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Abstract

With the advent of generative AI (genAI), the potential scope of artificial intel-
ligence has increased dramatically, but the future effect of genAI on productivity
remains uncertain. GenAI-induced productivity gains will depend on the range of
tasks enhanced by the technology, the extent of adoption for those tasks, and the
success of firms in integrating the adopted technology; it is too early to draw confi-
dent conclusions on those questions. Moreover, the effects of the technology on the
innovation process will play a crucial role. Some labor-saving innovations, such as
the light bulb, temporarily raise productivity growth as adoption spreads, but the
effect fades when the market is saturated; that is, the level of output per hour is
permanently higher but the growth rate is not. In contrast, two types of technolo-
gies stand out as having longer-lived effects on productivity growth. First, there
are technologies known as general-purpose technologies (GPTs). GPTs are (1)
widely adopted, (2) spur abundant knock-on innovations (new goods and services,
process efficiencies, and business reorganization), and (3) improve continuously,
refreshing this innovation cycle; the electric dynamo is an example. Second, there
are inventions in the method of invention (IMIs). IMIs increase the efficiency
of the research and development process, generating new ideas more quickly and
cheaply; the compound microscope is an example. We show that GenAI has the
characteristics of both a GPT and an IMI—an encouraging sign. Even so, for
genAI to boost productivity growth, its contribution will have to outpace the past
IT innovations which are baked into the trend, including machine learning.
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1 Introduction

The scope of artificial intelligence (AI) has expanded dramatically with
the advent of generative AI (genAI), including to tasks previously seen as
quintessentially human, such as competition-level mathematics (fig. 1 on the
following page). Indeed, more and more challenging benchmark tests have
been needed to assess progress as genAI has matched human performance on
one task after another (Maslej et al., 2024).1 Nevertheless, the prospective
effect of recent genAI developments on labor productivity remains uncertain.
The external validity of benchmarks—that is, how much they tell us about
performance on practical tasks seemingly related to the tests—is a matter of
some debate (Liao et al., 2021). And, human-level performance on bench-
marks does not guarantee that cost-effective practical application at scale in
a business context is possible. There are only a few examples of genAI im-
proving the bottom line in practice, in contrast to the abundance of examples
available for machine learning, an AI technology that preceded genAI.

In an encouraging sign, field test evidence of productivity improvements
from genAI in practical applications has emerged, including for writing,
computer programming, and responding to call center inquiries (table 1 on
page 5).2 Whether these and other applications will collectively be conse-
quential enough to raise aggregate productivity growth remains to be seen.
GenAI may simply represent the latest evolutionary stage of information
technology (IT)—one in a long line of innovations in hardware and software,
including its predecessors in the field of AI. Because these earlier innovations
are reflected in the historical trend, genAI will have to contribute more than
the typical IT innovation to raise productivity growth. While optimists see
potential for the return of the IT-fueled productivity boom of the late 1990s
and early 2000s, more downbeat observers see some claims about its capa-
bilities as overstated and highlight potential headwinds, such as regulation
to guard against unintended harms from genAI.3

1The reader is encouraged to consult Maslej et al. (2024) for a far more detailed set of
indicators for progress in AI.

2Brynjolfsson et al. (2023) find that call center operators became 14% more productive
when they used the technology; Peng, Kalliamvakou, Cihon and Demirer (2023) find that
access to GitHub Copilot enabled programmers to complete tasks 56% faster; and Noy and
Zhang (2023) find that writers who used ChatGPT worked more quickly and produced
higher-quality outputs.

3For an optimistic view, see Kurzweil (2024). For a more cautious perspective see
Narayanan and Kapoor (2024).
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In our view, the evidence supports optimism about the future productiv-
ity contributions from genAI. That said, caution is in order. Predictions of
an IT-infused future of abundance have appeared regularly since the 1950s,
but noteworthy productivity gains have only followed slowly, in tandem with
time-consuming complementary changes in business organization.4

Figure 1: GenAI Benchmark Performance

One way to frame the forward-looking question of the effect of genAI
on productivity is to consider what class of innovation it may be. Some
labor-saving innovations, such as the light bulb, temporarily raise produc-
tivity growth as adoption spreads, but the effect fades when the market is
saturated; that is, the level of output per hour is permanently higher but
the growth rate is not. Other widely used technologies, such as the elec-
tric dynamo, spur knock-on innovations—new products, process improve-
ments, and business reorganization—and continually refresh this adoption
cycle through ongoing improvement in the core technology. The boost to

4This reality was apparent from the outset of the digital age, which arguably began in
the 1940s when a steady, rapid fall in the price of information processing began (Nordhaus,
2007). Martin Jr. (1960) cautioned that productivity gains would come slowly: “The
data-processing system of an organization is of almost un-imaginable complexity. The
introduction of a computer usually involves widespread changes in this complex system.”
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productivity growth for these general-purpose technologies (GPTs) persists
for longer. Yet other inventions, such as the compound microscope, increase
the efficiency of the research and development process; these “inventions in
the method of invention” (IMIs) yield a sustained increase the productivity
growth rate by lowering the cost of research and development.

We consider the evidence for genAI as a GPT and an IMI. To assess its
status as a GPT, we consider indicators for the scope of diffusion, extent of
knock-on innovations, and signs of ongoing progress in the core technology.
To assess its status as an IMI, we review the record of genAI contributing to
R&D efficiency. For both the question of genAI’s status as a GPT and an
IMI, we reference case studies for the financial, health care, and information
sectors and for the electricity generation industry (Baily and Kane, 2025a,b;
Kane and Baily, 2025a,b).

We conclude there is substantial evidence that genAI is both a GPT and
an IMI, with an important caveat: The current and prospective extent of
genAI diffusion is highly uncertain; adoption outside of large firms is low and
evidence for the profitabililty of genAI use at large firms is slim.5 Moreover,
it is premature to say that it will boost productivity more than previously-
introduced forms of IT—including earlier forms of AI like machine learning—
the condition that must be met for a genAI-fueled sustained increase in
productivity growth.

Before turning to the subjects of GPTs and IMIs, we sketch the evolution
of AI in general and genAI in particular. That history makes clear that the
field of AI is diverse, encompassing far more than just genAI, so coherent
claims about the effects of “AI” on productivity must specify what kind of
AI is under discussion; we focus on genAI. Moreover, the history of innovation
in the field is crucial to understanding the relative contribution of genAI.

2 The Evolution of Artificial Intelligence

“Artificial intelligence” (AI) is an umbrella term encompassing a variety
of algorithms deployed on computers to mimic human thought, communica-
tion, and choices, such as machine learning, computer vision, and generative

5For other examinations of AI and its potential to be a GPT, see, inter alia, Trajtenberg
(2018); Bresnahan (2019); Eloundou, Manning, Mishkin and Rock (2023); Goldfarb, Taska
and Teodoridis (2023); Bresnahan (2024).

4



Table 1: Selected GenAI Productivity Field Studies

Study Task Results

Noy and Zhang (2023) Writing Faster, higher quality writing us-
ing ChatGPT. Low-ability work-
ers benefit more. Writers shift
from drafting to idea generation
and editing.

Brynjolfsson, Li,
Ramsey (2023)

Customer
service

More issues resolved using con-
versational assistant. Low-ability
workers benefit more.

Dell’Aqua et al. (2023) Various GPT-4 increases task completion,
speed, and quality. Low-ability
workers benefit more.

Peng et al. (2023) Coding Using GitHub Copilot, program-
mers complete tasks faster

Cui et al. (2024) Coding GitHub Copilot raises task com-
pletion. Low-ability workers ben-
efit more.

5



models.6 AI systems achieve these objectives by constructing mathematical
models to mimic complex patterns found in training data.

The term can be traced to the summer of 1956, when Dartmouth College
professor John McCarthy convened the seminal “Summer Research Project
on Artificial Intelligence” (Nilsson, 2009).7 The project proposal stated its
premise and objectives and contained an implicit definition of AI (in italics):

The study is to proceed on the basis of the conjecture that ev-
ery aspect of learning or any other feature of intelligence can in
principle be so precisely described that a machine can be made
to simulate it. An attempt will be made to find how to make ma-
chines use language, form abstractions and concepts, solve kinds
of problems now reserved for humans, and improve themselves.

