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Potential Impacts of Artificial Intelligence 
on Data Center Load Growth
Daa cener operaon is one o he ases growing indus-

ries worldwide. The Inernaonal Energy Agency recenly

projeced ha global daa cener elecriciy demand

will more han double by 2026. In he Unied Saes, he

naonal oulook could resemble he global oulook, bu is

highly uncerain.

One key uncerainy ha could change he rajecory o

daa cener load growh is he use o generave AI models.

Boh public and corporae imaginaons were riggered by

he release o OpenAI’s ChaGPT on November 30, 2022. Ev-

idence abou how widely hese ools will be used and how

much hey will change compuaonal needs is jus sarng

o emerge. These early applicaons were esmaed o re-

quire abou en mes he elecriciy—rom 0.3 wa-hours

or a radional Google search o 2.9 wa-hours or a Cha-

GPT query—o respond o user queries. Creaon o original

music, phoos, and videos based upon user promps and

oher emerging AI applicaons could require much more

power. Wih 5.3 billion global inerne users, widespread

adopon o hese ools could poenally lead o a sep

change in power requiremens. On he oher hand, his-

tory has shown that demand for increased processing has

largely been ose by daa cener eciency gains.

EPRI U.S. Data Center Load Projections
Drawing on public inormaon abou exisng daa ceners,

public esmaes o indusry growh, and recen elecriciy

demand orecass by indusry expers, EPRI prepared our

scenarios o poenal elecriciy consumpon in U.S. daa

ceners during he period rom 2023 o 2030 (Figure ES1).

The blue line in he gure, running rom 2000 o 2020,

races hisorical daa cener elecriciy consumpon es-

maes. From 2000 o 2010, daa cener load grew as ceners

expanded across he counry o suppor he emerging

inerne. From 2010 o 2017, despie connued growh in

compung demands and daa sorage his load growh a-

ened due o eciency gains and he replacemen o small,

relavely inecien corporae daa ceners wih large,

cloud compung acilies. In recen years, load growh has

likely acceleraed, driven by emerging AI applicaons and

COVID-era increases in demand or services like sreaming

and video conerencing. The ligh blue area highlighs un-

cerainy in a range o daa cener elecriciy consumpon

esmaes or 2021 o 2023. Colored bands show he our

projecons, which combine esmaes o increased daa

processing needs wih assumpons abou eciency gains.

The widhs o hese bands carry orward he uncerainy

abou he 2023 sarng load level:

• Low growh—3.7% annual load growth based on a

Sasa projecon of daa cener nancial growh is-

sued prior o he release of ChaGPT.

Figure ES-1. Projecons of poenal elecriciy consumpon by U.S. daa ceners: 2023–2030 . % of 2030 elecriciy consumpon
projecons assume ha all oher (non-daa cener) load increases a 1% annually.
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• Moderae growh—5% annual load growth based on

an exper assessmen commissioned by EPRI.

• High growh—10% annual load growh consisen wih

boh a McKinsey esmae and anoher exper assess-

men commissioned by EPRI in summer 2023.

• Higher growh—15% annual growh based upon a

commissioned exper assessmen consisen wih rapid

expansion of AI applicaons and limied eciency

gains.

The esmaes o daa ceners’ share o oal U.S. elecriciy

consumpon in 2030—9.1%, 6.8%, 5.0%, and 4.6%—as-

sume ha all oher loads increase a 1% per year. Daa

ceners accouned or abou 4% o he oal load in 2023

(average esmae).

Data Center Power Demands Are 
Concentrated in a Few Regions
Fifeen saes accouned or an esmaed 80% o he

naonal daa cener load in 2023. Ranked rom highes o

lowes, hey are Virginia, Texas, Caliornia, Illinois, Oregon,

Arizona, Iowa, Georgia, Washingon, Pennsylvania, New

York, New Jersey, Nebraska, Norh Dakoa, and Nevada.

Concenraon o demand is also eviden globally, wih he

Inernaonal Energy Agency recenly projecng ha daa

centers in Ireland could account for almost one-third of

Ireland’s oal elecriciy demand by 2026.

The map in Figure ES2 shows he eec in 2030 o applying

he annual U.S. daa cener growh raes (averaged across

he our scenarios) o projec sae-level loads agains a

backdrop o 1% annual growh in oher loads. Wih evenly

spread growh, he daa cener share o load in Virginia in-

creases o almos 50% in he higher growh scenario and o

36% when averaged across he our scenarios. The shares in

oher saes vary widely wih ve oher saes projeced o

approach 20% or more o elecriciy demand under hese

simplied assumpons. In realiy, load growh is unlikely

o be spread evenly. Daa ceners avor sies where iner-

ne connecons are srong; where elecriciy prices, land

coss, and disrupve evens are low; where skilled labor is

available; near populaon ceners and users; and where he

ceners can develop backup power o ensure power supply

(usually naural gas or diesel generaors). The addional

Figure ES-2. 2030 projeced daa cener share of elecriciy consumpon (assumes average of he four growh scenarios and ha non-daa
cener loads grow a 1% annually) [4, 8, 9]
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requiremen o some developers or new, clean elecriciy

generaon sources adds o he challenge o developing and

delivering his new generaon.

A Roadmap to Support Rapid Data 
Center Expansion
The mos serious challenges o daa cener expansion are

local and regional and result from the scale of the centers

hemselves and mismaches in inrasrucure ming. A

ypical new daa cener o 100 o 1000 megawas repre-

sens a load equal o ha o a new neighborhood o 80,000

o 800,000 average homes. While neighborhoods require

many years o plan and build, daa ceners can be devel-

oped and conneced o he inerne in one o wo years.

New ransmission, in conras, akes our or more years o

plan, permi, and consruc. And developing and connecng

new generaon can also ake years.

EPRI highlighs hree essenal sraegies o suppor rapid

daa cener expansion. These sraegies emphasize in-

creased collaboraon beween daa cener developers and

elecric companies.

1. Improve daa cener operaonal eciency and ex-

ibiliy. Alhough gains in daa cener operaonal e-

ciency have plaeaued in recen years, here are clear

opporunies or urher improvemen, including more

ecien IT hardware; lower elecriciy use or cooling,

lighng, and securiy; and more ecien AI develop-

men and deploymen sraegies. Eors o increase

boh emporal and spaal (i.e., spreading compue

geographically) exibiliy are crical o helping accom-

modae hese new loads.

2. Increase collaboraon beween daa cener devel-

opers and elecric companies. Developing a deeper

undersanding o daa cener power needs, ming, and

poenal exibilies—while assessing how hey mach

available elecric supplies and delivery consrains—can

creae workable soluons or all. Enabled by echnol-

ogy and supporng policies, daa cener backup gen-

eraors, powered by clean uels, could suppor a more

reliable grid while reducing he cos o daa cener op-

eraon. Shifing he daa cener-grid relaonship rom

he curren “passive load” model o a collaborave

“shared energy economy”—wih grid resources power-

ing daa ceners and daa cener backup resources

conribung o grid reliabiliy and exibiliy—could no

only help elecric companies conend wih he explo-

sive growh o AI bu also conribue o aordabiliy

and reliabiliy or all elecriciy users.

3. Improve poin load forecasng o beter ancipae

fuure poin load growh and modeling of ransien

sysem behavior o mainain reliabiliy. Forecass need

o make beer projecons describing new poin load

locaons, magniudes, and ming alongside beer

echniques or making decisions—o build or no build

long lead-me inrasrucure—while acing he eco-

nomic, regulaory, and polical uncerainy associaed

wih sing hese large poin loads. Also, real-me mod-

eling o daa cener operaonal characeriscs in an

increasingly inverer-based grid is needed o mainain

reliabiliy.
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INTRODUCTION
Research Questions
As he number and size o daa ceners expand o suppor

connued growh in daa processing, inerne rac, and

rapid expansion in arcial inelligence (AI) applicaons,

some crical quesons emerge:

• How rapidly can we expec daa ceners o expand, and

how does he rapid growh in AI change heir power

demands?

