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Executive Summary
—
olicymakers should prepare for a world of signifi-
cantly more powerful AI systems over the next
decade. These developments could occur without
fundamental breakthroughs in AI science simply by scaling
up today’s techniques to train larger models on more data
and computation.

The amount of computation (compute) used to train
frontier AT models could increase significantly in the
next decade. By the late 2020s or early 2030s, the amount
of compute used to train frontier AT models could be
approximately 1,000 times that used to train GPT-4.
Accounting for algorithmic progress, the amount of effec-
tive compute could be approximately one million times
that used to train GPT-4. There is some uncertainty about
when these thresholds could be reached, but this level
of growth appears possible within anticipated cost and
hardware constraints.

Improvements of this magnitude are possible without
government intervention, entirely funded by private
corporations on the scale of large tech companies today.
Nor do they require fundamental breakthroughs in chip
manufacturing or design. Increased spending beyond
the limits of private companies today or fundamentally
new computing paradigms could lead to even greater
compute growth.

Rising costs to train frontier AT models may drive an
oligopoly at the frontier of research, but capabilities
are likely to proliferate rapidly. At present, algorithmic
progress and hardware improvements quickly decrease
the cost to train previously state-of-the-art models.
Within five years at current trends, the cost to train
amodel at any given level of capability decreases
roughly by a factor of 1,000, or to around 0.1 percent of
the original cost, making training vastly cheaper and
increasing accessibility.

The U.S. government has placed export controls on
advanced AI chips destined for China, and denying actors
access to hardware improvements creates a growing gap
in relative capability over time. Actors denied access to
hardware improvements will be quickly priced out of
keeping pace with frontier research. By 2027, using older,
export-compliant chips could result in a roughly tenfold
cost penalty for training, if export controls remain at the
current technology threshold and are maximally effective.

However, proliferation of any given level of AI capa-
bilities will be delayed only a few additional years. At
present, the cost of training models at any given level of AT
capabilities declines rapidly due to algorithmic progress
alone. If algorithmic improvements continue to be widely
available, hardware-restricted actors will be able to train
models with capabilities equivalent to once-frontier
models only two to three years behind the frontier.

COMPUTE USED TO TRAIN A FRONTIER Al MODEL RISES OVER TIME

Training Compute (FLOP)

The amount of compute
used to train frontier Al
models could increase
to around 1,000 times
GPT-4 by the late 2020s
or early 2030s, even
accounting for cost and
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WITH ALGORITHMIC IMPROVEMENTS, EFFECTIVE COMPUTE GROWS OVER TIME

Accounting for algorithmic
progress, the amount of
effective compute used

to train frontier Al models

could be one million times
GPT-4 by the late 2020s or
early 2030s.
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THE COST TO TRAIN A FRONTIER Al MODEL RISES OVER TIME

The cost to train a frontier Al
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private companies, currently in
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Access to compute and algorithmic improvements both
play a significant role in driving progress at AT’s frontier
and affecting how rapidly capabilities proliferate and to
whom. At present, the amount of compute used to train
large AT models is doubling every seven months, due to a
combination of hardware improvements and increased
spending on compute. Algorithmic efficiency—the ability
to achieve the same level of performance with less
compute—is doubling roughly every eight to nine months
for large language models. Improved performance comes
from both increased compute and algorithmic improve-

ments. If compute growth slows in the 2030s due to rising

costs and/or diminishing hardware performance gains,
future progress in frontier models could depend heavily
on algorithmic improvements. At present, fast improve-
ments in algorithmic efficiency enable rapid proliferation
of capabilities as the amount of compute needed to

train models at any given level of performance quickly
declines. Recently, some leading AT labs have begun with-
holding information about their most advanced models.
If algorithmic improvements slow or become less widely
available, that could slow progress at AT’s frontier and
cause capabilities to proliferate more slowly.

While there is significant uncertainty in how the
future of Al develops, current trends point to a future
of vastly more powerful AT systems than today’s state of
the art. The most advanced systems at AT’s frontier will
be limited initially to a small number of actors but may
rapidly proliferate. Policymakers should begin to put in
place today a regulatory framework to prepare for this
future. Building an anticipatory regulatory framework is
essential because of the disconnect in speeds between AI
progress and the policymaking process, the difficulty in
predicting the capabilities of new Al systems for specific
tasks, and the speed with which AT models proliferate
today, absent regulation. Waiting to regulate frontier Al
systems until concrete harms materialize will almost
certainly result in regulation being too late.

The amount of compute used to train models is likely
to be a fruitful avenue for regulation if current trends
continue. Massive amounts of compute are the cost of
entry to train frontier AT models. Compute is likely to
increase in importance over the next 10 to 15 years as an
essential input to training the most capable AI systems.
However, restrictions on access to compute are likely
to slow, but not halt, proliferation of capabilities, given
the ability of algorithmic advances to enable training Al
systems with equivalent performance on less compute
over time. Regulations on compute will be more effective
if paired with regulations on models themselves, such as
export controls on certain trained models.

Introduction
—
olicymakers and industry leaders have increased
their attention on regulations for highly
capable general-purpose AI models, some-
times called “frontier” models. Examples of current
frontier AT models include GPT-4 (OpenAl), Claude 3
(Anthropic), and Gemini Ultra (Google). Companies
already are training larger, more capable next-gener-
ation models using ever-larger amounts of data and
computing hardware.

The computation used to train frontier Al systems
is growing at an unsustainable rate. The amount of
computation, or compute, used to train state-of-the-art
machine learning models increased ten billionfold
from 2010 to 2022 and is doubling every six months.!
For the largest models, the amount of compute used
for training is doubling approximately every seven
months. This rapid increase in compute exceeds the
pace of hardware improvements and is in part driven
by increased spending on training. Costs for training
the largest models are doubling roughly every 10
months.? Training current frontier models costs on
the order of tens of millions of dollars just for the final
training run. The full cost for training frontier models
today, accounting for earlier training runs and exper-
iments, could cost around $100 million.? As training
costs continue to rise, they could reach hundreds of
millions of dollars or even billions of dollars.

Current trends point to a
future of vastly more powerful
Al systems than today’s state
of the art.

In the near term, growth in large-scale training
runs at AT’s frontier is likely to continue. Leading AT
labs already are reportedly training next-generation
models or raising funds to do so.* Nvidia is shipping
hundreds of thousands of new chips, which will enable
more powerful future training runs. In the long run,
however, cost and possibly hardware limitations
are likely to constrain future compute growth.® The
current exponential pace of compute growth cannot
continue indefinitely. How long it continues, at what
pace, and how much compute grows before leveling
off has important implications for the future of AT
progress. The role of cost and access to hardware
as barriers to entry for training highly capable AT
systems also has policy implications, such as for
export controls and some regulatory proposals.



Research Questions
This paper aims to answer several questions about how
trends in cost and compute could affect the future of AI:

1. Cost and compute projections: If current trends
were to continue, how would the amount of compute
used to train frontier AT models and the cost of
training rise over time? Accounting for algorithmic
progress, how would the amount of effective
compute increase over time?

2. Limits on cost growth: How much could compute
increase before reaching the spending limits of
private companies, and when would that occur? If
the rate of cost growth slows as costs rise, how might
that affect the amount of compute used for training
frontier models?

3. Limits on hardware improvements: How might
limits on continued hardware improvements affect
future compute growth?

4. Proliferation: How might improvements in
hardware and algorithmic efficiency affect the avail-
ability of AT capabilities over time?

5. Costs for hardware-restricted actors: How might
constraints on hardware availability (for example,
due to export controls) affect cost and compute
growth for actors denied access to continued
improvements in AT hardware?

6. Compute regulatory threshold: How might
improvements in hardware and algorithmic efficiency
impact the effectiveness of training compute as a regu-
latory threshold for frontier models over time?

The answers to these questions have important bearing
on policy-relevant decisions today, such as the anticipated
effect of export controls or other proposed regulations
that would limit access to compute-intensive AI models.
On the one hand, trends in rising costs are consolidating
access to frontier ATl models among a handful of leading
AT labs. On the other hand, countervailing trends in
hardware improvements and algorithmic efficiency are
lowering barriers to capabilities, enabling proliferation.
Some regulatory and policy interventions may be more or
less feasible or desirable depending on how compute and
cost change over time and the consequences for access to
frontier AT models and the proliferation of capabilities.
This paper aims to answer these questions with the goal
of informing policymakers’ understanding of possible
scenarios for future AI development.
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Approach

Using current trends as a baseline, this paper projects
cost and compute growth under various scenarios.

The paper projects compute growth due to increased
spending and hardware improvements. Additionally, it
accounts for algorithmic improvements by projecting
effective compute over time. The paper then estimates
when training costs are projected to reach current

limits for large corporations and move into the realm of
what have historically been government-level expen-
ditures. Additional scenarios explore how limits in
hardware improvements may affect the availability of
future compute. Since the cost to train a model with any
given level of capabilities will decrease over time due to
improvements in hardware and algorithmic efficiency,
the paper also estimates how costs will decline over time,
making capabilities more accessible to a wider array of
actors, enabling greater proliferation. The paper then
estimates how training costs change for actors that are
restricted from continued improvements in AT hardware,
such as U.S. government export controls on advanced Al
chips destined for China. Finally, this paper estimates
how future improvements in hardware and algorithmic
efficiency may increase the accessibility of compute and
capabilities relative to the U.S. government’s notification
threshold established in the October 2023 executive
order. The paper concludes by assessing the policy impli-
cations of these projections.



PART I: BACKGROUND



Cost and Access to Al Models
I

ising costs have important implications for deter-

mining who is able to access the most capable AT

models. Compute costs are already an obstacle
to academic researchers, who are priced out of training
the largest, state-of-the-art models.® Training costs for
current large language models are estimated to be in
the tens of millions of dollars just for the final training
run. Total costs, accounting for earlier training runs
and experiments, could be around $100 million for
the largest models to date.” Many frontier Al labs are
backed by large corporations with deep pockets. Google
DeepMind is owned by Alphabet. OpenAl secured a
$10 billion investment from Microsoft. Google and
Amazon have invested $2 billion and $4 billion, respec-
tively, in Anthropic.® Academics and start-ups do not
have the financial resources to compete at this scale.
The U.S. government is launching a pilot program of
the National AT Research Resource to provide compute
and data resources to academics, although the effort is
not yet fully funded.’ If established, a national research
cloud could help mitigate the effects of, but will not
fundamentally alter, the trends driving increased
training costs.

Current trends are pushing the frontier of Al research
toward an oligopoly, where only a handful of well-
funded actors can afford training the most capable AT
models. Since 2019, many frontier AT labs have shifted
increasingly to more limited release of their models,
allowing other researchers or the public to interface
with the model via an application programming inter-
face (API) or only releasing models to a small number
of vetted researchers. This trend toward the concen-
tration of AI capability in the hands of a small number
of corporate actors reduces the number and diversity
of Al researchers able to engage with the most capable
models. In response to this trend, many Al researchers
and some leading companies, such as Meta, have
pushed for more open-source releases of foundation
models to help level the playing field and democra-
tize AT capabilities to researchers who are not able
to afford tens of millions of dollars to train their own
foundation models.*°

Potential Harms

Research labs that have limited release of their models
have pointed to potential harms from widespread prolif-
eration."! Foundation models have well-documented
problems of bias and toxicity due to their training data.!?
Large language models can be prompted to generate
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propaganda, hate speech, or misinformation at scale.
Generative image models can be used to generate deep-
fakes and non-consensual pornography, including of
minors. Generative image models also can show gender
and ethnic/racial biases in how they present images,
such as sexualizing female images, generating non-con-
sensual nudes, or changing skin tone."* Additionally,
large language models are known to “hallucinate”
facts, presenting misleading information. The largest
and most capable large language models have dual-use
capabilities, including identifying vulnerabilities in
computer code or scientific knowledge that could be
used to enable chemical or biological attacks.**

The largest and most capable
large language models have
dual-use capabilities.