To be clear, AI research had begun before the Dartmouth project. For
example, McCulloch and Pitts (1943) had studied the use of artificial neu-
rons, Shannon (1948) had identified Markov Chains as a potential basis for
generating new content, and Turing (1950) had introduced a test for machine
intelligence (now known as the Turing test) whereby a human attempts to
determine if a hidden interlocutor is a computer or another human.8

We sketch subsequent developments in AI research and application below.
As will be apparent, substantial theoretical and practical progress on AI

6Artificial intelligence is notoriously difficult to define in a way that satisfies the di-
verse perspectives of academia, the tech industry, and everyday users and the meaning
continually evolves alongside technological advancements. U.S. legislation (15 USC 9401)
contains this definition: “The term ‘artificial intelligence’ means a machine-based system
that can, for a given set of human-defined objectives, make predictions, recommendations
or decisions influencing real or virtual environments. Artificial intelligence systems use
machine and human-based inputs to (A) perceive real and virtual environments; (B) ab-
stract such perceptions into models through analysis in an automated manner; and (C)
use model inference to formulate options for information or action.”

7For a more comprehensive history, see Nilsson (2009), Wooldridge (2021), and Olson
(2024).

8Indeed, Andrey Markov identified language as a use for his mathematical structures
as early as 1906. From Wikipedia: “Markov chains have long been used to model natural
languages since their development by Russian mathematician Andrey Markov in the early
20th century. Markov published his first paper on the topic in 1906, and analyzed the
pattern of vowels and consonants in the novel Eugeny Onegin using Markov chains. Once
a Markov chain is learned on a text corpus, it can then be used as a probabilistic text
generator.” Shai; Singer, Yoram; Tishby, Naftali (July 1, 1998). ”The Hierarchical Hidden
Markov Model: Analysis and Applications”. Machine Learning. 32 (1): 41–62.

6



Table 2: Distinguishing Features of AI Models

symbolic vs. connectionist
deterministic vs. stochastic
discriminative vs. generative

preceded the explosion of attention to AI that followed the introduction of
ChatGPT in 2022.

2.1 Early AI Research

Following the Dartmouth project, AI research developed models distin-
guished along several dimensions (table 2).

• Symbolic AI encoded a system of explicit rules in computer pro-
grams. For example, Newell et al. (1958) designed a model called
“Logic Theorist” that successfully proved 38 theorems from Whitehead
and Russell’s Principia Mathematica (Whitehead and Russell, 1927).
Connectionist AI, in contrast, allowed complex rules to emerge or-
ganically, sacrificing interpretability for flexibility (James et al., 2017).
The perceptron model in Rosenblatt (1958), foundational for this ap-
proach, was a single neuron, used to combine signals from multiple
input channels to classify images. Later models, such as MADALINE
(Multiple Adaptive Linear Neuron), combined multiple layers of neu-
rons together. These networks combine input signals into an output
signal with the weight given to each input signal evolving during the
training process.

• Though early models were typically deterministic AI systems, where
a given input would consistently produce the same output, stochas-
tic AI models emerged as well where the path taken was not prede-
termined. For example, SNARC (Stochastic Neural Analogue Rein-
forcement Calculator), simulated a rat navigating a maze by random
experimentation with different paths (Minsky, 1952).

• Most early efforts focused on classification—discriminative AI—such
as using the Perceptron to label pictures. But, the ambition to create a
generative AI system that would respond to questions with an appro-
priate free-form text response was already present in this era. In 1966,
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the ELIZA chatbot provided a rudimentary simulation of a conversation
with a psychotherapist. Unlike present-day AI chatbots, ELIZA used
a deterministic, symbolic logic approach, relying on pattern matching
and word substitution (Weizenbaum, 1966).9

In addition to these theoretical characteristics, applied AI systems are
distinguished by the type of training used in their development. Some use
reinforcement learning, interacting with the environment to refine the
model. Others use predictive learning, where the system is trained in
advance of use. Predictive learning primarily took the form of supervised
learning in this period, such as when the perceptron was trained with labeled
pictures. However, Selfridge (1958) was a major advance in algorithms for
pattern recognition, which was foundational for unsupervised learning,
where the system develops classification categories without guidance.

Early efforts to apply theoretical models were limited by advances in com-
puting hardware. Greater AI system capability typically requires a larger
model, where size is measured in the number of parameters (fig. 2 on the
next page). Early models, like Theseus—a robotic maze-solving mouse—
and the Perceptron—the rudimentary neuron mentioned above—had tens or
hundreds of parameters. Recent models, like DALL-E, Llama, and GPT-3
have hundreds of billions of parameters. Moreover, more complicated models
typically require larger training datasets (fig. 2 on the following page). Com-
putational requirements for model training and application rise with the size
of the model and the size of the training dataset.

2.2 Emergence of Practical AI

Early practical applications of AI were found in solving classification prob-
lems in high-volume communication systems. LeCun et al. (1989) developed
the LeNet model adopted by the U.S. Postal Service to read hand-written
ZIP codes. The post office was soon reading entire handwritten addresses
using AI as well (Srihari and Kuebert, 1997). Another early practical appli-
cation of AI was the identification of spam email (Sahami et al., 1998). A key
innovation behind these systems was the convolutional neural network
(CNN), an advance in connectionist AI that focused on rapid development of
a coarse representation of the image which revealed some features, like edges,

9Strictly speaking, some AI models, such as the “expert systems” described below, are
neither generative or discriminative, so our classification scheme is not exhaustive.
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Figure 2: Number of Parameters and Training Dataset Size

Note: Only models with reported parameter size and training dataset size are included in the dataset.
For instance, GPT-4 is excluded as its parameter size is not known.
Source: Epoch (2024) with major processing by Our World in Data.

but not others. Referring to the characteristics described above, these early
image systems were connectionist, deterministic, discriminative, and trained
by predictive learning.

In the news industry in this period, symbolic models such as Cyborg at
the AP and Heliograf at the Washington Post were used to write articles.
Unlike present-day generative models, these systems relied on structured
data—tagged as sports scores or stock prices, for example—not on models
of the language as a whole, making them a kind of proto-generative AI. In
2013, articles on major company financial announcements and sports events
were generated with these systems and by 2017, these models were used for
expanded coverage of sparsely populated news markets and small companies,
and were even used to generate rudimentary news videos (Keohane, 2017).

Symbolic AI was put to practical use in this period as well. Expert
systems leveraged a large trove of domain-specific information and a set of
rules (encoded in an “inference engine”) provided by specialists to provide
guidance, such as medical diagnoses (Buchanan and Smith, 1988). Examples
include MYCIN, used to diagnose infectious diseases, and IBM’s Watson,
deployed in medical and other applications (Shortliffe, 1977; Ferrucci, 2012).
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Table 3: History of Amazon Demand Forecasting Techniques

Year Forecasting Technique

2007 Time-Series Models
2009 Random Forest
2011 Seasonality Models
2013 Sparse Quantile Random Forest
2015 Feed-Forward Networks
2017 Multi-Horizon Quantile Recurrent Forecaster
2020 MQ Transformer

Source: Reproduced from Hardesty (2019)

Expert systems fell out of favor over time due to their cost of development,
limited reliability, and narrow field of application (Gill, 1995).

Most importantly, as emphasized by Agrawal, Gans and Goldfarb (2018),
AI practicioners soon realized that discriminative AI could be recast as “pre-
diction in the statistical sense of using existing data to fill in missing informa-
tion” and these models were soon used in a diverse set of prediction problems.
(Indeed, these systems are often now referred to as “predictive AI.”) Ama-
zon, for example, first used AI to forecast demand for its products in 2009,
then continuously updated its forecasting approach to adopt emerging AI
techniques (table 3). Machine learning, another term for this approach
to AI, is credited by a wide range of companies for increasing profitability
during this period (table under construction).

2.3 Generative AI

Public interest in AI surged in late 2022 with the appearance of Chat-
GPT, a front end to a viable genAI system—one that can respond to natural
language prompts with human-like (coherent, nuanced, context-specific) re-
sponses in the form of text, images, videos, and sounds. The event was
the culmination of a roughly 10-year period of advances in large language
models (LLMs).

