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Abstract: Model (LLM) market and the U.S. electricity market. The increasing computational
demands of training and deploying LLMs necessitate significant energy consumption, primarily
fulfilled by electricity. This creates a vertical integration scenario where the LLM industry becomes
increasingly intertwined with electricity generation, transmission, and distribution. We analyze the
historical context of both industries, focusing on the technological advancements, market structures,
and regulatory landscapes that have shaped their current states. Core themes explored include the
energy intensity of LLMs, the potential for LLMs to optimize electricity grid management, and the
economic and environmental implications of this convergence. We compare and contrast the
differing operational paradigms and assess the challenges of integrating these disparate sectors.
Finally, we consider future perspectives, including the role of renewable energy sources,
advancements in energy-efficient computing, and the potential for new business models that
leverage the synergy between LLMs and the electricity market. This review synthesizes
interdisciplinary research to provide a comprehensive understanding of the complex relationship
between these rapidly evolving sectors.

Keywords: Large Language Models (LLMs); electricity market; vertical consolidation; energy
consumption; grid optimization; renewable energy; artificial intelligence

1. Introduction
1.1. Motivation and Scope

The burgeoning field of Large Language Models (LLMs) is rapidly transforming
various sectors, accompanied by a significant surge in computational demands. Training
and deploying these models necessitate substantial energy consumption, raising concerns
about their environmental impact and grid stability [1]. This paper examines the potential
for consolidation between the LLM market and the U.S. electricity market. Our scope is
limited to analyzing the similarity between the two markets, and interplay between LLM
energy demands and the existing infrastructure, regulatory landscape, and pricing
mechanisms within the United States [2].

1.2. Research Questions and Objectives

This paper investigates the potential consolidation between the Large Language
Model (LLM) market and the US electricity market. Specifically, we address the following
research questions: (1) How does the energy demand of LLM training and operation
impact US electricity grid stability and pricing? (2) Inversely, how can LLM technology
help optimize the existing problems facing the energy market? (3) What are the economic
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benefits and risks associated with the potential consolidation between LLM and electricity
markets, and what regulatory principles are necessary to prevent anti-competitive
practices? Our objective is to analyze these dynamics, providing a comprehensive
overview of the potential impacts. The paper proceeds as follows: Section 2 reviews the
history of LLM and electricity markets respectively, and any early interactions. Section 3
elaborates on the power usage and hardware infrastructure of LLMs today. Section 4
analyzes the potential of LLM’s application in electricity grid optimization. Section 5
discusses regulatory implications and challenges of consolidation, and Section 6
concludes with new business models and future perspectives.

1.3. Methodology

Literature was sourced from databases including IEEE Xplore, ScienceDirect, and
Google Scholar using keywords related to Large Language Models (LLMs), electricity
markets, and vertical integration. Inclusion criteria focused on peer-reviewed articles and
reports analyzing the intersection of these areas. Studies lacking quantitative data or
relevance to US electricity markets were excluded.

2. Historical Overview
2.1. Evolution of Large Language Models

Early language models, such as n-grams, relied on statistical probabilities to predict
subsequent words. A significant leap occurred with the introduction of recurrent neural
networks (RNNs), enabling the processing of sequential data. However, RNNs faced
limitations in handling long-range dependencies. Long Short-Term Memory (LSTM)
networks addressed this issue, paving the way for more sophisticated language
understanding [3]. The transformer architecture, introduced in 2017, revolutionized the
field with its attention mechanism, allowing for parallel processing and superior
performance. This led to the development of models like BERT and GPT, pre-trained on
massive datasets, achieving state-of-the-art results in various natural language tasks.
Subsequent iterations have focused on scaling model size (N) and dataset size (D) to
further improve performance (Table 1).

Table 1. Key Milestones in LLM Development.

Milestone Description Key Innovation

Early language models based

n-gram Models o qepe
& on statistical probabilities.

Statistical probability.