• What is the impact of these developments on electric

load and resource adequacy?

• Wha implicaons do hese rends have or uure elec-

tricity infrastructure planning?

• How can he daa cener and elecric uliy indusries

work ogeher o suppor rapid daa cener expansion?

Data Centers in the United States
As oMarch 2024, here were approximaely 10,655 daa

ceners globally; hal o hem, 5,381, were in he Unied

Saes. Jus over hree years ago, in January 2021, here

were approximaely 8,000 daa ceners, wih abou one-

hird o hem in he Unied Saes [1].

The consrucon o new daa ceners is accelerang a a

rapid pace, largely driven by demand or AI-powered asks

such as speech recognion, ailored diagnoscs, logiscs,

inerne o hings (IoT), and generave AI. The expansion o

ineres in generave AI is parcularly noable due o he

overnigh populariy o ChaGPT, released on November 30,

2022, marking he public-acing sar o a echnology race.

Daa ceners vary signicanly in design and purpose and

are generally grouped into two categories, small or large

scale. Small-scale daa ceners, represenng abou 10% o

U.S. daa cener load [2], ypically caer o localized opera-

ons and service small businesses, governmen acilies,

or specic deparmenal needs wihin larger corporaons.

They include server rooms/closes embedded in buildings

and “edge data centers,” which are strategically located on

he ouer edges o neworks o bring compung capabilies

closer to users who are geographically distant from large

cloud daa ceners [3]. Though he elecriciy demands o

each insallaon are relavely modes—500 kilowas (kW)

o 2 megawas (MW)—hey accoun or roughly hal o all

servers [3]. Marke research analyss have projeced he

global edge daa cener marke o grow a a compound an-

nual growh rae (CAGR) o 22.1% o 2030 [4], highlighng

the rising importance of small-scale and edge data centers

in digial inrasrucure.

Large-scale commercial daa ceners are designed to serve

exensive operaons and ofen serve mulple businesses

or even enre indusries. These daa ceners seek proximiy

o cusomers and a skilled workorce and can bene rom

lower land coss, propery axes, labor raes, energy prices,

and risk o severe weaher or seismic acviy [5]. Figures

1–3 show maps of various large-scale facility types, which

include:

• Enerprise daa ceners, which are owned and operaed

by single companies or heir exclusive compung and

neworking use. These accoun or abou 20–30% o

oal load [2, 6].

• Co-locaon ceners, where several businesses may ren

space to house their servers and other hardware with

shared energy and cooling inrasrucure.

• Hyperscale daa ceners, which are capable o rapidly

scaling up heir operaons o mee he vas compung

needs o cloud gians like Amazon AWS, Google Cloud,

and Microsof Azure. Given heir large scale and recen

emergence, hey are ofen a he oreron o elecric-

iy consumpon and eciency innovaons. Hyperscale

and co-locaon ceners ogeher accoun or he lion’s

share o U.S. daa cener load—abou 60%–70% [7].
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Figure 1. U.S. enerprise daa cener disribuon as of 2022 [4, 8, 9]

Figure 2. U.S. co-locaon daa cener disribuon as of 2022 [4, 8, 9]
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Data Centers’ Primary Electricity-
Consuming Hardware and Equipment
The elecriciy needs o daa ceners are deermined

primarily by he hree consuen hardware caegories.

Each caegory’s proporon o energy consumpon can vary

depending on he daa cener’s age, conguraon, ype,

and uncon [10, 11, 12, 13]. The hree main caegories and

heir energy consumpon [2, 13, 14] are:

• IT equipmen, ypically composing 40%–50% o daa

cener energy consumpon, encompasses he ollowing

oundaonal hardware unis:

– Servers, which are he workhorses, responsible or

daa processing and compuaonal asks

– Sorage sysems, which include boh radional

hard disk drives (HDDs) and he aser, more

energy-ecien solid-sae drives (SSDs), crucial or

daa reenon

– Nework inrasrucure, which comprises swiches,

routers, and other components, ensuring seamless

daa ranser and connecviy

• Cooling sysems, ypically composing 30%–40% o daa

cener energy consumpon, are crical o mainaining

an opmal emperaure wihin daa ceners o preven

hardware maluncon and ensure longeviy. While daa

ceners hisorically used radional HVAC, advanced

cooling echnologies in daa ceners have ransioned

owards sysems ha are specialized or daa cener

use. Please reer o he secon Energy Efficiency and

Load Managemen below or more deails.

• Auxiliary componens, ypically composing 10%–30% o

daa cener energy consumpon, are used or various

operaonal needs and include uninerrupble power

supplies, securiy sysems, and lighng.

Assessing daa cener energy eciency is crucial o gauging

how eecvely hey use elecriciy. These assessmens help

o ideny rends, drive improvemens, and se benchmarks

or elecriciy usage; and play a key role in operaonal

sraegy [15, 16].

Figure 3. U.S. hyperscale daa cener disribuon as of 2022 [4, 8, 9]

0 40

Hyperscale Data Centers
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History of Energy Efficiency in the Data 
Center Industry
Over he las 25 years, U.S. daa cener load growh, as

shown in Figure 6, has experienced hree phases:

1. Energy consumpon grew in he early 2000s driven by

he rapid expansion o inerne inrasrucure and he

do-com boom [24].

2. From 2010–2020, elecriciy consumpon sabilized as

daa cener expansion was ose by equally rapid im-

provemens in energy eciency achieved boh hrough

improvemens a individual acilies and hrough he

ransion rom small daa ceners o more ecien

cloud acilies [25, 26].

3. Recen load growh in daa ceners is driven mainly by

he expanding demand or cloud services, big daa ana-

lycs, and AI echnologies—which require signican

compuaonal resources—and a slowing o eciency

gains [27].

Eciency gains in individual daa ceners have been led by

advancemens in server eciency, which have been

signican, leading o reduced power consumpon per uni

o compung power [28]. Power and cooling equipmen,

required o operae he IT componens, has also improved

is eciency. Power Usage Eecveness (PUE) and Daa

Cener Inrasrucure Eciency (DCIE), key eciency

merics in he daa cener indusry, are dened in he box

on he nex page. Figure 7 shows he U.S. PUE declined

rom 2007 o 2022, illusrang noable eciency gains in

Figure 7. Average annual PUE in daa ceners, 2007–2023 [26, 29]

Figure 6. U.S. daa cener load growh from 2000 o 2023. The graph’s ligh blue area indicaes he
uncerainy range based on wo daases esmang recen-o-curren daa cener loads [4, 8, 9]
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Table 2 presens esmaes o daa cener consumpon in

2023, 2030, and he projeced consumpon as a percen-

age o sae elecriciy demand (%EC) or he 15 saes. For

deailed graphs o each sae’s projecons as well as a able

showing 44 saes ha are pernen o he U.S. daa cener

marke, see Appendix A.