LLMs are a mathematical representation of the linguistic relationships
among the “tokens” (words, groups of words, and portions of words) found
in a “corpus” (set of texts or other media). A key advantage of LLMs is their
ability to reduce unstructured text to flexible structural representations that
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do not rely on a small set of variables specified in advance. Rudimentary
early attempts at language models encoded words as long vectors of zeros
with a single element—the index assigned to the specific word—marked with
a “1” (Hancock and Khoshgoftaar, 2020). In 2013, Google introduced a
richer method known as the Word2Vec model (Mikolov et al., 2013). Words
are represented with dense vectors known as embeddings such that the
distance between two embeddings reflects the semantic similarity between
the represented words. Word2Vec revolutionized many natural language
processing (NLP) tasks, such as classification and translation.

A limitation of Word2Vec encodings is that a word’s representation is
the same regardless of the context. For example, the model will represent
the word “bank” with the same embedding whether the input text is “I
withdrew money from my bank account” or “I went fishing down at the
river bank.” Since Word2Vec assigns fixed embeddings, it cannot distinguish
whether “bank” refers to a financial institution or a riverbank, impeding its
understanding of the text.

A major breakthrough in addressing this shortcoming came with the in-
troduction of the Transformer model, an architecture that creates context-
aware word representations by efficiently processing the entire input text
at once (Vaswani et al., 2017). This architecture is defined by two princi-
pal characteristics: the attention mechanism and positional encodings.
The attention mechanism enables the model to assign, for each token, vary-
ing degrees of relevance to different parts of the input, allowing it to under-
stand context in longer sequences of text. Positional encodings ensure that
word order is meaningfully integrated into the model’s processing of inputs.
(See “The Transformer Model” for more detail.) This advancement directly
changed how machines encoded text, shifting the focus within NLP toward
a deeper understanding of language.10

With the advent of the Transformer, genAI flourished. Innovations such
as WaveNet (2016) improved raw audio and speech generation. NVIDIA’s
GAN (2017) and DALL-E (2022) enhanced image generation. Most notably,
text generation improved at a blistering pace in this period. Especially promi-
nent in this domain were a series of models produced by OpenAI: GPT-2
(Radford et al., 2019), GPT-3 (Brown et al., 2020), ChatGPT (OpenAI,

10Particularly important was the introduction of the BERT model the following
year(Devlin, 2018). The final ‘T’ in BERT stands for ‘Transformer’ (Bidirectional en-
coder representations from transformers)
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2022), GPT-4 (OpenAI, 2023), and others. Successive models were increas-
ingly human-like in their knowledge and creativity, eventually passing Turing
tests due to their coherent and contextually relevant output.

Unlike machine learning, however, few companies have reported a note-
worthy impact on their bottom line from genAI (table under construction).

Landmark AI Models: The Transformer

The transformer architecture, introduced by Vaswani et al. (2017), was
a game changer in AI, particularly as the engine behind genAI models.
Its key innovation, the “attention mechanism,” steers models to fo-
cus selectively on relevant parts of input data simultaneously, enabling
more efficient and accurate processing of language. This breakthrough
has powered major advancements in natural language understanding,
translation, and generation, forming the backbone of today’s most ad-
vanced genAI systems.

Transformers process input data through a series of layers (steps),
each consisting of an attention mechanism followed by a multilayer
perceptron (MLP, defined below), proceeding as follows.

First, a representation of the text suitable for input to the model is
created. Specifically, the input text is broken into smaller pieces (to-
kens), which may be phrases, words, or parts of words. The tokens are
converted into numerical vector representations (embeddings) which
encode the semantic and syntactic meaning of each token. Loosely
speaking, for each token, the closest of the other tokens, as measured
by the distance between their embeddings, are the ones most important
to understanding its meaning.

Second, the attention mechanism processes the input matrix using
three large matrices called the “query,” the “key,” and the “value.”
For each token in the input, the query predicts which token will come
next, picking from the choices available in the key. The value vector
represents the correct answers and the distance (miss) between the
prediction and the value is feedback used to refine the query.

Third, the data passes through an MLP, a type of neural network.
While the attention mechanism focuses on pairwise interactions be-
tween tokens, the MLP applies nonlinear functions (in contrast to the
linear attention mechanism) in refining the token representations.
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The Transformer (continued)

This sequence—of computing the attention mechanism followed by
the MLP—is repeated multiple times depending on how many layers
are in the model (for example, the Llama-3 model has 32 layers), en-
abling the model to capture increasingly abstract features of the input
text.

The vast size of advanced transformer models, with their extensive
weight matrices in the attention and MLP components, highlights their
ability to handle complex language tasks and drives their scalability as
demonstrated by recent breakthroughs in genAI.

3 Is GenAI a General Purpose Technology?

While the limited evidence of genAI-driven productivity in specific tasks
is intriguing (table 1 on page 5), to look ahead to its productivity impact,
we would like to know (1) if genAI will be widely adopted, (2) the extent of
related innovations, and (3) whether genAI will continue to improve. That
is, we would like to know if genAI is a general-purpose technology (GPT).11

Through widespread adoption, downstream complementary innovation, and
sustained innovation in the core technology, GPTs have long-lasting effects
on productivity. Examples of GPTs are shown in table 4 on the following
page.

As described by Lipsey, Carlaw and Bekar (2005), “big GPT shocks
change almost everything in a society and revitalize the growth process by
creating an agenda for the creation of new products, new processes, and
new organizational forms.” For example, new products that followed the
invention of the (electronic) computer include office productivity software,
ATM machines, and the routing equipment that directs traffic around the
internet. New processes that followed the development of reliable electricity
include the production of hydrogen by electrolysis, salvaging scrap steel us-
ing electric arc furnaces, and the fabrication process for semiconductor chips.
And, a new organizational form that followed the introduction of the three-
masted sailing ship was the joint-stock company, used to finance the voyages

11Note that the “GPT” acronym in the names of OpenAI genAI models stands for
“generative pre-trained transformer.” We will use “GPT” to mean “general-purpose tech-
nology” exclusively in this paper except when referring to OpenAI models.
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Table 4: Selected Examples of General Purpose Technologies

Technology Date
Domestication of plants 9000–8000 BCE
Writing 3400–3200 BCE
Iron 1200 BCE
Waterwheel Early medieval period
Three-masted sailing ship 15th century
Steam engine Late 18th to early 19th century
Factory system Late 18th to early 19th century
Railway Mid 19th century
Internal combustion engine Late 19th century
Electricity Late 19th century
Motor vehicle 20th century
Mass production, continuous process factory 20th century
Computer 20th century
Lean production 20th century
Internet 20th century
Biotechnology 20th century
Source: Reproduced from Lipsey, Carlaw and Bekar (2005), p. 132.

of large-scale trading firms.
We briefly describe the three criteria for a technology to be a GPT, then

examine in detail the evidence that genAI meets each one.

Diffusion The more widespread the application of a technology, the greater
the potential impact on aggregate productivity (Hulten, 1978). That said,
however widely adopted, the direct productivity gain from a single invention
is limited. Productivity growth will be higher during the adoption transition,
but will return to its underlying trend when diffusion is complete. The sem-
inal work on this classical growth effect is Solow (1956). To illustrate using
the light bulb, once suitable filaments were developed and the inexpensive
incandescent light bulb was available, the technology was gradually adopted
in workplaces, raising productivity through better visibility and lower risk of
accident. Lighting is necessary for nearly all human labor, so the potential
effect on the level of productivity from the light bulb was large, but when
the light bulb market became saturated, it delivered no further (direct) pro-
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ductivity gains and the increment to productivity growth present during the
transition disappeared.

Knock-on Innovation Technologies that spur further innovation can de-
liver a longer-lived impetus to productivity growth. The greater persistence
of elevated growth is the result of a series of overlapping classical “light
bulb” growth effects. The electric dynamo is an example. Dynamos were a
replacement for existing systems that used a prime mover—steam or water
power—to drive a set of belts that conveyed power to multiple machines. The
dynamo was a more efficient source of power, so the replacement of an exist-
ing system yielded productivity gains. In addition to that direct productivity
effect, the dynamo enabled a more flexible approach to the organization of
production (David, 1990). The less centralized factory designs adopted by
firms in response to this flexibility are themselves a productivity-ehancing
innovation spurred by the dynamo.

