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Computer hardware continues to deliver improvements in energy-efficiency
year-over-year at an incredible pace. Performing a billion floating point
operations today takes less than 10% of the energy the same computation
would take just 10 years ago. Yet, somewhat paradoxically, the total amount
of energy spent on computation has never been larger. This “rebound ef-
fect”, where improvements in efficiency and increased overall resource con-
sumption interrelate, is not unique to computing and was first observed by
economists as Jevons Paradox when trying to understand the rising demand
for coal in the 1800s.While this connection is familiar to many as an intuition,
in this paper we establish the relationship concretely and quantitatively. In
addition to providing new ways of understanding and visualizing the role
of an “energy elasticity” at play here, we explore this directly through an
analysis of two different power-intensive computing workloads over time:
GPUs for AI model training and ASICs for cryptocurrency mining. In the
end, we find that 10% improvements in energy efficiency are correlated
with 76.8% and 21.9% increases in energy demand respectively for AI model
training and cryptocurrency mining. If current exponential trends were
to somehow continue despite the physical and economic limits of energy
supply, fabrication capacity, and capital investment, by 2035 the carbon
emissions resulting from training the largest AI model alone could surpass
the total carbon emissions of the entire USA in 2024.

CCS Concepts: •Hardware→Power and energy; •Computingmethod-
ologies→ Artificial intelligence; • Applied computing→ Economics.

Additional Key Words and Phrases: Energy Efficiency, Carbon Footprint

1 Introduction
Reducing the energy consumption of computer systems has long
been a fundamental research objective for computer architects and
system designers, focusing on innovative hardware designs, more
efficient semiconductor materials, advanced cooling techniques, and
algorithmic and software optimizations. However, despite contin-
uous improvements in energy efficiency, the overall demand for
computation seems to continually outpace those improvements re-
sulting in a net increase in total energy consumption. This phenom-
enon closely mirrors “Jevons Paradox” (also known as the rebound
effect), which posits that technological improvements increasing the
efficiency of utilization of a resource often lead to increased, rather
than decreased, total resource consumption [1, 10]. While rebound
effects have been mathematically explored in other domains (e.g.,
transport [19], energy sectors [15]), existing discussions of rebound
effects in computing [5, 12, 16] are largely qualitative or specifi-
cally focus on how hardware or algorithm driven energy efficiency
gains reduce environmental impacts of specific technologies. These
analyses do not explore how energy efficiency interacts with rising
computational demand, how cost of compute and energy are linked,
and how these dynamics translate into environmental impacts. As
such, assessing the environmental footprint of individual computing
systems alone is insufficient. As computer scientists we would be
well served by better understanding how efficiency improvements
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are subject to the market forces that drive wider deployment and
result in broader environmental impact [5, 11].
In this paper, we seek to establish a precise and concrete mathe-

matical relationship between rising computational demand and its
corresponding energy consumption, and further the carbon emis-
sions resulting from this energy consumption, grounded in well
understood economic theory. The challenge in directly applying the
textbook understanding of the rebound effect is it requires many
assumptions about revenue, pricing, utility, and more. In the case
of energy efficiency and total carbon, we have a set of variables
that are not unrelated to these, but are also not directly equivalent
either. We start by briefly reviewing the fundamentals of elasticity
of demand and the dynamical relationships that lead to the rebound
effect (Section 2). From there we can establish the connections to
energy and carbon more concretely (Sections 2.1, 2.2). As long as the
relationship between the revenue-per-unit and the energy-per-unit
of compute is smooth, our approximations should be sound. When
these relationships are also both constant over time and revenue
is directly proportional to the energy invested, a clear power law
emerges. In addition to describing this phenomenon analytically,
we examine this relationship quantitatively through case studies
(Section 3) in two different highly energy intensive domains: AI
model training and cryptocurrency mining. Of course when dealing
with such models there are many assumptions to be made, and we
attempt to lay those assumptions out clearly and explore differ-
ent options when they exist (e.g. the impact of renewable energy
sources). Making additional assumptions about how these relation-
ships play out over time (e.g. assuming continued hardware scaling
is available), one can project forward as these power laws drive
exponential increments in both energy consumption and carbon
footprint (Section 4).