Table 2. Curren and projeced load growh in Top 15 saes [4, 8, 9]

FORECASTED SCENARIOS: PROJECTIONS OF DATA CENTER ELECTRICITY CONSUMPTION IN TOP 15 STATES (2023—2030)

STATE

2023 Load

Lowgrowh �cenario

3.71%

Moderaegrowh

�cenario 5%

Highgrowh �cenario

10%

Highergrowh �cenario

15%

MWh/y

% of Toal

State

Electricity

Consumed

%EC MWh/y

% of Toal

State

Electricity

Consumed

%EC MWh/y

% of Toal

State

Electricity

Consumed

%EC MWh/y

% of Toal

State

Electricity

Consumed

%EC MWh/y

% of Toal

State

Electricity

Consumed

%EC

Virginia 33,851,122 25.59% 43,683,508 29.28% 47,631,928 31.10% 65,966,260 38.47% 89,880,357 46.00%

Texas 21,813,159 4.59% 28,149,002 5.47% 30,693,306 5.94% 42,507,676 8.04% 57,917,564 10.64%

Caliornia 9,331,619 3.70% 12,042,078 4.43% 13,130,525 4.81% 18,184,686 6.54% 24,777,000 8.70%

Illinois 7,450,176 5.48% 9,614,151 6.53% 10,483,145 7.08% 14,518,285 9.54% 19,781,455 12.56%

Oregon 6,413,663 11.39% 8,276,574 13.39% 9,024,668 14.43% 12,498,415 18.93% 17,029,342 24.14%

Arizona 6,253,268 7.43% 8,069,590 8.81% 8,798,975 9.53% 12,185,850 12.73% 16,603,465 16.58%

Iowa 6,193,320 11.43% 7,992,230 13.44% 8,714,623 14.48% 12,069,029 18.99% 16,444,294 24.21%

Georgia 6,175,391 4.26% 7,969,093 5.08% 8,689,396 5.51% 12,034,090 7.48% 16,396,690 9.92%

Washington 5,171,612 5.69% 6,673,757 6.77% 7,276,977 7.34% 10,078,009 9.88% 13,731,490 13.00%

Pennsylvania 4,590,240 3.16% 5,923,520 3.78% 6,458,929 4.11% 8,945,079 5.61% 12,187,850 7.49%

New York 4,067,385 2.84% 5,248,796 3.40% 5,723,219 3.69% 7,926,182 5.05% 10,799,583 6.75%

New Jersey 4,038,360 5.42% 5,211,341 6.46% 5,682,378 7.00% 7,869,621 9.44% 10,722,517 12.44%

Nebraska 3,959,520 11.70% 5,109,601 13.75% 5,571,442 14.81% 7,715,984 19.41% 10,513,184 24.71%

Norh Dakoa 3,915,720 15.42% 5,053,079 18.00% 5,509,811 19.31% 7,630,631 24.89% 10,396,888 31.11%

Nevada 3,416,707 8.69% 4,409,122 10.28% 4,807,649 11.10% 6,658,195 14.75% 9,071,924 19.07%

*The four load growh projecon scenarios reec naonal-level esmaes of daa cener growh applied o sae-level esmaes of
curren demand. This analycal approach is explained in more deail in he secon Forecasng Daa Cener Load Growh o 2030.
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The map in Figure 8 depics he projeced daa cener share

o sae elecriciy demand in 2030, calculaed by applying

he annual U.S. daa cener growh raes (averaged across

he our scenarios) o projec sae-level daa cener loads

and assuming oher loads grow a 1% annually. (The sce-

narios are explained in he secon Forecastng Daa Cener

Load Growh o 2030.) The poenal or a rapidly rising

share of data center power demand in many states accentu-

aes he need or cusomized energy sraegies ha align

wih he specic demands and inrasrucure capabilies o

each sae’s grid. Sae-level projecons also underscore he

crical need or innovaon in energy managemen and he

opmizaon o localized inrasrucure o accommodae

he rising energy demands associaed wih expanding daa

cener workloads.

AI Implications for Power Consumption
In he laer hal o he 20h cenury, AI applicaons ypi-

cally involved rule-based sraegies and small machine-

learning models ha used very lile elecriciy. However, as

he 21s cenury unolded, AI sysems winessed exponen-

al growh in heir complexiy and compuaonal require-

mens [38, 39]. On a global level, he Unied Saes has

been leading in he developmen o prominen AI sysems,

wih he creaon o 16 such sysems since 2022, compared

o he Unied Kingdom’s eigh and China’s hree [39].

Key AI-relaed echnological drivers conribung o escala-

ing data center electricity demands include:1

• The exponenal growh o daa generaon: The

dramac rise in global consumer IP rac represens

a reecon o he “big daa” wave, par o which has

resuled rom eeding AI models wih diverse and

large daases [9, 10, 40, 41]. The surge in daa avail-

abiliy no only uels he sophiscaon and accuracy

o AI algorihms bu also underscores he symbioc

relaonship beween increasing inerne usage and AI

advancemen. O course, his has required expanded

sorage, increased processing capabilies, and escala-

ing elecriciy demands [21].

• The increasing complexiy o AI models: Inially cons-

ued as rule-based enes unconing hrough coded

1 While crypocurrency mining, wih is disnc compuaonal pro-

cesses and energy paerns or blockchain ransacon vericaon and

crypocurrency generaon, also impacs energy loads, i is excluded

rom his sudy o mainain ocus on radional daa cener opera-

ons and AI-driven compuaons. In 2022, global crypo mining was

esmaed o have consumed around 110 million MWh, accounng

or 0.4% o annual global elecriciy demand, around one-hird he

usage o radional daa ceners [17]. A separae assessmen is

warraned o undersand he poenal power needs and exibiliy o

crypocurrency power demands.

Figure 8. 2030 projeced daa cener share of elecriciy consumpon (assumes average of he four growh scenarios and ha non-daa
cener loads grow a 1% annually) [4, 8, 9]
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insrucons, AI models have undergone a monumenal

ransormaon, becoming increasingly complex and

capable over me [42], in urn increasing heir compu-

aonal demands. As an illusraon o he saggering

increase in compuaon demand, noe ha in 1957,

he Percepron Mark I, he rs real-world implemena-

on o a one-layer neural nework ha could classiy

images, ulized 695,000 oang-poin operaons per

second (FLOPS)—an assessmen o AI complexiy and

compuaon inensiy. In 2020, however, GPT-3 re-

quired a saggering 3.14x1023 FLOPS, an increase o 18

orders o magniude, and a presen each subsequen

AI model is requiring even greaer amouns.

• The connuous operaonal demands o a digial

ecosysem: In he modern era, daa ceners uncon

ceaselessly o uphold he demands o a globalized soci-

ey ha hrives on connecviy. Daa ceners aciliae

uninerruped services, ensuring 24/7 availabiliy in

various secors including business, e-commerce, and

enerainmen. Mainaining consan upme requires

robus backup power soluons.

Energy conribuons o AI annual workloads are caego-

rized ino hree major areas [7, 18, 39, 43, 44]:

• Model developmen (10% o he energy ooprin):

Models are developed and ne-uned beore raining.

• Model raining (30% o he energy ooprin): Algo-

rihms learn by processing a vas array o daa o make

predicons or decisions wihou exac inpu-response

relaons preprogrammed, which requires subsanal

compuaon eors and high energy expendiure or

exended periods.

• Use/inerence (60% o he energy ooprin): Includes

he deploymen and ulizaon o developed AI models

in real-world applicaons and requires compuaonal

resources or inerpreng new daa and generang

oucomes or predicons based on pre-rained models.

For deailed inormaon on AI model ypes, specic models

and heir descripons, and he elecriciy consumpon o

each, see Appendix B.

Chat GPT and Other Large Language 
Models (LLMs)
Over he las year, he surge in populariy o generave

AI sparked by he public release o Open AI’s ChaGPT has

creaed new concerns abou AI’s poenal impac on uure

compung energy needs. Figure 9 shows the increase in

web rac—sarng rom zero—or prominen generave

AI plaorms including ChaGPT, which is illusraed by he

dark blue line [45].

ChaGPT garnered 100 million global users in only wo

monhs, which was rapidly ollowed by ech gians like

Microsof, Alphabe, Mea, and Bing launching heir own

large-language model chabos. From a power usage per-

specve, hese LLMs creae a new roner wih ulmae

impac o be deermined, in par, by how widely he 5.3

billion inerne users adop he new eaures being rolled

ou. [46, 47].