Recurrent Neural Networks Introduced for sequential Processing of sequential
(RNNSs) data processing. data.
Long Short-Term Memory  Addressed the vanishing Handling long-range
(LSTM) Networks gradient problem of RNNs. dependencies.
Revolutionized the field with

. . Attention mechanism and
Transformer Architecture parallel processing and _
. ) parallel processing.
attention mechanism.
Pre-trained on massive
BERT & GPT datasets, achieving state-of-
the-art results.

Focused on increasing model
Scaling Model and Dataset ) 16
size and dataset size for

Size . size.
performance gains.

Pre-training on large
datasets.

Scaling model and dataset

The transformer era shifted progress from algorithmic cleverness to scaling: larger
models, larger datasets, and more compute. As a result, marginal improvements
increasingly depend on physical infrastructure —GPUs, networking, and electricity —
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making the LLM value chain unusually sensitive to energy prices, power availability, and
data center siting.

2.2. U.S. Electricity Market Development

The U.S. electricity market’s evolution is marked by significant shifts from vertically
integrated monopolies to restructured, competitive landscapes. Early development
focused on building infrastructure, including power plants and transmission lines, to
meet growing demand [4].

Early U.S. electricity markets were shaped by intense technological and economic
competition, most notably the late-19th-century “War of the Currents” between direct
current (DC) and alternating current (AC). Early pioneers such as Thomas Edison
benefited from first-mover advantages in electric lighting but faced severe capital
constraints due to DC’s limited transmission range and the need for dense, localized
infrastructure [5]. Competing AC systems, advanced by Nikola Tesla and commercialized
by George Westinghouse, enabled long-distance, high-voltage transmission and
ultimately proved superior in efficiency and scalability despite early safety concerns.
Financial pressures, patent disputes, and consolidation —often mediated by financiers
such as J. P. Morgan—culminated in the dominance of AC and the emergence of large,
vertically integrated utilities such as General Electric. This period established the natural-
monopoly utility model, characterized by centralized generation, transmission, and
distribution, which underpinned rapid electrification and industrial growth throughout
the early 20th century [6].

The late 20th century witnessed deregulation efforts aimed at fostering competition
and reducing costs for consumers. This involved separating generation, transmission, and
distribution functions. More recently, the integration of renewable energy sources like
solar and wind has become a central theme, driven by environmental concerns and
technological advancements. This transition necessitates grid modernization to
accommodate intermittent power generation and ensure grid stability, impacting
electricity prices (p) and supply (s) (Table 2).

Table 2. Key Regulations Shaping the US Electricity Market.

Regulation . ..
& Key Characteristics Impact on Market
Era/Focus
Vertically Integrated
Early jcally nfegratect Limited competition; controlled
Monopolies; focus on building o .
Infrastructure . electricity prices (p), stable supply
power plants and transmission
Development i ] (s)-
lines to meet growing demand.
. Separation of generation,  Increased competition in generation;
Deregulation . L . 2. .
(Late 20th transmission, and distribution; potential for lower electricity prices
fostering competition to reduce (p); concerns about supply (s)
Century) s
consumer costs. reliability.
Fluctuating electricity prices (p) due
Renewable Focus on integrating solar and . & . P ()
. . to intermittency; challenges to
Energy wind energy; grid .
: L maintaining stable supply (s);
Integration modernization to accommodate . . . .
. . . increased investment in grid
(Present) intermittent power generation.

infrastructure.

2.3. Early Interactions (if any)

Early interactions between the computing industry and the electricity market,
predating the LLM boom, were primarily characterized by the energy demands of data
centers [7]. Even in the pre-2010 era, server farms required substantial electricity to power
servers and cooling systems. The efficiency of these data centers became a growing
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concern, leading to research and development into energy-efficient hardware and cooling
technologies. Power Usage Effectiveness (PUE) emerged as a key metric for measuring
data center energy efficiency. Furthermore, the geographic location of data centers was
often influenced by electricity costs and the availability of reliable power grids. These
early dependencies laid the groundwork for the more complex relationship observed
today with the advent of energy-intensive LLMs [8].

Pre-LLM data centers behaved like large but relatively predictable industrial loads.
LLM training and high-volume inference intensify both the magnitude and the
intermittency of compute demand, amplifying constraints in power delivery, permitting
timelines, and local grid capacity —conditions that can pull Al firms closer to the
electricity value chain.

