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ABSTRACT: The rapid proliferation of Al-powered data centers has led to significant increases in electricity consumption,
with projections suggesting that these facilities could account for up to 9% of the United States' total electricity generation by
2030. This paper explores the factors contributing to the high energy demands of Al data centers, such as model training and
online/offline inference. Estimates for the power and energy consumption for Al infrastructure are presented here, along with the
analysis of existing energy efficiency techniques deployed in the industry. Additionally, the paper discusses the role of regulatory
measures, corporate governance, and public awareness in supporting energy-efficient practices. The paper also highlights the
potential of revolutionary technologies like quantum computing. By addressing these challenges, the technology industry can
mitigate the environmental and economic impacts of growing energy demands, ensuring sustainable growth and development in
the AI domain.
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B Introduction is crucial for developing strategies to enhance energy efficiency.

Al-powered data centers are critical infrastructures that There are two main phases or stages in the Al data pipeline
leverage artificial intelligence to optimize data processing and that are energy intensive - 1. Model development or Al train-
storage. Typically, they are utilized in applications such as cloud ing, where we set up and teach the model how to behave, and
computing, loT, big data analytics, and Al/Machine Learning. 2. Al Inference, where the trained model is deployed in pro-
As the technology industry rapidly expands, demand for these duction and can take prompts or inputs to produce original
applications has surged, resulting in immediate growth and so- responses. The primary needs of Al are vastly different from
phistication in Al data centers. However, this expansion came existing data centers due to their unique workload, which re-
with a substantial rise in energy consumption. Considering the quires more complex hardware.
sudden boom with Al-powered search engines, many of these Al Training:
applications were estimated to require ten times the electricity Al training is done on cured or prepared data. There is a
of a standard Google query: “0.3 watt-hours were necessary for pre-training step for processing raw data, cleaning it, and
a traditional Google search to 2.9 watt-hours for a ChatGPT transforming it into input for model training.” As AT models
query”® This sizable growth in energy demand poses serious get complex, the pre-training step will require sophisticated
issues along with economic and environmental challenges. algorithms and lead to more time.* This would add to higher

This research addresses the question: What can be done to energy consumption. With the prepared data, the Al models
improve the energy efficiency of Al-powered data centers? are typically trained for weeks or months, depending on the
While several studies have explored various aspects of data amount of data or complexity of the model. In the recently
center efficiency, few have explicitly focused on the unique published Llama® research paper by Meta, it is estimated that
challenges Al workloads pose. This review aims to fill that “pre-training took nearly 57 days using 16K H100 NVIDIA
gap by examining the specific factors contributing to the high GPUs and training for around 80+ days.” The training pro-
energy demands of Al data centers and evaluating the effec- cess is not latency sensitive, so Al training clusters need not
tiveness of existing and emerging energy efficiency techniques. be near any populous city; they can be anywhere in the world.
This review addresses a critical gap in the literature by pro- However, Al training workloads are extremely power-hungry,
viding a comprehensive analysis of these strategies. It offers and AI hardware operating at power levels is always at its max-
actionable insights for researchers, policymakers, and industry imum thermal design power (TDP). Using a simple calculator,
stakeholders seeking to reduce the environmental impact of Al we could estimate the power and energy consumption to train
technologies. complex Al Large Language Models (LLMs) such as Meta’s

Examination of factors contributing to high energy in Al data Llama and Open Al's Chat GPT to be around ~24 MW and
centers: ~560 MWh.

Al-powered data centers consume significant amounts of Meta shares the detailed hardware infrastructure for Al
energy due to several key factors. Understanding these factors training.>® The Al infrastructure includes combining multiple
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GPUs (8 or 16) into Compute Nodes; multiple nodes are
then connected by network fabric with access to the Storage
array. NVIDIA compute nodes and network fabrics are wide-
ly adopted, and their Thermal Design Power (TDP), their
max-rated power, can be accessed via a datasheet.”” The net-
work and storage fabric power per server node is assumed to
be ~10% of the total power.'® Using the above information, the
total power and energy per hour for developing Al models can
be estimated, as shown in Table 1. As noted, the power and
energy for Llama 3 (405B parameter) is higher than Llama 2
(70B parameter).

Table 1: Power and Energy estimate for Al training models, demonstrating

that larger models require significantly more energy to train due to their
increased complexity.
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Total power = TDP of Compute Server nodes + Network serv-
ers + Storage server nodes.
Energy = Total Power x 24 hr.

The hardware infrastructure capability has been expanding
for the last few years, propelled by massive investments by big
tech companies. This trend is expected to continue, supported
by the recent announcements of Meta4 and X. Table 2 shows
the Al infrastructure expansion shared by Meta and X.