For example, Google plans o implemen LLMs o boos is

search engine’s abiliy o recognize and respond o user

queries in a more conversaonal and naural syle [48]. A

Figure 9. U.S. web rac rends o AI plaorms, 2022–2023 [45]

0

10

20

30

40

50 ChatGPT 4.0
Character AI
Google Bard

M
illi

on
s w

ee
kly

 w
eb

 vi
sit

s, 
U

S

Nov
18

Dec
16

2022 2023

Jan
13

Feb
10

Mar
10

Apr
7

May
5

Jun
2

Jun
30

Jul
28

Aug
25

Sep
22

Oct
20



16 | Powering Intelligence May 2024

2.9 wa-hours (Wh) per ChaGPT reques, AI queries are

esmaed o require 10 mes he elecriciy o radional

Google queries, which use abou 0.3 Wh each [47]. Imple-

menng LLMs in every Google search could necessiae 80

gigawa-hours (GWh) daily or 29.2 erawa-hours (TWh)

yearly elecriciy consumpon, according o SemiAnalysis

[34]. New Sree Research’s similar analysis suggess he

need or around 400,000 servers, consuming 62.4 GWh

daily or 22.8 TWh yearly [47]. As shown in Figure 10, the

BLOOM model’s elecriciy usage averages 3.96 Wh per

reques, while ChaGPT’s is slighly lower a 2.9 Wh per

reques; however, i Google inegraed similar AI ino is

searches, he elecriciy per search could increase o be-

ween 6.9–8.9 Wh [47].

The explosive growh in invesmens aimed a building and

deploying new AI capabilies are raising concerns over he

overall elecriciy consumpon and environmenal impac

o AI and daa ceners and he abiliy o he Unied Saes

o mainain is leadership posion.

Figure 10. Elecriciy consumpon per reques [47]
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FORECASTING DATA CENTER LOAD 
GROWTH TO 2030
Four Scenarios Based on Historical 
Data, Expert Insights, and Current 
Trends
Drawing on public inormaon abou exisng daa ceners,

public esmaes o indusry growh, and recen elecriciy

demand orecass by indusry expers, EPRI prepared our

projecons—using low (3.7%), moderae (5%), high (10%),

and higher (15%) growh scenarios described in Table 3

below—o poenal elecriciy consumpon in U.S. daa

ceners rom 2023 o 2030. See Figure 11 for a graph of

he projecons. These projecons are based on a bounding

analysis o various daa sources surveyed as o November

2023 [1, 2, 4, 8, 14]. The analysis reecs hisorical rends

or he AI indusry, inerne rac, demand or sorage,

coupled wih he compuaonal inensiy and prevalence

o AI models. All o hese acors are uncerain, including

he developmen o business models and updaes or LLMs,

rae o increase in maure applicaons, and eciency gains

in compuaonal and non-compuaonal aspecs o daa

ceners.

The graph’s blue line depics average hisorical daa cener

elecriciy consumpon. The ligh blue area indicaes he

uncerainy in recen hisorical projecons o daa cener

power use, and he colored swahs show he our projec-

on scenarios [4, 8].

Under he 15% higher growh scenario, EPRI’s projecons

show data center electricity usage rising to an average of

403.9 TWh/year. Under he 10% high growh scenario, daa

cener energy usage rises o a mid-range o 296.4 TWh/

yr. Using he moderae growh 5% scenario, he projec-

on predics a mid-range o 214.0 TWh/yr. Under he 3.7%

low growh scenario, he graph shows he projecon a a

mid-range o 196.3 TWh/yr. The mid-range esmaes o

daa ceners’ share o oal U.S. elecriciy consumpon

in 2030—9.1%, 6.8%, 5.0%, and 4.6%—assume ha oher

loads grow a 1% annually. An examinaon o regional

variaons is ound in Appendix A.

Figure 11. Projecons of poenal power consumpon in U.S. daa ceners scenarios, 2023–2030 [1, 2, 4, 8, 14]
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Each growh scenario’s characeriscs are described in

Table 3. The load projecons combine esmaes o oday’s

daa cener power usage wih assessmens o poenal

uure echnological advances and compuaonal demands.

I is essenal o undersand ha while hese scenarios are

based upon he laes available daa and subjec-maer

exper (SME) insighs, he acors aecng hem—such as

consumer demand, technological advancements, opera-

onal eciencies, and evolving indusry sandards—are

changing almos daily.

ENERGY EFFICIENCY, LOAD 
MANAGEMENT AND CLEAN 
ELECTRICITY SUPPLY
Wih he escalang demands o AI and daa cener opera-

ons, here is a crical need or new, innovave sraegies

that leverage advances in hardware, system monitoring,

compuaonal algorihms, clean elecriciy procuremen,

and operaonal exibiliy [49]. Key consideraons include:

• Energy eciency: Adop advanced cooling soluons,

power managemen sysems, and leverage eciency

advances in compuaonal and supporng hardware o

reduce overall elecriciy consumpon.

• Scalabiliy: Implemen modular designs and virual-

izaon echniques o ensure ha inrasrucure can

handle uure demands wihou disproporonae

increases in energy use.

• Carbon-ree energy (CFE) use: Transion o carbon-ree

elecriciy sources or daa cener operaons and low-

carbon echnologies or backup power o suppor daa

cener expansion wihou increasing carbon emissions

and make energy coss more cerain.

• Monioring and analycs: Ulize real-me monioring

ools o rack elecriciy consumpon, deec inecien-

cies, and opmize operaons.

• Research and developmen (R&D): Inves in innovaons

ha drive boh perormance and susainabiliy, such as

green energy sources or AI-driven opmizaon o work

load to meet latency, grid, environmental, and other

objecves.

The remainder o his secon discusses in more deail sra-

egies ha cover energy-ecien algorihms, hardware, and

cooling echnologies; scalabiliy and renewable energy use;

and monioring, analycs, and R&D.

Energy-Efficient Training Algorithms
The inial phases o AI algorihm developmen have been

heavily ocused on enhancing accuracy and augmenng

perormance capabilies. However, as he perormance o

he algorihms has increased and recognizing he expo-

nenal growh in compuaonal demands, he paradigm

is beginning o shif o also value he eciency o model

developmen. Recen sudies documen applicaons where

a sligh compromise on model accuracy has yielded sub-

sanal reducons in elecriciy consumpon [7, 18, 43, 50].

The echniques ulized include:

• Pruning: This echnique aims o reduce or eliminae

unnecessary elemens in neural neworks, hereby

mainaining robus perormance while reducing com-

puaonal complexiy [43, 51].

• Quanzaon: This mehod reduces he numerical preci-

sion o compuaons, eecvely conserving elecriciy

wihou compromising signicanly on accuracy [14,

51].

• Knowledge disllaon: This approach involves devel-

oping a smaller, more manageable model ha mirrors

he unconalies o a larger, more inricae srucure,

reducing compuaonal requiremens [14, 51].

Table 3. Forecased load projecons: Parameers of power consumpon in each of he four U.S. daa cener scenarios, 2022-2030 [4, 8, 9]

COMPOSITION OF GROWTH SCENARIOS (2023—2030)

GROWTH SCENARIO CAGR (%)
AVERAGE 2023 DATA
CENTER LOAD (MWH)

AVERAGE PROJECTED
LOAD, 2030 (MWH)

CHANGE IN GROWTH
(Δ)

Higher Growh 15% 152,120,846 403,906,136 166%

High Growh 10% 152,120,846 296,440,493 95%

Moderae Growh 5% 152,120,846 214,049,306 41%

Low Growh 3.7% 152,120,846 196,305,818 29%
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Energy-Efficient Hardware
Compuaonal hardware is becoming more ecien,

venuring beyond general-purpose cenral processing unis

(CPUs) o embrace an array o specialized hardware. These

hardware varians are cusomized or specic asks, sream-

lining power usage, and enhancing overall eciency. This

specialized hardware includes:

• Tensor processing unis (TPUs): Specically designed

o expedie machine learning (ML) asks, hese unis

provide pronounced perormance and energy eciency

enhancemens [11, 18]. For example, Google’s Cloud

TPUv4 showed no only a 10-mes leap orward in ML

sysem perormance over TPUv3, bu i also boosed

energy eciency by 2–3% compared o conemporary

ML daa srucures and algorihms [52].