The accessibility of models has important impli-
cations for their potential to cause harm. For some
generative models, researchers have developed filters
or other safeguards to reduce the likelihood of the
model generating harmful content. For example,
Stability Al included in their model Stable Diffusion
a content filter to prohibit the generation of harmful
images.” Additionally, some generative image models
have included embedded watermarking to make it
possible to identify AI-generated images and reduce
the likelihood of the model being used to generate mis-
leading deepfake images. Current state-of-the-art large
language models, such as OpenAI’s GPT-4, Anthropic’s
Claude 3, Meta’s Llama 2, and Google’s Gemini Ultra,
use fine-tuning with reinforcement learning to reduce
their likelihood of producing problematic content.®
When access to the model is limited via an API, model
owners have some degree of control over the content
the model produces, although many models neverthe-
less still generate concerning content.”” Once models
are open-sourced, however, they rapidly proliferate,
and researchers can easily remove or disable filters.
Following Stable Diffusion’s release, researchers
quickly disabled the content filter and removed the
watermarking.!® Similarly, open-source large language
models can be easily fine-tuned at relatively low cost
to remove safeguards. It took 19 hours of training at
marginal cost to create to create an “uncensored”
version of Llama 2 that was then posted online for
anyone to download.” Open-sourcing models increases
their accessibility to academic researchers and
start-ups but also to malign actors who may use the
models for harmful applications.
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Geopolitical Implications of Model Access
Given their dual-use capabilities, access to state-of-
the-art models also has important implications for
geopolitical and economic power. U.S. officials have
expressed concern about the Chinese Communist
Party’s use of AI for military development, human rights
abuses, and internal repression. In October 2022, the
U.S. Commerce Department established export controls
on advanced semiconductors and semiconductor manu-
facturing equipment destined for China, rules that have
subsequently been updated and further refined.?° The
rules prohibit the export to China of the most advanced
graphics processing units (GPUs) used for machine
learning, even when the chips are produced outside

the United States. U.S. export controls also limit the
transfer of U.S. semiconductor manufacturing equipment,
software, and tooling to Chinese semiconductor fabrica-
tion plants (fabs), restricting China’s ability to advance
domestic chip production. Japan and the Netherlands,
leading producers of semiconductor manufacturing
equipment, have adopted similar export controls on chip-
making equipment and tooling. These export controls
aim to deny Chinese firms the ability to access the most
advanced AI chips, restricting their ability to conduct
large-scale training runs.

Once the model is open-
sourced, it rapidly proliferates.

U.S. officials have stated that the threshold for banned
chips will remain constant over time, even as new chips
are released.” If these controls are effective, over time
they will widen the hardware gap between China and the
rest of the world, as today’s leading-edge chips become
tomorrow’s legacy chips. Without access to the most
advanced AI chips, Chinese labs would face higher costs
to train models and, in some cases, might be priced out
entirely of accessing the largest and most capable models.

China continues to pursue efforts to grow its indigenous
chip-making capabilities, however. Recent breakthroughs
suggest that export controls may merely slow Chinese
indigenous chip fabrication, not stop it completely. In
September 2023, Huawei announced that its latest phone,
the Mate 60 Pro, contained 5G technology powered by
HiSilicon’s new Kirin 9000S chip. Independent experts
have assessed that the chip was produced using SMIC’s
7 nanometer (nm) foundry, an advanced chip fabrication
process restricted under U.S. export controls.?2 Questions
remain about China’s ability to produce advanced chips
cost-effectively and at scale and how Chinese indigenous
chip manufacturing will evolve over time.

Presently, Chinese labs can access state-of-the-art
AT models open source, negating the effectiveness of
chip export controls. Chinese labs do not need to train
their own large foundation models if they can simply
download trained open-source models directly from the
internet. Safeguards on models can be easily fine-tuned
away, undermining the U.S. government’s efforts to keep
advanced American Al technology from empowering the
Chinese military or enabling Chinese government human
rights abuses. The accessibility of future frontier AT
models will have important implications for the effective-
ness of U.S. export controls.

Countervailing Trends

That Increase Model Access

While compute costs are rising, countervailing trends in
hardware improvements and algorithmic efficiency are
reducing the costs for training a model at any given level
of capability over time. As costs decline, an increasing
number of actors can afford to train models with equiv-
alent capabilities, enabling proliferation. At lower costs,
it becomes increasingly likely that the cost of training
amodel will be affordable to an actor willing to open-
source the model, as some companies such as Meta and
Stability AT have done in the past. Once the model is
open-sourced, it rapidly proliferates. Recent experience
with generative language and image models suggests that
the time lag from an initial breakthrough to an open-
source version can be brief, as little as approximately
seven months.?

Implications for Policymakers
—

he economic and strategic value of current state-

of-the-art AT systems, such as those based on

large language models or multi-modal models, is
highly uncertain. Some early studies have suggested that
the most capable large language models today could be
used to automate a significant portion of tasks currently
done by white-collar employees.?* Increasingly capable
AT systems could be used to improve productivity and
accelerate scientific discovery. They also could have
dangerous dual-use applications, such as enabling the
development of chemical, biological, or cyber weapons.

Policymakers face the difficult challenge of making

AI models as accessible as possible for beneficial uses
while restricting their access for harmful applications.
This paper does not seek to resolve this dilemma. Rather,
it aims to present policymakers with a greater under-
standing of how trends in Al progress may affect the
accessibility of AT systems over time. Rising costs have



important implications for the quantity and diversity of
AT researchers using state-of-the-art models, prolifera-
tion and potential harms, and geopolitical and economic
power. This paper projects cost and compute trends
under various scenarios to better understand cost
growth and when different actors may be able to access
models at different levels of computational power.
Ideally, as a result of this analysis, policymakers will

be better able to “future-proof” the policies they adopt
today, taking into account exponential growth trends in
cost, compute, and algorithmic progress.

Understanding Cost
and Compute Growth
—
he amount of computation, or compute, used
to train machine learning models, and the
associated costs for training, have been rapidly
increasing during the deep learning revolution. This
revolution pairs machine learning techniques, many of
which date back decades, with increased computational
performance that only became more recently available
to train large artificial neural networks.?

Using machine learning, algorithms are trained on
data using computing hardware.?® The result is a trained
model that is a representation of patterns in the under-
lying training data. This trained model has various
applications, such as classifying new data or generating
synthetic (AI-generated) data.

While machine learning theories are decades old,
for many applications machine learning requires large
amounts of computation in order to turn raw data into
a useful trained model, and this only began to become
available in the late 2000s. By refining machine learning
techniques and combining them with advancements
in computing hardware, algorithms, and increased
data availability, scientists have generated significant
advancements in computer vision, image generation,
language processing, gaming, and other areas.”

Improvements in machine learning models can come
from any of the three technical inputs into machine
learning: the training data, the computing hardware
used for training, and the algorithms used for training.
Progress during the deep learning revolution, which
began around 2010 to 2012, has come from improve-
ments in all three technical inputs. Researchers, in
fact, have found remarkably predictable “scaling laws”
that capture the relationship between model perfor-
mance and growth in model size (the size of the neural
network), dataset size, and the amount of compute used
to train a model.?® These empirically derived scaling
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laws demonstrate that model loss—a measurement of
model inaccuracy on test data—has an inverse relation-
ship with model size, dataset size, and training compute.
Larger models, datasets, and training compute lead to
reduced model loss, or improved accuracy on test data.
This negative scaling is remarkably smooth and is not
affected as much by model architecture or other factors.
In short, without any fundamental advances in the
science of AT or understanding of intelligence, training
larger models with greater amounts of compute and
more training data yields improved performance.

Al researchers typically measure model perfor-
mance using standardized benchmarks. The language
model benchmarks Massive Multitask Language
Understanding (MMLU) and Beyond the Imitation
Game (BIG-bench) cover a diverse array of lan-
guage-based tasks, from coding to learning U.S. history.?’
Owen (2023) found that while large language model
performance on individual tasks was highly variable,
aggregate performance on benchmarks showed “a fairly
smooth relationship between overall performance
and scale, consistent with an S-curve” The amount
of compute used to train models, adjusted for optimal
scaling, was a “fairly predictable” gauge of benchmark
performance. Owen concluded, “This supports the idea
that higher-level model capabilities are predictable
with scale, and gives support to a scaling-focused view
of Al development.”® Over time, benchmarks eventu-
ally become saturated as models reach 80 or 90 percent
accuracy and further attempts at improvement show
diminishing returns.’' Al researchers then simply invent
new benchmarks to tackle harder problems.

Training larger models with
greater amounts of compute
and more training data yields
improved performance.

Al researchers have used these scaling laws to train
ever-larger models, with continued performance
improvements. As of around 2021 to 2022, the most
capable large language models had hundreds of billions
of parameters and were trained on hundreds of gigabytes
of data using thousands of advanced chips.® Leading AI
labs such as OpenAl, Anthropic, and Google DeepMind
more recently have begun to restrict publicly available
information about their most capable models. Leaked
information about GPT-4 suggests it is a very large
model (an approximately 1.8 trillion parameter mix-
ture-of-experts model), trained on a massive dataset
(approximately 13 trillion tokens of training data),
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using massive amounts of computing hardware (approxi-
mately 25,000 GPUs).* Even while public details about the
most advanced models have become more scarce, indi-
cations are that leading AT labs are continuing to pursue
ever-larger models.?

Compute

The amount of computation used for training is a key
metric for AT models. Compute is a function of the number
of chips used for training, the type of chip, the hardware
utilization rate, and the amount of time the chips are used
for training. The total amount of compute used for training
can be captured in a single metric measured in float-
ing-point operations (FLOP).** Al researchers can increase
the amount of compute used for training by using more
chips, using better chips, or increasing the training time.
AT hardware continues to improve, with machine learning
GPU price-performance, or performance per dollar (FLOP
per second per dollar), doubling roughly every 2.1 years.
These hardware improvements alone would lead to greater
compute over time as Al researchers use better chips for
future training runs. However, Al labs also are increasing
their spending, buying tens of thousands of advanced chips
for large-scale training runs. Thus, growth in compute

is a function of both spending more money on chips and
hardware improvements that increase the computations
per dollar that chips can perform.

A compute (FLOP) = A expenditures (dollars)
x A hardware improvements
(FLOP per second per dollar)

Future compute growth is likely to be driven by both
increased spending and improved hardware. This paper
will project compute growth due to both factors, as well as
estimating the effects of possible limits on spending and
hardware improvements.

Algorithmic Efficiency

Algorithms are also improving over time, reducing the
amount of compute needed to train a model to the same
level of performance. Gains in performance can come from
increases in compute and/or increases in algorithmic effi-
ciency, which allows compute to be used more effectively.

A performance (effective compute) =
A compute (FLOP)
x A algorithmic efficiency

Algorithmic progress factors into the projections used
in this paper in two ways: (1) to decrease the amount of

compute needed to train a model at any given level of
capability over time; and (2) to increase performance for
frontier models.*

First, algorithmic progress decreases the amount of
compute needed to train a model at any given level of
performance over time. This effect has been measured
for a variety of machine learning domains, including
image classifiers, reinforcement learning algorithms, and
large language models.®”” Improved algorithmic effi-
ciency plays a role in increasing accessibility by lowering
compute (and therefore cost) as a barrier to entry to
training a model with any given level of capabilities.
(Other factors, such as dataset availability, may still be
a barrier for some actors.) As the amount of compute
required to train a model at a given performance level
decreases (in addition to compute per dollar increasing
due to hardware improvements), costs decline over time,
making previously unaffordable models accessible to a
wider array of actors. The Proliferation section of this
paper applies improvements in algorithmic efficiency
and hardware performance to estimate how training
costs decline over time for any given level of perfor-
mance, enabling wider proliferation of capabilities.

Second, overall improvements in algorithms
increase the performance of frontier models. Future
frontier models will use more compute due to
hardware improvements and increased expendi-
tures on compute. Algorithmic improvements allow
researchers to use this compute more effectively,
leading to better performance. The combined effect
of increased compute and algorithmic improvements
is shown in this paper as “effective compute,” which
is represented in 2022 FLOP equivalent (the amount
of effective computational power equivalent to
FLOP in 2022).%

Related Work

he amount of computing power used to train

state-of-the-art machine learning models has

exploded during the deep learning revolution.
As researchers have collected data on this trend, they
have sometimes used this historical data to generate
future projections of compute and cost growth, including
estimating how spending limits might affect compute
growth. This paper builds on that prior analysis,
updating projections using more recent historical esti-
mates for compute and cost growth.

Amodei and Hernandez (2018) assessed that the

amount of compute used for training the largest AT
models increased 300,000-fold from 2012 to 2018,



FIGURE 1.1 | COMPUTE GROWS DUE TO INCREASE SPENDING AND HARDWARE IMPROVEMENTS
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FIGURE 1.2 | PERFORMANCE IMPROVES DUE TO INCREASED COMPUTE AND ALGORITHMIC IMPROVEMENTS
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doubling every 3.4 months.* While they assessed that
cost eventually would limit compute growth, they esti-
mated that this trend would continue in the short term.
Subsequent analysis has attempted to more precisely
project cost growth and when cost would become a
limiting factor if compute were to continue to rise at
current rates.

Carey (2018) estimated cost growth in training
compute and determined that the current rate of
compute growth was not sustainable beyond a few
years.** Using a 3.5-month compute doubling period and
estimating that the per unit cost of compute drops an
order of magnitude every 4 to 12 years due to hardware
improvements, Carey estimated that the cost of the
largest training runs would increase an order of mag-
nitude every 1.1 to 1.4 years. Carey assumed that the
maximum spending capacity of private corporations
was approximately $20 billion and for governments
approximately $200 billion based on spending from the
Manhattan and Apollo projects. Using a starting estimate
of $10 million per training run in 2018, Carey estimated
that training costs should reach the maximum spending
limit for private corporations in 2021 to 2022 and for gov-
ernments in 2023 to 2024. Carey further estimated that
even if new developments in AT hardware cheapened
compute by 1,000 times beyond current cost-compute
trends during this period, this would only add another
three to four years before cost growth reached the same
limits. Carey concluded that the growth rate in compute
costs could not continue beyond 3.5 to 10 years (an
estimate derived in 2018).