Ongoing Core Innovation When a technology continues to improve over
time, the new productivity level—fixed in the Solow (1956)—becomes a mov-
ing target. Ongoing innovation translates into greater technical performance
at a lower cost, a form of productivity gain. Moreover, the lower price of
the technology’s service that typically follows the production cost reduction
spurs greater adoption.12 Solid state electronics is an example. Relentless
increases in the number of transistors on a semiconductor has driven the
price of computing lower, making it cost-effective both to embed electronics
in more and more devices (like inexpensive toys) and to adopt devices with
more and more electronic capability (like smartphones).

3.1 Diffusion

Widely cited analyses of the text of job descriptions support the apparent
applicability of AI for a broad range of workplace tasks and suggest that the
potential for diffusion among firms is high.13 However, surveys find that
AI adoption remains concentrated in large corporations and that a large

12A lower price need not follow if a firm with market power over the innovation raises
markups.

13See Acemoglu et al. (2020), Brynjolfsson et al. (2018), Felten et al. (2019), Webb
(2019), Eloundou et al. (2023).
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majority of firms don’t see an application for AI in their business. The share
of job postings mentioning AI skills is modest, indicating that firms are taking
a cautious approach to AI use. However, from the worker’s perspective,
adoption seems widespread; surveys of individuals document that a large
share of workers are already using genAI.

Adoption surveys An array of AI adoption surveys are available and
distilling a single message about AI use from them is difficult. In great
part, the apparent contrasts among them can be rationalized by referencing
differences in the definition of adoption and the nature of the sampling used.

Results from firm-level surveys of AI adoption seem wildly different at first
glance. The Census Bureau’s Business Trends and Outlook Survey (BTOS)
finds roughly 7% of firms are using AI, while McKinsey reports that 72% of
firms do (fig. 3 on the next page). On closer inspection, these surveys are
consistent with one another and reveal important nuances in the state of AI
adoption.

Differences in the firm size distribution of their samples help to rationalize
the apparent tension between the Census and McKinsey surveys. The BTOS
is a representative sample of 200,000 U.S. firms, only a handful of which are
large corporations (Bonney et al., 2024). The McKinsey survey, in contrast,
is a convenience sample with heavy representation from large corporations
(McKinsey, 2024). The BTOS finds that smaller firms are significantly less
likely to adopt AI: 5% of Firms with fewer than 5 employees were using AI
at the time of the early-2024 survey versus 11% of firms with 250 or more
employees. Importantly, because the BTOS threshold is 250 employees for
the largest firm-size group, even the figures for that group are not strictly
comparable to the McKinsey survey; the U.S. firm size distribution is highly
skewed and large corporations typically have thousands of employees (Kondo
et al., 2023).

Differences in the definition of adoption between the surveys are relevant
as well. The BTOS survey asks, “In the last two weeks, did this business
use Artificial Intelligence (AI) in producing goods or services? (Examples
of AI: machine learning, natural language processing, virtual agents, voice
recognition, etc.)”; and, the McKinsey survey asks respondents if they “use
AI in at least one business function.” The McKinsey question is rather less
restrictive with respect to recency and business function for responding in the
affirmative than the BTOS, which asks about use in core business functions
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(“producting goods or services”) in the last two weeks. Indeed, in their 2025
survey, McKinsey found that the business function with the greatest use of
AI was “marketing and sales.”

All told, firm-level adoption surveys suggest that AI adoption is low ex-
cept among large firms and that AI use may be less prevalent in the core
business functions than in support functions.

Adoption figures from user surveys suggest fairly widespread AI use. Bick,
Blandin and Deming (2024) survey a representative sample of 18-64 year
olds in the United States and find 40% of workers use genAI.14 As this is a
representative sample, it is most directly comparable to the BTOS and seems
to indicate significantly more prevalent AI use than the Census survey. As
posited in Crane, Green and Soto (2025), high-level management in firms may
underestimate the extent to which their employees are using AI tools, or AI
users may be highly concentrated in large firms or AI-intensive industries.
Consistent with the latter idea, Sergeyuk et al. (2025) survey programmers
and find 86% AI usage.

Figure 3: AI Adoption Over Time

(a) Census BTOS (b) McKinsey

Note: For BTOS, respondents were asked about AI use in producing goods or services during the past
two weeks and anticipated in the next six months. McKinsey states that “participants representing the
full range of regions, industries, company sizes, functional specialties, and tenures.”
Source: Census Bureau, Business Trends and Outlook Survey; McKinsey, “The State of AI in Early 2024.”

14Our focus is primarily on the United States, but we note that Humlum and Vestergaard
(2024) survey Danish workers from 11 industries and find 36% uptake of ChatGPT.
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Job postings Job postings referencing AI and related technologies rose in
the late 2010s along with the surge in interest in machine-learning and large-
language models. Lightcast (formerly Burning Glass) job posting data using
search terms associated with AI by Acemoglu, Autor, Hazell and Restrepo
(2020) and extended with terms not prevalent at the time of their analysis
(such as “genAI”) bound the share of job posting currently related to AI
between roughly 1 percent (narrow definition) and roughly 4 percent (broad
definition including a cluster of related skills). Importantly, that share moved
up (from no more than 2 percent) well before genAI became prevalent. In
fact, the series show a jump in postings around the time that “machine
learning” surged in prevalence in Google searches. AI-related job postings
have moved up modestly since then, roughly corresponding with the rise
in prevalence of “generative AI” and “genAI” in Google searches, though
the apparent impact of genAI is much smaller than the apparent impact of
the earlier wave of AI employing machine learning for discriminative and
predictive tasks.

Figure 4: AI-Related Job Postings and Google Search Activity

(a) Job Postings (b) Search

Note: Jobs classified using AI-related terms found in job description, as described in Acemoglu et al.
(2020). List of AI-related terms updated by Lightcast.
Source: Lightcast.

Case study evidence x
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Sahni et al. (2023), in their overview of research on AI use in healthcare,
conclude that AI has the potential to assist with an array of tasks including
diagnosis, treatment choice, and managing records. A majority of physicians
already use or are planning to use genAI for generating chart summaries,
creating discharge instructions, and an array of other tasks (Research, 2025).
Other AI technologies are in use in some medical fields as well: Machine
learning was used by 30% of radiologists as of 2020 (Allen et al., 2021).
Since then, the emergence of genAI spread AI to all stages of the radiology
workflow, including the health system (e.g. imaging need prediction, claims
processing), clinicians (e.g. prior authorization, communication), technolo-
gists (e.g. patient tracking, report generation), and radiologists (e.g. image
quality assessment, diagnosis) (Burnside et al., 2025). Notwithstanding these
inroads, AI use faces substantial hurdles to adoption in healthcare. For ex-
ample, Agarwal et al. (2023) document that combining human analysis with
AI diagnostics can yield disappointing results—radiologists have difficulty
determining how much confidence to assign the AI output. And, Sahni et
al. (2023) conclude that for hospitals, AI adoption often cannot justified on
financial factors alone.

The information sector has also adopted genAI rapidly. Among U.S.
programmers, 92% were using AI tools as of June, 2023 (Shani and GitHub Staff,
2023). Other occupations within the information sector use genAI in their
work as well. 69% of graphic designers/illustrators use genAI in their work,
employing genAI tools like generative fill and large-scale text-to-image mod-
els such as DALL-E. 75% of customer service leaders say they are using some
form of AI technology in their daily tasks. GenAI is very beneficial for cus-
tomer service representatives’ productivity, which, by one study, improves
number of issues resolved per hour by 14%, on average.