• Field-programmable gae arrays (FPGAs): Recognized

or heir versaliy as non-hard eched processors,

FPGAs can be reprogrammed or specic asks, provid-

ing improved performance and lower per-unit energy

consumpon [11, 28]. Though savings are ask-depen-

den, FPGAs have shown reducons in memory and

bandwidh usage as much as 75% when compared o

radional CPUs and graphics processing unis (GPUs)

[28, 53, 54].

• Power capping: Some processing chips, such as GPUs,

can operae a reduced power levels. For example hey

can reduce direc power consumpon by 10% while

also reducing cooling needs.

Energy-Efficient Cooling Technologies
Hea is a byproduc o compuaon, and radional cooling

mehods are energy-inensive, composing around 35% o

daa cener elecriciy use. However, innovave soluons

are emerging, some of which include:

• Liquid cooling: Ulizing liquids o absorb and dissipae

hea can use less elecriciy han radional air-cooling

sysems [18, 50]. A recen sudy, which examined he

shif rom 100% air cooling o a combinaon o 25% air

cooling and 75% liquid cooling, highlighed he ecien-

cy gains—leading o a noable decrease in PUE—rom

ransioning o hybrid cooling sysems in daa ceners.

The sudy observed a 27% reducon in aciliy power

consumpon and a 15.5% decrease in overall energy

usage across he daa cener sie [55]. Table 4 shows

an overview o various innovave cooling echnologies

currenly being adoped or considered in daa ceners,

highlighng vendor-repored echnology-readiness

level (TRL) and energy-saving esmaes [56, 57, 58, 59,

60, 61].

• Economizer use: An economizer can evaluae ouside

emperaure and humidiy, and use exerior air o help

cool data center infrastructure when appropriate,

minimizing reliance on mechanical cooling mehods

and leading o signican elecriciy savings [18, 62].

A 2015 sudy ound ha air-side economizers yielded

cooling coil load savings o 76–99% in comparison o

convenonal cooling sysems in daa ceners; and he

oal cooling energy savings o he economizers ranged

rom 47.5%–67.2% [62].

Table 4. Emerging cooling echnologies wih vendor-repored TRLs and energy savings [56, 57, 58, 59, 60, 61]

EMERGING COOLING TECHNOLOGIES

TECHNOLOGY
TECHNOLOGY-

READINESS LEVEL (TRL) CLAIMED EFFICIENCY DIFFERENTIAL (%)

Air-Assised Liquid Cooling 9 This echnology oers up o a 50% reducon in energy usage
compared o radional air cooling, wih he poenal o reach a
PUE o less han 1.1 [56].

Immersion Cooling 8 Immersion cooling promises subsanal energy savings rom
50–95% compared o radional air-cooling mehods [57, 58].

Microconvecve Liquid
Cooling

6 This emerging echnology proposes an 18% energy saving and a PUE
o 1.02, alongside a 90% reducon in waer usage compared o
oher liquid sysems, indicang is poenal or more susainable
operaon [59].

Radiave Cooling 6 This soluon oers 50–70% energy savings, wih he benes o
zero waer use and low mainenance [60].

Two-Phase Liquid
Immersion Cooling

7 This echnology claims a 41% energy saving compared o air cooling,
nong is waer conservaon and space-saving benes [61].
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• Hea reuse: Hea generaed by compuaon can be

used or various applicaons such as heang adjacen

buildings, parcularly in cold climaes, hereby reduc-

ing overall energy usage [18, 42, 63]. Since 2016, Ama-

zon’s 1.1 million-square-oo Doppler building has been

esmaed o recover 3200 MWh o excess hea rom a

nearby daa cener; his is projeced o connue over

he nex 25 years. This hea, which would oherwise

have been wased and would have required cooling

equipmen, is redireced hrough he disric’s energy

sysem, demonsrang an energy-ecien approach o

energy reulizaon [25].

Scalable Clean Energy Use
As digial services prolierae and demand or compua-

onal power inensies, scalable clean energy supplies are

important to avoid increases in greenhouse gas emissions

[64]. Corporae commimens o acquire carbon-ree elec-

riciy on an annual or hourly-mached basis are emerging

and can play a signican role in reducing daa cener emis-

sions impacs. These include:

• Clean elecriciy procuremen rom he grid and clean

onsie generaon: Daa cener owners have been

insrumenal in driving he corporae shif owards con-

racng or renewable energy o provide heir power

needs. In 2021, Apple, Google, Mea, and Microsof

mached heir operaonal elecriciy consumpon,

predominanly rom daa ceners, on an annual basis

wih he purchase or generaon o renewable elecric-

iy—2800 MWh, 18,300 MWh, 9400 MWh, and 13,000

MWh respecvely [55, 56, 57, 58]. Meanwhile, Ama-

zon’s operaons consumed 30,900 MWh, 85% o which

was mached on an annual basis by generaon rom re-

newable sources, and he company aims o reach 100%

renewable energy by 2025 [25, 16, 41]. Moreover, a

growing number o organizaons are working owards

24/7 CFE, which enails maching heir elecriciy de-

mand wih carbon-ree sources in he same region on

an hourly basis. This hourly maching will require ex-

ible echnologies such as baeries ha can shif solar

or wind oupu o mes when hey are needed as well

as rm clean capaciy such as nuclear, ossil plans wih

carbon capure and sorage, or geohermal, ha ypi-

cally operae around he clock. Spurring deploymen o

exible and clean rm asses can help speed he pah

o a ne-zero power secor [42, 44].

• Cleaner onsie backup power sysems: Backup power

sysems a mos exisng daa ceners ypically operae

for less than 100 hours annually when the grid or pri-

mary power supply are unavailable. Accordingly, hey

consue only a small poron o a daa cener’s envi-

ronmenal ooprin. Shifing rom he mos common

backup echnology, diesel generaors, o lower-emitng

alernaves, like baery energy sorage sysems (BESS)

or cleaner uels—such as renewable naural gas, bio-

diesel, or clean hydrogen or ammonia, especially when

he laer are inegraed wih uel cells—can reduce

backup GHG emissions and, in some insances, allow

more requen operaon o hese resources, crea-

ing he poenal or hem o serve as a grid resource

when/i needed [9, 42].

• Clean onsie or nearby echnologies such as nuclear

generaon or renewable generaon coupled wih long-

duraon energy sorage ha can mach he growing

size o daa ceners: Wih currenly proposed daa cen-

ers reaching 1 GW or more a a single sie, he scale o

power demand is escalang rapidly. In he near erm,

uprang, relicensing, or resarng exisng nuclear

plans near daa ceners could provide one soluon.

Amazon’s purchase o a daa cener in Pennsylvania co-

locaed wih a Talen nuclear power plan provides one

example o ulizing exisng nuclear. Looking orward,

small modular reacors (SMRs) oer a scalable power

soluon ha can grow wih he demands o a daa cen-

er. Companies such as NuScale are exploring scalable

capacies o 250–600MW or SMRs [9, 42]. Sandard

Power has chosen NuScale’s SMR echnology o power

wo acilies i plans o develop, one in Ohio and he

oher in Pennsylvania [69].

Monitoring and Analytics
Advances in monioring and analycs o power consump-

on play a crucial role in realizing operaonal savings in

daa ceners. These processes enable precise racking o

energy usage, idencaon o ineciencies, and implemen-

aon o advanced echnologies, hus driving cos reducon

and enhancing overall eciency:

• Ecien server managemen: Tradionally, daa ceners

have grappled wih up o 30% server underulizaon,

where servers consume energy bu don’ ully ulize

heir compuaonal capabilies. However, wih he

adopon o innovaons like advanced scheduling and

dynamic resource allocaon, some companies are

aiming o reduce underulizaon raes o below 10%

wihin he nex ve years [18, 40, 63, 70]. In addion,

he implemenaon o virualizaon and conaineriza-
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on can enhance server eciency signicanly, po-

enally increasing server capaciy ulizaon by 45%

by having a single physical server handle more work-

loads hrough virual or conainerized environmens.