Cotra (2020) estimated compute growth over time,
noting that the current growth rate is “obviously unsus-
tainable in the long run” due to rising costs*! Cotra
estimated that by 2025 training costs would range from
$300 million to approximately $1 billion. Cotra further
estimated that by approximately 2040, tech companies
could spend hundreds of billions of dollars to train an
AT model if there were sufficient economic incentives to
doing so. (This equates to a doubling in cost roughly every
two years.) In the long run, Cotra estimated that govern-
ments’ willingness to spend on training runs would cap
out at approximately 1 percent of gross domestic product
(GDP) for a major country, such as the United States. By
assuming cost growth would taper over time, Cotra pro-
jected that costs could continue to rise for several decades,
albeit at a slower pace than the current rate.

Lohn and Musser (2022) arrived at a similar conclu-
sion to Carey (2018), determining that current growth
rates in compute were not sustainable beyond two to
three years.*? Using the 3.4-month compute doubling

period from Amodei and Hernandez (2018),** and
assuming that compute per dollar doubles roughly every
two to four years due to hardware improvements, Lohn
and Musser estimated that compute costs, on their current
trajectory, would eclipse total U.S. GDP by June 2026 or
May 2027 at the latest.** Lohn and Musser further argued
that in addition to cost, hardware availability and the
engineering challenges associated with training massive
models would limit compute growth. Lohn and Musser
concluded that the 3.4-month compute doubling rate is
not sustainable and suggested it already may be slowing.
Indeed, subsequent analysis of compute trends has
found slower rates of compute growth. Sevilla et al.
(2022) arrived at a revised estimate for compute growth
based on observations of 98 state-of-art machine learning
models from 2010 to 202245 They updated Amodei and
Hernandez’s estimate and determined that compute
doubled approximately every six months from 2010 to
2022. They further found that around late 2015, a new
trend of large-scale models emerged, with large models
using two to three orders of magnitude more compute
than previous state-of-the-art models but growing at a
slower rate, doubling approximately every 10 months.
Sevilla et al. also estimated a 20-month doubling rate
for historical machine learning models in the pre-deep
learning era before 2010, similar to the 24-month doubling
rate typically associated with Moore’s Law.

Improvements in algorithms
can affect how efficiently
models use compute.

Besiroglu et al. (2022) projected compute growth (but
not cost) using the six-month doubling rate identified
in Sevilla et al. (2022). Based on previous work by Carey
(2018) and Lohn and Musser (2022), which concluded
that the current growth rate in compute was unsustain-
able, Besiroglu et al. explored three different scenarios
based on how long compute continued doubling every six
months before reverting back to the pre-deep learning
era doubling rate associated with Moore’s Law. They
estimated that the six-month doubling rate could continue
for 8 to 18 years, depending on hardware improvements
decreasing the cost of compute.

A major uncertainty in estimating cost growth trends
is the rate of hardware improvement in compute per
dollar. Hobbhahn and Besiroglu (2022) analyzed 470
GPUs released between 2006 to 2021 and found an
approximately 2.5-year doubling period for floating-point
operations per second per dollar (FLOP/s per dollar), a
measure of performance per dollar for GPUs*



Cottier (2023) developed updated estimates of cost
growth based on these new measurements of compute
growth and hardware improvements.”” Relying on an
updated version of the dataset on training compute for
milestone AT systems in Sevilla et al. (2022), Cottier
adjusted for improvements in hardware performance
via two methods. First, by simply subtracting the overall
GPU price-performance, or compute per dollar, trend
identified in Hobbhahn and Besiroglu from the compute
growth rate. And second, by using the actual price-per-
formance of the GPUs used for training specific systems.
Using the first method, Cottier identified a historical cost
growth rate of 0.2 orders of magnitude per year (OOMs/
yr), or a doubling of training costs approximately every
18 months. Cottier used this growth rate to project future
costs, estimating that the cost of training the largest
models could eclipse $200 billion by 2040.

Heim (2023) projected compute costs using a similar
methodology, starting with an estimated $9 million to
train PaLLM in 2022.* Heim projected that at current
trends, training costs would eclipse U.S. GDP in the mid-
2030s and that this growth rate was not sustainable.

Subsequent analysis of hardware performance and
compute growth allows further refinement of these
estimates. Hobbhahn et al. (2023) assessed hardware
performance growth using a dataset of nearly 2,000
GPUs from 2001 to 2021 and 47 machine learning accel-
erators (GPUs and other AI chips) from 2010 to 2023.
They estimated a 2.5-year doubling period for FLOP/s
per dollar for general GPUs and a 2.1-year doubling
period for machine learning GPUs, revising earlier
estimates by Hobbhahn and Besiroglu (2022).*° Based on
an updated dataset of 47 large-scale machine learning
models trained from 2015 to 2023, Epoch (2023) esti-
mated a 7.0-month doubling period for compute growth
for large models, revising the estimates in Sevilla et
al. (2022).%° These new figures allow for updated cost
growth estimates and projections, which this paper
presents in Cost and Compute Projections.

Improvements in algorithms can affect how efficiently
models use compute. Improved algorithmic efficiency
can decrease the amount of compute needed to train
amodel at the same level of performance over time.
Hernandez and Brown (2020) found that the amount
of compute needed to train a model to the same level
of performance on ImageNet reduced by 44-fold from
2012 to 2019, corresponding to a doubling in algorithmic
efficiency for image classifiers on ImageNet every 16
months.® Erdil and Besiroglu (2022) similarly esti-
mated algorithmic progress on ImageNet and arrived
at a somewhat faster algorithmic efficiency doubling
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rate of every 8.95 months.?? Approximately similar rates
of improvement in algorithmic efficiency have been
found in other machine learning domains. Dorner (2021)
estimated algorithmic efficiency in deep reinforcement
learning was doubling every 10 to 18 months on Atari
games, every 5 to 24 months on state-based continuous
control, and every 4 to 9 months on pixel-based contin-
uous control.? More recently, Ho et al. (forthcoming)
found algorithmic efficiency for large language models
was doubling approximately every 8.4 months.> Grace
(2013) found roughly similar rates of algorithmic progress
across six different Al research fields.”

In projecting future compute resources, some analysts
have included improvements in algorithmic efficiency
that increase the amount of effective compute available
to train models. Cotra (2020) and Hobbhahn (2022)
factor this into their calculations of future compute,
projecting the effective compute available for future
projects. Cotra (2020) estimated algorithmic efficiency
doubling every 2 to 3 years, while Hobbhahn (2022)
estimated algorithmic efficiency doubling every 1.3 to
1.6 years.* Cotra used a more conservative estimate of
algorithmic efficiency than the faster rate observed for
ImageNet, under the assumption that researchers had
“strong feedback loops” for ImageNet but are likely to
make slower progress when breaking ground on new
models.” Other compute growth projections did not
include algorithmic progress.s

In addition to compute and algorithmic progress,
the availability of data is also a significant factor in scaling
model performance. Recent assessments by Villalobos and
Ho (2022) on the rate of growth in dataset size allow for
estimates about how data availability may affect compute
growth over time.” These are discussed in Appendix A:
Additional Limitations on Compute Growth.

A summary of recent observed rates of growth in
relevant metrics is shown in Appendix B: Observed
Growth Rates.

Current Best Estimates

and Assumptions

I
his paper projects cost, compute, and effective
compute for frontier AT models using the following
best estimates:

Compute Growth

Epoch (2023) assessed that compute used for training
state-of-the-art machine learning models has been
doubling every 6.3 months (95 percent confidence
interval [CI]: 5.5 to 7.2 months) since 2010. It assessed
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that for the largest models, training compute has been
doubling every 7.0 months (95 percent CI: 5.7 to 8.6
months) since 2015.%°

Since it is the cost for the largest models that is of
interest, this paper uses the 7.0-month doubling period as
the baseline assumption for compute growth.

Hardware Performance

Chips used for training are improving over time, enabling
better performance per dollar. Hobbhahn et al. (2023)
estimated that price-performance for machine learning
GPUs has been doubling every 2.1 years (95 percent CI:
1.6 to 2.91 years).

This paper starts with a baseline assumption that
GPU price-performance continues to double every 2.1
years (25.2 months). This assumption will be changed
in an excursion scenario that explores limits on
hardware improvement.

Cost Growth
Since few AT papers publish cost figures, cost growth has
not been directly measured. However, the rate of cost
growth can be estimated by calculating the difference
between observed compute growth (doubling every
7.0 months) and improvements in compute per dollar
(doubling every 2.1 years). This is the same method-
ology used by Cottier (2023), updated with the most
recent estimates.®* This yields an estimate of cost growth
doubling every 9.7 months.®

This paper uses an estimate of training costs doubling
every 9.7 months (95 percent CI: 7.3 to 13.5 months) for
baseline projections for cost growth.® This assumption
will be changed in excursions that explore a tapering
rate of cost growth as costs approach the limits of
private companies.

Algorithmic Efficiency

Ho et al. (forthcoming) estimated that algorithmic effi-
ciency for large language models is doubling every 8.4
months (95 percent CI: 5.3 to 13 months).*

Since large language models currently represent the
largest, general-purpose AI models, this paper uses the
8.4-month doubling rate as the baseline assumption for
improvements in algorithmic efficiency for any given
model. This is used to project the amount of effective
compute available for training future frontier models.
It also is used to estimate improvements in algorithmic
efficiency that decrease the amount of compute needed
to train a model to any given level of performance over
time, increasing the proliferation of capabilities.

Current Costs

While many details are known about recent state-
of-the-art models, training costs are rarely reported.
Epoch (2023) built an extensive dataset of over 500
notable machine learning systems from 1950 to 2023.%
The dataset includes, when available, parameter count,
dataset size, training compute, and other relevant details.
Most papers do not include cost. In some cases, costs

can be estimated using the reported amount of training
compute. Epoch (2023) estimated a cost of $50 million
(90 percent CI: $30 million to $90 million) for the final
training run for GPT-4.° For more discussion of some of
the challenges in estimating compute costs, see Appendix
C: Estimating Compute Costs.

This paper uses Epoch’s estimate of $50 million to
train GPT-4 as the baseline for projecting future cost
growth. Appendix D, Uncertainty in Cost Projections,
shows alternate projections using different starting cost
estimates. Cost projections are relatively insensitive to
changes in the initial cost. A twofold change in the initial
cost in either direction only leads to a twofold change in
projected cost at any point in time. By contrast, cost pro-
jections are highly sensitive to errors in the rate of cost
growth, since they compound over time.

Current Compute

Since this paper uses GPT-4 as the starting point for
projections of training cost, it relies on Epoch’s (2023)
estimate of 2.1 x 10 FLOP (90 percent CI: 1.1 x 10% to 3.9
x 10% FLOP) used to train GPT-4 as the starting point for
compute for a frontier model trained in 2022, the year
that GPT-4’s training was completed.®”

GPT-4 is an outlier, using a full order of magnitude
more compute than the median trend for large models
at the time it was trained. The next publicly announced
model to be trained on approximately the same or
greater compute was Google’s Gemini Ultra, which was
announced in December 2023, and which Epoch esti-
mated was trained on 8 x 10 FLOP.%® Using GPT-4 as a
starting point for the cost and compute projections leads
to projections for the most expensive and compute-in-
tensive models at any point in time, not the median for
large models.

Assumptions

Projecting cost and compute growth based on current
trends makes several assumptions which may not hold up
in reality. It assumes that current estimates of compute
growth, hardware price-performance, and model cost are
at least approximately accurate. It assumes as a baseline



that these trends continue at their current rate, although
alternate projections factoring in limitations on cost and
hardware improvements are also presented. It assumes
no discontinuous progress in spending, hardware
performance, and algorithmic efficiency. Many of these
assumptions may turn out to be incorrect.

The baseline projections do not make any assump-
tions about which factor(s) limit the rate of growth of
compute and costs. They simply project forward cost and
compute based on current trends without an assumption
of which factors are driving those trends. Many leading
Al labs could afford to spend more on large-scale training
runs today if they desired. The amount of compute used
in large-scale training runs could be limited by several
factors: available chips, the engineering challenges
associated with networking together tens of thousands of
chips to train a model, and sufficient amounts of high-
quality data to train a large model efficiently. For some
start-ups, in addition to cost, access to the human capital
needed to efficiently orchestrate large-scale training runs
may be a significant factor limiting their ability to train
the most compute-intensive models.