In finance, there has been an explosion of interest in using AI, as evi-
denced by very rapid growth in the number of articles on the topic (Baloo
et al. 2024) The impact of AI on productivity is harder to pin down. Much
of the research on AI in finance involves developing new algorithmic trad-
ing models designed to get ahead of other traders, largely a zero-sum effort
(OECD 2021). There are more productive efforts, such as the following.
In portfolio management, finance companies can, at low cost, create client-
specific portfolios to match individual preferences (BlackRock Advisor Cen-
ter, 2025). AI is good at detecting anomalous patterns, which assists in fraud
detection and prevention (Infosys BPM Analytics, 2025). Financial compa-
nies answer many customer queries and can cut costs by using AI to improve
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the existing automated response systems (McKinsey Company, 2025). Reg-
ulatory compliance and reporting is a major activity for banks and AI is
being developed to assist this activity (ABA Banking Journal, 2024). AI is
also being applied to predict loan failure rates, improving loan underwriting
and credit scoring, although with the risk of introducing bias (Wang 2022).
Other AI efforts include data analytics and insights (Hamberg, 2024), and
back-office operations and automation (Prakash, 2024). Some of these func-
tions were in use prior to the development of genAI but are being improved
as the technology is developed.

In electricity generation and distribution, machine learning has been
used for many years to assist with matching energy supply, or the amount
of electricity produced by generators, with energy demands of industrial,
commercial, and residential users. Load forecasting utilizes machine learning
to predict how energy demand will change over a short-term or long-term
period. In addition, predictive maintanence and vegetation management
utilize machine learning to predict what parts of power plants are most likely
to fail and where power lines are likely to be affected by vegetation. These
capabilities have expanded with genAI, as it allows utilities to use more data
in the prediction processes. Utilities are now increasingly experimenting with
genAI, with approximately 33% piloting genAI in their operations. Some
companies have already begun using genAI in their load forecasting processes,
while others have used the technology to simulate equipment degradation.

3.2 Knock-on Innovation

In the course of adopting new technologies, firms retool, retrain, and re-
organize to better exploit their productivity potential. This process involves
knock-on innovation in products, production processes, and operations. In
the case of genAI, related products include the diverse array of user interface
software for generative models and the emergence of more capable robots.
Process innovation includes genAI-enhanced approaches to product design
and production line operation. Organizational changes include centralized
data governance and optimization of supply chains and data centers.

3.2.1 Products

User interfaces (UIs) provide a channel through which requests and re-
sponses can pass between the model and the user, whether a human user
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or another system, such as a vehicle or a robot. In the early days of genAI,
users accessed genAI through their own Python programs or through websites
such as the OpenAI Playground. A major shift occurred in November 2022,
when OpenAI released ChatGPT, a conversation-style “chatbot” that made
AI interactions significantly more accessible to a broader audience. Since
then, several new interfaces have emerged. In 2023, OpenAI introduced Cus-
tom GPTs, enabling users to create specialized LLMs for specific domains,
such as as LegalGPT for legal matters. Advances in audio-to-text further
enhanced AI-user interactions. In the summer of 2024, OpenAI announced
integration of their ChatGPT model to Apple’s Siri voice assistant. Google
launched their NotebookLM in September 2024, which made it easy to up-
load documents and transform them into interactive discussions, pushing the
boundaries for AI-generated human-like conversations. In addition, there are
“copilots” that integrate AI into existing user workstreams, notably GitHub
Co-pilot (computer programming) and Microsoft 365 (office productivity).

System interfaces allow hardware and software systems to access the core
AI system. For example, Nvidia’s Isaac Software Development Kit (SDK)
facilitates the integration of AI into robotics.15 Access to AI through SDK
helps the robot with environmental integration problems, such as simultane-
ously tracking its location and mapping its environment (SLAM).

System interfaces also make possible the design of agentic AI systems,
which collect information during operation, interpret context, make decisions
and act in pursuit of goals autonomously (Park et al., 2023).16 Examples in-
clude AutoGen, from Microsoft, and CrewAI.17 For example, an airline reser-
vation app using agentic AI would be capable of handling the complex steps
of searching for available flights, proactively aligning the user’s preferences
with the best travel options, making the booking, adjusting to disruptions to
the reservation process (e.g. sporadic price increases), and including special
accommodations along the way (e.g. upgrading seats if available within the

15Robot capabilities have advanced in tandem with AI progress. Theseus, a symbolic
AI robot mouse that navigated mazes was developed in the 1950s (Wallace, 1952). In-
dustrial robots were trained using machine learning beginning in the 1990s Arinez et al.
(2020); Soori et al. (2023). Even more sophisticated robots, which can learn from their
environments, integrating sensor data, are available today, including civilian and military
autonomous vehicles (Knight, 2016; Pierson and Gashler, 2017).

16For more detail on agents, see Wiesinger et al. (2024).
17For an array of agentic AI use cases, see Hall (2024).
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user’s preferences).

Case study evidence Task-specific user interface programs are already
in use in the health care industry. For example, one hospital system used
genAI to field a flood of questions during the COVID-19 pandemic (Wit-
tbold et al., 2020). AI is also used to transcribe conversations and dictations
to create clinical notes (Handa and Sorensen, 2023) In finance, JP Morgan
Chase adopted AI for contract review using software called COiN (Contract
Intelligence) and reported saving 360,000 hours of costly lawyers and loan
officers (Weiss, 2017). In the information sector, Peng et al. (2023) doc-
ument that the use of GitHub Copilot markedly increased the productivity
of programmers, particularly less experienced ones. Choi et al. (2024) de-
scribe a custom interface to genAI designed to assist control room operators
in balancing supply and demand on electrical grids.

3.2.2 Production processes

under development

3.2.3 Organization

under development

3.3 Ongoing Core Innovation

Since the introduction of the Transformer, genAI models have steadily
pushed out the frontier of capability. At first, advances were largely driven by
increasing in the scale of the model, computational power used (“compute”,
in the lingo of AI), and the size of the training dataset. AI scientists and
engineers often focus on the “scaling laws” that describe the benchmark
performance effects of increasing each of these inputs (Kaplan et al., 2020).
More recently, tactics to use compute more efficiently and to refine models
for specific applications have been a focus as well.

Importantly, economic performance (productivity) only rises when more
can be accomplished while holding input costs fixed. In other words, we are
looking for shifts in scaling law functions, not movement along the curves.
Accordingly, we focus below on (a) how innovations in model architecture
(the algorithms used for distilling information from data) raise genAI model
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capabilities without raising training costs, (b) how hardware innovations
lower the cost of computation, and (c) how richer datasets (with more infor-
mation per token) can be brought to bear on training.

3.3.1 Model Development

Since the introduction of the Transformer, model development has pro-
gressed at a blistering pace, including ramping up model scale, dataset
size, and compute employed—discussed above—and the introduction of novel
model concepts and techniques to increase the efficiency of model training.
An important catalyst in this process has been a rise in open-source models,
which has accelerated experimentation across text-generation models, and
since the second half of 2024, multi-modal models (fig. 2 on page 9).

The training of genAI models (optimal calibration of its parameters)
takes place two stages: pre-training and fine-tuning. Pre-training produces
a broadly-applicable “foundation model”; fine-tuning refines the foundation
model for a specific application. The trained model is then used in inference—
responding to user requests. Efforts early in the wave of genAI improvement
that followed the Transformer focused on pre-training, but the escalating cost
of making progress in that stage has led researchers to explore improvements
in fine-tuning and inference, as discussed below.18

In addition to training and inference innovations, advances in performance
have come from novel model concepts. Mamba, introduced in 2023, achieved
subquadratic-time sequence modelling by avoiding the pairwise comparison
among tokens used in the attention mechanism, meaning that as input texts
lengthen, the computational burden increases at a slower pace than the
Transformer (Gu and Dao, 2023).19 Small-scale models, with lower com-
putational requirements, have been a focus for some applications as well,
such as personal devices and lower resource settings, making LLMs more ac-
cessible to the average user. Microsoft’s Phi and models from Mistral AI, in
particular, have shown relatively strong performance given their size (Jiang
et al., 2023; Abdin et al., 2024).

VIllalobos

18“AI scaling laws are showing diminishing returns forcing AI labs to change course”
Techcrunch, 11/20/2024/

19In particular, Mamba estimates the parameters of a latent state space structure.