3. Energy Intensity of Large Language Models
3.1. Computational Requirements and Energy Consumption

The training and deployment of Large Language Models (LLMs) demand substantial
computational resources, translating directly into significant electricity consumption.
Training costs are primarily driven by the floating-point operations (FLOPs) required,
scaling rapidly with model size. The relationship between model parameters N, dataset
size D, and FLOPs C can be approximated as C « ND. Larger models necessitate
proportionally larger datasets and more computational power [9].

This scaling relationship matters because it links model quality improvements to
physical inputs: chips and kilowatt-hours [10]. In practice, a push to frontier performance
can translate into multi-month training runs, large cluster reservations, and non-trivial
local grid impacts—turning “model progress” into an infrastructure procurement
problem.

Different LLM architectures also exhibit varying energy efficiencies. Transformer-
based models, while dominant, are computationally intensive. The energy consumption
during training can range from several megawatt-hours (MWh) for smaller models to
hundreds of MWh for state-of-the-art models. Deployment also contributes significantly
to the overall energy footprint, as serving LLM inferences requires continuous operation
of powerful hardware [11]. The electricity consumption during inference is influenced by
factors such as query volume, model size, and hardware optimization. Optimizing model
architecture and employing energy-efficient hardware are crucial strategies for mitigating
the electricity demands of LLMs.

3.2. Hardware and Infrastructure Considerations

The energy intensity of Large Language Models (LLMs) is significantly influenced
by the hardware and infrastructure required for both training and deployment. These
models rely heavily on specialized hardware, primarily Graphics Processing Units (GPUs),
which offer the parallel processing capabilities necessary for complex matrix operations
inherent in deep learning [12]. Data centers, housing thousands of these GPUs, provide
the computational power and cooling infrastructure essential for LLM operations. The
energy consumption of a data center is proportional to the number of servers N, the
power consumption per server Py, and the utilization rate U, represented as
Egatacenter % N * Psgrper - U. Networking equipment, including high-bandwidth switches
and fiber optic cables, facilitates rapid data transfer within and between data centers,
adding to the overall energy footprint. Energy efficiency varies across different
generations of GPUs and data center designs. Newer GPUs offer improved performance
per watt, while advanced cooling technologies aim to reduce energy waste (Table 3).
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Table 3. Energy Consumption of Different Hardware Components.

Energy Consumption

Component Description
p p Factors

Mitigation Strategies

Specialized Utilizing newer, more
-effici P
processors for GPU architecture, energy-efficient GPU

parallel computing, utilization rate, workloa
essential for LLM complexity, manufacturing

d generations, optimizing
model size and complexity,
implementing techniques

GPUs

training and rocess. . i
. 8 P like pruning and
inference. .
quantization.
Implementing advanced
Number of servers (N), cooling technologies,
Facilities housing  power consumption per optimizing server
servers and server (Pserper ), Utilization utilization, using

Data Centers . .
infrastructure for rate (U), cooling efficiency, renewable energy sources,

LLM operations. networking infrastructure. ~ improving data center

Edatacenter N - Pserver U deSign for energy
efficiency.
High-bandwidth Optimizi t k
swli%chegr;ng}iber Network traffic volume, to clz))l(l)mlzilnsginneevr\:;f
Networking data transfer rates, network POI08Y, & 8y

optic cables
facilitating data
transfer.

efficient networking
hardware, reducing
unnecessary data transfers.

Equipment topology, energy efficiency

of networking devices.

Notably, both LLM and electricity marketes depend on “transformers” that enable
scale: electrical transformers made long-distance power delivery efficient and safe, while
transformer models made large-scale learning efficient and parallelizable. In both cases,
the breakthrough shifted the constraint from theory to deployment —hardware, networks,
and the cost of delivering the output at scale.