The baseline projections do not assume that cost is a
limiting factor in compute growth. Additional scenarios
incorporate cost as a limiting factor. This paper assumes
that large corporations likely could marshal on the order
of tens of billions of dollars in annual training costs if
there was a sufficient payoff for doing so. Beyond that
level, spending would likely move into the realm only
historically affordable by major governments. For a dis-
cussion on private sector spending limits, see Limits on
Cost Growth.

The baseline projections also do not account for
limits in continued hardware performance improve-
ments. An excursion scenario in Limits on Hardware
Improvements accounts for potential limits in
hardware performance.

These projections are not intended as predictions of
how cost and compute will grow over time, but rather as
projections of what cost and compute growth would be
if they were to continue on their current trajectories. A
discussion of additional limitations on compute growth,
including from hardware, data, or engineering chal-
lenges, is included in Appendix A: Additional Limitations
on Compute Growth.

Using these current best estimates and assumptions,
this paper answers the research questions posed at the
beginning by projecting frontier model training cost and
compute over time.
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Cost and Compute Projections
—
f current trends were to continue, how would the
amount of compute used to train frontier AI models
and the cost of training rise over time? Accounting for
algorithmic progress, how would the amount of effective
compute increase over time?

Figures 2.1to 2.3 show a projection of current trends
in cost, compute, and effective compute, respectively,
according to the current best estimates for each growth
rate. GPT-4 is used as a starting point, leading to a
projection for the largest models at AT’s frontier of
research, rather than the median large model at any
given point in time. All cost projections in this paper use
2022 constant dollars.

In Figures 2.1 to 2.3, the y-axes are logarithmic due
to the exponential growth of each variable. Each tick
mark on the vertical axis represents a tenfold increase in
cost, compute, or effective compute. The straight lines
indicate exponential growth curves. The uncertainties
for each variable are shown in the shaded region, with
the high and low estimates representing 95 percent
confidence intervals. The dashed line for each variable
represents the median estimate.

The uncertainties in these projections, shown in
the shaded areas, are considerable. For a discussion of
uncertainties in cost estimates and projections under
different initial training cost estimates, see Appendix D:
Uncertainty in Cost Projections.

FIGURE 2.1 | THE COST TO TRAIN A FRONTIER Al MODEL RISES OVER TIME

(STRAIGHTFORWARD PROJECTION OF CURRENT TRENDS)
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FIGURE 2.2 | COMPUTE USED TO TRAIN A FRONTIER Al MODEL RISES OVER TIME
(STRAIGHTFORWARD PROJECTION OF CURRENT TRENDS)
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FIGURE 2.3 | EFFECTIVE COMPUTE RISES OVER TIME
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The effective compute used
to train frontier models

is projected forward over
time, starting from an initial
estimate of 2.1 x 102 FLOP to
train GPT-4 in 2022 and using
a 7.0-month doubling rate for
compute and an 8.4-month
doubling rate for algorithmic
efficiency (95 percent CI: 5.3
to 13 months).5®
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TABLE 1.1 | TRAINING COST AND COMPUTE OVER TIME
(STRAIGHTFORWARD PROJECTION OF CURRENT TRENDS)

2024 2027 2030 2033 2036
Cost of final training run in 2022 dollars
(9.7-month cost doubling rate) IO VB SOl e eI
Training compute in FLOP 25 57 29 5 2
(7.0-month compute doubling) 23x10 8.0 x10 28x10 1010 35x10
Compute relative to GPT-4 10 x 380 x 13,000 x 500,000 x 17 million x

Finding

Training compute could increase approximately 1,000 times above GPT-4, to around 10%® FLOP, before reaching the
current spending capacity of private companies (assumed to be in the tens of billions of dollars) in the late 2020s.

TABLE 1.2 | TRAINING COST AND EFFECTIVE COMPUTE OVER TIME

(STRAIGHTFORWARD PROJECTION OF CURRENT TRENDS)

2024 2027 2030 2033 2036
Cost of final training run in 2022 dollars
(9.7-month cost doubling rate) et e HEOE HiEer T
Effective compute in 2022 FLOP equivalent 57 20 2 35 23
(8.4-month algorithmic efficiency doubling) 1B 1Y LI IO 78 1Y SR E S5 510
Effective compute relative to GPT-4 80 x 50,000 x 40 million x 25 billion x 18 trillion X

Finding

Accounting for algorithmic progress, the amount of effective compute used to train frontier models could increase to
around one million times GPT-4, or approximately the equivalent of 10%! FLOP in 2022, before reaching the spending

capacity of private companies in the late 2020s.

Discussion

Compute could continue to grow several more orders of
magnitude before reaching the current limit of training
expenditures for major corporations, likely tens of
billions of dollars.

Table 1.1 shows cost and compute over time, with
compute represented both in absolute numbers (FLOP)
and relative to GPT-4.

Accounting for algorithmic progress, the amount of
effective compute used for training is even higher. Table
1.2 shows cost and effective compute, with effective
compute represented both in 2022 equivalent FLOP and
relative to GPT-4.

Current cost and compute trends are not sustain-
able. On their current trajectory, training costs will

reach the current limits of private sector actors and
move into what has been historically the realm of
government-level expenditures in the late 2020s.
However, compute could increase considerably
before reaching that limit. The amount of compute
used to train frontier models could increase on the
order 0f 1,000 times GPT-4, or one million times in
effective compute.

These straightforward projections do not account
for how rising costs might affect the rate of cost
growth. As costs begin to approach the historical
spending limits of corporations, cost growth might
reasonably slow. The next set of projections account
for the spending limits of private companies in pro-
jecting cost and compute growth.
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Limits on Cost Growth
|

the spending limits of private companies, and

when would that occur? If the rate of cost growth
slows as costs rise, how might that affect the amount of
compute used for training frontier models?

Even the wealthiest actors have limits in their spending
capacity. As costs continue to rise, it is reasonable to
expect that these limits will affect compute growth.

Large corporations currently have a spending capacity
in the tens of billions of dollars annually for research
and/or capital expenditures. TSMC’s capital expendi-
tures were $36 billion in 2022 and estimated to be $32
billion in 2023.7° Meta’s capital expenditures were $32
billion in 2022, estimated to be $27 billion to $29 billion
in 2023, and projected to be $30 billion to $35 billion in
2024. Meta’s main driver for increased capital expendi-
tures was an increase in Al capacity.”! Amazon’s capital
expenditures were $59 billion in 2022 and estimated
to be “slightly more than $50 billion” in 2023, although
Amazon’s figures include fulfillment and transportation
costs.” Tech corporations have spent tens of billions of
dollars on speculative research projects with no imme-
diate return and no guaranteed long-term return. Meta
spent $36 billion on metaverse research from 2019 to
2022.7 Large corporations likely could marshal on the
order of tens of billions of dollars in annual training costs
if there was a sufficient payoff for doing so. Beyond that
level, spending would move into the realm historically
only affordable by major governments.

Governments historically have had significantly
greater spending capacity than corporations and have
pursued expensive technology projects when suffi-
ciently motivated. The Manhattan Project to build the
first atomic bomb cost the U.S. government nearly $2
billion at the time, the equivalent of more than $30
billion in 2022.* Moreover, it was willing to undertake
such a large project alongside other major technology
development efforts during World War I1. The B-29
bomber program cost $3 billion in total, or the equiva-
lent of approximately $45 billion in 2022, making it the
largest military expenditure of the war.”® The Apollo
Program was even more expensive, costing nearly $3
billion per year during peak spending in the mid-1960s,
the equivalent of $25 billion annually in 2022.” Costs in
the range of tens of billions of dollars per year for strate-
gically relevant technology projects are feasible for the
largest governments.

Governments can marshal massive financial resources
when necessary. The U.S. Defense Department’s budget

H ow much could compute increase before reaching

is over $800 billion today, in peacetime. At the start

of the Cold War in the early 1950s, the United States
spent over 12 percent of its GDP annually on national
defense.”” During World War 11, defense spending rose

to 36 percent of GDP. (For comparison, 36 percent of
current U.S. GDP would be $9 trillion.) Governments also
can dramatically surge spending in response to strategic
needs. The U.S. government sent $48 billion in aid to
Ukraine during the first ten months of the war in 2022.78
The U.S. Defense Department spent over $2 trillion total

Large corporations likely could
marshal on the order of tens
of billions of dollars in annual
training costs.

in direct spending on the wars in Iraq and Afghanistan
and other post-9/11 military operations.” In response to
the COVID-19 pandemic, the U.S. government engaged in
a swift and massive financial response, spending around
$4.6 trillion in 2020 and 2021.%° This paper does not
explicitly model an upper limit on government expen-
ditures, although costs in the hundreds of billions of
dollars annually are possible for the largest governments.
In extremis, a trillion dollars of annual spending is, in
principle, possible.

Tapered Cost Growth Projection

Under a straightforward projection of cost growth,
training costs will reach the historical limits of private
companies in the late 2020s. A more sophisticated
projection would account for cost growth tapering
over time as costs rise. Rather than costs doubling at
arapid rate before abruptly stopping at some limit of
maximum expenditures, a more reasonable assump-
tion is that the rate of cost growth slows as training
costs become increasingly large and begin to push the
limits of affordability.

To illustrate the effect that this slowing rate of growth
could have on training costs, a tapered cost growth pro-
jection is presented in which the cost doubling period is
arbitrarily assumed to increase by 1.5 months each year.
Under this projection, as costs reach $1 billion (by 2027),
the rate of cost growth has slowed to a doubling every 17
months. As costs reach $10 billion (by 2033), the rate of
cost growth has slowed to a doubling every 26 months
(approximately 2 years). And as costs reach $100 billion
(by 2041), costs are doubling every 38 months (3.2 years).
Figure 3.1 shows cost growth under such a tapered cost
growth projection, with the constant 9.7-month cost
doubling rate shown for comparison.
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FIGURE 3.1 | FRONTIER MODEL TRAINING COSTS
(ARBITRARY TAPERED COST GROWTH PROJECTION)

— Cost of Final Training Run
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FIGURE 3.2 | TRAINING COMPUTE
(TAPERED COST GROWTH PROJECTION)
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Under this illustrative projection of a modest tapering
of the rate of cost growth over time, costs still rise
initially at a very rapid clip. The effect of this modest
tapering of cost growth is that training costs do not
exceed the available expenditures of large corporations
until the mid-2030s. Under such a projection, training
costs (and compute) continue to rise and remain within
the realm of private sector actors for the next 10 to 15
years. Only until the mid- to late 2030s do costs begin to
exceed the level currently affordable by large corpora-
tions and shift into the realm historically only possible
by major governments. (For tapered cost growth projec-
tions under alternate scenarios of slowing cost growth,
see Appendix E: Tapered Cost Growth Projections.)

This tapered cost growth projection is not presented
as a prediction. The uncertainties in the rate of growth
in compute are massive, and many future paths are
possible. This projection is presented merely to illus-
trate, in a general sense, how a slowing rate of cost
growth could affect compute projections. It is possible
to envision reasonable trajectories in which training
costs and compute continue to grow, albeit at a slower
rate than today, for another 10 to 15 years.

Alternatively, costs could continue rising beyond
the current estimate for the spending limit of private
companies (tens of billions of dollars). This could occur
in one of two ways:

First, governments could finance large-scale training
runs. Governments could do this by establishing a
government project to train large models, akin to the
Manhattan Project or Apollo Program. This would be
a significant shift from the role of governments in Al
research today, but it could be possible if governments
saw sufficient strategic value in pursuing next-genera-
tion models to warrant the expenditures. Alternatively,
governments could provide financial support to a select
group of companies training large models to help offset
the cost, similar to how some governments support the
construction of capital-intensive fabs today.

Second, private companies conceivably could fund
training runs at higher levels beyond tens of billions
of dollars if the revenue they generate from AT allows
greater spending. Some researchers have taken into
consideration the possibility of AT accelerating growth
through increased productivity. Davidson (2023) has
estimated how feedback loops on increasing invest-
ment and automation in Al research and development
(R&D) could accelerate AI progress.® The projec-
tions presented in this paper do not take into account
increased revenue for AT companies that could raise
their spending capacity. Similarly, this paper does not

account for the ability of AT itself to accelerate
AI R&D, such as through improved chip design or
algorithmic progress.

Compute under a Tapered Cost

Growth Projection

Under a tapered cost growth projection, in which

the cost doubling period is arbitrarily assumed to
increase by 1.5 months per year, compute grows more
slowly. Figure 3.2 shows a projection of the amount

of compute used to train frontier AT models under a
tapered cost growth model. A straightforward projec-
tion of compute under constant cost growth is included
for comparison.

Discussion

The effect of slowing cost growth is to reduce the
amount of compute used to train a frontier model
at any given point in time. However, this merely
delays by a few years the time to reach various
compute thresholds.