2 Elasticity of Computational Demand
The rebound effect, first observed in 1865 by William Jevons in the
context of coal consumption in steam engines [1, 10], is closely tied
to the economic concept of price elasticity of demand [13], which
quantifies how sensitive the quantity demanded of a product is to
changes in its price, expressed as the percentage change in quantity
demanded relative to the percentage change in price. The quantity
of a product sold is dependent on its price. As such, given a quantity
Q(P) of a particular product sold at price P per product, the price

elasticity of demand, ϵ is expressed as: ϵ =
∂Q
Q (P )
∂P
P
= P

Q (P )
∂Q
∂P . Note

that, selling quantityQ(P) of a product at price P generates revenue
R(P), that is, R(P) = P ·Q(P). Further, driven by consumer behavior
and diminishing marginal utility, the law of demand states that all
else being equal, as the price of a product decreases, the quantity
demanded increases, and vice versa, that is, ∂Q

∂P < 0 ⇐⇒ ∂P
∂Q < 0.

Since both price and quantity are always positive numbers, and
the change in quantity with respect to changes in price is always
negative, the price elasticity of demand ϵ is also always negative.
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Economists characterize demand responses as inelastic, elastic, or
unit elastic. Inelastic demand occurs when the quantity demanded
remains relatively stable despite shifts in price, or |ϵ | < 1. In this
case, a dollar saved due to a decrease in the price of a product results
in less than a dollar being reinvested in buying more of the product,
so total expenditure declines even with more product sold. Unit
elasticity represents a balanced state where percentage changes in
price lead to equivalent changes in quantity demanded, reflected
by |ϵ | = 1. A dollar saved is fully reinvested in purchasing more of
the same product, keeping the total expenditure constant. Elastic
demand occurs when the total expenditure actually grows with
price cuts or |ϵ | > 1. This is the rebound effect, where a dollar saved
in price leads to more than a dollar of additional demand.

2.1 Computational Energy and the Rebound Effect
The total revenue generated from a datacenter scale computer is
practically impossible to model in accurate detail, especially given
how little detailed information is available publicly. However, in
order to investigate the relationship between revenue and computa-
tional demand, we need to assume that there exists some approxi-
mately smooth and continuous relationship between revenue and
the price per unit of compute. We make the assumption that the
price to execute one unit of compute comprises a base price and
then some multiple of the total energy expenditure associated with
performing the computation.
It is important to note that when we start to talk about the en-

ergy required to deliver some computation, it is natural to think
primarily about the operational energy associated with executing
the computation. However, here we mean energy in a more holistic
way that includes not only power consumption, power transmission
loss, cooling, etc., but also the capital energy expenditures required
to manufacture and integrate the systems running the computation.
We wrap all of this into a parameter η, that captures the energy
intensity of the computation (which is the energy expended per
unit of compute), and is inversely proportional to energy efficiency.
Given these assumptions, we can think about the price of delivering
a unit of compute as comprising a portion that is proportional to the
energy intensity η (which covers any operational or capital expense
that grows in direct proportion with the number of watts required)
and then some constant factor (capturing the components of price
that are not proportional to energy expended).

The price per unit of compute is a function of the energy intensity
of compute η weighed by some constant k1 and offset by some
constant base price k2, that is, P(η) = (k1 · η + k2). Since revenue
is simply the total price charged per unit of compute, in this case,
revenue is then a smooth and continuous function of price per
compute. The computational demand also depends on the price per
unit of compute, and as a result on the energy intensity of compute,
making it a function of energy intensity, or Q(P(η)) = Qc (η). Thus,
the total revenue generated by a datacenter scale computer can be
approximated as: R(P(η)) = P(η) ·Q(P(η)) = (k1 · η + k2) ·Qc (η).
We see that the revenue generated from a datacenter scale com-

puter varies in direct proportion to the total energy invested (or
consumed) to service the computational demand. The total energy

consumption E is dependent on the computational operations being
executed Qc (η) and their energy intensity η, as E(η) = η ·Qc (η).
From a market behavior standpoint, fluctuations in the price of

one unit of compute can impact the overall revenue to be gener-
ated from servicing the computational demand. To quantify this
variability, we take the derivative of revenue with respect to price
per compute. We find that this derivative is a function of the price
elasticity of demand (ϵ), which represents the percentage change in
computational demand (Qc (η)) with percentage change in price per
compute (P(η) = η ·k1 +k2) . Since price per compute P(η) is a func-
tion of energy intensity η, upon simplification, the price elasticity of
demand becomes the percentage change in computational demand
Qc (η) with respect to percentage change in the energy intensity
factor