3.3. Geographic Distribution of Data Centers and Energy Sources

The geographic distribution of data centers, crucial for LLM operation, is not uniform
and significantly impacts their energy footprint. Many data centers are located in areas
with historically cheaper electricity, such as the Pacific Northwest with its hydroelectric
power. However, this does not guarantee a low carbon footprint, as other regions rely
heavily on fossil fuels. For example, data centers in some parts of the US Southeast may
draw power from grids dominated by coal and natural gas. The carbon intensity,
measured in CO, emissions per kilowatt-hour (kWh), varies substantially across regions.
This intensity, denoted as I, directly influences the overall carbon footprint of LLM
training and inference. Therefore, understanding the energy mix, represented as a vector
E = (e, ey,...,e,) where e; is the proportion of energy from source i, is vital for
assessing the environmental impact. Data centers strategically located near renewable
energy sources like solar and wind can significantly reduce their carbon footprint
compared to those relying on carbon-intensive sources.

4. LLMs for Electricity Grid Optimization

While LLMs increase electricity demand, they can also act as system-level “software”
that improves grid operations. However, their role is best framed as decision support—
summarizing heterogeneous data, proposing actions, and aiding operators —rather than
direct real-time control, where safety, verification, and latency constraints are stricter.
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4.1. Predictive Maintenance and Fault Detection

LLMs offer a transformative approach to predictive maintenance and fault detection
within the electricity grid. By analyzing historical data from sensors, maintenance logs,
and operational parameters, LLMs can learn complex patterns indicative of impending
equipment failures. This includes identifying subtle anomalies in data streams that might
be missed by traditional statistical methods. For example, an LLM could correlate
seemingly unrelated variables like transformer temperature (T) and load (L) with the
probability of failure (Pf), providing an early warning system.

The benefits of proactive maintenance are substantial. By predicting failures before
they occur, utilities can schedule maintenance during periods of low demand, minimizing
disruption to consumers. Reduced downtime translates to increased grid reliability and
reduced operational costs. Furthermore, LLMs can optimize maintenance schedules,
prioritizing equipment based on its predicted failure probability and criticality to the grid,
leading to more efficient resource allocation and a more resilient electricity infrastructure.

4.2. Demand Forecasting and Load Balancing

LLMs offer significant potential for enhancing demand forecasting and load
balancing within electricity grids. Traditional methods often struggle with the
complexities arising from diverse consumer behaviors, weather patterns, and emerging
technologies like electric vehicles and renewable energy sources. LLMs, trained on vast
datasets encompassing historical consumption data, meteorological information, and
socioeconomic factors, can identify intricate correlations and predict future demand with
greater accuracy.

Improved forecasting directly translates to more effective load balancing. By
anticipating demand peaks and troughs, grid operators can proactively adjust energy
generation and distribution, minimizing reliance on expensive and often polluting
peaking power plants. Furthermore, LLMs can optimize the integration of intermittent
renewable energy sources, such as solar and wind, by predicting their availability and
coordinating their output with demand fluctuations. This leads to a more stable and
resilient grid, reducing the need for excessive reserve capacity and minimizing energy
waste. The cost savings associated with optimized resource allocation can be substantial,
potentially lowering electricity prices for consumers while simultaneously reducing the
environmental impact of power generation (Table 4).

Table 4. Comparison of Traditional vs. LLM-Enhanced Demand Forecasting.

Feature Traditional Methods LLM-Enhanced Methods
Vast datasets including historical

Primarily historical consumption consumption, weather patterns,

Data Utilized
ata Utilize data, basic weather data. socioeconomic factors, and emerging
technology data.
le of i VAT
Correlation Limited ability to identify Capable of identifying intricate

correlations and patterns from

Identification complex, non-linear correlations. .
diverse data sources.

Lower accuracy, particularly

Demand o . . -, Higher accuracy in predicting future
. with increasing grid complexity .
Prediction ; demand, represented as x, enabling
(e.g., EV adoption, renewable ) .
Accuracy proactive grid management.

energy integration).
More effective load balancing by
anticipating demand peaks and
troughs, minimizing the use of
peaking power plants.

Less effective load balancing,
leading to reliance on peaking
power plants.