Under a straightforward projection, training
compute reaches 2 x 10% FLOP, or approximately 1,000
times above GPT-4, in 2028 at a cost of around $10
billion. Under a tapered cost projection, this milestone
is delayed by only two years, arriving in 2030. In this
projection, however, hardware performance con-
tinues to improve, somewhat making up for the lack of
spending. This assumption may not be realistic and is
removed in a subsequent scenario.

Limits on Hardware Improvements
—

ow might limits on continued hardware
H improvements affect future compute growth?

Chips are continuing to improve, which

enables greater compute per dollar over time.
Machine learning GPU price-performance, or
performance per dollar, has been doubling about
every 2.1 years. Hardware improvements may not
continue indefinitely, however.

Physics-based analysis from Hobbhahn and
Besiroglu (2022) suggested that GPU performance will
stop improving between 2027 and 2035 as transistors
approach the size of roughly a single silicon atom.®? It
is possible that chips continue improving through new
techniques. Advanced packaging techniques, more spe-
cialized AI-specific chips, or entirely new computing
paradigms could enable continued growth beyond the
mid-2030s. However, one plausible scenario is that
hardware improvements slow dramatically or stop



completely as chips reach fundamental physical limits.
Under one scenario, these limits could be reached
relatively quickly, in roughly the next three to ten

years. Alternatively, even if these near-term anticipated
limits do not materialize, other limiting factors could
emerge as chips continue to improve. Ho et al. (2023)
estimated fundamental limits in microprocessor energy
efficiency could be reached in around 20 years, in the
mid-2040s.** (For further discussion of hardware lim-
itations on compute growth, see Appendix A: Additional
Limitations on Compute Growth.)

There is a wide range of plausible scenarios for
continued hardware improvements, ranging from hard
limits in the relatively near term to continued improve-
ments for another 20 years or more. As an illustrative
example of how hardware performance limits could
affect future training compute, this paper explores a
scenario in which GPU performance stops improving
between 2027 and 2035, per Hobbhahn and Besiroglu
(2022). This is not presented as a prediction, but rather
as an example of one plausible scenario for how future
limits on continued hardware improvements could
affect compute growth.

Figure 4.1 shows compute growth due to hardware
improvements alone under two scenarios: (1) a straight-
forward projection of the current 2.1-year doubling rate
for machine learning GPU price-performance; and (2)
hardware improvements slowing beginning in 2027 and
stopping completely by 2035. (The slowing in hardware
improvements used in this projection results in a final
FLOP/s per dollar level roughly equivalent to an abrupt
stop in approximately 2031.)

This new projection of hardware improvements,
slowing beginning in 2027 and stopping completely
by 2035, can be used to update projections of training
compute and effective compute, accounting for poten-
tial hardware limitations. Figures 4.2 to 4.4 project
frontier model training cost, compute, and effective
compute, respectively, accounting for hardware limits
and tapered cost growth. The median estimates for cost,
compute, and effective compute without any cost or
hardware limits are shown for comparison.

Discussion

Under this projection, costs keep rising but compute
gains are slower after around 2030 as GPU price-per-
formance stalls. Effective compute continues to rise,
however, since algorithmic improvements are assumed
to continue. In this scenario in which cost growth
slows and hardware performance gains stall, algo-
rithmic improvements become the dominant driver
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of continued performance gains in the 2030s. This
does not mean that compute ceases to be important or
that the most capable models are no longer expensive.
Huge costs and massive amounts of compute remain
the price of entry for training the most compute-in-
tensive frontier models. Merely, as compute growth
from hardware improvements and increased expen-
ditures slow, algorithmic improvements continue to
increase the effectiveness of the available compute,
enabling better performance. Tables 2.1 and 2.2 show
compute and effective compute, respectively, over time
assuming limits on hardware performance and a tapered
cost growth projection.

These projections of effective compute assume that
the rate of algorithmic efficiency improvements is
constant, doubling every 8.4 months, and independent
of compute growth. This assumption may not be valid.
If growth in compute slows due to rising costs and /or
diminishing hardware performance gains, researchers
could focus more attention on algorithms, increasing
the rate of algorithmic improvements. Alternatively,
current rapid improvements in algorithmic efficiency
could be partly a function of rising compute. Researchers

Huge costs and massive
amounts of compute remain
the price of entry for training
the most compute-intensive
frontier models.

are able to achieve performance gains quickly by scaling
compute, allowing fast feedback loops on model per-
formance. Researchers then can build on these initial
compute-driven gains by improving model efficiency
through algorithmic improvements. If this is the case,
then a slowdown in compute could lead to an accompa-
nying slowdown in algorithmic progress. Additionally,
some leading AT companies such as OpenAl, Anthropic,
and Google have begun withholding details of their
most advanced models. If the AT research ecosystem
becomes more closed than it has been historically, and
leading AT labs refrain from releasing model weights or
even publishing details of their most advanced models,
improvements in algorithmic efficiency for frontier
models could slow or could be confined to within
leading companies. This shift may be under way already.
Government regulation also could slow the rate of algo-
rithmic efficiency gains, at least for frontier models, if
government regulations on the most compute-intensive
models prohibit or delay their release.®*
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FIGURE 4.1 | COMPUTE GROWTH DUE TO HARDWARE
IMPROVEMENTS ALONE (HARDWARE PERFORMANCE
LIMIT AROUND 2031)
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Compute growth due to hardware improvements alone is shown under two
scenarios: (1) a constant 2.1-year doubling rate for machine learning GPU
price-performance; and (2) hardware performance gains slowing beginning
in 2027 and stopping completely by 2035, resulting in a final FLOP/s per
dollar level roughly equivalent to an abrupt stop in hardware performance
improvements around 203].

FIGURE 4.3 | TRAINING COMPUTE
(TAPERED COST PROJECTION AND HARDWARE
LIMITS AROUND 2031)
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The amount of compute used to train frontier Al models is projected
using a tapered cost growth model and accounting for limits in hardware
performance. The doubling period for training costs is arbitrarily
assumed to increase by 1.5 months per year, slowing the rate of cost

and compute growth. Hardware performance gains are assumed to

slow beginning in 2027 and stop completely by 2035, resulting in a final
FLOP/s per dollar level roughly equivalent to an abrupt stop in hardware
performance improvements around 2031. A constant 7.0-month compute
doubling rate is shown for comparison.

FIGURE 4.2 | FRONTIER MODEL TRAINING COSTS
(ARBITRARY TAPERED COST GROWTH PROJECTION)

— Cost of Final Training Run
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Training costs are projected using a tapered cost growth model. Training costs
initially double every 9.7 months, but the doubling rate is arbitrarily assumed
to increase by 1.5 months per year, slowing the rate of cost growth. A constant
9.7-month cost doubling rate is shown for comparison.

FIGURE 4.4 | EFFECTIVE COMPUTE
(TAPERED COST PROJECTION AND HARDWARE
LIMITS AROUND 2031)
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The effective compute used to train frontier Al models is projected using
a tapered cost growth model and accounting for limits in hardware
performance. A constant growth rate using a 7.0-month doubling rate
for compute and an 8.4-month doubling rate for algorithmic efficiency is
shown for comparison.®®
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TABLE 2.1 | FRONTIER MODEL TRAINING COST AND COMPUTE OVER TIME
(ASSUMING HARDWARE LIMITS AROUND 2031 AND TAPERED COST GROWTH PROJECTION, +1.5 MONTH INCREASE IN
COST DOUBLING TIME PER YEAR)

2024 2027 2030 2033 2036
Cost of final training run in 2022 dollars
CEoETes) GO G, $220M $1.2B $4.3B $12B $30B
Training compute in FLOP 26 27 o8 o8 29
(hardware limits around 2031, tapered cost growth) 1.8 x10 2:6x10 1.9 %10 81x10 21x10
Compute relative to GPT-4 9 x 100 x 900 X% 4,000 x 10,000 x

Finding

The amount of compute used to train frontier models continues to rise quickly for the next approximately four to five
years, reaching around 100 times more than GPT-4 by 2027. By 2030, however, compute growth slows significantly
due to cost and hardware constraints. By 2034, compute has reached 10?° FLOP, or around 5,000 times more than
GPT-4, at a cost of around $15 billion.

TABLE 2.2 | FRONTIER MODEL TRAINING COST AND EFFECTIVE COMPUTE OVER TIME
(ASSUMING HARDWARE LIMITS AROUND 2031 AND TAPERED COST GROWTH PROJECTION, +1.5 MONTH INCREASE IN
COST DOUBLING TIME PER YEAR)

2024 2027 2030 2033 2036
Cost of final training run in 2022 dollars
(tapered cost growth) $220M $1.2B $4.3B $12B $30B
Effective compute in 2022 FLOP equivalent
(hardware limits around 2031, tapered cost 1.3 x 10?7 3.7 x 10%° 5.3 x 103 4.4 x 1033 2.2 x 1035
growth)
Effective compute relative to GPT-4 60 X 20,000 x 3 million x 200 million x 10 billion %

Finding

Accounting for algorithmic progress, effective compute could increase by 2030 to approximately 1 millionfold above
GPT-4, to around the equivalent of 103! FLOP in 2022. If algorithms continue to improve, effective compute could
increase by the mid-2030s to approximately 1 billionfold above GPT-4, to around the equivalent of 103* FLOP

in 2022.
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Proliferation
—
ow might improvements in hardware and algo-
rithmic efficiency affect the availability of AT
capabilities over time?
Cost is already an obstacle to many Al researchers
training the largest models. If costs continue to rise,
the number of actors that can conduct the most com-
pute-intensive research will shrink further, leading
to an oligopoly in frontier Al research. In the most
extreme case, if costs move into the realm of major gov-
ernments, the number of global actors that could afford
building the most capable AT models could be very
small (for example, the United States, China, and the
European Union). However, the cost to train a model at
any given level of capability rapidly decreases over time
due to both hardware and algorithmic improvements.
At present, Al breakthroughs proliferate rapidly. It took
35 months for an open-source equivalent of AlphaFold
to be released, 14 months for an open-source equivalent

of GPT-3, and seven months for an open-source equiv-
alent of GPT-3.5.° Some Al labs have switched to a
limited release approach, only allowing access to their
latest models through an API, slowing proliferation. As
costs drop over time, however, eventually training costs
become low enough that they become affordable to an
actor willing to open-source the model. For example,
the first version of Stable Diffusion, which was released
open source, cost $600,000 to train.’” As model costs
become low enough that they are affordable to a wider
array of actors, it is increasingly likely that someone
releases an open-source version.

Figure 5 shows how training costs for any given
once-frontier model decrease over time due to improve-
ments in hardware and algorithmic efficiency. Hardware
improvements are assumed to lead to a doubling in GPU
price-performance approximately every 2.1 years.®
Improvements in algorithmic efficiency are assumed
according to the approximately 8.4-month observed
doubling rate in large language models.

FIGURE 5 | CAPABILITIES OF ONCE-FRONTIER MODELS BECOME MORE ACCESSIBLE OVER TIME

AS COSTS DECREASE

— Cost of Final Training Run
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in hardware and algorithmic
efficiency. Starting at the cost
of training a frontier model in
2022 ($50 million), 2024 ($300
million), 2026 ($1.5 billion), 2028
($9 billion), and 2030 ($50
billion), the cost to train a model
with equivalent capabilities is
shown decreasing over time due
to hardware and algorithmic
improvements. Machine learning
GPU price-performance is
assumed to double every 2.1
years (95 percent CI: 1.6 to 2.91
years) and algorithmic efficiency
is assumed to double every 8.4
months (95 percent Cl: 5.3 to 13
months). The uncertainty in the
shaded blue regions combines
uncertainty for hardware and
algorithmic improvements.®®




Discussion

Capabilities that once were limited to state-of-the-art
models quickly become more affordable over time.
Because compute requirements halve every 8.4 months
due to algorithmic improvements and hardware perfor-
mance per dollar doubles every 2.1 years, the cost to train
a model with equivalent performance rapidly decreases.
Training a frontier model would cost $50 million in 2022
(the estimate for GPT-4); a straightforward projection

of hardware and algorithmic efficiency trends predicts
that training a model with the equivalent performance of
GPT-4 would cost $4 million in 2024 and only $250,000
by 2026. Under this projection, training a frontier model
would cost $1.5 billion in 2026; training a model with

the equivalent performance would cost $30 million by
2029 and $2 million by 2031. Even if models reach very
high costs, exponential improvements in hardware and
algorithmic efficiency make such models affordable in
only a few years. A frontier model in 2028 would cost $10
billion to train, yet the equivalent capabilities could be
reached with a $160 million model in three years (2031)
and a $10 million model in five years (2033).

FINDING

Even if costs rise to the point where they severely limit
access to only the wealthiest global actors, any given
level of capability is still likely to proliferate rapidly
within a few years as training costs decline if hardware
and algorithmic advancements remain widely available.
Wealthy actors training models at Al’s frontier are
likely to retain a relative advantage over competitors,
however, if they continue to train ever-larger and more
compute-intensive models.