23



Pre-training Between 2018 and 2022, a key pre-training tactic in the effort
to improve genAI performance was to increase model size. Size is measured
in the number of estimated parameters, most notably the weights that deter-
mine how much influence each neuron has on each of the others in a neural
network. For example, GPT models initially had 117 million parameters in
2018 (GPT-1), then 1.5 billion in 2019 (GPT-2), and a staggering 175 bil-
lion in 2020 (GPT-3). Unfortunately, costs typically rise quadratically when
parameters are added: each word (token) in the input sequence has to be
compared to all of the others in the attention mechanism, as discussed above.

Remarkably, the cost of training a model of a given size was halved ap-
proximately every eight months through 2024 (Ho et al., 2024). But, by
2022, the direction of innovation had begun to shift; scaling laws indicated
diminishing returns to model size for foundation models, and focus turned to
optimizing training efficiency. Hoffmann et al. (2022), for example, note that
raising the number of parameters faster than the amount of data used leads
to “undertrained” (imprecisely estimated) parameters that are less useful for
inference and recommend scaling the model size no faster than the dataset
size (the number of tokens).

Fine-tuning As the returns to to model size scaling have diminished, re-
searchers have begun focusing more attention on fine-tuning foundation mod-
els for specific tasks. That is, developers have used domain-specific training
data to increase the model’s expertise beyond the capabilities of foundation
models for narrowly defined questions.

Several techniques have been developed to improve this type of founda-
tion model adaptation. Transfer learning involves taking a foundation
model that has been fine-tuned for a specific task and adapting it (fine-
tuning it again) for a related task, a process which typically involves only
a modest amount of modification. Instruction tuning provides the model
with guidance for specific scenarios that enhance its performance for targeted
use cases. For example, the Alpaca model is a fine-tuned version of Meta’s
Llama model, refined by adding a set of instructions and desired outputs to
the training process (Taori et al., 2023).20 Reinforcement learning has
been extensively applied in AI for fine-tuning, allowing the model to refine

20The supplemental training set showed Llama the desired response to particular queries,
such as “Instruction: Brainstorm a list of possible New Year’s resolutions. Output: lose
weight, exercise more, eat healthier.”
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Figure 5: Open-Source AI Models

Source: Hugging Face.

its behavior based on a reward function (Mnih et al., 2013). A particularly
influential approach along these lines was reinforcement learning from
human feedback (RLHF) (Christiano et al., 2017), a technique that aligns
the model’s output with human preferences by learning explicitly from hu-
man feedback. For example, the model may provide the user with several
responses to a query and ask the user to rank them, then use the ranking
to improve performance in future queries. This technique gained widespread
attention in the context of genAI with the release of InstructGPT in 2022
(Ouyang et al., 2022). This innovation directed fine-tuning efforts towards
a framework that made genAI models more controllable and aligned with
human interests.

Inference Because of the high volume of inference requests—leading to
variable costs in terms of electricity, time, compute, and carbon emissions—
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techniques to make this step more efficient have arisen.21 One of the most im-
portant innovations in this area has been the Mixture of Experts (MoE)
approach, an architecture that activates only a subset of model parameters
in response to queries (Jacobs, Jordan, Nowlan and Hinton, 1991). A router
determines which “expert” (smaller model) to activate based on the input.
This adjustment allows the model to employ only a subset of the billions of
parameters in the original foundation model, drastically reducing computa-
tional costs (Shazeer et al., 2017). Pruning is another inference refinement;
here extraneous parameters are removed outright from the model (Cetin et
al., 2024). Developers also incorporate distillation, a compression-like tech-
nique that uses knowledge from large complex models to inform smaller, less
costly models (Hinton, Vinyals and Dean, 2015). Quantization reduces the
level of accuracy in order to reduce costs in terms of computation and mem-
ory requirements (e.g. moving from 32-bit to 8-bit floating point precision).
For example, in 2023 Microsoft developed BitNet, an LLM with competi-
tive performance that transforms floating point parameters in the model to
a terniary digit (0, 1, or -1) (Wang et al., 2023). Token caching involves
temporarily storing information anticipated to be needed in future inference
steps. For example, the prompts sent by a user to a model for inference
may tend to be similar, implying that by caching processed tokens (words,
phrases), anticipated computation costs can be reduced (Pope et al., 2023).22

The recently introduced DeepSeek R1 model leverages several of the tech-
niques described above to deliver a substantial performance improvement
compared to existing models (See “Landmark Models: DeepSeek AI”).

In some cases, recent efforts have acted to extended inference time to
enhance performance. Chain-of-thought (CoT) reasoning guides the
LLM to articulate a series of steps in its inference, constraining the model to
provide a response grounded in logic (Wei, Wang, Schuurmans, Bosma, Xia,
Chi, Le, Zhou et al., 2022). Extending inference time raises costs, but on
the margin, resources may be better used for responding to queries than for

21After setting a flat fee for access to ChatGPT, OpenAI CEO Sam Altman remarked
on X, “we are currently losing money on openai pro subscriptions! people use it much
more than we expected!” (?) With the price of the marginal query set to zero, model
operators have to confront the possibility that revenue will not cover costs.

22Sakana AI recently introduced an approach using neural networks called NAMMs
to optimally decide whether to keep or discard tokens, saving up to 75%
of cache memory https://venturebeat.com/ai/new-llm-optimization-technique-slashes-
memory-costs-up-to-75/).
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additional training. OpenAI’s recent o1 model exemplifies the benefits of this
approach via its superior performance across various domains, particularly
reasoning-heavy tasks.23

Landmark AI Models: DeepSeek R1

A salient example of recent model innovation occurred in January,
2025 when DeepSeek unveiled R1 (short for “reasoning”) (DeepSeek-
AI, 2025).a This model set a new bar for cost-effective, high-quality
multi-modal models. DeepSeek stunned the AI research community by
reporting the costs for training this 671 billion parameter model to be
$6 million.b Although observers noted this figure does not account for
the substantial reliance on R&D by other AI developers, the news led
to a material change in perceptions of the role of Chinese AI companies.
News of DeepSeek R1 coincided with a one-day market valuation drop
of nearly $600 million for NVIDIA as DeepSeek had achieved leading
edge performance with far less of NVIDIA GPU-provided compute
than previously believed necessary. And, the DeepSeek R1 release may
have spurred a major competitor to accelerate their product offerings:
OpenAI soon updated o3-mini, its extended inference model, lowered
its price, and offered a free-trial version.

Deepseek R1 blends several concepts that had been known in the
genAI field for some time to improve performance and slash inference
costs including mixture of experts, chain-of-thought reasoning, rein-
forcement learning, distillation, and quantization. Deepseek R1 en-
deavored to optimally combine all of these techniques to reduce costs.
Some of these techniques were already commonly used in frontier mod-
els but others, such as their novel approach to reinforcement learning,
called Group Relative Policy Optimization (GRPO), were not.

Relative to other frontier model developers, DeepSeek shifted at-
tention from supervised learning during the fine-tuning stage to rein-
forcement learning.c

aR1 was not the first model from DeepSeek. The company had previously
released three major versions: V1 (67B parameters) in November 2023, V2 (236B)
in May, 2024, and V3 (671B)—the foundation model for R1—in December, 2024.

23OpenAI scientist Noam Brown stuns TED AI Conference: ’20 seconds of thinking
worth 100,000x more data’
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DeepSeek R1 (continued)

bSee the technical report for DeepSeek V3 (DeepSeek, 2024): “...DeepSeek-V3
costs only 2.788M GPU hours for its full training. Assuming the rental price
of the H800 GPU is $2 per GPU hour, our total training costs amount to only
$5.576 million. Note that the aforementioned costs include only the official training
of DeepSeek-V3, excluding the costs associated with prior research and ablation
experiments on architectures, algorithms, or data.”

cDeepSeek had opted to initially build a model, dubbed R1-Zero, using purely
reinforcement learning. This model was highly effective but suffered from notable
setbacks, predominantly language mixing and poor readability.