(
η + k2

k1

)
, where the ratio k2

k1
has the dimensions of energy

per compute. The price elasticity of demand (ϵ) is:

ϵ =

(
η + k2

k1

)
∂η

· ∂Qc (η)
Qc (η)

(1)

We can establish the relationship between computational demand
and energy intensity of these computations, by integrating the price
elasticity of demand (Eq. (1)) while assuming constant elasticity.
However, in reality the price elasticity of demand for a product is
not necessarily constant and can vary across different price ranges
or under significant changes in market conditions. But if the product
is within its usual price range, elasticity tends to remain relatively
stable since the demand response shifts with price fluctuations in
a predictable manner. So, under the assumption that the price per
compute does not vary drastically and the price elasticity of demand
remains constant over the price range of interest, we can integrate
Eq. (1) to determine the relationship between computational de-
mand Qc (η) and the energy intensity factor

(
η + k2

k1

)
. Assuming

the constant of integration to be C = − logE0, where E0 is also a
constant, the integration yields:

log
(
η +

k2
k1

)
=

1
ϵ
· logQc (η) −

1
ϵ
· logE0

⇐⇒ Qc (η) = E0 ·
(
η +

k2
k1

)ϵ
(2)

The integration is a power law relationship between energy inten-
sity η and computational demand Qc (η), as represented graphically
in log-log scale in Figure 1. Here, the baseline energy investment
E0, captures the total energy consumption at a reference computa-
tional demand. Any future changes in the total energy consumption
(resulting from variations in computational demand due to the elas-
ticity of the market) are assessed relative to E0. In other words, E0 is
a constant reference energy investment and the market is evaluated
relative to it. Changes in energy intensity measured with respect to
this baseline determine the corresponding changes in computational
demand, which in turn impacts the total energy consumption of the
computational demand.
The relationship between computational demand and energy

intensity (Eq. (2)) presented in Figure 1 is dependent on ϵ , k1, k2, E0.
When k2 → 0 or k1 ≫ k2, the k2

k1
factor effectively disappears from

the energy intensity factor
(
η + k2

k1

)
. This scenario happens when
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Fig. 1. Relationship between energy intensity and computational demand
in log-log scale. Each line on the log-log plot is annotated with a tuple
representing (ϵ , k1, k2, E0).

the base price per unit of compute (k2) is negligible compared to
the portion of price due to the energy investment (η · k1), leading
to the market remaining elastic with variations in computational
demand. For a given ϵ and E0, the Eq. (2) becomes a straight line
(y =m · x + c) in log-log scale (dotted line in Figure 1):

log (η) = 1
ϵ
· logQc (η) −

1
ϵ
· logE0 ⇐⇒ Qc (η) = E0 · ηϵ (3)

When k2 > 0 (or k2
k1
> 0), this is a knee-shaped curve in log-log

scale ( 1○, 2○, 4○) in Figure 1). As long as η > k2
k1
, the market is elastic

with changes in demand. Once the ratio k2
k1

starts dominating over

energy intensity η, (that is, η < k2
k1
), the curve becomes knee-shaped

and then quickly approaches a vertical asymptote with any further
reduction in energy intensity, indicating that demand has become
effectively inelastic. This means further improvements in energy
efficiency no longer lead to increasing computational demand.When
k2
k1

and E0 are constant, the slope of the straight line before the knee

varies with ϵ ( 1○, 3○), whereas when k2
k1

and ϵ are constant, E0
influences the offset of the curve along the y-axis ( 1○, 5○).
We can now extend the relationship between computational de-

mand and energy intensity to determine the total energy consump-
tion (E(η)) needed to support the computational demand. Since the
total energy consumption E(η) is directly proportional to the com-
putational demand Qc (η) (that is, E(η) = η · Qc (η)), when k2 → 0,
the total energy consumption becomes exclusively dependent on en-
ergy intensity raised to the power of the price elasticity of demand,
E(η) = η ·Qc (η) = E0 · ηϵ+1. This relationship is the rebound effect.
For a given price elasticity of demand, as computational energy
efficiency increases (energy intensity η decreases), the total energy
consumption E(η) increases as well.