Under these projections, the capabilities of once-fron-
tier models become widely accessible in only a few years
as training costs for any given level of compute rapidly
fall due to improvements in hardware and algorithmic
efficiency. One or both of these assumptions may not
be correct. Hardware improvements could slow or stall
completely, a scenario this projection does not include.
Some actors may not have access to the most advanced
chips, for example, due to export controls. Algorithmic
efficiency gains may not be widely available if frontier
labs restrict information about their models, as some are
doing already. On the other hand, even if frontier labs
restrict information, the open-source community can
still improve algorithms using smaller models.”* And
some information about frontier models may leak out.”
As in other areas of projecting Al trends, there is tremen-
dous uncertainty about how rapidly training costs might
fall in the future, enabling proliferation.
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Costs for Hardware-Restricted Actors
|

example, due to export controls) affect cost and
compute growth for actors denied access to con-
tinued improvements in AT hardware?

Access to advanced computing hardware is likely to be
a limiting factor for some actors in training large models.

On October 7, 2022, the U.S. Commerce Department issued
sweeping export controls on semiconductor technology
destined for China, which the Commerce Department
updated and expanded on October 17, 2023. The controls
limit the export to China of semiconductor manufacturing
equipment and advanced GPUs, even when the chips
themselves or their components are manufactured overseas,
such as in Taiwan. Nvidia’s A100 chip, which has been used
to train several milestone machine learning models, is now
banned for export to China, as is Nvidia’s most recent H100
chip. The 2023 update additionally covers Nvidia’s AS00 and
HS800 chips. If these export controls remain in place and are
maximally effective, they could have a significant effect on
slowing Chinese frontier AI development over time.

Chinese AT labs could attempt to circumvent these export
controls through several means. Some Chinese suppliers
reportedly are smuggling banned chips into China, although
the scale of such efforts is unclear.”? Additionally, Chinese AT
researchers can still access compute through cloud pro-
viders, which are not captured under current export controls,
although recent moves by the U.S. government suggest it may
be looking to address this gap.”® Additionally, while Chinese-
headquartered companies and their overseas subsidiaries can
no longer purchase export-controlled chips, creative corpo-
rate restructuring may be able to circumvent these rules.* For
U.S. export controls to be effective in restraining Chinese labs’
ability to train frontier AT models, the U.S. government would
need to put in place additional measures to cut down on large-
scale smuggling of advanced chips and deny Chinese AT labs
access to large-scale compute through cloud providers or data
centers outside China.

The immediate effect of U.S. export controls on Chinese
AT development is likely marginal. Some now-banned A100
chips already were sold to Chinese firms before the export
controls took effect.” Additionally, Nvidia responded to
U.S. export controls by releasing the AS00 and H800 chips,
export-compliant versions of the banned A100 and H100,
respectively.” While the A800 and H800 now are banned
based on updated rules issued by the U.S. government in
October 2023, approximately 100,000 have been sold to
Chinese firms.” Using 800-series chips, which have lower
interconnect bandwidth than the A100 and H100, would
make large-scale training runs more inefficient and costly.

H ow might constraints on hardware availability (for
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Even if the immediate effect is small, if U.S. export
controls remain in place and can be effectively enforced,
they are likely to severely restrict China’s access to
leading-edge GPUs in the coming years. U.S. Commerce
Department officials have said that they anticipate the
current threshold for restricted GPUs will remain in
place, even as chips continue to advance, preventing
Chinese labs from accessing future, more efficient
GPUs.”® Moreover, because U.S. export controls also
target the manufacturing equipment needed for
advanced Chinese fabs, China also will be hindered in
its ability to manufacture its own advanced chips. U.S.
export controls currently prohibit the sale of U.S.-origin
manufacturing equipment to leading manufacturing
nodes in China. Japan and the Netherlands have adopted
similar restrictions, effectively shutting China out of
manufacturing its own advanced chips in the near term.”
(The United States, the Netherlands, and Japan collec-
tively control 90 percent of the global semiconductor
manufacturing equipment market.)

In the long run, U.S. chip export controls will not
remain effective forever. China is working to develop
its own indigenous tooling capacity for manufacturing
advanced chips, although it faces significant technolog-
ical hurdles to doing so. China has seen some success
with chips produced at SMIC’s 7 nm node, which are in
Huawei’s Mate 60 Pro phone. These chips represent a
significant improvement over previous Chinese attempts
to indigenously produce advanced chips.'®® However,
there remain challenges to producing these chips in large
quantities using China’s currently available equipment
(deep ultraviolet lithography), and these chips remain
substantially behind TSMC’s in quality.!** In addition to
Chinese efforts to improve indigenous chip production,
U.S. export controls create incentives for global semi-
conductor manufacturers to design-out U.S. components
from their fabs to circumvent U.S. restrictions to sell to
the Chinese market. However, U.S. export controls could
hinder China’s access to large-scale compute for at least
several years.

If the United States is successful in denying China
access to leading-edge chips, Chinese Al research labs
would be forced to use older, less advanced GPUs for
training, effectively increasing the cost of large-scale
training runs. Khan and Mann (2020) estimated that
denying an actor access to leading-edge chips could
quickly make training large models “economically pro-
hibitive.”° In addition to increased costs, using older

chips also is likely to increase the engineering challenges
in training larger numbers of chips in parallel. It also
may slow Al research by forcing longer training runs and
slowing iteration on model development. The effects of
denying actors access to advanced chips is likely to be
complex and multifaceted. Hardware-restricted actors
certainly will not be able to overcome all these hurdles
simply by paying more in compute. However, one effect
is likely to increase compute costs for accessing state-of-
the-art models.

Advances in algorithmic
efficiency will make training
models with the equivalent
capabilities of once-frontier
models affordable within only
a few years.

Figure 6.1 projects costs for “hardware-restricted
actors” who are denied access to continued hardware
improvements, such as due to export controls. This
projection assumes that export controls are maxi-
mally effective, denying hardware-restricted actors
from any further advances in chips. The projection
assumes hardware-restricted actors are unable to access
hardware improvements beyond 2020, since the now-
banned Nvidia A100 was released in 2020. As such,
this projection estimates an upper bound on cost for
hardware-restricted actors. In practice, improvements
in Chinese indigenous chip fabrication could enable
China to close the cost gap somewhat. These projec-
tions estimate the cost for hardware-restricted actors
to attempt to keep pace with frontier models, using the
naive assumption that hardware-restricted actors can
access larger amounts of compute by simply paying
more, using more older model chips for longer training
runs. This simplification assumes away significant engi-
neering challenges and limitations in scaling compute
using older model chips and likely underestimates the
engineering challenges for hardware-restricted actors.
Under a scenario of maximally effective export controls,
the cost for hardware-restricted actors to keep pace with
frontier AT model development quickly becomes unfea-
sible. The uncertainty in the projection, indicated in the
shaded blue region, is due to uncertainty in the rate of
hardware improvements, which hardware-restricted
actors are denied.



FIGURE 6.1 | RESTRICTIONS ON HARDWARE MAKE IT UNAFFORDABLE TO KEEP PACE WITH FRONTIER MODELS
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Discussion

Using the simplistic assumption that hardware-restricted
actors cannot access hardware improvements after 2020,
this projection estimates a modest present-day twofold
cost penalty for hardware-restricted actors to attempt to
keep pace with present-day frontier AT models. This is
not presented as an accurate assessment of the current
cost to train a GPT-4 level model with export-compliant
chips and does not reflect the practical engineering
challenges in doing so. Rather, this projection shows that,
even if hardware-restricted actors attempted to keep
pace with frontier Al models, and even if the engineering
challenges in doing so were assumed away, costs quickly
would become unaffordable.

By 2024, the effect of denying an actor access to all
hardware improvements after 2020 is a nearly fourfold
increase in cost. A frontier model that normally would
cost approximately $280 million to train in 2024 would
cost a hardware-restricted actor approximately $1
billion. By 2025, the difference is a fivefold increase in
cost. An approximately $650 million frontier model
in 2025 would cost a hardware-restricted actor more
than $3 billion.

As costs rise, a more likely effect of hardware restric-
tions is only to delay the time when hardware-restricted
actors are able to access capabilities until improvements

in algorithmic efficiency make models more affordable.
Even though hardware-restricted actors cannot afford

to keep pace with frontier models (assuming export
controls are maximally effective), capabilities neverthe-
less proliferate rapidly due to algorithmic improvements.
Figure 6.2 estimates how costs for any given level of
capabilities fall over time due to algorithmic improve-
ments, enabling proliferation of capabilities to
hardware-restricted actors.

The cost to train a model with equivalent perfor-
mance to a once-state-of-the-art $50 million model in
2022 (i.e., GPT-4 level model) rapidly declines to $7
million by 2024 due to algorithmic improvements alone.
To train the equivalent of a $1.5 billion frontier model
in 2026 would cost a hardware-restricted actor initially
over $10 billion, even assuming they could solve the
associated engineering challenges. Yet the cost to train
a model with equivalent capabilities declines to around
$50 million in only four years, by 2030. Even if rising
costs force hardware-restricted actors to fall behind
the frontier of AT research for the largest models, the
time delay is likely to be only a few years. Even costs
for very expensive models decline rapidly. Training
the equivalent of an approximately $10 billion frontier
model in 2028 initially would cost a hardware-re-
stricted actor a whopping $120 billion. However,

FIGURE 6.2 | CAPABILITIES PROLIFERATE TO HARDWARE-RESTRICTED

ACTORS DUE TO ALGORITHMIC IMPROVEMENTS
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algorithmic improvements would drive training costs

down to $600 million in only four years, by 2032. These

rapid cost decreases are driven entirely by algorithmic
progress, which this projection estimates doubling
every 8.4 months. A slower rate of publicly available
algorithmic progress, whether due to decreased infor-
mation-sharing by leading AI labs or government
regulation of large-scale models, would lead to longer
timelines.

FINDING

Export controls that restrict actors’ ability to access the
most advanced chips, if effectively enforced, will rapidly
price hardware-restricted actors out of competing

in frontier Al models. Using larger numbers of older
model chips quickly will become unaffordable, even
without accounting for engineering challenges. However,
advances in algorithmic efficiency will make training
models with the equivalent capabilities of once-frontier
models affordable within only a few years. The most
likely effect of hardware restrictions will be to delay
those actors’ access to any given level of capability by
only a few years, if algorithmic improvements remain
widely available.

@CNASDC

Compute Regulatory Threshold
|

ow might improvements in hardware and algo-

rithmic efficiency impact the effectiveness of

training compute as a regulatory threshold for
frontier models over time?

As frontier AT models have increased in capability,
including dual-use capabilities such as the ability to
generate disinformation or enable cyber, chemical, or
biological attacks, a growing number of voices have
called for regulating their development and/or use.
Some Al policy researchers, including some at frontier
Al labs, have proposed using the amount of compute
used to train a model as a regulatory threshold trig-
gering greater oversight, safeguards, or government
licensing and approval before release.’®® On October
30, 2023, the Biden administration issued an executive
order on AT that, among other actions, established a
10% operations threshold for reporting to the govern-
ment.'** This threshold, which is roughly five times
higher than the estimated compute used to train
GPT-4, aims to capture future models trained with
more compute than preexisting frontier models (as of
October 2023).

If current trends continue, using GPT-4 as a starting
point, the 102 FLOP threshold is projected to be
reached in early 2024 with a cost of roughly $155
million (95 percent CI: $135 million to $170 million)
for the final training run. (In practice, the actual timing
for when the first model will cross the notification
threshold will depend on the compute availability,
experiment pipeline, and strategies of the handful of
labs that are able to train a 10 FLOP model today.)

Initially, only a small number of leading AT labs
would be able to train such a model. Training costs
would fall over time, however, due to hardware
improvements. Machine learning GPU price-perfor-
mance is doubling every 2.1 years. Figure 7.1 projects
the cost to train a 10% FLOP model declining over time
due to hardware improvements, starting with a $155
million cost in 2024.

Under this projection, the cost to train a 102 FLOP
model would decrease relatively slowly from $155
million in 2024 to $30 million five years later in 2029.
This would limit the number of actors that could train
amodel at the regulatory threshold. If AT labs were
restricted from releasing the model weights open
source for a trained model at the regulatory threshold,
then only a relatively small number of actors would be
able to train a 10% FLOP regulatory threshold model
throughout the 2020s.
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FIGURE 7.1 | THE COST TO TRAIN A 102 FLOP REGULATORY THRESHOLD MODEL DECREASES OVER TIME
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FIGURE 7.2 | THE COST TO TRAIN A MODEL WITH CAPABILITIES EQUIVALENT TO A 102¢ FLOP MODEL IN
2024 DECREASES OVER TIME
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This projection does not account for algorithmic
efficiency gains, however. Algorithmic efficiency for
large language models is currently doubling every
8.4 months. Improvements in algorithmic efficiency
will allow models with equivalent performance to a
10%° FLOP model in 2024 to be trained in the future
by using compute more efficiently. For example, due
to algorithmic improvements, a 10** FLOP model in
2028 will have the same performance as a 10 FLOP
model in 2024. Correspondingly, this will drop the
cost to train a model with performance equivalent to
a10% FLOP model in 2024, and this drop in cost will
happen much faster than with hardware improvements
alone. Figure 7.2 shows how the cost to train a model
with performance equivalent to a 10 FLOP model in
2024 will drop over time due to both hardware and
algorithmic improvements.