I successul, his is esmaed o reduce he number

o physical servers needed, leading o abou 20% less

energy consumpon per uni o compuaon over he

nex decade [15, 33, 42].

• Flexible compuaon sraegies: Opmizing daa cener

compuaon and geographic locaon o respond o

elecriciy supply condions, elecriciy carbon inen-

siy, and oher acors in addion o minimizing laency

enables daa ceners o acvely adjus heir elecriciy

consumpon [71]. For example, some could achieve

signican cos savings—as much as 15%—by opmiz-

ing compuaon o capialize on lower elecric raes

during o-peak hours, reducing srain on he grid dur-

ing high-demand periods [38, 72]. Wih echnological

and regulatory advances, these strategies could evolve

o incorporae real-me energy marke dynamics en-

abling daa ceners o no only adjus heir operaons

based on grid demands bu also acvely parcipae in

energy markes o opmize heir benes and suppor

grid sabiliy.

Reducing Data Centers’ Environmental 
Footprint
The previous secons ocus on acons ha daa cener

owners and operaors are acvely pursuing o diminish

heir carbon ooprin, ocusing primarily on onsie direc

emissions such as rom onsie generaon (Scope 1 emis-

sions) and emissions associaed wih he purchase o

elecriciy (Scope 2 emissions) [64]. These sraegies involve

reducing heir elecriciy needs hrough he adopon o ad-

vanced compuaon, cooling, and operaonal echnologies,

shifing oward cleaner onsie backup power, and moving

towards various strategies for matching their hourly loads

wih carbon-ree elecriciy [73]. Several o he hyperscale

companies have fully matched their annual power purchas-

es wih carbon-ree elecriciy on an annual basis and are

moving orward on hourly maching. Progress is slower on

shifing o cleaner backup power (alhough his, as noed

earlier, represens only a small racon o heir environ-

menal ooprin).

In recen years, some companies have aken he addional

sep o quanying and setng reducon arges or heir

(Scope 3) indirec emissions, which include emissions asso-

ciaed wih supply chains and end-user services [7, 44, 66].

Key acons include sourcing maerials rom environmen-

ally responsible vendors, minimizing he carbon ooprin

associaed wih ransporaon and logiscs, and ensuring

that the lifecycle of data center components is managed

susainably, rom manuacuring o end-o-lie disposal and

recycling [42, 74, 75].

ACTIONS TO SUPPORT RAPID DATA 
CENTER EXPANSION
Data centers are one of the fastest growing industries

worldwide. These acilies—and advanced cloud compu-

ing and AI echnologies ha are prolierang and driving

urher growh—represen large poin loads and are a

he leading edge o an ancipaed global rise in elecriciy

demand driven by ecien elecricaon and producon o

low-carbon uels.

In the United States, data center power demand growth,

coupled wih increasing elecriciy demands rom EVs,

hea pumps, elecricaon in indusry, and he onshoring

o manuacuring incenvized by he CHIPS Ac, Inaon

Reducon Ac (IRA), and Inrasrucure Invesmen and Jobs

Ac (IIJA), is placing boh immediae and susained pressure

on he elecric grid o accommodae new loads.

Clusers o new, large poin loads creae several challenges.

Daa ceners’ speed rom breaking ground o operaon—

ofen wihin wo or hree years—requiremens or highly

reliable power, and requess or power generaed by new,

non-emitng generaon sources can creae local and re-

gional elecric supply challenges and es he abiliy o elec-

ric companies o keep pace. The mos serious challenges

o daa cener expansion are local and resul rom he scale

of the centers themselves and mismatches in infrastructure

ming.

EPRI highlighs hree essenal sraegies o suppor rapid

daa cener expansion. These sraegies, each o which is

explained below, emphasize increased collaboraon be-

tween data center developers and electric companies and

are:

• Improve daa cener operaonal eciency and ex-

ibiliy

• Increase collaboraon hrough a shared energy econo-

my model or susainable daa ceners

• Beer ancipae uure poin load growh hrough

improved orecasng and modeling
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Improve Data Center Operational 
Efficiency and Flexibility
Over he pas decade, economy-wide elecriciy demand in

he Unied Saes has remained relavely a in large par

due o enhanced energy eciency, which has ose poen-

al increases driven by economic expansion and populaon

growh. Specic o daa ceners, power demands rom rapid

expansion in compuaon, communicaon, and daa sor-

age were largely ose by eciency gains or over a decade.

This is largely due o echnological advancemens in com-

puaon, improved cooling sysems, sophiscaed energy

management strategies, and the replacement of many

small daa ceners wih more ecien cloud daa ceners.

However, since around 2018, eciency gains have slowed,

daa cener expansion acceleraed (in par due o liesyle

changes caused by he pandemic), and AI has prolieraed,

leading o an increase in daa cener power consumpon.

Meeng he increasing elecriciy demands o AI and daa

ceners while liming he growh o CO
2
emissions neces-

sitates a comprehensive strategy that intertwines techno-

logical advancemens ha improve eciency wih power

purchase and producon sraegies ha avor low-carbon

resources and ha increase boh emporal and spaal ex-

ibiliy o link inense operaon periods o he availabiliy o

low-cos, low-carbon generaon.

Compuaonal eciency gains require invesng in he nex

generaon o energy-ecien processors and server archi-

ecures and enhancing AI raining algorihms or greaer

compuaonal eciency. From an archiecural viewpoin,

virualizaon sands ou, wih is capabiliy o run mulple

virual machines on one physical server, poenally cu-

ng hardware needs by 30–40% wih consequen elecric-

iy savings [9, 75]. Implemenaons like sofware-dened

inrasrucure (SDI) oer dynamic resource allocaon in

real me, poenally increasing allocaon eciency by

30%, poenally increasing spaal exibiliy in compuaon

loads. Hybrid cloud soluons provide a balance beween

on-premises infrastructure and shared cloud services,

poenally providing locaonal exibiliy by reducing onsie

requiremens by 25% during peak periods.

In addion, connued gains in daa cener inrasrucure

eciency can be achieved hrough more eecve cooling

echnologies, adopng energy managemen sysems ha

leverage AI or opmized power usage, and setng sringen

indusry arges or energy consumpon. Connuous moni-

oring and analycs can help daa ceners beer ancipae

and reac o dynamic energy needs, ensuring opmal

operaonal eciency and rapid adapabiliy [42, 50, 78].

Embedding real-me monioring ools wihin AI and daa

center ecosystems can facilitate immediate insights into

ucuaons in elecriciy usage. Pilo projecs o explore

and validae novel energy conservaon mehods, which

documen and disseminae ndings broadly, can accelerae

adopon o proven susainable sraegies [10, 70].

Increase Collaboration through a 
Shared Energy Economy Model for 
Sustainable Data Centers
Elecric companies are challenged as hey mus mee he

increasing and uncertain load from data centers while also

ensuring reliabiliy, aordabiliy, and susainabiliy or all

cusomers. Developing a deeper undersanding o daa cen-

er power needs, ming, and poenal exibilies—while

assessing how hey mach available elecric supplies and

delivery consrains—can creae workable soluons or all.