The value of |ϵ | relative to 1 governs how total energy consump-
tion shifts in response to changes in energy efficiency. When |ϵ | > 1,
computational demand is elastic. Energy efficiency gains result in

disproportionately large increases in demand, leading to an overall
rise in energy use, and hence, the rebound effect. Conversely, when
|ϵ | < 1, computational demand is energy inelastic, so improvements
in energy efficiency lead to proportionally smaller increases in com-
putational demand, and thus total energy consumption decreases.
If |ϵ | = 1, the system is unit elastic, where the increase in computa-
tional demand exactly offsets the energy efficiency gains, keeping
total energy consumption constant. Addressing the rebound effect
requires maintaining computational demand at inelastic or unit
elastic levels with respect to energy efficiency, yet, in reality, compu-
tational demand is often highly elastic, limiting the effectiveness of
energy efficiency gains. The only way for computational demand to
have constant elasticity is if it follows an exponential relationship
with energy intensity. When computational demand is unit elastic
|ϵ | = 1, the total energy consumption is equal to E0. This represents
a fixed total energy budget, equal to the total energy consumption
when computational demand is unit elastic. This is an iso-energy
line on log-log scale:

log (η) = − log(Qc (η)) + log(E0) ⇐⇒ Qc (η) · η = E0 (4)

2.2 Carbon Footprint and the Rebound Effect
The total energy consumed (E) to meet the computational demand
also results in carbon emissions, determined by the carbon inten-
sity CIsource of the energy source. Carbon intensity quantifies the
amount of carbon emissions produced per unit of energy consump-
tion, measured in kilograms of carbon-dioxide equivalent emissions
per unit energy consumed (kg CO2e /J). The carbon intensity of the
energy source and the energy intensity of computation determine
the carbon footprint per compute f , that is f = η · CIsource. To
quantify how changes in computational demand impact the carbon
footprint per compute, we can express the price elasticity of demand
(ϵ) as the percentage change in computational operations (Qc (η))
with percentage change in carbon footprint per compute (f ). Similar
to energy consumption, integrating this elasticity equation yields a
power law relationship between the factor

(
f + k2

k1
·CIsource

)
and

computational demand Qc (η) (where C0 is the baseline carbon foot-
print), as follows:

log
(
f +

k2
k1

·CIsource
)
=

1
ϵ
· logQc (η) −

1
ϵ
· logC0 (5)

When k2 → 0, the k2
k1

factor disappears from Eq. (5), revealing a
power law relationship between computational demand Qc (η) and
carbon footprint per compute f , as follows:

log (f ) = 1
ϵ
· logQc (η) −

1
ϵ
· logC0 (6)

When computational demand is unit elastic ( 1ϵ = −1), the carbon
footprint due to total energy consumption remains constant, even as
computational demandQc (η) changes, because the carbon footprint
per computation f changes proportionally. This is an iso-carbon
line, expressed as:

log(f ) = − log(Qc (f )) + log(C0) =⇒ E0 = η ·Qc (η) ·CIsource
(7)
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Decarbonizing the energy supply can reduce the total carbon
footprint if computational demand is inelastic or unit elastic. Even
if computational demand is elastic, reducing the carbon intensity of
energy supply has the potential to yield a reduction in total carbon
emissions, provided that the reduction occurs at a rate that matches
or exceeds the growth in total energy consumption.

3 Case Studies
Using the mathematical framework established earlier, we analyze
two prominent computation and energy intensive application do-
mains, namely AI model training and cryptocurrency mining. Note
that while these areas of computing are important drivers of sys-
tem designs at scale today, they may not reflect the elasticity of
computing as a whole. Additionally, our predictions about future
behavior of these computing domains are not guarantees given how
quickly these domains evolve. Leveraging available data, we present
log-log plots of the elasticity of computational demand and the cor-
responding carbon emissions from energy consumption for these
application domains. We treat the rated power of GPUs and ASICs
as a proxy for the energy proportional portion of price per compute
and accordingly use this to estimate the energy intensity.
For carbon footprint calculations, we utilize the average annual

carbon intensity of the USA grid [6], and median carbon intensities
of renewable energy sources [3], namely 12 g CO2e/kWh for nuclear
energy and 27 gCO2e/kWh for solar power. We consider 100% solar
grid to be one where electricity is generated using only solar power,
while in a 100% nuclear grid, it comes solely from nuclear energy.
Even 100% solar and nuclear grids have a carbon intensity due to
emissions from manufacturing, maintenance and decommissioning
of the infrastructure. The total carbon emission by the entirety of
the USA in 2024 amounted to 5.912 × 1012 kgCO2e [4].