Under this projection, training a model equivalent in
performance to a 102 FLOP model in 2024 would cost
around $10 million by 2026 and less than $1 million
by 2028. This assumes that hardware and algorithmic
improvements continue at their current rate. If improve-
ments in algorithmic efficiency slow down, due to a shift
to amore closed research ecosystem or government
regulations, that could slow the rate of decline of training
costs for models with performance equivalent to a 10%
FLOP model in 2024.

Discussion
The capabilities of 10 FLOP models and their risks
are, at present, entirely unknown. The Biden admin-
istration established the compute threshold at 10*
operations because it was higher than current publicly
known models. GPT-4 is estimated to have used 2.1 x 10%*
FLOP, so the compute threshold is roughly five times the
amount of compute used to train GPT-4. The compute
threshold was not chosen to reflect known hazards, but
rather the absence of information and the potential for
hazards at the frontier of AI progress. The notification
requirement will require companies to give informa-
tion to the U.S. government about the model, potential
hazards, and safety testing. As models of this scale are
trained and information is reported to the government,
increased information about the capabilities, any poten-
tial risks, and safeguards will grow over time. Future
regulators should have more information about the per-
formance and any potential hazards from models trained
with 10% or greater FLOP.

The fact that an increasing array of actors will be
capable of training a model with capabilities equiva-
lent to a 102 FLOP model in 2024 is not necessarily a
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problem. Nor does it necessarily obviate the need for
the compute threshold. If models at the equivalent of
10?° FLOP turn out to be dangerous—for example, if they
enabled the development of biological weapons—then
restricting their release could be warranted. In that case,
the compute threshold may need to decrease over time
to account for algorithmic efficiency. On the other hand,
if 10 FLOP models turn out not to be dangerous—or if
society is able to take steps to harden itself against such
dangers over time—then the increasing accessibility of
such models may not be problematic.

If government regulators wanted to retain the compute
threshold at the frontier of AT progress, only capturing the
most advanced models at any given point in time, then the
compute threshold may need to increase over time to keep
pace with compute growth.

Alternatively, government regulators may wish to
keep the compute threshold at 102 FLOP specifically to
future-proof against algorithmic gains that will increase
the accessibility of future capabilities. By the late 2020s,
when frontier models are projected to reach 10?® FLOP, it
will take another approximately five years for algorithmic
gains to make it possible to train a model using only 10*
FLOP that has performance equivalent to a 2028 frontier
model. Maintaining the regulatory threshold at 10* FLOP
may slow the proliferation of future capabilities that are
even more powerful—and potentially dangerous—than the
capabilities of models at the regulatory threshold when
it is first crossed. The cost to train a 102 FLOP model is
likely to remain in the tens of millions of dollars through
the 2020s, so the number of actors who would be affected
by a compute threshold that remained at 10 FLOP likely
would be relatively small.

Using a training compute threshold for triggering
arequirement to notify the government about model
development and deployment is a novel approach. While
training compute is an input rather than an output, and
it is model capabilities that are actually relevant for
causing potential harm, capabilities cannot be reliably
anticipated in advance of training, especially at AI’s
frontier. In some cases, further capability improvements
can be gained from a model even after training simply
by improved prompting, chain-of-thought reasoning,
or linking multiple models together. The amount of
compute used for training can be a useful trigger for
greater scrutiny of potential risks from new models whose
capabilities may be unknown. Government regulators
will need to be flexible and responsive to future hazards,
known and unknown, as Al researchers continue to
scale to larger models and probe the unknown frontiers
of AT development.
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Conclusion
S
olicymakers should prepare for a world of signifi-
cantly more powerful AI systems over the next 10 to
15 years. These developments could occur without
fundamental breakthroughs in Al science, but simply by
scaling up today’s techniques to train larger models on
more data and computation.

Despite constraints on spending and hardware perfor-
mance, the amount of compute used to train frontier AT
models could increase significantly in the next decade.
By the late 2020s or early 2030s, training compute could
be approximately 1,000 times that used for GPT-4, and
effective compute could be approximately 1 million times
GPT-4. There is some uncertainty about when these
thresholds could be reached, but this level of growth
appears possible within cost and hardware constraints.
Improvements of this magnitude are possible without
government intervention, entirely funded by private
corporations on the scale of large tech companies today.
Nor do they require fundamental breakthroughs in chip
manufacturing
or design.

Even further gains could be possible if any of the fol-
lowing turn out to be true:

® Companies are able to spend larger sums of money due
to increased revenues from Al

® Governments fund even larger and more costly training
runs

® Hardware performance continues to improve into the
2030s

® Algorithmic efficiency continues to improve into
the 2030s.

This paper makes no predictions about the specific
capabilities of a system with one million times the per-
formance of GPT-4. However, historical experience with
scaling shows that the result is not just higher performing
models but unlocking entirely new capabilities. The
baseline trajectory of frontier AI systems in the near
future is not systems slightly more powerful than the
current state of the art; it is systems vastly more powerful
than today.

The challenge that policymakers face is not regu-
lating GPT-4 level systems; it is regulating the vastly
more powerful systems that could be built in the next
10 to 15 years. Policymakers should begin to put in
place today a regulatory framework to prepare for such

systems. Just as some Al labs are developing “respon-
sible scaling policies,” governments must future-proof
their regulations to be prepared for future models that
are significantly more compute-intensive and capable
than those today.' Building a regulatory framework in
anticipation of more powerful AT systems is essential
because of the disconnect in speeds between AI progress
and the policymaking process, the difficulty in predicting
the capabilities of new AT systems on specific tasks, and
the speed with which AT models proliferate today, absent
regulation. Waiting to regulate future, more powerful Al
systems until concrete harms materialize almost certainly
will result in regulation being too late. In the worst case,
dangerous models could have been already released open
source, making efforts to constrain their proliferation
effectively impossible.

Computing hardware is likely to be a fruitful avenue for
regulation if current trends continue. Massive amounts
of compute are the cost of entry to training frontier AT
models. If current trends continue, compute is likely
to increase in importance over the next 10 to 15 years
as an essential input to training the most capable AT
systems. Regulations on access to compute (e.g., export
controls on chips, know-your-customer cloud computing
requirements), if effective, could restrict China’s abilities
to keep pace with frontier AT development. However,
restrictions on access to compute are likely to slow, but
not halt, proliferation, given the ability of algorithmic
advances to enable training equivalent systems on less
compute over time.

Regulations on compute will be more effective if paired
with regulations on models themselves. Algorithmic
progress has a significant impact on the rate of prolifera-
tion of frontier models. Changes in industry behavior or
government regulations with respect to trained models
conceivably could slow the rate of proliferation. Widely
available algorithmic improvements could slow, for
example, if leading AT labs withheld further details about
their frontier models, or if the U.S. government applied
export controls to trained models above a certain compute
threshold, as it already has to chips.!?”

Policymakers face difficult choices about regulating
Al in the face of significant uncertainty. Understanding
historical trends in cost, compute, and algorithmic
efficiency can help policymakers make reasonable pro-
jections about what kinds of futures are possible over the
next decade-plus, accounting for potential limitations
in further growth. Better informed policymaking can
enable better policies, not just to respond to the concerns
of AT systems today, but to address the possibilities of
future systems as well.
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Appendix A: Additional Limitations
on Compute Growth

——

There are several factors that may limit compute growth
over time. This paper explicitly models scenarios in which
cost, hardware performance, and access to hardware are
all limitations on training compute continuing to grow at
the current rate. The paper does not model other limiting
factors, such as upper limits on government spending, the
total amount of available data for training, and engineering
challenges associated with parallelizing training for very
large models. These factors could limit future compute
growth under certain scenarios. A brief discussion of some of
these limitations is included below.

Hardware Limitations

Improvements in hardware performance are a major
factor in the future cost of compute since they increase the
amount of compute available per dollar. Hobbhahn et al.
(2023) estimated that machine learning GPU price-per-
formance has been doubling every 2.1 years based on

an analysis of 47 machine learning accelerators (GPUs

and other AT chips) from 2010 to 2023. The baseline
assumption this paper uses projects compute per dollar
continuing to improve at this rate. This may not be real-
istic, however. There are good reasons, both physics-based
and economics-based, for believing that current hardware
improvement trends are not sustainable. As transistors
continue to shrink, they are approaching the size of a single
silicon atom. The costs for building new leading-edge fabs
also is increasing, an economic reflection of the increas-
ingly herculean engineering efforts required to build
smaller chips.!® New leading-edge fabs can cost $10 billion
to $20 billion.!'”” A more sophisticated projection would
take into account limits that cause hardware improvements
to slow or stop entirely in the future.

Other compute projections have included limits on
hardware improvements. Cotra (2020) projected compute
per dollar doubling every 2.5 years until the late 2070s
before leveling off at 10** FLOP/s per dollar. Hobbhahn
(2022) used a more conservative projection of GPU
price-performance doubling every 2.8 years until around
2030, after which it slows to doubling approximately
every 3.5 years.

Recent physics-based analysis by Hobbhahn and
Besiroglu (2022) of GPU improvements estimated that
GPU price-performance would stop improving between
2027 and 2035 as transistors approach the size of roughly
a single silicon atom. Hobbhahn and Besiroglu estimated
that GPU price-performance would cap at around 10?* to
10 FLOP/s per dollar.®

Taking a different approach, Ho et al. (2023) estimated
fundamental limits in microprocessor performance due
to limits in energy efficiency. GPU energy efficiency is
currently doubling approximately every 2.7 years. Ho
et al. estimated that the current paradigm for micro-
processors may reach a fundamental limit in improved
energy efficiency at around 4.7 x 10" 4-bit floating-point
operations per Joule, which is around 200 times more
energy efficient than today’s microprocessors.!!! At the
current rate of improvement, this limit would be reached
in around 20 years, or in the mid-2040s.

The section Limits on Hardware Improvements
projects cost and compute growth under a scenario in
which GPU price-performance levels off between 2027
and 2035, per Hobbhahn and Besiroglu (2022).

Data Limitations

Data also could become a limiting factor in compute
growth. Hoffman et al. (2022) demonstrated sig-
nificantly improved performance with the language
model Chinchilla (70B) over Gopher (280B) with the
same compute budget by leveraging four times as
much training data.? They concluded that training
data should scale approximately equal to model size

as the compute budget increases, an update to the
scaling laws presented by Kaplan et al. (2020).!* These
findings suggest that some large language models (e.g.,
GPT-3, MT-NLG) are overly large and have undersized
datasets relative to their compute budget. A more
optimal use of compute resources would focus greater
attention on scaling data, such that data scales roughly
proportional to model size.

If researchers adjust the design of future large
models accordingly, data could, in principle, become a
limiting factor in compute growth. Villalobos and Ho
(2022) found that language dataset size is growing 0.22
orders of magnitude per year (OOMs/yr), equivalent
to doubling every 16.4 months."™ This is significantly
slower than the 7.0-month doubling rate for compute
for large language models. If Chinchilla’s performance
leads researchers to increase attention on data, it is
possible that training datasets will grow at a faster rate
than they have been to date. Alternatively, it could be
the case that it is difficult to increase dataset growth
faster than the present rate—for example, if building
ever-larger datasets becomes increasingly time-in-
tensive, if data becomes increasingly difficult to find,
or if high-quality data turns out to matter the most
and is in short supply. Even if dataset size grows at an
increased rate, it may not match the 7.0-month histor-
ical compute doubling rate for large models.
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It also is possible that the total quantity of useful data This paper makes no assumptions about which
is limited, and researchers simply run out of new data limiting factor(s) drive the current compute doubling
on which to train larger models. Villalabos et al. (2022) rate. It merely projects the current compute growth
found that dataset size is growing faster than available rate forward until cost becomes a constraint. It may
stocks for language and vision data."® They estimated be the case that the engineering challenges associated
that the available stock of high-quality language data is with large-scale training runs are the most significant
likely to be exhausted before 2026, low-quality language constraint on the rate of compute growth. If so, and if
data by 2030 to 2050, and vision data by 2030 to 2060. addressing these technical issues becomes increasingly

However, there are additional data sources that challenging, this could slow the rate of compute growth
researchers could turn to once these stocks are in the future.’

exhausted, including video, audio, geolocation data,
Internet of Things device data, and proprietary text

and image datasets. If data becomes a limiting factor

in increasing AT capabilities, companies also may put
additional resources into generating new data, such as by
capturing data from the environment or human behavior.
In the past, companies have engaged in major data
creation efforts, from geolocation data for mapping appli-
cations to detailed environmental maps for self-driving
cars. In theory, Al-generated data may even be able to
supplement datasets.