Load Balancing
Effectiveness
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Feature Traditional Methods LLM-Enhanced Methods
Renewable . . . Optimized integration of renewable
Suboptimal integration of .
Energy . . energy sources, coordinating output
X intermittent renewable sources. . .
Integration with demand fluctuations.
Lower grid stability and Increased grid stability and
Grid Stability and OWer g Ty o Bre Y
o resilience, requiring higher resilience, reducing the need for
Resilience . X )
reserve capacity. excessive reserve capacity.
Lower operational costs due to
. Higher operational costs due to L. P .
Cost Efficiency . 2 .. _ optimized resource allocation and
inefficient resource allocation.
reduced energy waste.
. . . Lower environmental impact due to
. Higher environmental impact . .
Environmental . . reduced reliance on polluting
due to reliance on peaking )
Impact peaking power plants and better

ower plants. ! g
P P integration of renewable energy.

4.3. Optimizing Renewable Energy Integration

In electricity markets, prices are not just accounting —they are a control signal that
shapes load. If forecasting improves, pricing can become more targeted and time-sensitive,
nudging consumption toward periods of high renewable availability and reducing
reliance on peakers.

LLMs offer significant potential for optimizing renewable energy integration,
addressing the inherent challenges posed by the intermittency of sources like solar and
wind. These models can analyze vast datasets of weather patterns, historical energy
production, and grid load to predict renewable energy output with greater accuracy.
Improved forecasting allows grid operators to proactively adjust energy supply and
demand, minimizing reliance on traditional, dispatchable power plants.

Furthermore, LLMs can enhance grid stability by optimizing energy storage
deployment and management. By predicting fluctuations in renewable energy generation,
LLMs can determine optimal charging and discharging schedules for batteries and other
storage solutions, ensuring a consistent energy supply. The models can also facilitate
dynamic pricing mechanisms, incentivizing consumers to shift energy consumption to
periods of high renewable energy availability, thereby smoothing out demand curves. The
optimization problem can be formulated as minimizing the cost function C = f(x,u),
where x represents the state of the grid and u represents the control actions determined
by the LLM.

5. Comparison & Challenges
5.1. Differing Operational Paradigms

The LLM industry and the US electricity market, while both crucial infrastructure
components, operate under fundamentally different paradigms. LLMs exhibit near-
infinite scalability through cloud computing, allowing for rapid expansion of
computational resources. Conversely, electricity grids face physical limitations in
expanding transmission capacity and generation assets. Reliability demands also diverge;
while LLM service interruptions are inconvenient, electricity outages can have severe
societal and economic consequences. Regulatory frameworks reflect these differences. The
electricity market is heavily regulated at both federal and state levels, ensuring grid
stability and fair pricing. The LLM industry, however, currently operates with
comparatively lighter regulatory oversight, primarily focusing on data privacy and
security, but with increasing discussion regarding potential future interventions
concerning bias and market dominance.

Vol. 2 No. 1(2026)

61


https://pinnaclepubs.com/index.php/EJBEM

European Journal of Business, Economics & Management https://pinnaclepubs.com/index.php/EJBEM

5.2. Integration Challenges

Historically, the “application layer” of electricity shifted from lighting to motors to
electronics and computation —while the underlying grid became more standardized and
capital intensive. LLMs may follow a similar pattern: the models themselves trend toward
standardization, while competitive advantage concentrates in provisioning, reliability
guarantees, integration into workflows, and the energy/compute supply chain that makes
ubiquitous access possible.

However, integrating Large Language Models (LLMs) into the electricity market
presents multifaceted challenges. Technically, ensuring real-time data processing and
compatibility with existing grid infrastructure is paramount. Economically, the high
computational costs associated with running LLMs and the need for specialized talent
pose significant barriers to entry for smaller market participants. Regulatory hurdles
include addressing data privacy concerns related to consumer energy usage, ensuring
cybersecurity against potential attacks targeting LLM-driven grid management systems,
and maintaining grid resilience in the face of unforeseen model errors or biases. The
potential for algorithmic bias to disproportionately impact vulnerable populations,
leading to inequitable energy distribution or pricing, also requires careful consideration
and mitigation strategies.