Agents Another direction for progress currently receiving intense attention—
distinct from the pre-traning/refinement/inference optimization approach—
is the creation of AI agents. Agentic AI systems develop strategies to pursue
broad goals and recalibrate in response to their environment, in contrast to
tool-based AI, which has a stable structure and calibration and is equipped
only to respond to carefully crafted requests. While agents of different kinds
are commonplace in the home and at work, both in physical form, such as
self-driving cars, and in virtual form, such as web browsers, agentic AI is
distinguished by its autonomy in pursuit of more abstractly specified goals.
One definition comes from ?:

Put simply, AI agents are artificial intelligence that use tools to
accomplish goals. AI agents have the ability to remember across
tasks and changing states; they can use one or more AI models
to complete tasks; and they can decide when to access internal
or external systems on a user’s behalf. This enables AI agents
to make decisions and take actions autonomously with minimal
human oversight.

(Google case studies) uses the example of booking travel, exploring the
programming required. While managing excutive travel needs was formerly
a secretarial task, most executives now manage their own travel, using the
internet to locate flights, a time-consuming and often frustrating activity.
An AI agent, programmed to incorporate the travel policy of the company
and the preferences of the traveler, will search airline websites to gather the
latest flight information, present the user with a potential flight plan for
approval—produced with a large language model—and book the flight.
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AI agents extend capabilities of AI to wider use in business, particularly
to people with little technical knowledge or skill. For example, in the case
study of healthcare, we noted that LLMs are being used to help with the
paperwork burden faced by healthcare professionals, including making ap-
pointments, following up on treatment protocols and submitting insurance
claims. Specialized AI agents can be programmed to provide this rather
specific type of assistance, operating in combination with LLMs.

However, they require programming and testing and cannot simply ap-
ply an off-the-shelf AI program. (OpenAI,2016) highlights the problem of
correctly specifying the objective function for the AI agent, which may in-
advertently be guided to maximize its programmed reward while subverting
the real objective of the user. Moreover, in extreme cases bad actors may
hijack agents in business or military uses, leading to disastrous outcomes.

3.3.2 Hardware

GenAI model training and inference has massive computational require-
ments, making ongoing innovation in electronic hardware (and related hard-
ware, such as cooling systems), essential to continued technical advance.
Progress in this area has been rapid in recent years as well.

GenAI processing relies heavily on graphics processing units (GPUs).
Like the image processing tasks GPUs were designed for, training and in-
ference for deep neural networks requires a large number of identical, in-
dependent computations which can be run in parallel on a GPU. (In con-
trast, microprocessing units (MPUs) perform computations sequentially, in
the main.) GenAI processing relies to a lesser extent on field-programmable
gate arrays (FPGAs), which are more flexible than GPUs, particularly for
inference. And, application-specific integrated circuits (ASICs) are used for
specific steps in estimation as well.24 For example, tensor processing units
(TPUs) are customized for matrix multiplication, heavily used in neural net-
works. They consisting of thousands of multipliers and adders connected to
each other to form a large physical matrix. Storing the matrix parameters
in on-chip registers drastically reduces the need to access off-chip memory,
dramatically increasing computational efficiency.

24The logical circuits on FPGAs can be reconfigured through programming and tailored
to specific algorithms. The circuitry in ASICs is customized for specific tasks at the time
of fabrication and cannot be changed. Technically, GPUs are ASICs as well.
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Figure 6: TFLOPS per Dollar

Note: This figure shows the number of TFLOPS (trillion floating-point operations per second) per dollar
for GPUs over time. Each circle represents a GPU, with the corresponding year of release on the X-axis.
The Y-axis, on a logarithmic scale, shows the number of TFLOPS divided by the cost of the GPU upon
release. Orange dots denote GPUs released by AMD, while blue dots denote those from NVIDIA. The size
of each dot represents the launch price of the GPU. The blue line represents the best fit line for NVIDIA
GPUs, and the orange line represents the best fit line for AMD GPUs.
Source: TechPowerUp.

Successive GPUs released by NVIDIA have delivered leaps in AI per-
formance achieved by improvements in the power consumption and compu-
tational power of the processing cores—known as Compute Unified Device
Architecture (CUDA)—adding and refining TPUs on the GPU chip, and in-
creasing and refining cache (on-chip) memory. The history of NVIDIA GPU
generations illustrates this progression.25 CUDA, first introduced in 2007,
explicitly supported non-graphics computing; prior to CUDA, programmers

25This discussion was substantially supported by a discussion with Claude GPT and
research on Wikipedia.
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Table 5: Price of GPU Compute

Model Year Price TFLOPS Price/TFLOP Transistors

Nvidia GeForce 8800 GT 2007 $349 0.3 $1,163 0.8B
Nvidia GeForce RTX 4060 2024 $299 15.1 $20 18.9B
Pct. change (annual rate) NA -1% 23% 24% 19%

Source: TechPowerUp.

were required to reframe computations in terms of graphics operations.26 As
AI became a prominent use case for NVIDIA GPUs, new architectures were
increasingly optimized for deep learning—beginning with Pascal (2016)—
and for genAI—beginning with Hopper (2022). On-chip TPUs were first
introduced with the Volta microarchitecture in 2017 and successive GPU
generations—Turing (2018), Ampere (2020), Hopper (2022), and Blackwell
(2024)—each included improved TPUs.

While the engineering performance of leading edge GPUs has rocketed
upwards in recent years, prices have increased dramatically as well. For-
tunately for productivity, holding performance constant, the price of GPUs
has moved down: In 2007, a $349 GPU provided 0.3 teraflops (TFLOPS)
of compute and in 2024, a $299 GPU delivered 15.1 TFLOPS, implying an
annual rate of price decline of 24% that persisted for 17 years (table 5). As
shown in fig. 6 on the preceding page, this example is representative of a
broader trend: the cost efficiency of computation has improved dramatically.
Moreover, performance measured in TFLOPS likely understates the advance
in AI hardware performance over this period as some design changes operate
to reduce the number of TFLOPS needed for a given level of AI training or
inference. For example, GPUs have taken on board additional logic blocks to
accelerate matrix operations (Tensor cores) and GPUs have been partitioned
to provide more flexibile use of TFLOPS (Lino, 2024).

Continuation of this trend of declining computation cost is not guaran-
teed. What seems like inexorable progress from a distance is in fact the
result of a long sequence of difficult engineering feats when seen up close.27

26With CUDA and associated tools, programmers can use standard programming tech-
niques in C/C++.

27To get a sense of the staggering array of engineering problems involved in moving be-
tween chip generations, flip through any edition of the International Technology Roadmap
for Semiconductors on the worldwide web.
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Historically, a key contributor to falling costs in the semiconductor industry
has been steady miniaturization at the leading edge of the chip industry.
Through 2003, the linear dimensions of the features (e.g. transistors) on
leading edge chips were reduced by 30 percent with each generation (node),
yielding a (0.7 ∗ 0.7 =) 50 percent reduction in the space they occupied on
a chip every two years (fig. 8b on page 34). From that year forward, the
dimensions of these features were reduced far more slowly, though the indus-
try, using the term “effective node,” contended that performance gains with
each generation matched the historical trend. The apparent stepdown in the
growth of TFLOPS per dollar in fig. 6 on page 30 around that year may well
reflect that development. Since then, chip innovation has relied less heavily
on miniaturization. For example, increasing “die size” (the surface area of
the chip) has allowed the number of transistors per chip to continue to climb
(fig. 8a on page 34).28

The proximal cause of the miniaturization slowdown was the end of a
regularity known as “Dennard scaling” whereby power usage was largely un-
changed even as more electronic activity was squeezed into the same surface
area. Because heat generation is increasing in power usage, cooling cost
began to rise with each node. Consequently, development efforts in the com-
puting sector shifted away from miniaturization and toward power consump-
tion. The energy efficiency at the frontier of research computing has risen
roughly 100-fold since 2013 (fig. 7 on the next page). The looming problem
of prospective growth in genAI use outpacing growth in power-generation ca-
pacity makes energy-efficiency gains a crucial determinant of the productivity
impact of genAI.

