runtime and pow-
er across different components, identifying bottlenecks and 
analyzing energy precision ratios. NeuralPower models the 
power and runtime of key layers in CNNs and predicts net-
work performance. However, according to Ganguly and his 
co-workers,²³ NeuralPower may help evaluate energy-efficient 
choices for CNN implementations, allowing devices to weigh 
battery usage constraints and available resources on the cloud 
if extended beyond GPUs.

Energy Efficiency on Edges:
In their work, Kumar and coworkers⁹ studied the JEPO 

tool as an Eclipse IDE plugin that offers energy-efficient Java 
suggestions for developers, which can be used in Edge appli-
cations. It analyzes Java files and matches them to a pool of 
suggestions. JEPO1 is an Eclipse plugin that helps developers 
write energy-efficient machine learning or refactor existing 
code in real time. It analyzes code and checks for specific pat-
terns, generating suggestions and determining energy-hungry 
methods in Java projects using the Javassist library.

Kumar et al.⁹ created Table 4 regarding these patterns, which 
relate to several Java programming language elements, are dis-
played along with some suggestions.
Table 4: Java components and energy efficiency suggestions9 
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According to Kumar and co-workers,⁹ JEPO also helps 
measure energy consumption at method granularity, injecting 
energy and time measurement code at the start and end of each 
method. According to their initial evaluation showed a 14.46% 
improvement in package energy consumption, 14.19% in core 
energy consumption, and 12.93% in execution time, with only 
a 0.48% drop in classifier accuracy. Based on these results, for 
data centers, supercomputers, and autonomous vehicles, where 
vast amounts of data are processed quickly, the energy con-
sumption of software can be significantly reduced with the aid 
of JEPO. Table 5 is the culmination (adopted from Kumar et 
al.⁹) of hardware and software packages developed specifically 
for IoT and Edge devices to increase efficiency.

Foundation models:
The term foundation models was first used in 2021 by 

researchers at Sandford University.⁴²  Unlike current NLP 
models, which require extensive training on labeled data 
which requires extensive time and energy, foundational mod-
els require little to no fine-tuning. They are trained on a large 
amount of unlabeled data that will be employed for various 
downstream tasks.⁴³ Foundation models can serve as the basis 
for several applications of the AI model, as their name im-
plies. The model can transmit knowledge it has learned about 
one circumstance to another by using self-supervised learning 
and transfer learning. Foundation models require a vast corpus 
of training data; however, different models can be built on it 
for various tasks and applications once developed. The ener-
gy and time efficiency provided by the foundational models 
comes from being a foundation for multiple tasks and applica-
tion without further training. Since they do not rely on labeled 
data, it also has time savings at the training phase of the model. 
Foundation models are a newly defined but fast-growing field 
of AI, with nearly seventy-five models identified⁴⁴ and 200 
foundation model startups have emerged, collectively raising 
$3.5 billion as of October 2022.⁴⁵ Foundation models were 
recently defined as “pervasively influencing society” since un-
precedented adoptions of applications such as ChatGPT and 
Bert.⁴⁶

Table 5: Hardware and software packages developed specifically for IoT and 
Edge devices with energy efficiency in mind.9  

� Conclusion
Real-time processing requirements of machine learning 

and local battery constraints on Edge make energy efficiency 
more challenging. Even though both hardware and software 
are important to increase efficiency, software is a critical 
bottleneck for IoT and Edge devices, as it can compromise 
performance and energy efficiency. Extensive research fo-
cuses on optimizing software energy consumption through 
programming languages, programming languages, optimized 
architectures, and compiling options. 

As stated in our introduction, energy efficiency and utiliz-
ing the full performance of hardware with reduced heating 
on the end user devices will extend the battery life, provide a 
better user experience, and, most importantly, reduce the en-
vironmental impact. Since the number of devices is increasing 
rapidly as their use is also expanding in various scenarios, any 
improved energy efficiency on the devices using machine 
learning will substantially impact the environment. 
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