3.1 AI Model Training
Computational demand per AI model training can be estimated
through a combination of the most energy efficient GPU hardware
available [9, 18] in relation to AI model complexity [7, 8]. Specifi-
cally, we plot the energy consumption per floating-point operation
(FLOP) for the highest-throughput GPU released in the market (en-
ergy intensity η) annually on the y-axis against the total number
of training FLOP required by the largest AI model (largest in terms
of number of training FLOP) introduced in the subsequent year
(total number of computations Qc ) on the x-axis. The log-log scale
plot can be seen in Figure 2a. The markers corresponding to each
datapoint represent the release year of the largest AI model. The
dashed line shows the power law fitted to these datapoints, as indi-
cated in Eq. (3). The solid angled lines on the graph are iso-energy
lines, with markers denoting the associated total energy consump-
tion in Joules. As shown in Figure 2a, the slope of the best-fit line
corresponding to the power law equation is 1

ϵC = −0.130, which
indicates the computational demand for AI model training is highly
elastic (|ϵC | = 7.68). A 10% improvement in energy efficiency of
GPUs (or 10% reduction in GPU energy intensity) is correlated with
a 76.8% increase in computational demand for AI model training.

We also estimate the carbon footprint for those same AI models.
The carbon footprint per FLOP for the highest throughput GPU

released annually is plotted on the y-axis against the total number
of training FLOP for the largest AI model on the x-axis. Again this
is shown in log-log scale, now in Figure 3a. The carbon footprint
per FLOP is calculated by multiplying the carbon intensity of the
energy source with the energy consumption per floating-point oper-
ation (FLOP) of the highest throughput GPU. The carbon emissions
per FLOP for the plotted points are estimated assuming a carbon
intensity of the average USA electricity grid. The markers for the
datapoints indicate the release year of the AI model. The green
dashed line shows the power law fit to these datapoints, based on
Eq. (6). The solid angled lines now are iso-carbon lines, with markers
representing the estimated total carbon emissions in kgCO2e. The
solid red iso-carbon line represents the total USA carbon emissions
in 2024, which amounted to 5.912 trillion kgCO2e [17]. The brown
and orange dashed lines represent the power law fit lines calculated
assuming a 100% nuclear-powered grid and a 100% solar-powered
grid respectively, considering median carbon intensities for these
energy sources and that the computational demand exhibits the
same elasticity as the energy consumption curve (Figure 2a). The
power law fit line calculated based on the carbon intensity of the
average USA electricity grid (green dashed line in Figure 3a) has the
slope of 1

ϵC = −0.144. The elasticity of computational demand in
this case (|ϵC | = 6.92) is smaller than that derived from the energy
consumption curve (|ϵC | = 7.68), due to consistent reduction in the
carbon intensity of the USA electricity grid by 2.25% year-on-year.

3.2 Cryptocurrency Mining
We examine the computational demand for cryptocurrency min-
ing (specifically Bitcoin mining) by exploring the energy efficiency
improvements in cryptocurrency mining ASICs [14], utilizing the
metric of energy consumption per terahash computations [2]. Sim-
ilar to the AI case study, we plot on log-log scale the energy effi-
ciency of the highest hashrate ASIC released in the market (energy
intensity η) annually on the y-axis against the total terahash (TH)
computations executed in the subsequent year (total computations
Qc ) on the x-axis, as shown in Figure 2b. Each datapoint is marked
with the year when the corresponding number of terahashes were
executed. The solid angled lines are iso-energy lines representing
total energy consumption in Joules and the dashed line shows the
power law fit line based on Eq. (3). The power law fit to the data in
Figure 2b had a log-log slope of 1

ϵC = −0.454, meaning the elasticity
of computational demand for cryptocurrency mining is estimated to
be |ϵC | = 2.19. In other words, for every improvement of 10% in the
ASIC mining hardware energy efficiency (or 10% reduction in ASIC
energy intensity), is correlated with the computational demand for
cryptocurrency mining increasing by 21.9%. While this would be
highly elastic, it is less elastic than AI model training.