Table 2: Power and energy trends for Al infrastructure expansion at big

tech firms highlight the increase in power and energy demand as these
companies build large Al clusters.
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Al Inference:

Inference is the application of the trained model to new data.
This process is usually less resource-intensive than training but
is performed much more frequently, especially in real-time ap-
plications. This process, however, is very latency-sensitive. For
this reason, the Al inference clusters are distributed (not cen-
trally located) and must be capable of handling high volumes
of prompts/requests. Typically, CSPs (Cloud Service Provid-
ers) such as AWS, Google Cloud, and Microsoft Azure host
the Inference model and make them available via APIs for
enterprise and commercial usage. Some enterprises may also
decide to host the inference on their dedicated data centers in-
stead of the cloud for faster latency. The hardware components
required for Al inference are mostly the same as those required
for Al training (Compute node, Network, Storage). Still, the
scale and availability (in multiple locations) could drastically
differ.

scale and availability (in multiple locations) could drastically
differ.

Though Al training has been the main driver for Al servers

so far and is expected to continue growing, as noted in Table
2, the growth of Al inference servers is now poised to take
off as Al models move into production. Some predict that in-
ference servers will soon outpace training servers."" The daily
energy consumption for Al training and inference in 2023,
with 1.5 million Al servers sold, is estimated at 0.45 TWh,
nearly equivalent to Denmark's daily energy consumption of
0.478 TWh." However, compared to US energy consumption
in 2023, Al servers account for less than 1%. Based on the
estimated demand growth of Al servers, which is expected to
double in volume every four years, with each operating at an
average of ~10 to 12 KW TDP, the total power consumption
by the 4 million Al servers (Al training + Al inference) alone
in 2030 could range in 45GW and exceed 1 TWh of energy
consumption daily. This will still account for ~<2% of US en-
ergy consumption. The Al servers accounting for an estimated
9% of US energy consumption in 2030"® means not just the
volume of Al servers but, more importantly, the computing
power or energy is expected to increase by ~4 to 5x by the
end of this decade. This presents a significant opportunity for
research and development to optimize Al server energy effi-
ciency.
Given the explosion of Al models and the industry’s thirst for
adopting Generative Al use cases, Al training and Inference
processes are expected to grow exponentially in the future.
This includes but is not limited to ultra-large-size models
trained across modalities and agentic capabilities. Given the
above, optimizing power will continue to be a key area of re-
search in Al training.

Existing energy efficiency measures - benef its and gaps:

Table 3 comprehensively analyzes current techniques and
methods to improve energy efficiency across Al-powered data
centers. The sources used to compile these energy efficiency
methods include, but are not limited to, white papers, technical
articles, real-world case studies, and performance data from in-
dustry and academic sources. These approaches were selected
based on their proven real-world application and measurable
impact on power consumption. By combining these diverse
and reliable sources, Table 3 reflects the state-of-the-art meth-
ods used in both industry and academic research to enhance
the energy efficiency of Al data centers.

Table 3: Analysis of current methods and techniques to improve energy
efficiency across hardware, software, and data center infrastructure levels,
revealing the benefits and gaps associated with each approach.
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B Methods

Out of the above existing solutions, a research experiment
was conducted on power efficiency using smaller models -
“ODML” (on-device machine learning). The objective of the
experiments is to measure energy efficiency by adopting sim-
plified Al algorithms and techniques, such as batch processing
for image classification inference tasks.

This study used two pre-trained Al models - MobilenetV3

and ResNet 50. Experiments were conducted on an Orange

Pi 5 Pro device to measure the Inference time (latency) and
power consumption; Energy is calculated based on the time
and power. Fifty-nine personal images were used for data vali-
dation, and a YOJACK USB power meter was used to measure
power, as shown in Figure 1. Though the number of images
used as a dataset could be small, the latency per image is not
expected to vary significantly. Hence, the experiment results
are valid in conclusion. The experiment setup for the two
models is shown in Table 4.

Table 4: Experiment methods for Al inference evaluation.
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Figure 1: Experiment setup - Orange Pi 5 Pro with Yojack USB power
meter.

Table 5: Sample data set and image classifications — comparison of output
for MobileNet and ResNet showing slight variations in classification
accuracy.
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B Results and Discussion

Figure 2 below illustrates the inference time, peak power,
and energy consumption for two Al models, MobileNet and
ResNet, with varying batch sizes running on an Orange Pi 5
Pro device. The x-axis lists the Al models and ResNet batch
sizes, while the y-axis on the left represents inference time (in
seconds) and peak power (in watts), and the y-axis on the right
has energy consumption (in watt-seconds, Wsec).
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Figure 2: Inference time, power, and energy measurement illustrate the
efficiency of MobileNet compared to ResNet and the benefit of batch
processing.

The analysis highlights that MobileNet is significantly fast-
er than ResNet—completing tasks 23 times quicker—and far
more energy-efficient, using 30 times less energy overall. This
efficiency is evident in the correlation between power and
time, as energy consumption (which equals power multiplied
by time) is minimized by MobileNet's lower power usage and
shorter inference times. For ResNet, while batching improves
inference speed by about 1.7x, particularly with batch 16, this
comes with a corresponding increase in power consumption.
This trade-off means that even though tasks are completed
faster, higher power usage can offset the time gains, leading to
higher overall energy consumption. However, batch processing
with eight images strikes a more favorable balance, effectively
managing energy consumption by optimizing time and power
usage through parallel processing on multi-core devices like
Orange Pi.