EPRI, in collaboraon wih major daa cener builders/oper-

aors/owners and he elecric companies ha power hese

acilies, is exploring susainable approaches o powering

he growing wave o AI daa ceners. Enabled by echnol-

ogy and supporng policies, daa cener backup generaors,

powered by clean uels, could suppor a more reliable grid

while reducing he cos o daa cener operaon. Shifing

he daa cener-grid relaonship rom he curren “passive

load” model o a collaborave “shared energy economy”—

with grid resources powering data centers and data center

backup resources conribung o grid reliabiliy and exibil-

iy—could no only help elecric companies conend wih

he explosive growh o AI bu also conribue o aordabil-

iy and reliabiliy or all elecriciy users.

This new paradigm o collaboraon beween daa ceners

and electric companies, which transforms data centers from

passive consumers o acve parcipans in mainaining he

grid, is crucial for ensuring electric companies are prepared

or he explosive growh o AI. Under his model, daa cen-

ers move rom being a burden on he grid—acng as pas-

sive loads demanding specic power levels wihin dened

merames and a aordable raes—o becoming parners

in a susainable uure, serving as a grid reliabiliy resource.

The goal is he complee inegraon o grid and daa cen-

er power resources. Clean power generaors co-locaed

wih daa ceners ac as boh grid and daa cener power

sources. During grid ouages, hese resources can seamless-

ly form a microgrid to provide uninterrupted power to data
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ceners, eliminang he need and cos o sandard diesel

backup generaors.

More research is needed into how data centers and electric

grids can collaborae in a shared energy economy model, as

well as he benes and challenges o doing so. Focusing on

U.S. AI raining daa ceners using backup generaors pow-

ered by clean uels, EPRI suggess a sudy o he economic,

environmenal, social, and echnological implicaons o his

shared energy economy model compared to other, more

radional models. The resuls o his sudy could provide

suggesons and guidelines or daa ceners and elecric

grids to adopt and implement the shared energy economy

model, or pars o i, in heir operaons and planning.

Better Anticipate Future Point Load 
Growth through Improved Forecasting 
and Modeling
The lead me or consrucng and bringing a large daa

center online is around two to three years, while adding

new elecric inrasrucure (generaon, ransmission, sub-

saons) can ake our or many more years. This highlighs

he need or beer orecasng and decision ools o anci-

pae where and when daa cener connecon requess may

appear and characerizing he operaonal characeriscs o

ha load, especially as he size o inerconnecon requess

grow rom hundreds oMW o housands oMW.

In he curren environmen, elecriciy companies are ofen

receiving mulple requess or he same projec rom he

owner and rom developers rying o suppor he owner.

Also, a single daa cener projec may seek inerconnec-

on inormaon in mulple locaons. And he ramp up o

ull power demand and operaonal characeriscs on he

data centers can vary widely, depending upon their func-

on (e.g., cloud, AI raining, AI inerence). Thereore, new

approaches are needed no only o projec where load will

grow, bu also is operaonal characeriscs and opporuni-

es or exible operaon.

EPRI’s Load Forecasng Iniave (hps://msies.epri.com/

l), iniaed in lae 2023, has research acvies underway

o help address some o hese key unceraines.
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Regional Differences in Data Center Capacities by Metropolitan Area
Daa cener developmen is heavily clusered in a ew counes/cies across he counry raher han evenly spread wihin

saes, exacerbang power delivery challenges. Figure A16 provides a snapshot for leading metropolitan areas of current

daa cener capaciy (measured in MW); addional capaciy under developmen; absorpon raes, reecng he percenage

o capaciy leased by cusomers over a specic period o me; and vacancy raes, indicang unulized space wihin hese

daa ceners.

Norhern Virginia is he clear leader in erms o curren capaciy and curren consrucon. Oher regions, such as Dallas-F.

Worh, Silicon Valley, Chicago, New York Tri-Sae, and Alana, highligh curren consrucon acviy ha is projeced o

lead o a 50% or more increase in power demands. [29].

Figure A16. Daa cener developmen: Key U.S. regions (2022)
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Projections of Potential Power Consumption for 44 States
Table A1 presens a deailed view o he energy consumpon rom daa ceners in each o he 44 saes ha had signican

daa cener load in 2023 and conrass i wih projecons or 2030. These projecons are caegorized ino hree scenarios:

low growh, moderae growh, high growh, and higher growh [1, 2, 4, 8, 14].

Table A1. Projecons o 2030 of poenal power consumpon for saes wih signican daa cener load in 2023 [4, 8, 9]

FORECASTED SCENARIOS: PROJECTIONS OF POTENTIAL POWER CONSUMPTION BY STATE (2023–2030)

STATE

2023 Load

Low-growh

Scenario (3.71%)

Moderate-growth

Scenario (5%)

High-growh

Scenario (10%)

Higher-growh

Scenario (15%)

MWh/y

% o To-

tal State

Elecric-

iy Con-

sumed

(%EC) MWh/y

% o To-

tal State

Elecric-

iy Con-

sumed

(%EC) MWh/y

% o To-

tal State

Elecric-

iy Con-

sumed

(%EC) MWh/y

% o To-

tal State

Elecric-

iy Con-

sumed

(%EC) MWh/y

% o To-

tal State

Elecric-

iy Con-

sumed

(%EC)

Alabama 1,489,200 1.71% 1,921,753 2.05% 2,095,454 2.23% 2,902,030 3.07% 3,954,074 4.13%

Arizona 6,253,268 7.43% 8,069,590 8.81% 8,798,975 9.53% 12,185,850 12.73% 16,603,465 16.58%

Caliornia 9,331,619 3.70% 12,042,078 4.43% 13,130,525 4.81% 18,184,686 6.54% 24,777,000 8.70%

Colorado 1,509,640 2.66% 1,948,130 3.18% 2,124,215 3.46% 2,941,861 4.73% 4,008,345 6.34%

Conneccu 262,800 0.95% 339,133 1.14% 369,786 1.24% 512,123 1.71% 697,778 2.31%

Florida 1,384,080 0.56% 1,786,099 0.67% 1,947,540 0.73% 2,697,180 1.01% 3,674,963 1.37%

Georgia 6,175,391 4.26% 7,969,093 5.08% 8,689,396 5.51% 12,034,090 7.48% 16,396,690 9.92%

Hawaii 8,760 0.10% 11,304 0.12% 12,326 0.13% 17,071 0.18% 23,259 0.24%

Idaho 148,920 0.57% 192,175 0.68% 209,545 0.74% 290,203 1.03% 395,407 1.40%

Illinois 7,450,176 5.48% 9,614,151 6.53% 10,483,145 7.08% 14,518,285 9.54% 19,781,455 12.56%

Indiana 192,720 0.19% 248,697 0.23% 271,176 0.25% 375,557 0.35% 511,704 0.48%

Iowa 6,193,320 11.43% 7,992,230 13.44% 8,714,623 14.48% 12,069,029 18.99% 16,444,294 24.21%

Kansas 8,760 0.02% 11,304 0.03% 12,326 0.03% 17,071 0.04% 23,259 0.05%

Kenucky 1,620,600 2.15% 2,091,319 2.58% 2,280,347 2.80% 3,158,091 3.84% 4,302,962 5.16%

Louisiana 78,840 0.08% 101,740 0.10% 110,936 0.11% 153,637 0.15% 209,333 0.20%

Maine 26,280 0.22% 33,913 0.27% 36,979 0.29% 51,212 0.40% 69,778 0.55%

Maryland 96,360 0.16% 124,349 0.19% 135,588 0.21% 187,778 0.29% 255,852 0.40%

Massachuses 1,062,369 2.08% 1,370,944 2.50% 1,494,860 2.72% 2,070,257 3.72% 2,820,766 5.01%

Michigan 525,600 0.52% 678,266 0.63% 739,572 0.68% 1,024,246 0.95% 1,395,555 1.28%

Minnesota 824,316 1.24% 1,063,747 1.49% 1,159,895 1.62% 1,606,359 2.23% 2,188,696 3.01%

Missouri 972,360 1.21% 1,254,791 1.45% 1,368,208 1.58% 1,894,855 2.18% 2,581,777 2.95%