3.3.3 Datasets

GenAI models learn from reviewing large amounts of text (and other
media), allowing them to estimate the probability that a given word or phrase
should appear next in a sequence. Loosely speaking, the larger the corpus
of text available to the model, the better it can estimate these probabilities.
Figure 2 on page 9 illustrates the increase over time in the size of the datasets

28Since “Moore’s Law” is a prediction that the number of transistors per die will double
every two years, it arguably still holds true. Of course, because Moore (1965, 1975) does
not contain a testable hypothesis, debates about whether Moore’s Law holds are largely
semantic. As is evident from fig. 8a on page 34, there is no single value for transistors per
chip at any point in time.
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Figure 7: Performance of the Most Energy-Efficient Supercomputers

used to train the models. The change in the coloration of the circles, from
purple to blue to green to yellow, indicates the rapid increase in the size of
the training datasets.

A crucial nuance to this direction for model improvement is that models
improve with access to more information, not more text, per se. To illustrate
with an extreme example, doubling the size of the training text by duplicating
the corpus will yield no improvement to the model. Quality data enables the
model to learn the underlying language structure efficiently, which requires
the data to span the full extent of the language with minimal redundancy
and noise. Some observers believe the availability of high-quality text data
may be approaching its limit. Villalobos et al. (2022) predict high-quality
text data may become scarce as early as 2026. One approach to mitigating
this constraint is to use public data (such as internet sources) in pre-training
and include proprietary data in the model refinement stage. Even so, in
principle proprietary sources can be exhausted as well.

One potential solution is the use of “synthetic data”, that is, data cre-
ated via generative models.29 Synthetic data can overcome data limitations
in various domains—text, imagery, video—by emulating the patterns and
characteristics of real data. It is easily scalable, can be tailored to specific re-
quirements, and can be anonymized to hide personal information (Liu, Wei,

29An early example illustrates this approach. Image recognition systems were improved
when the training set was increased by including the mirror images of the images initially
collected. The mirror image contains some new information, but less than contributed by
the original image.
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Figure 8: Progress on Moore’s Law: Two Perspectives

(a) Transistor Count (b) Transistor Size

Liu, Si, Zhang, Rao, Zheng, Peng, Yang, Zhou et al., 2024). For example,
an LLM designed to tackle mathematical questions might be trained on a
dataset of artificially-created or synthetic (“fake”) questions. These ques-
tions might be generated by another LLM, using bootstrapping techniques
to produce and rephrase similar questions from a human-produced training
dataset but with varying degrees of complexity (MetaMath, Yu et al. 2025).
Another example lies in medical imagery, where creating training data for
cases such as CT scans is both resource-intensive and constrained by privacy
concerns. Synthetic image generation of artificial yet realistic medical images
provides a cost-effective and safe way to produce high-quality CT scans for
use in training models that could be applied for diagnoses, monitoring or
treatment (MAISI, Gu et al. 2024).

Since the nascent stages of genAI research, a prevailing hypothesis has
been that models trained on synthetic data perform poorly compared to mod-
els trained on authentic data (Alemohammad, Casco-Rodriguez, Luzi, Hu-
mayun, Babaei, LeJeune, Siahkoohi and Baraniuk, 2023). This phenomenon,
known as model collapse (Shumailov, Shumaylov, Zhao, Gal, Papernot and
Anderson, 2023), has led researchers to believe that using synthetic data for
training could lead to an overly narrow range of outputs due to a loss in the
ability to remember underlying data distributions. Gerstgrasser et al. 2024
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showed that model collapse can be avoided by using accumulating human-
generated and machine-generated data. While model collapse continues to
be a topic of ongoing debate, genAI models trained on the extant internet
will progressively encounter synthetic data as generated data populates the
web. Understanding the impact this has on future AI models that are trained
with this data will be crucial to determine if synthetic data can serve as a
panacea to the limitations of high-quality, human-generated data.

3.4 The Case that GenAI is a GPT

To summarize, although it is early to tell how widespread the use of
genAI will be, the case that generative AI is a general-purpose technology is
compelling, supported by the impressive record of knock-on innovation and
ongoing core innovation.

GenAI innovation has proceeded at a blistering pace since the introduc-
tion of the Transformer.30 While genAI performance has soared through the
use of massive datasets and tremendous comoputational power, more impor-
tantly, performance has risen while holding inputs constant (data, compute,
and model size), driven by algorithmic improvements. If this trend continues,
the direct cost of using genAI will fall, spurring greater adoption.

Knock-on innovation has been impressive as well. Key areas include in-
terface with the user (through user interface software) and interface with
robotics, where the genAI model enables far more sophisticated applications.

The weakest leg of the three-legged GPT stool is adoption. Although
some field studies have provided encouraging results, adoption of genAI re-
mains quite low, with the exception of large corporations and the share of
jobs requiring AI skills has moved up only modestly, suggesting that firms
are taking a cautious approach. The ultimate test of whether genAI is a GPT
will be the profitability of genAI use at scale in a business environment.

As an aside, we note that the concept of “artificial general intelligence”
(AGI)—genAI that can perform a wide array of tasks at a human level
and function in novel environments—is quite different from the GPT idea.
Demonstrating the feasibility of AGI is a primary long-run objective of many
AI researchers but is not particularly interesting to economists. Technical

30Of course, the Transformer was the culmination of decades of AI research. As ex-
plained in section 2 on page 4, genAI research dates back to the beginnings of AI in the
1960s and present-day genAI would not be possible without the Word2Vec model.
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feasibility is a necessary condition, but far from a sufficient one, for a tech-
nology to raise productivity. It is technically feasible to turn lead into gold,
for example, but only at prohibitive cost Matson (2014). Fortunately, AGI
is not a precondition for genAI to be a GPT.

4 Is GenAI an “Invention in the Method of

Invention”?

Under development
Another type of technology that is a source of sustained productivity

growth is “inventions in the method of invention” (IMIs). Such technologies
increase the efficiency of the research and development process. The com-
pound microscope, which promotes deeper understanding of physical phe-
nomena, is an example. Examples of technologies that play this role are
shown in table 6 on the following page including obervational, analytical,
communication, and organizational tools. These innovations hold out the
possibility of permanently raising the growth rate of productivity because
they raise the efficiency of the idea development and diffusion process. This
channel for endogenous productivity growth is the foundation for many mod-
els that avoid the transitory nature of economic growth in classical models
(Romer, 1994).

5 Conclusion

The release of ChatGPT in late 2022 was a stark inflection point in public
and academic interest in genAI and expectations of a massive impact on
productivity are abundant.

We argue that the characteristics of genAI and the record of its applica-
tions so far provide support for an optimistic outlook for its contribution to
productivity. In particular, it appears that genAI is both a general-purpose
technology—headed toward being widely used, stimulating related innova-
tion, and advancing in (economic) performance—and an invention in the
method of invention, raising the efficiency of R&D. Both GPTs and IMIs
promote productivity growth for extended periods.

As exciting as technological progress in genAI is from a science and en-
gineering standpoint, economic progress requires that the return from the

36



Table 6: Examples of Inventions in the Method of Invention

Observational tools
Telescope 1608 CE
Compound microscope 1620 CE
Pendulum clock 1656 CE
DNA sequencer 1973 CE

Analytical tools
Mainframe (IBM S/360) 1964 CE
Personal computer (IBM PC) 1981 CE
Machine learning 1998 CE
Generative AI 2017 CE

Communication tools
Printing press (Gutenberg) 1439 CE
Internet protocol (TCP/IP) 1975 CE

Organizational innovations
Scientific societies (Accademia dei Lincei) 1603 CE
Corporate labs (GE) 1900 CE
Government labs (U.S. NRL) 1923 CE
Big science (Oak Ridge) 1961 CE

Source: Authors’ judgment.
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technology, less the total cost of ownership, be high enough to merit the req-
uisite investment in reorganizing firms to exploit the innovation. Whether
this is true for genAI remains to be seen. There are reports of efficiency
gains, but few firms attest to material improvements to their bottom lines
from the technology. And, use of genAI in small firms appears minimal.

Moreover, we caution that genAI will only boost productivity growth if
its contribution outpaces other forms of IT already present in the underlying
trend. Indeed, many firms attest that an earlier form of AI itself—machine
learning—has already made a contribution to their productivity and the con-
tribution from genAI will have to exceed that of machine learning. We believe
a balanced forecast for productivity, with appreciable risk on both sides, in-
clude a contribution from genAI similar to that of machine learning, implying
no acceleration of productivity growth from generative AI.
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