In Figure 3b, we plot the carbon footprint per terahash computa-
tions of the highest hashrate ASIC hardware on the y-axis against
the total terahashes executed annually on the x-axis in log-log scale.
The carbon footprint per terahash is again calculated based on the
average annual carbon intensity of the USA electricity grid. The
datapoint are labeled with the year terahash computations were
executed. The power law fit to these datapoints based on Eq. (6), is
shown by the green dashed line in Figure 3b, the solid angled lines
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Fig. 2. Estimated total energy consumption per AI model training and annual cryptocurrency mining in log-log scale. The solid angled purple lines are
iso-energy lines, and the dashed purple line is the power law of total energy consumption fitted to the datapoints. For AI model training, each datapoint
indicates energy intensity per computation of the highest-throughput GPU Hardware introduced in a given year against the total training FLOP for the largest AI
model released in the subsequent year. The markers indicate the release year of the AI model. For cryptocurrency mining, each datapoint indicates energy intensity
per computation of the highest-throughput ASIC released in a given year against the total terahashes executed in the subsequent year. The markers indicate the year
in which the terahashes were executed.

again represent the iso-carbon lines annotated with total carbon
emissions in kgCO2e, and the solid red iso-carbon line indicates
the estimated total USA carbon emissions in 2024 for reference
(5.912 trillion kgCO2e). The brown and orange dashed lines again
represent the power law fit lines for a 100% nuclear-powered grid
and a 100% solar-powered grid respectively. The power law fit line
indicated by the green dashed line in Figure 3b) once again has a
smaller elasticity of computational demand (|ϵC | = 2.07) compared
to the energy consumption curve (|ϵC | = 2.19), owing to the carbon
intensity improvements in the USA electricity grid.

4 Results
Starting from the basic economic principle that revenue generated
from a datacenter scale computer equals the total computational
demand it serves multiplied by the price of one unit of compute,
we establish a mathematical basis for the rebound effect by deriv-
ing a power law relationship between computational demand and
the energy intensity of computation, with the exponent equal to
the elasticity of the market. Our analysis is contingent on the as-
sumptions we make about how the price per unit of compute is a
combination of some base price plus a component tied to the en-
ergy investment to perform the computation, that the base price
is negligible compared to the portion of price due to the energy
investment, and that the market remains elastic within a reasonable
range of price per compute. Under these assumptions, we extend
the power law to determine how total energy consumption and
corresponding carbon emissions respond to shifts in computational

demand and energy intensity, and plot these relationships in log-log
for AI model training and cryptocurrency mining. The near constant
slope in log-log is consistent with significant elasticity. This is true
when measuring cost in terms of either energy or carbon, although
the slope for carbon is driven slightly lower by the consistent re-
duction in the carbon intensity of the USA electricity grid, which
has decreased by about 2.25% annually on average. However, while
there is a difference, those changes are hard to see given the other
exponential constants. The smaller elasticity value is evidence that
decarbonizing the electricity grid can slow the rate of increase of
carbon emissions relative to total energy consumption.

The dashed lines in Figure 3 show the potential impact of decar-
bonizing energy generation for computation. We show the linear
regression lines for a 100% solar-powered grid and a 100% nuclear
powered grid, with an elasticity of computational demand that is
the same as the energy consumption curve in Figure 2 since we
assume a constant median carbon intensity for these renewable
sources. Clearly changes in energy source can lead to lower carbon
footprint. However, to contextualize those improvements, it is worth
considering projection into the future assuming both elasticity and
exponential energy scaling over time continue to hold. Here, any
increases in computational demand will quickly outpace any reduc-
tion in carbon intensity of the energy supply. To keep up with this
computational demand without increasing total carbon emissions,
the carbon intensity of energy generation would need to reduce by
approximately 79% annually on average for AI, and 31% annually
for cryptocurrency mining.

ACM SIGENERGY Energy Informatics Review Volume 1 Issue 1, November 2021



10 12 10 16 10 20 10 24 10 28 10 32 10 36 10 −23 

10 −22 

10 −21 

10 −20 

10 −19 

10 −18 

10 −17 

10 −16 

10 −15 

Total training computations executed per model
[FLOP/model]

C
ar

bo
n 

Em
is

si
on

s 
pe

r c
om

pu
ta

tio
n

[k
g 

C
O

₂e
/F

LO
P]