The total amount of data is not fixed, and a long-term
trend in the information revolution has been toward
cheaper, ubiquitous sensors that can collect more data in
a greater number of modalities. Data may become more
difficult to find, and a shift toward proprietary datasets
could further advantage large corporations and disad-
vantage academic researchers, but a hard limit on data
seems unlikely. For this reason, this paper does not model
a limit on data available for training.

Engineering Challenges
As researchers train larger models, parallelizing training
across thousands of chips presents significant engi-
neering hurdles."® As a practical matter, the engineering
challenges associated with large-scale training runs may
be a more significant factor limiting the rate of growth in
large-scale training runs for leading AT labs than cost, per
se. Marshaling the funding needed to purchase 100,000
chips may be simpler than actually networking them
together into a usable cluster for training a large model.
Additionally, the human capital required to overcome
these engineering obstacles, rather than cost alone, is
likely a limiting factor for many actors in competing with
top AT labs. Actors who are not able to access the human
capital required to manage the engineering challenges
associated with large training runs may be shut out of
competing in frontier models even if other factors, such
as cost, data, and hardware, are not limiting factors.
(However, cost may be a crude proxy for the engineering
challenges associated with large-scale training runs.)
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Appendix B:
Observed Growth Rates

TABLE A.1 | OBSERVED RATES OF GROWTH IN RELEVANT METRICS

Doubling Orders of magnitude Years to reach

Metric period per year (OOMs/yr) 10 X improvement Source
Compute for training 6.3 months e
(FLOP) @53 v 0.57 OOMs/yr 1.74 years Epoch (2023)
Compute for training 7.0 months 1o
large models (FLOP) 158 e 0.52 OOMs/yr 1.94 years Epoch (2023)
EEI EE ] 5 25.2 months Hobbhahn et al.
price-performance (21 years) 0.14 OOMs/yr 6.98 years (2023y20
(FLOP/s per dollar) Y
Large language model 8.4 months Ho et al.
algorithmic efficiency (0.70 years) 0AF SO I V) (forthcoming)'®'

. 16.4 months Villalobos and Ho
Language dataset size 057 vea ) 0.22 OOMs/yr 4.55 years (2022
Vision dataset size 401 months 0.09 OOMs/yr 111 years Villalobos and Ho

(3.34 years) (2022)'%




Appendix C:

Estimating Compute Costs
I

Because training costs are rarely reported, some
researchers have attempted to estimate the costs of
recent state-of-the-art AT models. H. (2018) estimated
the costs to replicate AlphaGo Zero at approximately
$35 million, based on the cloud computing rates Google
offers to the public. DeepMind’s actual costs to conduct
the experiments would have been lower, since Google
owns the cloud infrastructure.’** Carey (2018) estimated
the actual costs to Google of AlphaGo Zero at around

$3 million for the final training run and $3 million to
$10 million for the entire experiment.!?> Wang (2020)
estimated that it would cost an independent researcher
approximately $13 million to replicate the final training
run for AlphaStar Final.”? Sharir et al. (2020) estimated
the “list-price” of training T5-11B to be above $1.3
million for a single training run and may have been $10
million for the entire experiment.””” Li (2020) estimated
$4.6 million to train GPT-3."?® Lohn and Musser (2022)
estimated $1.65 million to $4.6 million to train GPT-3.%°
Heim (2022) estimated the cost to an independent
researcher to replicate PaLM at between $9 million

to $23 million.”*® Epoch (2023) estimated a cost of $50
million (90 percent CI: $30 million to $90 million) for
the final training run for GPT-4.*' OpenATI’'s CEO Sam
Altman stated that the company spent $100 million to
train GPT-4, although he did not give further details, and
this may include earlier experiments in addition to the
final training run.’*> When estimates use prices available
to the general public, the actual price to the research labs
training these models would have been lower, because in
most cases they own, or their parent company owns, the
cloud infrastructure.
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Establishing a baseline for current model costs from
which to project forward is challenging for several
reasons. Costs generally are not reported and must be
estimated by outside researchers based on reported
compute usage. Estimated costs vary depending on
whether one is considering the final training run versus
the entire cost of an experiment. And the cost for an
independent research team to replicate a model is likely
to be significantly higher than the actual costs to the
researchers conducting the experiment, who often have
access to the internal cloud resources of major tech
corporations. (Google DeepMind has access to Google’s
cloud resources and OpenAl uses Microsoft’s). Most cost
estimates calculate the cost of a final training run if con-
ducted by an independent research group that does not
have access to internal cloud resources. This allows for a
more precise estimate, using the reported compute for a
final training run and commercially available computing
prices. The actual cost to conduct a complete experiment
is likely to be higher than the final training run, and costs
can vary considerably depending on whether a research
team has access to a major tech company’s cloud infra-
structure. The question of cost-to-whom is particularly
relevant for this analysis, which aims to better under-
stand how rising costs might affect accessibility and
proliferation of state-of-the-art models.
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Appendix D:

Uncertainty in Cost Projections
|

Uncertainties in cost projections come from
several factors:

1. Uncertainty in the cost estimates for current models
(the starting point for future projections)

2. Uncertainty in the historical rate of cost growth

3. Uncertainty in the extent to which future cost growth
will mirror historical trends.

Current best estimates for historical cost growth and
current costs are:

® Cost growth: Training costs doubling every 9.7 months
(95 percent CI: 7.3 to 13.5 months)

® Training costs: Cost of final training run for
GPT-4: $50 million (90 percent CI: $30 million
to $90 million).!*

Sensitivity to Initial Starting Cost
Figure A.1 shows straightforward cost projections under
three starting costs: $30 million, $50 million, and $90
million, representing the range of plausible costs for
GPT-4. The high and low growth estimates for a $50
million starting cost are included for comparison.
Uncertainty in the starting cost is quickly overwhelmed
by uncertainty in the rate of growth, which could lead to
awide range of plausible future cost projections. As long

as the $50 million cost estimate for GPT-4 is within a
factor of two in either direction, any errors in estimating
the starting cost are not likely to significantly affect
future cost projections.

Sensitivity to the Rate of Growth

Cost and compute projections are highly sensitive to
the rate of growth. Tables A.2 and A.3 show training
cost and compute estimates, respectively, under the

median, high, and low growth rates.

Initially, the differences between the median,
high, and low estimates are relatively small, within
a factor of two. Over time, however, the gaps widen
due to the compounding effect of the differences in
growth rates. By 2030, the high and low estimates are
an order of magnitude difference from the median
estimates.

When viewed from the perspective of when
various cost and compute milestones are reached,
however, the variability in growth rates is not as
severe. Tables A .4 and A.5 show the year at which
various cost and compute milestones, respectively,
are reached under median, high and low growth rates.

Because the growth rates under any scenario are
so rapid, the effect of the uncertainty in growth rates
is simply to shift the date at which various cost and
compute milestones are reached by only around one
to three years in either direction. The estimated cost
limit for private companies, $20 billion, is reached in
the late 2020s or early 2030s under all growth rates.
Similarly, 10** FLOP, or approximately 1,000 times the
compute used to train GPT-4, is reached in the late
2020s under all compute growth rate projections.

FIGURE A.1 | FRONTIER MODEL TRAINING COST OVER TIME (SENSITIVITY ANALYSIS)

+ Cost of Final Training Run (2022 dollars)
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A straightforward projection of frontier model
training costs under three different initial starting
costs in 2022: $30M, $50M, and $90M. Cost growth
is assumed to double every 9.7 months (95 percent
Cl: 7.3 to 13.5 months).
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TABLE A.2 | MEDIAN, HIGH, AND LOW ESTIMATES FOR TRAINING COST OVER TIME IN 2022 DOLLARS

(STRAIGHTFORWARD PROJECTION)

2024 2027 2030 2033 2036
o Cost aoubling $280M $3.6B $508 $600B $8T
e i $490M $158 $4508 $14T $400T
13.5-month cost doubling $170M $11B $7B $40B $280B

(low growth estimate)

TABLE A.3 | MEDIAN, HIGH, AND LOW ESTIMATES FOR TRAINING COMPUTE OVER TIME IN FLOP

(STRAIGHTFORWARD PROJECTION)

2024 2027 2030 2033 2036
Zﬁég}::t:sfi:g:gte doubling 2.3 x10% 8.0 x10%7 2.8 x10%° 1.0 x 10% 3.5 x 1032
?ﬁf&ﬁ‘gféafﬁg’sﬁﬁzgfub""g 39x10%  31x10%  25x10°  2x10% 2x10%
8.6-month compute doubling 15 x 1026 2.6 x 1027 4.8 x 1028 9 x 1020 2 x 109

(low growth estimate)

TABLE A.4 | YEAR TO REACH TRAINING COST MILESTONE FOR MEDIAN, HIGH, AND LOW ESTIMATES
FOR TRAINING COST GROWTH (STRAIGHTFORWARD PROJECTION)

Training cost in 2022 dollars $500M $1B $5B $10B $20B
9-75monthicostdoubling 2025 2026 2027 2028 2029
(median estimate)

73 monthcost doubling 2024 2025 2026 2027 2027
(high growth estimate)

LBl GG T 2026 2027 2030 2031 2032

(low growth estimate)

TABLE A.5 | YEAR TO REACH TRAINING COMPUTE MILESTONE FOR MEDIAN, HIGH, AND LOW
ESTIMATES FOR TRAINING COMPUTE GROWTH (STRAIGHTFORWARD PROJECTION)

Training compute in FLOP 10%¢ 10?7 1028 10%° 1030
7.0-month compute doubling 2024 2026 2028 2030 2032
(median estimate)

5.7-month compute doubling 2023 2025 2027 2028 2030
(high growth estimate)

8.6-month compute doubling 2024 2026 2029 2031 2034

(low growth estimate)

@CNASDC
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Appendix E: Tapered Cost

Growth Projections

—

As costs continue to rise, the rate of growth in training
costs (currently doubling every 9.7 months) may slow.
Figure A.2 and Table A.6 show several possible projec-
tions for training costs under different scenarios for
cost growth slowing over time. Tapered cost growth
projections are shown under four scenarios in which
the cost doubling period increases by 0.5, 1, 1.5, and 2.5
months per year. A straightforward projection in which
cost growth increases at the current doubling rate of 9.7
months is shown in Figure A.2 for comparison.

The scenario in which the cost doubling rate changes
by +1.5 months per year is used for the tapered cost
growth projection shown in the body of this paper
as an illustrative example of how cost growth could
slow as costs approach the historical spending limits
of private companies.

FIGURE A.2 | FRONTIER MODEL TRAINING COST OVER TIME (TAPERED COST GROWTH

PROJECTIONS)
Cost of Final Training Run (2022 dollars)

—— U.S. GDP ($23 trillion)

$10T

$T

$100B —— $100 billion

—— $20 billion / = = —-
s - -
-

$10B

$1B -

$100M

7

—— Constant cost growth rate

,,,,,,,, +0.5 months/year The cost to train a frontier model is projected under

== +1 month/year
= = = +1.5 months/year

— — +2.5 months/year

four different scenarios of tapered cost growth,
with the cost doubling rate increasing by 0.5, 1,
1.5, and 2.5 months per year. A straightforward
projection of training cost with a constant
9.7-month doubling rate is shown for comparison.

2022 2024 2026 2028 2030 2032 2034 2036

2038 2040 2042

TABLE A.6 | MODEL TRAINING COST AND COST DOUBLING RATE UNDER VARIOUS

SCENARIOS OF TAPERED COST GROWTH

2024 2027 2030 2033 2036
Constant cost doubling rate $280M $3.6B $50B $600B $8T
of 9.7 months (9.7 mos.) (9.7 mos.) (9.7 mos.) (9.7 mos.) (9.7 mos.)
Doubling rate increases +0.5 $260M $2.3B $16B $90B $400B
months/year (Mmos.) ((2mos.) (4 mos.) (@(5mos.) (17 mos.)
Doubling rate increases +1.0 $240M $1.6B $7B $30B $80B
months/year (12mos.) (@(5mos.) (18 mos.) (21 mos.) (24 mos.)
Doubling rate increases +1.5 $220M $1.2B $4B $12B $30B
months/year (I3 mos.) (17 mos.) (22mos.) (26 mos.) (31 mos.)
Doubling rate increases +2.5 $200M $800M $2B $4B $8B
months/year (I5mos.) (22 mos.) (30 mos.) (37 mos.) (45 mos.)

Model training cost in 2022 dollars. Cost doubling rate in months.
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