Interestingly, batch processing does not significantly enhance
MobileNet’s energy efficiency, so they are not represented in
Figure 2. This is likely due to its already optimized algorithm.
Still, ResNet leads to substantial energy savings by reducing
the total energy consumed through a balanced reduction in
time and power.

The experiments in this research were conducted on smaller
models, such as MobileNetV3 and ResNet50, which are less
complex than the large-scale models in Table 1 (e.g., Llama2,
Llama3, and ChatGPT4). However, the core principles of
energy consumption apply similarly across models of varying
sizes. For instance, in Table 4 and Figure 2, ResNet50 con-
sumed significantly more power. It took longer to process
compared to MobileNetV3, reflecting how larger models like
Llama3 and ChatGPT4 require more energy than Llama2
due to their increased complexity. Although my experiments

involved smaller models, they effectively demonstrate the scal-
able relationship between model size, complexity, and energy
consumption, as seen in the larger Al models in Table 1.

B Recommendations

Al data centers worldwide must pursue energy efficien-
cy techniques across all categories listed in Table 3 to make
substantial gains. Though hurdles are associated with initial
investment cost and compatibility with existing infrastructure,
that should not be a deterrent. Given that Al workloads already
require greenfield or new hardware computing infrastructure
like GPUs and TPUs, the energy-efficient measures on the
rest of the hardware infrastructure (Storage, Networking) and
Data center facility (cooling techniques, geography, etc.) can
be absorbed as part of the initial capital investment. Despite
all available techniques deployed, they are primarily evolution-
ary, and they may not be enough over a long period due to
ever-increasing Al computational demand.”® A revolution-
ary technology solution would be required for sustainability.
Quantum computing, based on the principles of quantum
mechanics, uses quantum bits or qubits to store and process
information. Unlike classical computing, which uses bits in
either the ‘0’ or ‘1’ state, qubits can exist in multiple states si-
multaneously, allowing for parallel and faster computations.
Quantum AL?” which refers to the application of quantum
computing to the field of Al is a compelling future state with
the possibility to significantly enhance energy efficiency in Al
applications, particularly in data centers and other energy-in-
tensive environments.

We can do more in the regulatory (Government - Climate
control), Media (News coverage), and corporate governance
(Good global corporate citizen). Governments can implement
energy tax credits for data centers with energy efficiency tech-
niques. Governments can also cap the maximum energy supply
from nonrenewable energy sources.”® The environmental im-
pact of data centers is not discussed or covered in the media.*’
It would be worthwhile to have a metric like GDP that tracks
the energy efficiency index of data centers and tracks them
publicly to bring awareness and to the extent it can impact the
corporations stock price. Lastly, corporations are responsible
for reporting energy consumption statistics; PURE Storage
is an example of a corporation that explicitly calls the energy
statistics of their products.®® In the recently disclosed 92-page
Llama3 white paper by Meta,’ there is no mention of KWh
statistics for pre-training and training stages. In the age of
open-source information that fosters collaboration growth,
sharing the energy cost/statistics will be considered a good role
model/good corporate citizen of the world.

B Conclusion

While Al development primarily focuses on advancing
hardware, software, and algorithms, energy consumption is
increasingly gaining attention due to its growing environmen-
tal and economic impacts. Companies like Google, Meta, and
NVIDIA have begun prioritizing energy-efficient solutions,
reflecting a shift in how Al’s power demands are being ap-
proached. Though Al’s growth is still early, optimizing energy
efficiency will be essential as models continue to scale. The

growth of Al models, such as Llama and ChatGPT, which de
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mand enormous amounts of power, highlights the urgency of
addressing energy consumption in tandem with computation-
al efficiency. This study has shown that while current strategies
such as optimizing Al algorithms, batch processing, and ad-
vanced cooling technologies offer measurable improvements
in energy efficiency, they may not be sufficient to keep pace
with Al’s rapidly increasing computational demands.

To truly achieve sustainable growth, the industry must not
only implement current efforts to improve existing infra-
structure but also invest in revolutionary technologies such as
quantum computing, which holds the potential to dramatically
reduce energy consumption in Al applications. Additionally, a
coordinated effort involving regulatory bodies, corporate gov-
ernance, and public awareness is crucial. Governments should
incentivize energy-efficient practices through tax credits and
stricter regulations, while companies must take responsibility
for transparent reporting of their energy consumption and ac-
tively pursue greener alternatives.

The future of Al and data centers hinges on our ability to
innovate beyond the constraints of current technologies. The
following steps in research should focus on exploring and de-
veloping these groundbreaking solutions to ensure that the
advancement of Al does not come at an unsustainable environ-
mental and economic cost. The time for action is now—both
industry leaders and policymakers must work together to se-
cure a future where Al can thrive in harmony with our planet's
resources.
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