1 μg CO
₂e

1 m
g CO

₂e

1 g CO
₂e

1 kg CO
₂e

1000 kg CO
₂e

1e6 kg CO
₂e

1e9 kg CO
₂e

1e12 kg CO
₂e

Total 2024 USA CO
₂e em

issions

Avg USA Grid100% Solar Grid
100% Nuclear Grid

2006
2007

2009

2010
2011

2012

20132014

2015
2016
2017

2018
2019

2020
2021 2022

2023
2024 2025

2035
projected

(a) AI Model Training

10 10 10 12 10 14 10 16 10 18 10 20 10 −10 

10 −9 

10 −8 

10 −7 

10 −6 

10 −5 

10 −4 

10 −3 

10 −2 

Total Terahash computations executed per year
[TH/year]

C
ar

bo
n 

Em
is

si
on

s 
pe

r T
er

ah
as

h
co

m
pu

ta
tio

ns
 [k

g 
C

O
₂e

/T
H

]

1 kg CO₂e

1e3 kg CO₂e

1e6 kg CO₂e

1e9 kg CO₂e

Total 2024 USA CO₂e emissionsAvg USA Grid100% Solar Grid

100% Nuclear Grid

2013

2014
2015

2016
2017

2018
2019

2020
2021

2022
2023

2024

2025

2035 projected

(b) Cryptocurrency Mining

Fig. 3. Estimated total carbon footprint per AI model training and annual cryptocurrency mining in log-log scale. The solid angled green lines are iso-carbon
lines, and the dashed green line is the power law of total carbon footprint fitted to the datapoints. For AI model training, each datapoint indicates carbon
footprint per computation of the highest-throughput GPU Hardware introduced in a given year against the total training FLOP for the largest AI model released in
the subsequent year. The markers indicate the release year of the AI model. For cryptocurrency mining, each datapoint indicates carbon footprint per computation of
the highest-throughput ASIC released in a given year against the total terahashes executed in the subsequent year. The markers indicate the year in which the
terahashes were executed.

Extrapolating median year-on-year increase in computational
demand for training AI models (∼551% in terms of training FLOP),
and assuming consistent decline in the carbon intensity of the USA
electricity grid, and the improvements in GPU energy efficiency, as
illustrated by the regression line, the carbon footprint of training
the largest AI model introduced in 2035 could be 8 million times
that of the largest AI model released in 2025 (Figure 3(a)). Similarly,
considering that the number of terahashes executed annually has
been increasing by 82.7% year-on-year, we project that the carbon
footprint of executing all terahashes in 2035 would be 34 times
compared to 2025.
The near-constant elasticity on the log-log plots also indicates

that either the price per compute is heavily influenced by the price
associated with the energy investment (that is, k1 ≫ k2), or that
energy intensity is still greater than the ratio k2

k1
(that is, η > k2

k1
). We

do not see any evidence in the data that suggests an inflection point
or knee in the curve between computational demand and energy
intensity yet. However, unbounded exponential growth cannot con-
tinue indefinitely, leaving open the possibility that computational
demand could eventually become inelastic with respect to energy
intensity, and rebound effect would no longer exist.

5 Discussion
Continued growth in computational demand is ultimately limited
by the scaling rate of physical and economic resources from energy
capacity, and chip fabrication output to available capital. Additional
investment can shift these constraints outward over time, but cannot

sustain exponential growth in demand growth indefinitely against
these limits. Policy interventions regulating energy usage and cap-
ital investments also cap demand independent of price. Despite
continued gains in energy efficiency, computational demand growth
would plateau in the light of resource and policy constraints.

The elasticity of the market is jointly governed by computational
demand and price per unit of compute, which wemodel as a function
of energy intensity. For bitcoin mining, improvements in energy ef-
ficiency of the hashing operation directly lowers price per compute,
raising profitability and driving up the compute demand for min-
ing. AI training demand, by contrast, is also shaped by improving
model capability, research and investment priorities, and expanding
applications. This “utility” can drive AI adoption, and its rebound
effects, independent of any gains in energy efficiency.
Though Jevons paradox has prompted considerable discussion

in the computing community, a rigorous quantitative framework
for analyzing its implications has not been previously considered.
This paper takes a first step toward establishing such a foundation.
While energy efficiency is, and will remain, an important objective
for computer systems developers, if one wishes to make statements
about reducing the total carbon footprint from design improvements,
the elasticity of the market must be considered. That being said,
computation also provides immense utility in people’s lives, which
we do not attempt to quantify in this work. A broader conversation
is imminent in the computing community to evaluate how much
does the societal and economic utility of computation compensate
for its environmental consequences.
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