5.3. Economic Implications and Market Structures

Vertical consolidation becomes plausible when two conditions hold: (1) performance
gains depend on scarce physical bottlenecks (grid interconnects, generation capacity, chip
supply), and (2) large up-front capital commitments reward scale and financing access.
Under these conditions, firms may seek partial ownership or long-term contracts across
the stack —from power procurement to data center buildout—to stabilize costs and secure
priority access.

Therefore, vertical consolidation presents significant economic implications,
potentially reshaping market structures and pricing models. Integrating LLMs could
optimize electricity grid management, leading to efficiency gains reflected in lower
average electricity prices for consumers, represented as a decrease in P. However, this
consolidation could also foster anti-competitive behavior. A dominant, vertically
integrated firm might leverage its control over both LLM technology and electricity
generation/distribution to disadvantage competitors, increasing market concentration,
measured by the Herfindahl-Hirschman Index HHI. This could lead to inflated prices and
reduced innovation if unchecked by regulatory oversight. New pricing models,
incorporating real-time demand forecasting via LLMs, may emerge, shifting from
traditional cost-plus to more dynamic, data-driven approaches (Table 5).

Table 5. Cost Comparison.

Factor Impact on Cost
LLM Integrationin Potential decrease in average electricity prices for consumers (P)
Grid Management through optimization.
Vertical
e Potential for inflated prices due to anti-competitive behavior and
Consolidation duced i i
reduced innovation.
(Unchecked)
Shift from traditional cost-plus to dynamic, data-driven

New Pricing Models p Y

(Data-Driven) applToaches potentially leading tq Va1.~ying cost outcomes.
depending on the accuracy and application of LLM forecasting.

Market Potential for increased prices stemming from reduced
Concentration (HHI p " 8
competition.
Increase)
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6. Future Perspectives
6.1. Renewable Energy and Sustainable Computing

The escalating energy demands of Large Language Models (LLMs) necessitate a
paradigm shift towards sustainable computing practices, particularly focusing on
renewable energy integration. Powering LLMs with renewable sources like solar, wind,
and hydro energy offers a pathway to mitigate their carbon footprint. This transition
involves not only sourcing clean energy but also optimizing energy consumption within
LLM infrastructure.

Advancements in energy-efficient computing architectures are crucial. Novel
hardware designs, such as neuromorphic computing and specialized Al accelerators,
promise significant reductions in energy consumption compared to traditional CPU and
GPU-based systems. The energy efficiency, denoted as E, can be mathematically
represented as E = %, where P is the performance metric and A is the energy

consumption. Furthermore, algorithmic optimizations, including model pruning and
quantization, can reduce the computational complexity of LLMs, leading to lower energy
requirements. The synergy between renewable energy adoption and energy-efficient
computing is vital for the long-term sustainability of LLM development and deployment.

6.2. New Business Models and Opportunities

The convergence of Large Language Models (LLMs) and the electricity market
unlocks novel business models, moving beyond traditional energy provision. Energy-as-
a-Service (EaaS) can be revolutionized by LLMs, offering personalized energy solutions
based on predictive consumption patterns. LLMs can analyze vast datasets of energy
usage, weather forecasts, and grid conditions to optimize energy delivery and pricing for
individual consumers or businesses.

Furthermore, Al-powered grid management solutions present significant
opportunities. LLMs can enhance grid stability by predicting potential outages and
optimizing resource allocation in real-time. This includes dynamic pricing models that
incentivize consumers to shift their energy consumption during peak demand, reducing
strain on the grid and promoting efficient energy usage. The integration of LLMs can also
facilitate the incorporation of distributed energy resources, such as solar and wind power,
by providing accurate forecasting and optimizing their integration into the grid.

7. Conclusion

This review highlights the increasing convergence of the LLM and electricity markets.
Escalating computational demands of LLMs necessitate substantial electricity
consumption, creating a direct link between model size (M) and energy expenditure (E).
This review of consolidation potential between the two markets raises concerns about
market power, potentially impacting electricity prices (P) and grid stability. Further
research is needed to assess long-term economic and environmental consequences, as well
as equitable access to Al-driven energy solutions.
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