Montana 578,160 3.71% 746,092 4.43% 813,529 4.81% 1,126,670 6.54% 1,535,111 8.71%

Nebraska 3,959,520 11.70% 5,109,601 13.75% 5,571,442 14.81% 7,715,984 19.41% 10,513,184 24.71%

Nevada 3,416,707 8.69% 4,409,122 10.28% 4,807,649 11.10% 6,658,195 14.75% 9,071,924 19.07%

New Hampshire 17,520 0.16% 22,609 0.19% 24,652 0.21% 34,142 0.29% 46,519 0.40%

New Jersey 4,038,360 5.42% 5,211,341 6.46% 5,682,378 7.00% 7,869,621 9.44% 10,722,517 12.44%

New Mexico 402,960 1.48% 520,004 1.78% 567,005 1.94% 785,255 2.66% 1,069,926 3.60%

New York 4,067,385 2.84% 5,248,796 3.40% 5,723,219 3.69% 7,926,182 5.05% 10,799,583 6.75%

Norh Carolina 2,672,676 1.92% 3,448,981 2.30% 3,760,724 2.50% 5,208,289 3.44% 7,096,399 4.62%

Norh Dakoa 3,915,720 15.42% 5,053,079 18.00% 5,509,811 19.31% 7,630,631 24.89% 10,396,888 31.11%

Ohio 2,363,886 1.58% 3,050,500 1.90% 3,326,225 2.07% 4,606,545 2.84% 6,276,510 3.83%

Oklahoma 1,226,400 1.76% 1,582,620 2.12% 1,725,668 2.30% 2,389,907 3.16% 3,256,296 4.26%
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FORECASTED SCENARIOS: PROJECTIONS OF POTENTIAL POWER CONSUMPTION BY STATE (2023–2030)

STATE

2023 Load

Low-growh

Scenario (3.71%)

Moderate-growth

Scenario (5%)

High-growh

Scenario (10%)

Higher-growh

Scenario (15%)

MWh/y

% o To-

tal State

Elecric-

iy Con-

sumed

(%EC) MWh/y

% o To-

tal State

Elecric-

iy Con-

sumed

(%EC) MWh/y

% o To-

tal State

Elecric-

iy Con-

sumed

(%EC) MWh/y

% o To-

tal State

Elecric-

iy Con-

sumed

(%EC) MWh/y

% o To-

tal State

Elecric-

iy Con-

sumed

(%EC)

Oregon 6,413,663 11.39% 8,276,574 13.39% 9,024,668 14.43% 12,498,415 18.93% 17,029,342 24.14%

Pennsylvania 4,590,240 3.16% 5,923,520 3.78% 6,458,929 4.11% 8,945,079 5.61% 12,187,850 7.49%

Rhode Island 17,520 0.23% 22,609 0.28% 24,652 0.30% 34,142 0.42% 46,519 0.57%

Souh Carolina 2,023,560 2.45% 2,611,323 2.93% 2,847,352 3.18% 3,943,346 4.36% 5,372,888 5.84%

Souh Dakoa 70,080 0.52% 90,435 0.63% 98,610 0.68% 136,566 0.94% 186,074 1.28%

Tennessee 1,327,140 1.30% 1,712,621 1.56% 1,867,419 1.70% 2,586,220 2.34% 3,523,777 3.16%

Texas 21,813,159 4.59% 28,149,002 5.47% 30,693,306 5.94% 42,507,676 8.04% 57,917,564 10.64%

Utah 2,562,037 7.68% 3,306,206 9.10% 3,605,044 9.84% 4,992,686 13.13% 6,802,635 17.08%

Virginia 33,851,122 25.59% 43,683,508 29.28% 47,631,928 31.10% 65,966,260 38.47% 89,880,357 46.00%

Washington 5,171,612 5.69% 6,673,757 6.77% 7,276,977 7.34% 10,078,009 9.88% 13,731,490 13.00%

Wisconsin 148,920 0.21% 192,175 0.26% 209,545 0.28% 290,203 0.39% 395,407 0.53%

Wyoming 1,857,120 11.26% 2,396,538 13.24% 2,613,154 14.27% 3,619,002 18.73% 4,930,962 23.90%

APPENDIX B: INSIGHTS INTO THE ENERGY USE OF AI MODELS
To beer appreciae how AI uses such enormous amouns o elecriciy, i can be useul o undersand more abou AI mod-

els and how hey work. AI models are ypically divided ino hree ypes:

• Process auomaon and opmizaon (PAO), which ocuses on sreamlining and enhancing operaons

• Predicve analycs (PA), which deals wih orecasng rends and paerns

• Naural language processing (NLP), which inerpres and generaes human language

Moreover, machine learning (ML), a subse o AI, employs sascal mehods o enable machines o improve a asks wih

experience. Deep learning (DL), a urher subse oML, involves neural neworks wih mulple layers ha auonomously

learn rom vas amouns o daa. ML and DL have evolved signicanly, wih indusrial applicaons overaking academic

conribuons in recen years. Indusry’s edge sems rom is vas daa access, advanced compung capacies, and robus

nancial backing, posioning i above academia and nonpro secors in his subse o he AI domain. ML’s broad capabili-

es enable advancemens in PAO, PA, and NLP models, while DL’s complex neural neworks urher rene hese applicaons

[81, 82].

Each AI model ype has disnc energy implicaons due o is unique compuaonal requiremens. Undersanding hese

disncons is essenal or assessing he broader energy impac o AI’s spread. Table B1 provides a comparave analysis o

various AI models’ energy consumpon and key characeriscs, oering a view o heir energy ooprins and heir compua-

onal complexiy [44, 51, 57, 63, 84, 85, 86, 87, 88].
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Table B1. Comparave analysis of AI model load consumpon and characeriscs [44, 51, 57, 63, 84, 85, 86, 87, 88]

LOAD CONSUMPTION: BY SPECIFIC AI MODEL

MODEL NAME AI TYPE YEAR
TRAINING
(DAYS)

CONSUMPTION
(MWH) MODEL DESCRIPTION

T5 PA 2019 ~20 85.7 A versale model rained o conver ex
inpus ino ex oupus, suiable or various
asks like ranslaon and summarizaon.

Meena NLP 2019 ~30 232 A chabo model developed by Google
designed o engage in conversaons and
undersand conex more naurally.

Evolved
Transormer

PAO 2019 ~7 7.5 A machine learning model designed using
neural architecture search for improved
perormance on asks.

Switch
Transormer

PAO 2020 ~27 179 A varian o he Transormer model
designed o handle a large number o
parameers more ecienly by dynamically
roung acvaons o a subse o expers.

GShard-600B PAO 2020 ~3 24.1 Google’s model opmized or large-scale
mulask raining, aiding in handling vas
amouns o parameers.

ChaGPT-3 NLP 2021 ~34 1,287 A sae-o-he-ar language model by
OpenAI known or generang coheren and
conexually relevan senences over long
passages.

BERT PA 2021 ~6 2.8 A model ha undersands he conex o
words in a senence by analyzing hem in
boh direcons (lef-o-righ and righ-o-
lef), widely used in senmen analysis and
oher predicon asks.

Gopher NLP 2022 ~23 1,066 Large language models on many asks,
parcularly answering quesons abou
specialized subjecs like science and he
humanies, such as logical reasoning and
mahemacs.

BLOOM PA 2022 ~117 433 Mullingual and open source, he Bloom
model, which has emerged from the
BigScience parcipaory projec, aims o
help advance research work on large
language models

ChaGPT-4 NLP 2023 ~100 62,318.8 An advanced version o OpenAI’s ChaGPT
series, designed for more nuanced and
conex-aware language generaon.

OPT-175B NLP 2023 ~33 324 A sae-o-he-ar language model by Mea
known or generang coheren and
conexually relevan senences over long
passages.
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